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Foreword

Ashok Deshpande, who is one of the pioneers in the application of fuzzy set techniques in
health science, along with his co-authors Rehan Sadiq and Boris Faybishenko have edited a
ground-breaking volume on fuzzy systems modeling for environmental management and
human health risk assessment. Zadeh’s original view on the potential role of fuzzy sets was
that it could be applied to enable systemic thinking and analysis that had been used so suc-
cessfully in solving engineering problems to aid in the solution of human-focused problems.
The editors of this volume have taken an important step toward achieving this goal. The
interconnected areas of environmental management and human health are replete with the
kinds of soft and subjective concepts, goals, and criteria that fuzzy set theory was developed
to model. The authors contributing to this volume have provided numerous well-thought-
out applications that show conclusively that the framework and mathematics of fuzzy sets
and fuzzy logic have much to contribute to important problems related to human physical
well-being. As the world becomes more and more enamored by the advances in artificial
intelligence, it is very refreshing to see the latest technological ideas being applied to such
complex, but real, problems as disease risk assessment among solid waste workers, bathing
in swimming pools, and the like.

What is notable about the papers in this volume is that, while the authors are modeling
processes and concepts not easily modeled by standard methodologies, the actual mathe-
matics being used is not very difficult. This is a hallmark of fuzzy set methods. Because of
their inherent simplicity and directness, the use of fuzzy methods enables engineers and
environmental professionals to easily explain to the responsible manager what they have
done.

I am very happy to have had the opportunity to write this foreword as it has taken me to
worlds in which I don’t usually travel.

Ronald R. Yager
New York, 2022
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Preface
Boris Faybishenko and Rehan Sadiq

This special issue is dedicated to the memory of Professor Lotfi A. Zadeh, the father of
fuzzy logic, and to the memory of Dr. Ashok Deshpande, who initiated this volume on
using fuzzy logic for environmental problems, and solicited most of the chapters.

Since the pioneering work of Lotfi Zadeh [1], fuzzy logic (FL) analysis has been applied
successfully in many scientific and real-life engineering situations, such as electrical,
mechanical, civil, chemical, aerospace, agricultural, biomedical, computer, environmental,
geological, industrial, as well as by mathematicians, computer software developers and
researchers, natural scientists (biology, chemistry, earth science, and physics), medical
researchers, social scientists (economics, management, political science, and psychology),
public policy analysts, business analysts, and jurists [e.g., 2]. The methods of FL have proven
to be extremely useful when dealing with environmental data, because environmental
management and risk assessment activities are often based on limited, imprecise, or uncer-
tain observations and numerical simulations. Environmental data are usually characterized
by both highly aleatoric and epistemic uncertainties, which are intrinsically present in envi-
ronmental problems. Aleatory uncertainty indicates that the system (or media) variables or
parameters can be characterized by their probability distributions. Aleatory uncertainty is a
naturally occurring phenomenon, and is not because of a lack of information. Therefore, ale-
atory uncertainty is irreducible. Examples of aleatory uncertainty are such measured vari-
ables as river discharge, precipitation, and traffic data, which can be described by probability
distributions if sufficient information is available. If there is no sufficient information, these
variables can be described using fuzzy numbers. Epistemic uncertainty indicates the lack of,
or limited, knowledge about the real system or its models. This type of uncertainty is reduc-
ible, because if we provide more measurements or improve the models, we reduce the level
of uncertainty. Moreover, a combination of human judgment, behavior, and emotions plays
a central role in the management of environmental systems. FL. methods can manipulate
both the aleatory and epistemic types of uncertainties, and can be used to handle impreci-
sion or uncertainty by means of using various measures of possibility. It is also important to
indicate that FL and fuzzy systems modeling are among the primary components of the
scientific field of soft computing, which is an emerging discipline rooted in a group of tech-
nologies that aim at exploiting the tolerance for imprecision and uncertainty in achieving
solutions to complex problems [3, 4].

This volume is a collection of 16 articles representing a snapshot of the current state of the
fields of the application of FL for solving water and air risk assessment, healthcare decision-
making, the management of water distribution networks, and the optimization of water
treatment and waste management systems. The case studies included in this book are just

Xv
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the tip of the iceberg regarding the potential and usefulness of FL-based techniques and
methods in environmental system modeling. We are conscious there is a great need and
potential for applying fuzzy set theory and FL-based methods in other facets of environ-
mental management systems.

This volume is expected to serve scientists, researchers, and practitioners who are inter-
ested in FL and soft computing theories and their applications in a variety of environmental
sciences and engineering problems. The editors and contributors to the current volume
made concerted efforts in the development of new applications of FL concepts to solve
real-world problems. This volume symbolizes a milestone of transitioning from a purely
scientific method to practical environmental engineering and science applications. We
believe that the interested reader will get in touch with the authors to further improve the
practical applications of FL-based modeling in addressing environmental challenges.

References

1 Zadeh, L.A. (1965). Fuzzy sets. Inform Control 8 (2): 338-353.

2 Singh, H., Gupta, M.M., Meitzler, T., Hou, Z.-G., Garg, K.K., Solo, A.M.G., and Zadeh, L.A.
(2013). Real-life applications of Fuzzy logic. Advances in Fuzzy Systems Article ID 581879.
https://doi.org/10.1155/2013/581879.

3 Bouchon-Meunier, B., Yager, R.R., and Zadeh, L.A. (eds.) (1995). Advances in Fuzzy Systems:
Applications and Theory: Volume 4: Fuzzy Logic and Soft Computing. https://doi.org/10.1142/
2829.

4 Sadiq, R. and Tesfamariam, S. (2009). Environmental decision-making under uncertainty
using intuitionistic fuzzy analytic hierarchy process (IF-AHP). Stoch Environ Res Risk Assess
23:75-91. https://doi.org/10.1007/s00477-007-0197-z.


https://doi.org/10.1155/2013/581879
https://doi.org/10.1142/
2829
https://doi.org/10.1142/
2829
https://doi.org/10.1007/s00477-007-0197-z

Introduction
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Environmental pollution has been the greatest problem facing humanity for many years,
and it is the leading cause of morbidity and mortality. Humankind’s activities, such as urban-
ization, industrialization, mining, exploration, and organic and radioactive contamination,
are major reasons of global environmental pollution in both developed and developing
nations [e.g. 1, 2]. These problems call for immediate action on initiating pollution abate-
ment strategies. However, predictions and environmental decision-making are often limited
due to the uncertainty, vagueness, or ambiguity of observational data [e.g. 3-7]. The methods
of statistical mechanics have embraced two-valued logic-based probability theory, wherein a
random variable is used as the basis of probability computations. However, the standard
probability theory is not designed to deal with imprecise probabilities that pervade real-world
uncertainties. Fuzzy set theory is an alternative approach to modeling these uncertainties.

Since the publication of the first scientific paper on fuzzy sets by Lotfi A. Zadeh [8], fuzzy
systems modeling has been applied successfully in many scientific and technological fields
and has proven useful when dealing with environmental problems. The theory of fuzzy sets
is based on the notion of relative graded membership, as inspired by the processes of human
perception and cognition. Fuzzy logic (FL) can deal with information arising from computa-
tional perception and cognition that is uncertain, imprecise, vague, partially true, or without
sharp boundaries. FL allows for the inclusion of vague human assessments in computing
problems. Also, it provides an effective means for conflict resolution of multiple criteria and
for the better assessment of options [4, 9, 10].

The main idea of the application of FL is the presentation of all system parameters and
variables as a matter of degree or partial belief, which will allow one to produce acceptable,
definitive outputs in response to incomplete, ambiguous, distorted, or imprecise inputs.
Despite FL being successfully applied in various sectors, new applications are constantly
being found for FL methods and fuzzy sets.

It is a deep-seated tradition in science to employ the conceptual structure of bivalent logic
and probability theory as a basis for the formulation of concepts. What is widely unrecog-
nized is that, in reality, most concepts are fuzzy in nature rather than bivalent, and thus it is
generally not possible to accurately formulate most real-world problems within the
conceptual structure of bivalent logic and probability theory. Thus, the techniques based on
FL are more applicable for environmental system modeling wherein an expert’s perception
takes center stage of the modeling process.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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Introduction

The fuzzy set of a concept is defined by a distribution function of the degree of belief (DoB)
in a qualitative parameter (the concept) over a range of variations in a quantitative or less-
qualitative parameter (the scale). The concept may be determined by different scaling
parameters, and each parameter on its own is not necessarily unique. So, the form of a fuzzy
set depends almost entirely on the scale selected. In the environmental field, regulators,
health authorities, epidemiologists, politicians, environmentalists, engineers, and the gen-
eral public often define a concept, such as contamination, in different ways. The only term
which is more or less unequivocally understood by all interested groups is the final risk often
associated with dollar value. The proper definition and scaling of fuzzy sets can provide a
common language through which experts from different disciplines can communicate dur-
ing the entire process of risk assessment. Uncertainty in the input information propagates
(but is neither magnified nor dampened) in a fuzzy way, so that the output remains fuzzy
and can then be translated into either quantitative risk values or qualitative linguistic expres-
sions. In this book, we examine a real risk assessment case scenario using fuzzy arithmetic.

There are several emerging and complex environmental issues wherein fuzzy sets and FL
can be applied. FL-based techniques are well suited for problem-solving in a number of envi-
ronmental study areas, including but not limited to climate change adaptation, water
resources management, air quality management, watershed management, wildlife
management, flood control and management, water quality management, environmental
risk assessment, wildfire control and management, emerging pollutants control, and socio-
environmental issues. The complex environmental issues in these areas can be approached,
analyzed, managed, and resolved effectively using FL-based methods. The developed
methods are able to measure, evaluate, and analyze complex issues characterized by uncer-
tain, imprecise, ambiguous, and subjective features.

It is important to note that life cycle assessment (LCA) and environmental impact
assessment (EIA) are commonly used for evaluating environmental impacts. LCA is used to
quantify environmental impacts throughout a product’s, system’s, or service’s entire life. It
has also become a measure for evaluating the environmental performance of management
strategies and industrial products. Similarly, EIA is applied to evaluate the environmental
impacts of any development project before it is implemented, such as a road construction
project. Both tools involve extensive modeling. Environmental modeling using imprecise or
vague data may consequently lead to inaccurate or uncertain predictions. Expert knowledge
is often used to address the issue of a lack of quantitative data. However, expert knowledge
is intrinsically associated with uncertainties due to the vagueness and ambiguity of human
thoughts. FL can be used to reduce such uncertainties. The modeling of environmental sys-
tems is primarily conducted using the principles of either Newtonian mechanics based on
closed form solutions with very little uncertainty or statistical methods, such as various opti-
mization techniques, which are based on bivalent probability theory. Moreover, quantitative
environmental data can be converted to fuzzy data using fuzzy inference systems (FIS). The
hybrid methodology combining FL and LCA or EIA can be used to reduce data-related
uncertainty in EIA.

In today’s world, data are being generated at an unprecedented speed. This will continue
to increase, too. The use of data-driven methods - such as machine learning, artificial intel-
ligence (e.g. artificial neural networks), data mining, case-based reasoning, pattern recogni-
tion - is becoming prevalent in systematic decision-making, especially in making “smart”
decisions. Such decision-making systems often use automated data collection using sensors
and employ the Internet of Things (IoT) for rapid decision-making. The accuracy of such
data-driven methods can be improved by incorporating expert knowledge and other
qualitative data, and fuzzy set theory and FL can be a powerful enhancement to the



1 Theoretical Considerations

intelligent models [11]. The complexity, vagueness, and ambiguity in data can be properly
approximated using fuzzy concepts. For example, an adaptive neurofuzzy inference system
(ANFIS) integrates both neural networks and the fuzzy inference concept, which can capture
the benefits of both techniques. The FIS of ANFIS uses a group of if~then rules that have the
capability to approximate highly nonlinear and complex relationships that are indiscernible
by conventional mathematical techniques. FL principles enable the intelligent/smart models
to conduct approximate reasoning like human brains.

The IoT assists in rapid and automated decision-making even in real time using sensor-
generated data transmitted via the Internet. The biggest challenge in such a situation is data
reliability. Sensors often generate faulty data, which may adversely affect the accuracy of
modeling outcomes. However, the outliers flagged based on the conventional definition of
an outlier can be correct data points in a highly complex and irregular system. On the other
hand, the data points within a conventional data range can be faulty, too, due to instru-
mental error. In such situations, FL principles incorporating expert knowledge can be very
useful in identifying faulty data. The fuzzy if-then rules are very practical and easier to com-
prehend and use. Moreover, the use of fuzzy concepts in neural networks reduces computa-
tional complexity, which further reduces the computational time in modeling complex
systems. The FL-enhanced neural networks also require less cloud space for data storage,
ultimately enhancing the efficacy of the developed models and decision-making systems. FL
theory and methods can benefit the application of neural networks and data mining tech-
niques. For example, Talpur et al. [12] provide a review of deep neural networks (DNNs) and
reasoning aptitude from FIS. This study revealed that the proposed deep neural fuzzy sys-
tems’ (DNFS) architectures performed better than nonfuzzy models, with an overall accu-
racy of 81.4%. The novel hybridization of DNN and FL was an effective way to reduce
uncertainty using fuzzy if-then rules. The study also showed that the DNFS networks pre-
sented in the literature have integrated DNN with typical FIS, although satisfactory results
can be obtained using a new generation of FIS, termed fractional FIS (FFIS), and the
Mamdani complex FIS (M-CFIS). Dynamic neural networks are suggested in the replacement
of static DNNs to facilitate dynamic learning for solving highly nonlinear problems. Thus,
deep learning methods along with FL techniques provide better interpretability of the net-
work, while solving complex real-world problems using fuzzy if-then inference rules. The
introduction of fuzzy layers to the deep learning architecture can help exploit the powerful
aggregation properties expressed through fuzzy methodologies, and can be used to represent
fuzzified intermediate, or hidden, layers. For example, FL can be used to automatically
cluster information into categories which improve performance by decreasing sensitivity to
noise and outliers. For example, Prince et al. [13] propose introducing fuzzy layers into the
deep learning architecture to exploit the powerful aggregation properties expressed through
fuzzy methodologies, such as the Choquet and Sugeno fuzzy integrals.

The following is a summary of the individual chapters included in the current volume.

1 Theoretical Considerations

In Chapter 1, “Fuzzy Logic and Fuzzy Set Theory: Overview of Mathematical Preliminaries,”
Yadav provides basic definitions of FL and fuzzy set theory that are applicable to environ-
mental management and risk assessment activities, taking into account that observations
and results of numerical simulations are commonly uncertain. In particular, the author
describes the general ideas of FL and fuzzy set theory, arithmetic operation rules, rules of
computing with words (CW), and methods of fuzzy relational calculus: fuzzy equivalence

3
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and fuzzy tolerance relation, similarity measures or value assignments, cosine amplitude
method, max-min method, monotone measures, Dempster-Shafer theory, fuzzy C-means
(FCM) clustering, and basic concepts of the Bellman-Zadeh approach.

2 Fuzzy Logic for Environmental Risk Assessment

In Chapter 2, “Fuzzy-based Integrated Risk Assessment of Methylmercury in Lake Phewa,
Nepal,” Chhipi-Shrestha et al. study the distribution of mercury (Hg) entering a lake via
processes of air deposition and run-off. In lake water, Hg is converted into highly neurotoxic
methylmercury (MeHg), primarily by bacteria, and the MeHg is then bioaccumulated and
biomagnified along the food chain. The data and models used in the risk assessment may be
associated with uncertainty that can be incorporated into the analysis using a fuzzy approach.
The objective of this research was to assess the integrated human health and ecological risks
of MeHg in Lake Phewa, Nepal using a fuzzy approach. The measured MeHg in fish tissue
was used to estimate the concentration of MeHg in the water by applying a bioaccumulation
factor. A questionnaire survey was conducted to estimate fish consumption rates among dif-
ferent occupations: fishermen, local people, hotel owners, government staff, army/police,
and others (visitors). An integrated risk assessment framework proposed by the World
Health Organization (WHO) was applied to estimate the health risk to humans and the eco-
logical risk to fishes. The results showed that fish consumption contributed approximately
90% or higher to overall human health risk and the remaining risk was attributed to rice
consumption. The higher health risk was primarily due to a very high fish consumption rate.
Moreover, the ecological risk to fish was within acceptable levels. The risk estimate using the
fuzzy approach was used to approximate uncertainty and to build confidence in decisions for
risk assessors.

In Chapter 3, “A Fuzzy Approach to Analyze Data Uncertainty in the Life Cycle Assessment
of a Drinking Water System: A Case Study of the City of Penticton (CA)” Rebello et al. per-
form an LCA and evaluate the effect of the uncertainty in input data on the final environ-
mental impacts of water treatment and distribution systems in the City of Penticton, Canada.
Data uncertainty was evaluated using a fuzzy analysis coupled with the weighted product
method (WPM) to estimate life cycle impact. Additionally, a comparison between the life
cycle impact and ReCiPe endpoint single score is presented to understand how sensitive
those indicators are to data uncertainties. The results indicate that the most sensible life
cycle stage is water treatment and distribution use, with variations from 3 to 15%, mainly
resulting from the chemical analysis in the usage phase. Additionally, the WPM method-
ology presented a deviation from 60 to 378% when considering the individual life cycle
stages. The total LCA presented a higher robustness to the changes, with 1-8% variations in
the midpoint categories; however, the WPM disparities ranged from 80 to 410% in the mid-
point categories.

Ever-increasing pollution levels due to rapid urbanization and industrialization, especially
in many developing countries with a minimal focus on adequate pollution abatement strat-
egies, have resulted in widespread damage to the natural environment. It is, therefore,
important to classify environmental quality. The practice en vogue for classifying air or
water quality for variety of usage is by computing the air quality index (AQI) or water quality
index (WQI). Why compute a numeric AQI or WQI, and then describe air/water quality lin-
guistically? The human brain does not compute numbers. Why not describe air or water
quality, for the defined usage, straightway in linguistic terms with some linguistic degree of
certainty attached to each linguistic description?



3 Fuzzy Logic Application in Healthcare Decision-making

Chapter 4, “Environmental Quality Assessment Using Fuzzy Logic,” by Yadav and Rijal,
presents two research case studies. The first one is on the fuzzy air quality description in the
Pimpri-Chinchwad Municipal Corporation (PCMC) monitoring location, and the other one
relates to the linguistic classification of water quality with a degree of certainty in the PCMC
area, India.

In Chapter 5, “Assessing Spatiotemporal Water Quality Variations in Polluted Rivers with
Uncertain Flow Variations: An Application of Triangular Type-2 Fuzzy Sets,” Haider et al.
address an important problem of dealing with high pollution loads in rivers by large cities.
Rivers also experience extreme spatial and temporal flow variations due to the overexploita-
tion of freshwater resources, poor management practices, and climate change impacts.
Water quality data are usually scarce in developing countries due to the absence of planned
periodic monitoring programs. Consequently, water quality parameters (i.e. biochemical
oxygen demand, dissolved oxygen, unionized ammonia, and coliforms) are significantly
dependent on river discharge. The morphology of rivers also influences water quality param-
eters because of changes in the water residence time. For a river, a WQI is a robust assessment
tool that indicates the overall water quality based on the water source, such as natural
freshwater, single point source loads, and cumulative loads from several outfalls along the
river length. Other factors that are taken into account in the derivation of the WQI are
seasonal variations in river flow, hydrodynamics, and pollution loads. Type-2 fuzzy sets, an
extension of ordinary fuzzy sets, directly model the uncertainties by providing an additional
degree of freedom. Type-2 fuzzy sets improve the specific kind of interface that exists due to
increasing uncertainties associated with imprecision in knowledge and vagueness in
information due to limited water quality data. Using the triangular type-2 fuzzy sets
approach, the WQI developed in the present work effectively overcomes these uncertainties
and has proved to be a more reliable water quality assessment measure for highly polluted
rivers with extreme flow variations.

In Chapter 6, “Optimal Ranking of Air Quality Monitoring Stations and Thermal Power
Plants in a Fuzzy Environment,” Yadav and Salla apply the Zadeh-Deshpande (ZD) FL-based
formalism for linguistic description of the air quality criteria of pollutants, and the Bellman-
Zadeh method for optimal ranking on the basis of risk for thermal power plants. The air
quality classification obtained for 12 cities using the ZD formalism is described linguistically
using the concept of degree of certainty (DC). The air quality assessment is provided for 26
thermal power plants in India.

3 Fuzzy Logic Application in Healthcare Decision-making

Environmental professionals and medical practitioners have made significant contribu-
tions using statistical methods to analyze medical data and associated air and water
pollution parameters in order to determine the cause-effect relationship between air/water-
borne diseases and air/water-pollution parameters. Multiple studies have been carried out
and are primarily centered on exposure to exhaust pollution, and epidemiological studies
associated with various respiratory diseases. Chapter 7, “Evaluation of Health Effects Due
to Environmental Pollution Based on Belief and Possibility,” by Yadav and Rijal, includes
two case studies that reveal a strong correlation between polluted-water and water-borne
diseases, as well as polluted-air and air-borne diseases. The perceptions of experienced
medical practitioners are modeled to assess the collective DoB for all possible combinations
of air/water-borne diseases, and evidence theory and fuzzy relational calculus without the
need of having a sizeable parametric data are also used. The objective of this chapter is,
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therefore, to critically evaluate the vast armamentarium available on these facets of air- and
water-pollution studies.

Chapter 8, “Respiratory Disease Risk Assessment Among Solid Waste Workers Using
Fuzzy Rule Based System Approach,” by Jariwala and Christian, deals with the prediction
of respiratory disease, which is considered one of the major causes of mortality. Because the
symptoms of respiratory disease require a long time to manifest, an early evaluation of an
individual risk prior to a medical diagnosis or a laboratory test is essential. Medical science
considers the criteria of odds ratio and relative risk for the study of disease occurrence,
wherein comparison is made between exposed and nonexposed groups. Reportedly, solid
waste workers are at high risk of developing respiratory diseases. The present study aims at
determining an individual worker’s risk of respiratory diseases under selected parameters.
The factors responsible for the development of respiratory diseases were identified and
measured in a group of solid waste workers from the city of Surat in India. An individual
worker’s risk without any test or diagnosis is evaluated on a scale from 0 to 1 by means of
applying a fuzzy rule based system (FRBS). The calculated risk value ranges from 0.08 to
0.92. The FRBS modeling results are validated based on the comparison with the pulmonary
function test.

Chapter 9, “Risk Analysis for Indoor Swimming Pools: A Fuzzy-based Approach,” by
Saleem et al., addresses the risk analysis in indoor swimming pools using a fuzzy-based
approach to incorporate the uncertainty. The likelihood and consequences are defined using
fuzzy numbers to identify the fuzzy risk as the product of both likelihood and consequence.
The resultant defuzzified risk will be categorized on a linguistic scale from very low to low,
medium, high, and very high to estimate the formation risk level of the different pool types.
The model created is based on FL, which gives a risk assessor the ability to solve complex
problems plagued with uncertainty and vagueness. In this chapter, formation risk is studied
through the notions of likelihood and consequences, for which membership functions are
established. The method adopted allows for a realistic preliminary assessment of the risk of
formation in an indoor swimming pool. This method can be used by swimming pool facility
managers to evaluate the risk in all pool types to ensure that safety measurements are satis-
factorily based on the given data. This method can be used as a preliminary risk assessment
tool, which can highlight critical situations and the need for more in-depth and complete
analysis.

4 Fuzzy Logic Applied to the Management of Water
Distribution Networks

In Chapter 10, “Fuzzy Parameters in the Analysis of Water Distribution Networks,” Gupta
and Ormsbee present the results of a fuzzy analysis of water distribution networks (WDN5)
to determine how the uncertainties in independent or basic parameters (such as nodal
demands and pipe roughness coefficients) are dependent on such parameters as pipe flows,
pipe velocities, and available pressure heads. The chapter shows how fuzzy analysis can be
applied to identify the vulnerable zone in WDNs, as well as how to conduct a reliability-
based design of WDNs under the uncertainty of various parameters. Several methodologies
have been suggested for fuzzy analysis. These methodologies are categorized as: (i) optimi-
zation-based methodologies and (ii) analysis-based methodologies. The membership
functions obtained by both optimization and analysis-based methodologies are compared
using two types of networks. Methods for obtaining the approximate fuzzy membership
functions are also discussed.



4 Fuzzy Logic Applied to the Management of Water Distribution Networks

In Chapter 11, “Selection of Wastewater Treatment for Small Canadian Communities: An
Integrated Fuzzy AHP and Grey Relational Analysis Approach,” Hu et al. describe an
integrated fuzzy analytic hierarchy process (F-AHP) and grey relational analysis (GRA),
which can be used to facilitate the selection of appropriate wastewater treatment (WWT)
alternatives for small communities. Seven commonly used WWT technology alternatives
were assessed for a hypothetical small community in Canada. The assessment was based on
the holistic evaluation of technical, economic, social, and environmental criteria, with each
criterion composed of several subindices. The weights of criteria and subindices were deter-
mined using F-AHP to address nonprobabilistic uncertainties, such as vagueness and ambi-
guities in human thoughts resulting from the subjective weighting process. The weighted
criteria were then aggregated and, based on the aggregation results, alternatives were ranked
using GRA. The results from the integrated approach show that constructed wetland, stabi-
lized pond, and extended aeration lagoon are the top three appropriate WWT technologies
for small Canadian communities. It was also found that the fuzzy-based approach and the
non-fuzzy-based approach generated different rankings for the alternatives, indicating that
fuzzy uncertainties could affect the decision-making process.

Vishwakarma and Sinha, in Chapter 12, “Fuzzy Logic Applications for Water Pipeline
Risk Analysis,” state that civil infrastructures are considered critical systems providing
economic, social, and environmental benefits for society. However, given the issue of aging
water infrastructures, the cost of maintaining a sustainable level of service for a growing
population is increasing. Consequently, there is an urgent need to advance the processes that
drive current water pipeline renewal (repair, rehabilitation, and replacement) decision
support systems. Fortunately, with the developments in computational techniques and data
collection through advanced sensors, it is now possible to support prioritization of critical
water pipelines with data and knowledge. This chapter explains a state-of-the-art approach
to assessing the consequence of failure (CoF) built on a comprehensive list of parameters
and utilizing a novel hierarchical FIS to support better criticality-based renewal decisions for
water pipelines.

This chapter can also help water utilities to build data-driven decision support systems
within their asset management programs. All data and models shown in this chapter are part
of the PIPEiD or PIPEline Infrastructure Database. This platform is envisioned as a national
database platform for advanced asset management addressing the major management levels
(e.g. strategic, tactical, and operational) that will assist water utilities of all sizes in sustaining
targeted levels of service with acceptable risk. It will also provide secure access to the aggre-
gated data, models, and tools that will enable the synthesis, analysis, query, and visualiza-
tion of the data for decision support.

In Chapter 13, “Fuzzy Logic Applications for Water Pipeline Performance Analysis,” Xu
and Sinha present the results of studies to improve decision-making related to the problems
of aging drinking water pipes. Multiple statistical models have been developed to support
advanced asset management. Many models have been prepared for specific materials or con-
ditions, and fail to be used holistically for a water distribution system. To address this issue,
a comprehensive understanding of performance parameters for different pipe materials is
needed. PIPEiD was created to help in understanding the critical drinking water pipeline
infrastructure. It is envisioned as a national database platform for advanced asset
management addressing the major management levels, including strategic, tactical, and
operational, that will assist water utilities of all sizes in sustaining targeted levels of service
with acceptable risk. It will also provide secure access to aggregated data, models, and tools
that will enable the synthesis, analysis, querying, and visualization of the data for decision
support. With the help of PIPEiD, it becomes possible to incorporate the many previous

7



8

Introduction

models and develop a systematic and comprehensive approach to the statistical modeling of
drinking water pipeline performance prediction. The research provides knowledge and
insights about water pipe condition and performance. The research questions are related to
the core tasks (i.e. assessing the pipe performance index/rating and developing pipe
performance curves). This chapter explains the background knowledge needed for the
development of the FL-based performance index for water pipelines.

5 Using Fuzzy Logic for the Optimization of Water Treatment
and Waste Management

In Chapter 14, “Developing a Fuzzy-based Model for Regional Waste Management,”
Karunathilake et al. describe a decision-making method for an integrated waste management
plan that becomes complicated due to inherent variabilities and uncertainties associated with
the waste inputs, processes, and the external environment, as well as the lack of data and high
human involvement. It is shown that fuzzy multicriteria decision-making techniques can be
used to develop a robust waste management planning model to customize regional needs and
conditions. Different waste treatment modes, such as landfilling, composting, material
recovery and recycling, and waste-to-energy conversion can be used to process municipal
solid waste in a regional waste management strategy. This chapter uses the fuzzy technique
for order of preference by similarity to ideal solution (TOPSIS) method to rank and identify
the best-performing technology in a particular mode of treatment, and a fuzzy optimization
model is developed to identify the best combination of technologies for a region.

In Chapter 15, “Development of a Fuzzy-based Risk Assessment Model for Process
Engineering,” Ouache et al. state that ample evidence is available on the impacts of
engineered systems on ecological and social risks, and there is an urgent need to assess the
risks involved in operational management. The risk matrix has been commonly used to pri-
oritize the risks associated with the prevention and remediation of environmental damage.
Despite the popularity of using the risk matrix, data uncertainty is the main challenge asso-
ciated with the risk matrix. The published literature identifies imprecision of a risk level and
absence of data as added challenges. A FL-based risk matrix model (RMM) has been devel-
oped to overcome these challenges. The proposed RMM adopts a unique approach, inte-
grating frequency of the risk consequence with the impact of the corresponding consequence.
The frequency of risk consequence is based on four factors: (i) the frequency of risk events,
(ii) exposure to risk events, (iii) the probability of failure on demand of the safeguards, and
(iv) the vulnerability of safeguards. The consequence impacts involve the impact on humans,
the environment, properties, and the reputation of the industry. A Simulink-MATLAB
model was developed to facilitate the RMM computation. A case study is used to demon-
strate the application of this model by using a case study of a reboiler oven in the petroleum
industry. The study revealed that the results of the new RMM can be more reliable than tra-
ditional risk matrices.

In Chapter 16, “Application of Fuzzy Theory to Investigate the Effect of Innovation Power
in the Emergence of an Advanced Reusable Packaging System,” Borocz et al. present a novel
technique to analyze the role of subjective factors, such as innovation in the economy, which
influence the design of reusable packaging systems in a given industrial region. In modern
supply chains, companies and packaging engineers have to make decisions on determining
adequate packaging with optimal waste. The decision-making process is usually based on
available data and information, taking into account the need to minimize the environmental
impact. Fuzzy systems analysis is used to show that a willingness to innovate is an



References

indispensable requirement of the appearance of advanced packaging, but most of the time it
depends on the synergic effect of local production factors and regional peculiarities.

The case studies presented in this volume may serve as models for the application of soft
computer modeling of various types of pollution - air, water, soil, noise, radioactive, light,
and thermal — which are the primary causes that affect our environment. All these types of
pollution are interlinked and influence each other. However, discussing each of these issues
in depth is beyond the scope of this volume.
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Fuzzy Logic and Fuzzy Set Theory: Overview
of Mathematical Preliminaries
Jyoti Yadav

Department of Computer Science, Savitribai Phule Pune University, Pune, India

1.1 Introduction

The modeling of epistemic knowledge is a necessity for systems dealing with some sort of
artificial reasoning. There exist several formalisms that mathematically model someone’s
degrees of belief. The theory of evidence, or Dempster—Shafer theory (DST), provides a
method for combining evidences from different sources without prior knowledge of their
distributions. In this model, it is possible to assign probability values to sets of possibilities
rather than to single events only, and it is not needed to divide all the probability values
among the events, once the remaining probability is assigned to the environment and not to
the remaining events, thus modeling more naturally certain classes of problems. Uncertainty
in the form of vagueness, imprecision, and ignorance is captured with the help of monotone
measures. CW is a methodology for reasoning, computing, and decision-making with
information described in natural language, which is basically a system for description of per-
ception. Conventional systems of computation do not have the capability to deal with
linguistic valuations.

1.2 Fuzzy Logic and Fuzzy Set Theory
1.2.1 Basic Definitions

Fuzzy logic: FL is a branch of fuzzy set theory. It is a multivalued logic with degree of truth
values (or membership values) that can be any real numbers between 0 and 1 for variables.
FL is different from the traditional binary logic, which only has two-valued logic: com-
pletely true (1) or completely false (0). Furthermore, FL allows for using linguistic variables
to present the membership values to imprecise concepts such as low, average, and high.

Fuzzy set: If X is a universal set and A is a subset of X, then the ordered paired
set A= {(x, 15 (x)) : x € X} is defined as a fuzzy set in X, where 115 : X —[0,1] is a member-
ship function and x is a variable in X.

Degree of membership: The membership function 1 ; assigns a real number in interval [0, 1]
forall x in X, known as degree of membership 13 (x). 15 (x) denotes the degree of association
of x to A. The higher value of 11 4(x), the higher degree of association of x to A.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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o-cut: If A isa fuzzy set in X and a €[0,1] is a real number, then the a-cut or parametric

form of fuzzy set A is defined as A* ={x e X, pui(x)>al
Normalized fuzzy set: A fuzzy set A is said to be a normalized fuzzy set if the largest mem-
bership grade (i.e. sup{; (x)}) is equal to 1.

xeX
Convex fuzzy set: A fuzzy set A is said to be a convex fuzzy set if and only if

ez (ox; + (1 —a)x,) > Minimum{p; (x,), (X)) V x;, x, € X and a€[0,1].

Fuzzy number: A convex and normalized fuzzy set A is said to be a fuzzy number if and
only if the membership function 1 is piecewise continuous in X .

Non-negative fuzzy number: A fuzzy number is called a non-negative fuzzy number if
and only if the membership value is equal to zero (i.e. 113 (x) =0), V x <O0.

Trapezoidal fuzzy number: A fuzzy number A= (a,b,c,d), which is defined on the
universal set of real numbers R, is said to be a trapezoidal fuzzy number if its membership
function, 115 (x), is defined as

(x—a)’ for a<x<b
(b—a)
) 1, for b<x<c
Ha\X) =
(x—d), for c<x<d
(c—d)
0, otherwise

A trapezoidal fuzzy number A = (a,b,c,d) can be regarded as a triangular fuzzy number if
b = c and will be denoted by A= (a,b,b,d)=(a,b,d) or A= (a,c,c,d)=(a,c,d).

Non-negative trapezoidal fuzzy number: A trapezoidal fuzzy number A =(a,b,c,d) is
said to be a non-negative fuzzy number if and only if a > 0.

Equal trapezoidal fuzzy numbers: Two trapezoidal fuzzy numbers
A*=[a+(b—-a)a,d—(d—c)a],0<a<1 A=(a,,a,a5a,) and B=(b,,b,,b;,b,) are
said to be equal if and only if a; = b,,a, = b,,a; = b, anda, = b,.

1.2.2 Arithmetic Operation Rules

Let A=(a,,a,,a;,a,) and B=(b,,b,,b;,b,) be two non-negative trapezoidal fuzzy numbers,
then the arithmetic operation rules can be defined as follows:

1) Addition

A®B=(a, +b,,a, +by,a; +by,a, +b,)
2) Subtraction

B=(a, —b,,a, —b;,a, —b,,a, — b))
3) Multiplication

A®B=(a,xb;,a, xby,a; xb;,a,xb,)
4) Scalar multiplication

e (Aaj,Aay, a,ha,), ifA>0
(Aay,Aaz,ha,,0a,), ifA<0



1.3 Computing with Words (CW) |15

5) Inverse

1.3 Computing with Words (CW)

Words mean different things to different people, and so are uncertain. We, therefore, need a
fuzzy set model for a word that has the potential to capture their uncertainties. Computing
means manipulation of numbers and symbols. In contrast, computing with words, or CW for
short, is a methodology in which the objects of computation are words and propositions
drawn from a natural language (e.g. small, large, far, heavy, not very likely, etc.). CW is
inspired by the remarkable human capability to perform a wide variety of physical and
mental tasks without any measurements and any computations. Familiar examples of such
tasks are parking a car, driving in heavy traffic, riding a bicycle, understanding speech, and
summarizing a story. Underlying this remarkable capability is the brain’s crucial ability to
manipulate perceptions — perceptions of distance, size, weight, color, speed, time, direction,
force, number, truth, likelihood, and other characteristics of physical and mental objects.
The manipulation of perceptions plays a key role in human recognition, decision, and exe-
cution processes. As a methodology, CW provides a foundation for a computational theory
of perceptions — a theory which may have an important bearing on how humans make, and
machines might make, perception-based rational decisions in an environment of impreci-
sion, uncertainty, and partial truth. There are two major imperatives for CW. First, CW is a
necessity when the available information is too imprecise to justify the use of numbers and,
second, when there is a tolerance for imprecision which can be exploited to achieve tracta-
bility, robustness, low solution cost, and better rapport with reality. When perceptions are
described in words, manipulation of perceptions is reduced to CW.

Figure 1.1 depicts the principal levels of complexity in CW. Linguistic natural language
(LNL) deals with level 1 complexities and natural language (NL) deals with level 2 complex-
ities. The intersection of LNL and NL is the fuzzy relation. FL is level 1 complexity and FL
needs CW, but CW may or may not need FL.

1.3.1 Fuzzy Relational Calculus

A fuzzy relation R is a mapping from the Cartesian space X XY to the interval [0, 1], where
the strength of the mapping is expressed by the membership function of the relation for
ordered pairs from the two universes, or 1 (x,y). Relations can be used to represent simi-
larity. Suppose R is a fuzzy relation on the Cartesian space X xY, S is a fuzzy relation on
Y xZ, and T is a fuzzy relation on X x Z; then fuzzy max-min composition is defined in
terms of the function-theoretic notation in the following manner

pr(x,2) =V ey (up (2, Y) A p15(,2)) (1.1)
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Natural Language
Level 2 CW

You would like to take a flifgt from Pune
to Delhi at 4 p.m. and would like to be at
the airport around an hour before. It
takes about 45 minutes to reach the
airport.

Q. At what time should you start from
your house?

NL

Linguistic Natural Language N Natural
Language (LNLNNL)

Linguistic Natural Language
Level 1 CW

If PMyq is Very Good and NO,
is Fair and SO, is Poor then
Air Quality is Poor

Figure 1.1 Computing with words: perception-based modeling.

1.3.1.1 Fuzzy Equivalence and Fuzzy Tolerance Relation

A fuzzy relation R on a single universe X is also a relation from X to X. It is a fuzzy equivalence

relation or a similarity relation if the following properties for matrix relations define it.
Reflexivity

pr(X,%) =1 (1.2)

Symmetry pp(x;,X;) = pp(X;,X;) (1.3)
Transitivity

fir (X)) = Ay & g (x,3) = Ay — g (x;,2,) = A where A >min[\, ), (1.4)

A fuzzy tolerance relation was observed while examining the similarity matrix. In order to
defuzzify the fuzzy tolerance relation to obtain ultimately the classical relation, it is necessary
to transform the relation to the fuzzy equivalence relation using a transitivity closure opera-
tion expression. A fuzzy tolerance relation can be transformed into a fuzzy equivalence rela-
tion by at most (n™") compositions.

R"Y =R oR oRoR,.............oR, =R (1.5)

Fuzzy relations describe the interactions between variables. While an equivalence relation
clearly groups elements that are equivalent under the relation into disjoint classes, the inter-
pretation of a similarity relation can be approached in two different ways. First, it can be
considered to effectively group elements into crisp sets whose members are similar to each
other to some specified degree. Obviously, when this degree is equal to 1, the grouping is an
equivalence class. Alternatively, however, we may wish to consider the degree of similarity
that the elements of X have to some specified element x € X. Thus, for each x € X, a similarity
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class can be defined as a fuzzy set in which the membership grade of any particular element
represents the similarity of that element to the element x. If all the elements in the class are
similar to x to the degree of 1 and similar to all elements outside the set to the degree of 0
then the grouping again becomes an equivalence class. We know every fuzzy relation R can
be uniquely represented in terms of its a-cuts by the formula Uo‘ae(o,uR.

It is easily verified that if R is a similarity relation then each a-cut, °R, is a crisp equivalence
relation. Thus, we may use any similarity relation R and by taking an a-cut “R for any value
a € (0, 1), create a crisp equivalence relation that represents the presence of similarity bet-
ween the elements to the degree o. Each of these equivalence relations forms a partition of X.
These partitions are nested in the sense that 7z (°R) is a refinement of 7z (*R)if and only a > f.

1.3.2 Similarity Measures or Value Assignments

An appropriate question regarding relations is: Where do the membership values that are
contained in a relation come from? The answer to this question is that there are at least seven
different ways to develop the numerical values that characterize a relation. Fuzzy relations
can be assembled from linguistic knowledge, expressed as if-then rules. Such knowledge
may come from experts, from polls, or from consensus building. One of the most prevalent
forms of determining the values in relations is through manipulations of data. The more
robust a dataset, the more accurate the relational entities are in establishing relationships
among elements of two or more datasets.

1.3.2.1 Cosine Amplitude Method

This similarity metric method makes use of a collection of data samples, n data samples in
particular. If these data samples are collected, they form a data array, X = {x;, x,, ..., X,,}. Each
of the elements, x;, in the data array X is itself a vector of length m, i.e. x; = {x;;, X2, ..., Xii}-
Hence, each of the data samples can be thought of as a point in m-dimensional space, where
each point needs m coordinates for a complete description. Each element of a relation, ry,
results from a pair-wise comparison of two data samples, say x; and x;, where the strength of
the relationship between data sample x; and data sample x; is given by the membership value
expressing that strength, i.e. r; = ug(x;, yj). The relation matrix will be of size n X n and, as
will be the case for all similarity relations, the matrix will be reflexive and symmetric, hence
a tolerance relation. The cosine amplitude method calculates r; in the following manner,
and guarantees, as do all the similarity methods, that 0 <r; <1

n
Zk:lxikxjk

ro= where i, j=1,2,..., n
i S J (1.6)
1 ik Zk:lxjk

When two vectors are colinear (most similar), their dot product is unity; when the two vec-
tors are at right angles to one another (most dissimilar), their dot product is zero.

1.3.2.2 Max-Min Method
This method is computationally simpler than cosine amplitude method. It is found through
simple max and min operations on pairs of the data points, x;, and is given by

m
min(Xy, X )
ro= Zk:l “T R where L,j=1,2,3,...,1 (1.7)

y m
D max (e, X )
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1.3.3 What Is Fuzzy Logic?

One of the powerful definitions of FL is approximate reasoning with fuzzy sets. FL can also
be termed human centric logic wherein human perceptions take center stage.

FL has two different meanings. In a narrow sense, FL is a logical system, which is an
extension of multivalued logic. However, in a wider sense, FL is almost synonymous with
the theory of fuzzy sets, a theory which relates to classes of objects with unsharp boundaries
in which membership is a matter of degree. Even in its narrower definition, FL differs both
in concept and substance from traditional multivalued logical systems. What might be added
is that the basic concept underlying FL is that of a linguistic variable, that is a variable whose
values are words rather than numbers. In effect, much of FL may be viewed as a method-
ology for CW rather than numbers. Although words are inherently less precise than num-
bers, their use is closer to human intuition. Furthermore, CW exploits the tolerance for
imprecision and thereby lowers the cost of solution.

Another basic concept in FL, which plays a central role in most of its applications, is that
of a fuzzy if-then rule or, simply, fuzzy rule. Although rule-based systems have a long his-
tory of use in artificial intelligence (AI), what is missing in such systems is a mechanism for
dealing with fuzzy consequents and fuzzy antecedents. In FL, this mechanism is provided by
the calculus of fuzzy rules. The calculus of fuzzy rules serves as a basis for what might be
called the fuzzy dependency and command language (FDCL). Although FDCL is not used
explicitly in the toolbox, it is effectively one of its principal constituents. In most of the appli-
cations of FL, a FL solution is, in reality, a translation of a human solution into FDCL.

Graduation Granulation

Generalized Precisiation
Constraint

Figure 1.2 Four cornerstones of FL.

Figure 1.2 shows the four cornerstones of FL. The concept of precisiation coined by
Professor Lotfi Zadeh [1] refers to support of a fuzzy set or mm precisiation. The first “m”
stands for man and the second “m” stands for machine.

The output of FL is fuzzy or imprecise. It is, therefore, important to get final output as
crisp; therefore, the concept of defuzzification.

1.3.3 Defuzzification Methods

A variety of defuzzification methods have been developed to convert a fuzzy number to a
crisp numeric value, such as the centroid method, mean of maxima, bisector of area,
weighted average method, center of sums, and max-min aggregation ranking method are
available for defuzzification. In this chapter, two of the most commonly used defuzzification
methods, the centroid method and max-min aggregation ranking method, are introduced.
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1) The centroid method: For a trapezoidal fuzzy number A = (a,b,c,d), the centroid is calcu-
lated as the defuzzified value (v)

b n b
fxiaxdx—}— xdx—i—fb_xxdx
m-—a n  b—n _l(b+n)2—bn—(a+m)2+am

am o n bb— 3 b+n—m—a
f::l::ldx+‘r{‘dx+{bizdx

a

v =

2) The max-min aggregation ranking method: In the max-min aggregation ranking method,
the max and min fuzzy sets are firstly defined as

£ x;0<x<1
X)=
max 0; otherwise
1-x;0<x<1
fmin (x) =1n. .
0; otherwise

The left and right utility scores (U, and Uy) of a fuzzy number A can then be calculated as

Ug(A)= SJ}B[fA N fonin (%)

X

where f; is the fuzzy membership function of A(a,b,c,d). The graphic illustration of the
ranking method is shown in Figure 1.3. Based on the two utility scores, the final ranking (v)
can be obtained as

_[Us(A)+1-0,(4)

V=
2
1
2
g 08 | fmm(x)
§ 06
5 I
=3
= L
7 04
2
E 02t
(11}
=
0

min a b ¢ d max

Figure 1.3  Graphic illustration of the min—-max aggregation ranking method.
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I

—

A and B are two fuzzy numbers, then

) A-<l§ifv(;l)<v<l§_)
2) A%Bifv(A):U(B)
) A- A B

EifU(A)>v(B)

where v(A) and v(B) are the crisp values from the defuzzification of A and B, respectively.

1.4 Monotone Measures

Fuzzy sets provide us with an intuitively pleasing method of representing one form of
uncertainty. Two prevalent forms of uncertainty are those arising from vagueness and
from imprecision. Vagueness describes certain kinds of uncertainty associated with
linguistic information or intuitive information. An example of vague information is, “The
air quality is good.” Imprecision can be associated with quantitative or countable data as
well as noncountable data. As an example, one might say that the length of a bridge span
is long. Imprecision can be used to quantify random variability in quantitative uncertainty
and to describe lack of knowledge for descriptive entities (e.g. good air quality). Vagueness
is usually related to nonmeasurable issues with no upper boundary. For example, “I will
visit you.”

Probability theory, evidence theory, and possibility theory are related under an umbrella
theory termed monotone measures. A monotone measure describes the vagueness or impre-
cision in the assignment of an element “a” to two or more crisp sets. In a monotone measure
we describe vagueness or imprecision in assigning this element to any of the crisp sets on the
power set. This notion is not random: the crisp sets have no uncertainty about them. The
uncertainty is about the assignment. This uncertainty is usually associated with evidence to
establish an assignment. The evidence can be completely lacking (the case of total ignorance)
or the evidence can be complete (the case of a probability assignment). Hence, the difference
between a monotone measure and a fuzzy set in a universe of elements is that, in the former,
the imprecision is in the assignment of an element to one of two or more crisp sets, and in
the latter, the imprecision is in the prescription of the boundaries of a set.

1.4.1 Dempster-Shafer Evidence Theory

The theory of evidence is a branch of mathematics that is concerned with combining evi-
dence to calculate the probability of an event. The DST is well known for its usefulness to
express uncertain judgments of experts. The DST was introduced in 1967 by Arthur Dempster
[2] and developed in 1976 by Glenn Shafer [3]. According to Glenn Shafer, the DST is a gen-
eralization of the Bayesian theory of subjective probability.

The DST can be viewed as a method for reasoning under epistemic uncertainty. Reasoning
under epistemic uncertainty refers to logically arriving at decisions based on available
knowledge. The most important part of this theory is Dempster’s rule of combination which
combines evidence from two or more sources to form inferences. According to Shafer, “the
Dempster—Shafer theory is based on two ideas: the idea of obtaining degrees of belief for one
question from subjective probabilities for a related question, and Dempster’s rule for
combining such degrees of belief when they are based on independent items of evidence.” In
traditional probability theory, evidence is associated with only one possible event. In DST,
evidence can be associated with multiple possible events (e.g. sets of events). The significant
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innovation of this framework is that it allows for the allocation of a probability mass to sets
or intervals. This is a potentially valuable tool for evaluation when knowledge is obtained
from expert elicitation. An important aspect of this theory is the combination of evidence
obtained from multiple sources and the modeling of conflict between them.

Helton [4] defines two prevalent forms of uncertainty as:

e Aleatory Uncertainty: It is a type of uncertainty which results from the fact that a system
can behave in random ways. It is the inherent variation associated with the physical
system or the environment under consideration. It is also known as stochastic uncer-
tainty, type A uncertainty, irreducible uncertainty, and variability or objective uncertainty
(e.g. dice throws).

e Epistemic Uncertainty: It is a type of uncertainty which results from the lack of
knowledge or information in any phase or activity of the modeling process. A gain of
information about the system or environmental factors can lead to a reduction in epi-
stemic uncertainty. It is also known as subjective uncertainty, type B uncertainty, reduc-
ible uncertainty, state of knowledge uncertainty, and ignorance.

Traditionally, probability theory has been used to characterize both types of uncertainty.
However, the recent criticisms of the probabilistic characterization of uncertainty claim that
traditional probability theory is not capable of capturing epistemic uncertainty (Figure 1.4).
The application of traditional probabilistic methods to epistemic or subjective uncertainty is
often known as Bayesian probability. A probabilistic analysis requires that an analyst has
information on the probability of all events. In situations where very little information is
available to evaluate a probability or the information is nonspecific, ambiguous, or conflicting
DST could be used as the framework for representing uncertainty.

Dempster—Shafer: | Based on Evidence | Uncertainity | Based on Evidence
Supporting Interval Against
0 ' ' 1
Belief Plausibility
Based on Evidence Based on Evidence
Supporting Against
Probability: 0 I 1
Probability

Figure 1.4 Dempster—Shafer evidence theory and probability theory.

There are special forms of monotone measures. A form associated with preconceived
notions is called a belief measure. A form associated with information that is possible, or
plausible, is called a plausibility measure. Specific forms of belief measures and plausibility
measures are known as certainty and possibility measures, respectively.

The intersection of belief measures and plausibility measures (i.e. where belief equals
plausibility) will be shown to be a probability. Monotone measures are defined by weaker
axioms than probability theory, thus subsuming probability measures as specific forms of
monotone measures. Basically, a belief measure is a quantity, denoted Bel(A), that expresses
the degree of support, or evidence, for a collection of elements defined by one or more of the
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crisp sets existing on the power set of a universe. The plausibility measure of this collection
A is defined as the “complement of the belief of the complement of A” or is given by

PI(A)=1— Bel(A) (1.8)

Since belief measures are quantities that measure the degree of support for a collection of
elements or crisp sets in a universe, it is entirely possible that the belief measure of a set A
plus the belief measure of A will not be equal to unity. When this sum equals 1, we have the
condition where the belief measure is a probability, that is the evidence supporting set A can
be described probabilistically. The difference between the sum of these two quantities
[Bel(A) + Bel(A)] and 1 is called the ignorance, which is given by

Ignorance =1— [Bel(A) + Bel(ﬁ)] (1.9)

When the ignorance equals 0, we have the case where the evidence can be described by prob-
ability measures. Let’s say we have evidence about a certain prospect in our universe of
discourse, evidence of some set occurring or some set being realized, and we have no evi-
dence (zero evidence) of the complement of that event. In probability theory we must
assume, because of the excluded middle axioms, that if we know the probability of A then
the probability of A is also known, because we have in all cases involving probability mea-
sures, prob(A) + prob( A) = 1. This constraint of the excluded middle axioms is not a require-
ment in evidence theory. The probability of A also has to be supported with some sort of
evidence. If there is no evidence (zero degree of support) for A then the degree of ignorance
is large.

This distinction between evidence theory and probability theory is important. Monotone
measures are very useful in quantifying uncertainty that is difficult to measure or that is
linguistic in nature.

For example, in assessing structural damage in buildings and bridges after an earthquake
or hurricane, evidence theory has proven quite successful because what we have are non-
quantitative estimates from experts: the information concerning damage is not about how
many inches of displacement or micro inches per inch of strain the structure might have
undergone but rather expert judgment concerning the suitability of the structure for habita-
tion or its intended function. These kinds of judgments are not quantitative: they are
qualitative. We begin by assigning a value of membership to each crisp set existing in the
power set of a universe, signifying the degree of evidence or belief that a particular element
from the universe, say x, belongs in any of the crisp sets on the power set. We will label this
membership g(A), where it is a mapping between the power set and the unit interval

g:P(X)—[0,1] (1.10)

where P(X) is the power set of all crisp subsets on the universe, X. So, the membership value
g(A) represents the degree of available evidence of the belief that a given element x belongs
to a crisp subset A. The collection of these degrees of belief represents the fuzziness associ-
ated with several crisp alternatives. This type of uncertainty, which we call a monotone mea-
sure, is different from the uncertainty associated with the boundaries of a single set, which
we call a fuzzy set.

Monotone measures are defined for a finite universal set by the following axioms

18(2) = 0g(X) =1 (1.11)
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2g(A) < g(B) for A,B€ P(X),ACB (1.12)

The first axiom represents the boundary conditions for the monotone measure, g(A). It says
that there is no evidence for the null set and there is a complete (i.e. unity) membership for
the universe. The second axiom represents monotonicity by simply stating that if one set A
is completely contained in another set B then the evidence supporting B is at least as great as
the evidence supporting the subset A. A belief measure also represents a mapping from the
crisp power set of a universe to the unit interval representing evidence, denoted by

Bel: P(X)—[0,1] (1.13)

A plausibility measure is also a mapping on the unit interval characterizing the total evi-
dence, given by

Pl: P(X)—[0,1] (1.14)
Thus, plausibility can be expressed by Eq. (1.14) and belief can be expressed as
Bel(A)=1— PI(A) (1.15)

For two disjoint sets A and A, PI(A)+ PI(A)>1.
Equation (1.9) states that for whatever evidence supports set A its plausibility measure is
always at least as great as its belief measure.

PI(A) > Bel(A) (1.16)

We now define another function on the crisp sets (A € P(X)) of a universe, denoted m(A),
which can be used to express and determine both belief and plausibility measures. This mea-
sure is also a mapping from the power set to the unit interval

m:P(X)—[0,1] (1.17)

This measure, called a basic evidence assignment (BEA), which is also termed a basic proba-
bility assignment (BPA) [5] has boundary conditions

m(2)=0 (1.18)

Z acpym(A) =1 (1.19)

The measure m(A) is the degree of belief that a specific element, x, of the universe X belongs
to the set A, but not to any specific subset of A. In this way, m(A) differs from both beliefs and
plausibility. There is a distinct difference between a BEA and a probability density function
(pdf). The former is defined on the sets of the power set of a universe (i.e. on A € P(X)),
whereas the latter is defined on the singletons of the universe (i.e. on x € P(X)). The BEA is
used to determine a belief measure by

Bel(A) =55 ,m(B) (1.20)

In Eq. (1.19), m(A) is the degree of evidence in set A alone, whereas Bel(A) is the total evi-
dence in set A and all subsets (B) of A. The measure m(A) is used to determine a plausibility
measure by
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PA)=%,  ,_ m(B) (1.21)

Equation (1.21) shows that the plausibility of an event A is the total evidence in set A plus the
evidence in all sets of the universe that intersect with A (including those sets that are also
subsets of A). Hence, the plausibility measure in set A contains all the evidence contained in
a belief measure (Bel(A)) plus the evidence in sets that intersect with set A. The two mea-
sures, belief and plausibility, are nonadditive. This can be interpreted as the sum of all the
belief measures is not required to be 1 and similarly for the sum of the plausibility measures.
It is possible to obtain the basic probability assignment from the belief measure with the fol-
lowing inverse function

m(A)= EB|BgA(*1)‘1473‘331(1'3) (1.22)

where |A — B| is the difference of the cardinality of the two sets.

In addition to deriving these measures from the BEA (m), these two measures can be
derived from each other. For example, plausibility can be derived from belief using Eq. (1.23),
whereA is the classical complement of A. This definition of plausibility in terms of belief
comes from the fact that all basic assignments must sum to 1. The precise probability of an
event lies within the lower and upper bounds of belief and plausibility, respectively.

Bel(A) = P(A) = PI(A) (1.23)

The probability is uniquely determined if Bel(A) = PI(A). In this case, it corresponds to
classical probability, and all the probabilities, P(A), are uniquely determined for all subsets
A of the universal set X. Otherwise, Bel(A) and PI(A) may be viewed as lower and upper
bounds on probabilities, respectively, where the actual probability is contained in the interval
described by the bounds.

1.4.2 The Dempster’s Rule of Combination

The purpose of aggregation of information is to meaningfully summarize and simplify a
corpus of data whether the data are coming from a single source or multiple sources.
Combination rules are the special types of aggregation methods for data obtained from mul-
tiple sources. These multiple sources provide different assessments for the same frame of
discernment, and the DST is based on the assumption that these sources are independent. In
the situation where all sources are considered reliable, a conjunctive operation is appro-
priate (A and B and C...). In the case where there is one reliable source among many, we can
justify the use of a disjunctive combination operation (A or B or C...). There are multiple
possible ways in which evidence can be combined in the DST. The original combination rule
of multiple BEAs, known as the Dempster rule, is a generalization of Bayes’ rule. This rule
strongly emphasizes the agreement between multiple sources and ignores all the conflicting
evidence through a normalization factor. This can be considered a strict AND operation.

Dempster’s rule combines multiple belief functions through their basic probability assign-
ments (m). These belief functions are defined on the same frame of discernment but are
based on independent arguments or bodies of evidence. Suppose the evidence for certain
fuzzy measures comes from more than one source, say two experts, then the evidence
obtained from two independent sources and expressed by two BEAs (m;,m,) on some power
set P(X) can be combined to obtain a joint BEA, denoted by m;,, using Dempster’s rule of
combined evidence [6]. The equations for combined evidence are as follows
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e m(Bm(c)

my,(A)= K (1.24)
VA =@, and m,(&)=0

where
K=X% m, (B) xm,(C) (1.25)

BN C=2

K represents basic probability mass associated with conflict. This is determined by summing
the products of BEAs of all sets where the intersection is null. The denominator in Dempster’s
rule, 1 — K, is a normalization factor. This has the effect of completely ignoring conflict and
attributing any probability mass associated with conflict to the null set.

1.5 Fuzzy C-means (FCM) Clustering

Clustering techniques are mostly unsupervised methods that can be used to organize data
into groups based on similarities among the individual data items. Clustering of numerical
data forms the basis of many classifications and systems modeling algorithms. The purpose
of clustering is to identify natural groupings of data from a large dataset to produce a concise
representation of a system’s behavior. Clustering refers to identifying the number of sub-
classes of c clusters in a data universe X comprised of n data samples, and partitioning X into
cclusters (2 <c < n). Note that ¢ = 1 denotes rejection of the hypothesis that there are clusters
in the data, whereas ¢ = n constitutes the trivial case where each sample is in a cluster by
itself. There are two kinds of c-partitions of data: hard (or crisp) and soft (or fuzzy). For
numerical data one assumes that the members of each cluster bear more mathematical sim-
ilarity to each other than to members of other clusters. Two important issues to consider in
this regard are how to measure the similarity between pairs of observations and how to eval-
uate the partitions once they are formed.

One of the simplest similarity measures is distance between pairs of feature vectors in the
feature space. If one can determine a suitable distance measure and compute the distance
between all pairs of observations then one may expect that the distance between points in
the same cluster will be considerably less than the distance between points in different clus-
ters. Several circumstances, however, mitigate the general utility of this approach, such as
the combination of values of incompatible features, as would be the case, for example, when
different features have significantly different scales. The clustering method defines optimum
partitions through a global criterion function that measures the extent to which candidate
partitions optimize a weighted sum of squared errors between data points and cluster cen-
ters in feature space. Hard C-means is employed to classify data in a crisp sense. By this we
mean that each data point will be assigned to one, and only one, data cluster. The problem
of hard C-mean lies in assigning the point on the line of symmetry to a class. To which class
should this point belong? Whichever class the algorithm assigns this point to, there will be a
good argument that it should be a member of the other class.

Alternatively, the argument may revolve around the fact that the choice of two classes is a
poor one for this problem. Three classes might be the best choice, but the physics underlying
the data might be binary and two classes may be the only option. The solution to the above
problem is FCM. This technique was originally introduced by Jim Bezdek [7] as an
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improvement on earlier clustering methods. It provides a method that shows how to group data
points that populate some multidimensional space into a specific number of different clusters.

This method uses concepts in n-dimensional Euclidean space to determine the geometric
closeness of data points by assigning them to various clusters or classes and then determining
the distance between the clusters. FCM is a data clustering technique in which a dataset is
grouped into n clusters with every data point in the dataset belonging to every cluster to a
certain degree. For example, a certain data point that lies close to the center of a cluster will
have a high degree of belonging or membership to that cluster and another data point that
lies far away from the center of a cluster will have a low degree of belonging or membership
to that cluster. Thus, each data point belongs to a cluster to some degree that is specified by
amembership grade. To introduce this method, define a sample set of n data samples that we
wish to classify: X = {x;, x,, x3, ..., x,). Each data sample, x;, is defined by m features (i.e.
X; = {Xi1, Xi2, Xi3, ..., Xi} Where each x; in the universe X is an m-dimensional vector of m ele-
ments or m features). Since all the m features can have different units, in general, we have to
normalize each of the features to a unified scale before classification. In a geometric sense,
each x; is a point in m-dimensional feature space, and the universe of the data sample, X, isa
point set with n elements in the sample space.

1.5.1 FCM Algorithm

The FCM algorithm works by assigning membership to each data point corresponding to
each cluster center on the basis of distance between the cluster and the data point. The more
the data are near to the cluster center the more is their membership toward the particular
cluster center. Clearly, the summation of membership of each data point should be equal to
one. The algorithm is based on minimization of the following objective function

I = Efilzjzlpg‘ Hxi —¢; 2“ , 1<m<oo (1.26)

where m (the fuzziness exponent) is any real number greater than 1, N is the number of data
points, ¢ is the number of clusters, w;; is the degree of membership of x; in the cluster j, x; is
the ith of d-dimensional measured data, ¢; is the d-dimension center of the cluster, and |1*||
is any norm expressing the similarity between any measured data and the center.

Fuzzy partitioning (|U|), is carried out through an iterative optimization of the objective
function shown above, with the update of membership w; and the cluster centers c; by

1
Hij = 2 (1.27)
S i e f
k=1 _
i =<
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= Hyj = 2
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wherellx; _ ¢jll is the distance from point i to current cluster center j, Ilx; _ cll is the distance
from point i to other cluster centers k.
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The iteration will stop when max; {‘ 1 — 14 )‘} < e, where ¢ is a termination criterion

c (1.28)

J

between 0 and 1, whereas K are the iteration steps. This procedure converges to a local
minimum or a saddle point J,,,.

1.5.2 Bellman-Zadeh Approach

In the conventional approach to decision-making, the principal components of a decision
process are (i) a set of alternatives, (ii) a set of constraints on the choice between alternatives,
and (iii) a performance function which associates with each alternative the gain (or loss)
resulting from the choice of that alternative.

An important facet of this model is its equilibrium with respect to goals and constraints - a
balance which eliminates the difference between them and makes it possible to relate in a
relatively simple way the concept of a decision to those of goals and constraints of a decision
process. According to Bellman and Zadeh, an important aspect of this model is its symmetry
with respect to the goals and the constraints — a symmetry that erases the difference between
them and makes it possible to relate in a relatively simple way the concept of a decision to
those of goals and constraints. Here we have a fuzzy goal G and fuzzy constraints Cy, ..., C, in
a space of alternatives X. Then G and C combine to form a decision denoted as D, which is a
fuzzy set resulting from the intersection of G and C. The normalization of the goals and the
constraints is an important initial step for the Bellman-Zadeh (BZ) approach, which pro-
vides a common denominator for the fuzzy goals and the fuzzy constraints, thereby making
it possible to treat them alike. It is done as a grade of the individual constraint divided by
taking a sum of the same constraint across all the alternatives or sites. The same is done for
the fuzzy goals. This concept explains why it is perfectly justified to regard the fuzzy concepts
of the fuzzy goal and the constraints rather than the performance function as one of the
major components for decision-making in a fuzzy environment. The normalization process
makes it possible to treat the fuzzy goals and the constraints as identical in the formulation
of a decision. After performing the normalization step, the decision can be obtained using
Eq. (1.29) and the corresponding membership grades is given by Eq. (1.30), where G and C
combine to form a decision D, which is a fuzzy set resulting from the intersection of G and C.

D=GNC (1.29)

and correspondingly their membership grades are as follows
uD = uG™uC (1.30)

In order to generalize, suppose that we have n goals Gy, ..., G, and m constraints Cj, ..., Cp,
the resultant decision is the intersection of the defined goals represented as
Gy, ..., G, and defined constraints Cy, ..., Cy,

D=G,NG,NG,NCMN CNC, (1.31)

and correspondingly the membership grades are represented as
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uD = puG"G2,..., uGn”" uC1” uC2”" uCm (1.32)

In Eq. (1.31), the definition of decision as the intersection of the goals and the constraints
reflects the interpretation of and states and the decision is viewed as a fuzzy set, which is a
confluence of goals and constraints.

In summary, the perception of decision is given by

Decision = Confluence of Goals and Constraints

More generally, let D be a fuzzy decision represented by a membership function up, Let K be
the set of points in X on which pp attains its maximum, if it exists. The nonfuzzy but, in gen-
eral, subnormal subset D of D is defined by

qu(x) = Max iy, for x €K, (1.33)
= 0 otherwise ’

will be said to be the optimal decision and any x in the support of D™ will be referred to as a
maximizing decision. To summarize, a maximizing decision is simply any alternative in X
which maximizes up(x). In many cases, the goals and constraints are fuzzy sets in different
spaces. Let fbe a mapping from X = {x} to Y = {y}, with x representing an input (cause) and
¥,y = f(x), representing output (effect).

Suppose that the goals are defined as fuzzy sets Gy, ..., G, in Y while the constraints Cy, ...,
C,, are defined as fuzzy sets in X. For a fuzzy set G, in Y, membership function in G, is given
by the equality as shown in Eq. (1.35).

Hei(X) = pigi (f(xX)), i=1,..., n (1.34)

The decision D can be expressed as the intersection of Gy, ..., G, and Cy, ..., Cp,.
Here, we can express up(x) more explicitly as

nD(x) = pG1(f(x)) " pGn(f () pC1(x)* .. " Cm(x), (1.35)

where f: X — Y.
In this way, the case where the goals and the constraints are defined as fuzzy sets in differ-
ent spaces can be reduced to the case where they are defined in the same space.
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2.1 Introduction

Mercury (Hg) is a persistent substance and a global pollutant that results from natural and
anthropogenic activities. Hg can be released into the air through weathering of rock contain-
ing Hg ore, or through anthropogenic activities including the burning of fossil fuels and
incineration of medical and municipal wastes. Once released into the air, it can travel long
distances and impact distant sites [1]. Surface water can be contaminated by run-off contain-
ing Hg, originating from anthropogenic and/or natural sources or deposition from the
atmosphere. The USEPA estimated that anthropogenic sources contribute around 4,000
tonnes of Hg per year into the atmosphere (i.e. 50 to 75% of the total annual input) [2].

Hg can occur in three valence states (Hg’, Hg'*, and Hg**) and can be found in metallic
form (Hg") and in various inorganic and organic complexes [1]. The conversion of inorganic
Hg to methylmercury (MeHg) is mediated by microorganisms (e.g. sulfate-reducing bacteria
in anaerobic environments) [1, 3]. Once MeHg is formed, Hg bioaccumulates in biota and
biomagnifies in the food chain, highly increasing its concentration [3, 4]. In phytoplankton,
MeHg is thought to accumulate mainly by passive uptake from water through diffusion across
the cell membrane [5]. In zooplankton, MeHg is accumulated through a net process of dietary
intake of phytoplankton, water uptake, fecal elimination, and growth dilution [5, 6]. Moreover,
large fishes consume microorganisms, phytoplankton, zooplankton, and smaller fishes result-
ing in very high concentrations of MeHg in some fish consumed by humans [1, 7]. In addition,
Hg(I) can actively convert into MeHg in paddy fields [8]. The MeHg that is produced on-site
and transported through contaminated irrigation water can be translocated from soil to paddy
plants, bioaccumulating in rice grains and further threatening human health [8, 9].

MeHg is highly toxic to several other living structures [1, 10]. Human and animal brains
are susceptible to the toxic effects of MeHg [1]. In vitro and animal studies have reported on
the immunotoxicity of MeHg leading to damaged immune systems. In addition, MeHg can
harm the cardiovascular system [1]. The MeHg exposure can result in reproductive toxicity
due to chromosomal anomaly and sister-chromatid exchange [10].

An integrated risk assessment (IRA) framework has been proposed by the WHO as an
integrated approach for combining human health risk assessment and ecological risk

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
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assessment. IRA is defined as “a science-based approach that combines the processes of risk
estimation for humans, biota, and natural resources in one assessment” [11]. The HEROIC!
consortium further defined IRA as “the mutual exploitation of ecological risk assessment for
human health risk assessment and vice versa in order to coherently and more efficiently
characterize an overall risk to humans and the environment for better informing the risk
analysis process.” Human health risk assessment and ecological risk assessment for chemi-
cals have generally developed independently for historical and practical reasons and are
usually separated today, using broadly separate data, models, and assumptions to charac-
terize health or environmental risks [11, 12]. IRA aims to improve the quality and efficiency
of risk assessments through the mutual exchange of information between two existing risk
assessment disciplines and provide more coherent efforts to the decision-making process
[11]. A central feature of IRA is the sharing and combination of independent sources of tox-
icological and ecotoxicological data for coherent and efficient risk assessment [11, 13].

Lake Phewa is a Ramsar site (a wetland site designated internationally important by the
Ramsar Convention) in Nepal, and it is a major tourist attraction of the city of Pokhara with
an influx of approximately 250 000 tourists per year [14]. The local people and visitors con-
sume fish harvested from Lake Phewa [15]. Recreational activities such as boating on the
lake are popular in the country. In addition, the lake is an important source of water for irri-
gation and hydroelectricity generation. Due to its economic, social, and aesthetic values, the
lake is to be preserved. Various studies from collaborative research teams such as Thapa
et al. [16], Sharma et al. [15, 17], Rosseland et al. [18], and Rupakheti et al. [19] revealed the
presence of Hg, including MeHg, in the lake. However, ecological risk assessment and
complete human health risk assessment of MeHg in the lake have not yet been conducted.
Moreover, uncertainty is an unavoidable and inevitable component of any environmental
system [20]. The present research investigated the integrated human health and ecological
risk assessment of MeHg in Lake Phewa using a fuzzy approach to incorporate uncertainty
in decision-making. IRA is in the developmental stage and this study is one of the initial
attempts to apply the IRA framework in case studies beyond the IRA consortium.

2.2 Methodology

2.2.1 Sampling, Laboratory Analysis, and Consumer Survey

Lake Phewa lies at 28.21N latitude, 83.95E longitude, at an elevation of 742 m ASL. The lake
has a total surface area of 435 ha and a maximum depth of 22.5 m [19]. Although approxi-
mately 28 species of fishes are found in the lake, four fish species - tilapia (Oreochromis
niloticus), spiny eel (Mastacembelus armatus), African catfish (Clarias gariepinus), and sahar
(Tor putitora) — are regarded as commercially important fish for the lake [15]. Among those,
three species were investigated by Sharma et al. [15] to estimate MeHg concentration in fish
tissues, and by Thapa et al. [16] to assess human exposure to MeHg by fish consumption
using crisp data. These three species were commercially important during the present study
and tilapia was the dominant one.

For the collected fish species, total length and weight of fillets just behind the dorsal fin
(axial muscles) were measured after the skin was removed for the analysis of Hg (both total
Hg (THg) and MeHg species). Stomach contents were collected and preserved in 70% ethanol

1 HEROIC (Health and Environmental Risks: Organisation, Integration and Cross-fertilisation of Scientific
Knowledge)
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to characterize the dominant diets. The muscle samples were kept in a freezer until they were
brought to the laboratory. The samples were analyzed in the laboratory of the Department of
Biology, Hong Kong University of Science and Technology (HKUST) for the analysis of THg
and MeHg. The freeze-dried muscles were ground into fine powders. For the analysis of THg,
4 N HCl was used to clean all containers. About 0.2 g dried tissues were weighed. The weighed
tissues were digested at 190 °C with aqua regia (i.e. 2 mL HNO;:6 mL HCI in a microwave
digestion system). An aliquot of the digested samples was taken and diluted as per need. Stable
yellow color was developed by adding bromine monochloride (0.5 % v/v) as required. Then,
the samples were pre-reduced by adding NH,OH.HCI. Finally, THg was measured using the
single gold trap amalgamation technique by Cold Vapour Atomic Fluorescence Spectroscopy.
Similarly, For the analysis of MeHg, approximately 40 mg of tissues were digested with 25 %
KOH in methanol at 60 °C for 3 h. 20-50 uL of the extract was buffered with sodium acetate at
pH 4.9. The extract solution was ethylated by sodium tetraethyl borate in a 40 mL Teflon line
borate glass bottle. MeHg was automatically quantified using MeHg analyzer with gas
chromatographic separation and pyrolysis following atomic fluorescence detection [15].

A face-to-face questionnaire survey was conducted with 170 persons consuming fish har-
vested from Lake Phewa to determine their fish consumption rate, occupation, and age
group. The purposive sampling technique was used to include adult persons consuming fish
from Lake Phewa. The respondents were classified into six occupations: Fishermen, Local
people, Hotel owners, Government staff (Fisheries Research Center), Army/Police, and
Others (visitors). The saturation point principle was used to fix sample size (i.e. no additional
respondent in a group was included when new information could not be obtained). Detailed
information on the questionnaire survey can be obtained from Thapa et al. [16].

2.2.2 Integrated Risk Assessment

The IRA framework was proposed by the WHO in 2001 [11]. The framework consists of three
steps: problem formulation, evaluation, and risk characterization, as shown in Figure 2.1 [11, 13].

Problem Formulation
(Inc. Harazd Identification)

Evaluation

= Integrated Hazard and Exposure Assesment

o

T Exposure Dose - Response (effects) =
o ) - . L S
‘S Scenario building, spatial Data collection: £
T & temporal scale: e Invitro S
o e Multi-media e Invivo =
z e Multi-routes e Biomonitoring g
° e Multi-species X
£ ]
S o
i

n

Health + Environmental
Characterization of Exposure and Effects

Risk Characterization

Figure 2.1 A framework for integrated human health and ecological risk assessment [11, 13].
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2.2.2.1 Problem Formulation

This is the first step in which the nature and extent of integration was defined and overall
goals, objectives, scope, activities, and resource needs were delineated for the IRA pro-
cess. Risk managers, risk assessors, and other stakeholders were involved in the process.
Hg present in lake water is converted into a highly neurotoxic organic form, MeHg, mainly
by bacteria [1]. MeHg is bioaccumulated in biota and biomagnified across the food chain
[4]. MeHg is hazardous to human health and ecosystem species such as fishes. Humans
and fishes have common routes of exposure and similar effects [1]. In this research, the
target organisms investigated are fishes and humans, specifically fishermen, local people,
hotel owners, staff, army/police, and others (visitors). An ecosystem approach was used
for IRA. The conceptual model of the sources and pathways of MeHg exposure to fishes
and humans in Lake Phewa is shown in Figure 2.2. The potential chemical reactions
involved in the formation and transport of MeHg were obtained from the National
Research Council [1].

Incineration and Eoa Long range
. . » Emissions
fossil fuel burning transport
Hg® — Hg(H)
— Weathering of rocks .
Air .
Wet & dry depostion
Consumer products |- Crops (paddy)
Water Phyto- Zoo- Irrlgatlon
Health care plankton plankton
products
Sewage Hg — Hg(H) «» CH;Hg* « CHyHgCHj,
effulents
Sediment
v v
Ly Hg contaminated
run-off

Figure 2.2 Conceptual model of routes of exposure of MeHg to fishes and humans in Lake Phewa.

Hg may be emitted into the air by the incineration of medical wastes, burning fossil fuels,
and long-range transport. The chemical may reach Lake Phewa by air deposition. Hg may be
added to the lake water by run-off contaminated by weathering of Hg-bearing rock, consumer
products, healthcare products, and sewage effluents. Hg can be methylated in the lake water
and bioaccumulated and biomagnified in phytoplankton, zooplankton, and fishes [1, 3-7,
15], as well as being bioaccumulated in the paddy irrigated by the lake water [8, 9]. Humans
may be exposed to MeHg through ingesting fish, dermal contact with lake water, and by con-
suming local rice irrigated by the water.

2.2.2.2 Evaluation
This step consists of characterization of exposure and dose-response (effects) as follows:
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A. Characterization of exposure
This involves estimating the doses of MeHg to which human population and environmental com-
partments are exposed. The sources of Hg were identified based on the literature and were dis-
cussed in the problem formulation step (Figure 2.3). MeHg can be transported to humans and
fishes by various pathways. The common route of exposure for humans and fishes is contami-
nated water and foods. The transport and fate of Hg(IT) and MeHg from water to fishes and their
internal exposure can be modeled and predicted. However, the actual concentration (body burden)
of MeHg in fish was measured by sampling and laboratory analysis, as described in Section 2.2.1.
The uncertainty in data was incorporated in the analysis using fuzzy set theory for IRA. The
fuzzy set theory is applicable when parameters have uncertainty and data are limited to define
any statistical distribution for advanced uncertainty analysis [21]. In this research the important
parameters such as body burden of each fish species, bioaccumulation factors (BAFs) of rice and
soil, contaminated body surface area, body weight, exposure frequency per year, and fish con-
sumption rates of different population groups have uncertain and limited data. The collected
data for different parameters were expressed in triangular fuzzy numbers (TFNs), i.e. (a, b, ¢),
where a, b, and c denote the smallest, most probable, and largest values, respectively. TFNs are
commonly used as they are simple for application [22]. The MeHg of fish tissue was measured
using field sampling, whereas MeHg concentration in water was lacking. For the estimation of
MeHg in water, BAFs of fishes obtained from Poste et al. [23] and Scudder Eikenberry et al. [24]
were used. These literature-based BAFs were highly variable and were expressed in TFNs. Using
the BAFs, the MeHg concentration in lake water was estimated using Eq. (2.1).

C,, =C;/(BAF); 1)

where E‘; , (EAI/J) > and E; are TFNs for MeHg concentration in water (mg/L), BAF for fish
(L/kg), and MeHg concentration in fish tissue (mg/kg), respectively. The tilde (~) on the top
of a notation indicates a fuzzy number.

The lake water containing Hg was used for irrigation, which may have contaminated the
agricultural crops. The major crop of Pokhara is paddy, which needs a large amount of inun-
dated water for growth. Therefore, rice was also considered an additional media of MeHg
exposure to humans. The concentration of MeHg in rice grains was calculated as follows [8]

C, = C,/(BAF), .2)

where 5, , (E’;H/?)r, and CN‘S are TFNs for MeHg concentration in rice grains, BAF for rice, and
MeHg concentration in soil, respectively.

Equations (2.3) and (2.4) can be used for estimating exposure to MeHg and are given by
[25]. The equations for estimating exposure to MeHg are given in Egs. (2.3) and (2.4) [25].

C,® IR, ® EF © ED (2.3)

EEIingestion"i" = —
BW ® AT

CDlingestioni~ = Chronic daily intake through oral ingestion of exposure media “i” (n = 2; fish
and rice) (mg/kg/day) and ® denotes fuzzy multiplication

T
1

C; = Concentration of MeHg in media “i” (n = 2; fish and rice, mg/kg)
IAR/i = Ingestion rate of media “i” (n = 2)

EF = Exposure frequency (days/year)
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ED = Exposure duration (years)
BW = Body weight (kg)
AT = Average time = ED ® 365 (days)

CDI dermal =

C, ®SA® Kp® ET ® EF © ED® CF

(24)

BW ® AT

where CDIyemq = Chronic daily intake through dermal absorption exposure (mg/kg/day)

c

w

= Concentration of MeHg in water (mg/L)

SA = Skin surface area available for contact for an adult during fishing (cm?)

Kp
CF

= Conversion factor of 107 (L/cm?)

ET = Exposure time (h/event)

The data for input parameters are given in Table 2.1.

= Chemical specific dermal permeability constant in water measured at 25 °C (cm/h)

Table 2.1 Input parameters for exposure assessment.
Parameters TFN Units Source
EF (fish and rice) (292, 329, 365) d/yr Assumed L, M, and U of TFN as
80%, 90% and 100% of total days in
ayear
ED (20, 20, 20) for all except  yr Assumed 20 yr of service life in
(0.083, 0.083, 0.083) for occupations and 1 m for others/
“others/visitors” visitors (constant)
BW (70, 75, 80) kg Adapted from 80 kg recommended
by USEPA [24]
SA (0.942,1.24,1.538) cm? Adapted from mean surface area of
1.24 cm? and 95th percentile of
1.538 cm? of arms, hands, legs, and
feet [24]
Kp (0.001, 0.001, 0.001) cm/h Assumed constant [24]
ET (8,8,8) h/event  Daily working hour for fishermen
[24]
EF (dermal) (52, 80, 108) d/yr Adapted from working days of

mean of 80 d/yr and 95th percentile
of 108 d/y for fishermen [24]

B. Characterization of effects
This step consists of dose-response assessment. It estimates the relationship between the
level of exposure to a substance (dose) and the incidence and severity of an effect. Human
and animal studies have reported the toxic effects of MeHg in the brain; however, fetal brains
are more sensitive to MeHg than adult brains [1]. Due to an abundance of well-documented
evidence, the developmental neurotoxic effects of MeHg in children exposed in utero have
been used as a suitable endpoint for establishing reference dose (RfD) [1, 26]. RfD is widely
used for modeling exposure and response for noncancerous diseases in humans. However,
MeHg has been classified as a “possible” human carcinogen by the International Agency for
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Research on Cancer (IARC) and the US Environmental Protection Agency (EPA) due to a
lack of strong evidence of the association between Hg exposure and cancer rates [1]. As a
result, cancer risk estimation for MeHg is not common.

The oral RfD for MeHg was obtained from the US EPA’s Integrated Risk Information
System (IRIS) database, which is 1.0E-4 mg/kg/d [26]. For ecosystem species or fishes, pre-
dicted no effect concentration (PNEC) is widely used for modeling exposure and response.
Unlike RfD, the studies estimating the value of PNEC for ecosystem species are limited. The
TFN of PNEC for fishes was estimated as (2.40E-5, 9.46E-5, 1.89E-4) ug/L based on the no-
observed-adverse-effect level (NOAEL) derived as 50% of low-observed-adverse-effect level
(LOAEL) [27] of 0.3 ug/g MeHg in fish [4, 28] and BAF of fish [24].

2.2.2.3 Risk Characterization
This step estimates the incidence and severity of the adverse effects likely to occur in a
human population or environmental compartment due to actual or predicted exposure to a
substance. For fishes, the risk to health (endpoint) (i.e. ecological risk of MeHg exposure)
was estimated using the risk quotient as given in Eq. (2.5) [29].
RQ= (EEAQ (2.5)
(PNEC)

where:
1/2\(3 = Risk quotient for fishes
EEC = Estimated or directly measured environmental concentration of MeHg
PNEC = PNEC or benchmark concentration for fishes
The rank of Eé (i.e. RQ)was calculated to obtain its crisp (defuzzified) value using Eq. (2.6) [30].

(a+2b+c)

Rank of RQ(a,b,c) = (2.6)

RQ was interpreted as
RQ < 1 indicates low or extremely low risk or probability of effects
RQ >1 may indicate potential risk or effects

For humans, the risk to health (endpoint) of MeHg exposure was estimated by combining
three exposure routes: fish ingestion, dermal contact, and rice consumption. The overall
health risk was estimated as [25]

; (con)i
i:lﬁ

where Cf‘ﬁfl = CDI for all exposure routes and media (n = 3)

HI = (2.7)

HI = Hazard index
RID = Chemical specific RfD (mg/kg/d)
Finally, the rank of HR was obtained using Eq. (2.6) and interpreted similar to RQ.

Although the overall risk is estimated by defuzzifying the fuzzy risk value, the uncertainty in
the decision-making is indicated by the range of overall risk from the lowermost to upper-
most values of the TFN in each occupation and fishes.
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2.3 Results and Discussion

The results obtained are presented and discussed below.

2.3.1 Exposure Assessment

The body burden of MeHg measured in different fish species is given in Table 2.2. The table
also shows the size and weight of the fishes sampled. The highest median body burden of
0.042 mg/kg occurred in Mastacembelus armatus, whereas the lowest median body burden
was found in Oreochromis niloticus with a value of 0.013 mg/kg. Overall, the median body
burden of MeHg in the fishes was 0.025 mg/kg with fifth percentile (P5) of 0.010 mg/kg and
95th percentile (P95) of 0.063 mg/kg, which were used for risk assessment.

Table 2.2 Fish size and body burden of MeHg.

MeHg concentration (mg/kg)

Fish n  Length (cm) Weight (g) P5 P50 (median) P95

O. niloticus 21 257+x29 334.0£111.8 0.009 0.013 0.028
M. armatus 20 31.0x43 65.5 +20.8 0.029 0.042 0.070
Clarias gariepinus 19 25.1 + 3.6 128.8 £55.8 0.012 0.025 0.047
Total 60 273+44 176.1 £136.1 0.010 0.025 0.063

P5: 5th percentile; P50: 50th percentile; P95: 95th percentile.

The TFN of BAF of fishes was constructed based on the data obtained from the extensive study
of Riva-Murray et al. [31]. The L, M, and U are assumed as the 5th percentile, median, and 95th
percentile for TFN considering 90% of the distribution, which is (7.9E + 05, 1.6E + 06,
6.2E + 06) L/kg as given in Table 2.2. The estimated concentration of MeHg in water is given
in Table 2.3. Similarly, Pokhara did not have any known Hg pollution sources such as Hg min-
ing, effluent of chlor-alkali industry, and other mining (gold, zinc, and lead), and therefore
background concentration of MeHg was considered in the agricultural soil of the study area.
The global background concentration of MeHg for the unpolluted soil was obtained from the
comprehensive review conducted on MeHg in rice by Rothenberg et al. [8]. For this study, the
background MeHg concentration in the agricultural soil was estimated by increasing the
global background concentration by 15% to incorporate the possible increment due to irriga-
tion water containing Hg species (Table 2.3). Also, the mean BAF for rice given by Zhang et al.
[32] was varied by +15% to construct a TFN of BAF of rice, which was (3.77, 4.44, 5.11) (unit-
less). The estimated concentration of MeHg in rice grains in the study area is given in Table 2.3.

The fish consumption rates in different occupations consuming fishes of Lake Phewa are
given in Table 2.4. The fish consumption rates were highly variable across the occupations.
Among the surveyed occupations, the lowest rate of fish consumption was found in the Staff
of Fisheries Research Center with a mean rate of 68.2 + 0.2 g/d, whereas the highest rate of
fish consumption was found in the hotel owners with a mean value of 190.6 & 212.3 g/d. The
mean and 95th percentile of the consumption rates in all these occupations are higher than
the USEPA-recommended fish intake rate, except for the 95th percentile rate for army/
police. The USEPA provided the fish consumption rates of mean 16 g/d and 95th percentile
of 96 g/d per capita and that of mean 54.4 g/d with 95th percentile of 160 g/d for consumers
only, considering a body weight of 80 kg [33].
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Table 2.3 MeHg concentration in different media.

Media Values in TFNs Unit Source

Fish (Cggn) (0.010, 0.025, 0.063) mg/kg Sampling and

measurement
Water (Cyater) (4.0E-06, 1.3E-05, ug/L  Estimated using Cggp
1.6E-05) and BAFgg,

Soil (Csojl) (0.23, 0.67, 1.55) Hg/g [31]
Rice (Cyice) (0.87,2.97,7.92) ng/g Estimated using Cyoi1

and BAF;jc.
C: concentration; BAF: bioaccumulation factor.
Table 2.4 Daily fish consumption rate (g/d).
Occupation n xto P5 P50 P95
Fishermen 45 132.7+123.3 357 953 3429
Locals 32 94.8+89.9 357 714 1750
Hotel owners 35 190.6 £212.3 33.1 107.1 589.3
Staff 26 68.2+0.2 223 714 163.7
Army/police 20 732+245 357 714 107.1

Others (visitors) 12 130.7 £139.7 32.6 834 3589

For MeHg exposure from rice as a staple food, a routine rice consumption rate of 355 g/p/d
for urban areas of Nepal was obtained from CBS [34]. The TFN of rice consumption rate of
(0.151, 0.177, 0.204) kg/d was constructed assuming 50% of the total rice consumption was
sourced from local harvest with + 15% variation in the estimate.

Even without local Hg pollution sources, the estimated concentration of MeHg in fishes
and water of Lake Phewa was likely to be present mainly as a result of the global atmospheric
supply of Hg and its active methylation [24, 35, 36]. Such concentration may also reach a
level higher than the acceptable range [35, 36]. The BAF for fishes, i.e. TFN (Triangular
Fuzzy Number) of (7.9E + 05, 1.6E + 06, 6.2E + 06) L/kg considered in this study lies in the
range of BAFs observed by the US Geological Survey, which is 2.3E + 04 to 3.9E + 07 L/kg
with the mean of 2.1E + 6 for unmined sites in the period of 1998 to 2005 in the United States
[36]. Similarly, the estimated concentration of MeHg in the paddy soil of Pokhara can be a
result of the global atmospheric supply of Hg [35-38] and its conversion into MeHg in paddy
fields [8, 37, 38], as well as by MeHg carried through the irrigation water [38].

2.3.2 Risk Characterization

The human health risks of MeHg from exposure to different media are given in Table 2.5. As
shown in Table 2.5, the defuzzified individual health risk due to fish ingestion was very high
for hotel owners. The health risk of MeHg by rice consumption was very low as the MeHg
concentration in rice grains was primarily based on the background concentration of MeHg
in unpolluted soil. The risk estimates were equal in all occupations due to the consideration
of an equal rice consumption rate. The health risk from dermal exposure was present only in
fishermen as they had dermal contact with lake water during fishing activities; the health
risk in that case was negligible.
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Table 2.5 Human health risk from exposure to different media.

Fuzzy risk estimate for different media Defuzzified risk value

Occupation  Fish Rice Dermal Fish  Rice Dermal

Fishermen  (0.04,0.29,3.08)  (0.01,0.06,0.23)  (5.3E-13,3.7E-12, 0.92 0.09 4.0E-12

8.2E-12)
Locals (0.04,0.21,1.57)  (0.01,0.06,0.23) — 051 009 —
Hotel owners (0.03,0.32,5.30)  (0.01,0.06,0.23) — 149 009 —
Govt.staff  (0.02,0.21,1.47)  (0.01,0.06,0.23) — 048 009 —
Army/police (0.04,0.21,0.96)  (0.01,0.06,0.23) — 036 009 —
Other/ (0.03,0.25,3.23)  (0.01,0.06,0.23) — 094 009 —

visitors

The fuzzy risk values estimated for each media in fact show an uncertainty in the
estimation. Comparatively, the range of risk from “L” to “U” in the TFN was larger in fish
ingestion with the range in two orders of magnitude, whereas the risk estimates for rice
ingestion and dermal contact had an uncertainty range of one order of magnitude, although
membership functions are different in the TFNs. The high uncertainty in the risk estimate in
fish ingestion was due to a large variation of one order of magnitude in fish consumption
rate, as well as high variability in MeHg concentration in fish tissue, human body weight,
and exposure frequency.

The percent contribution by different routes of exposure in total risk is shown in Figure 2.3.
The fish consumption had a dominant contribution in health risk, ranging from approxi-
mately 79% in army/police to 94% in hotel owners. Although the magnitudes of risk are equal
for rice consumption, the percent contribution in total risk is different, ranging from 6% in
hotel owners to 21% in army/police. Due to a very low value of health risk from dermal
contact, the contribution in total risk is insignificant.

The overall health risks of MeHg exposure in different occupations (humans) and fish
species (ecosystem) are shown in Figure 2.4 in fuzzy numbers and in Figure 2.5 in crisp

Others G

Army/police
Staff G
Hotel owners 2
Locals i
Fisherman

0 10 20 30 40 50 60 70 80 90 100

% contribution in total risk

B Fish Rice

Figure 2.3 Percent contribution by different routes of exposure in total risk.
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values. As given in Figure 2.5 for humans, the overall health risk of MeHg exposure was
acceptable for all occupations except for hotel owners, fishermen, and others (visitors). The
health risks to fishermen and others (visitors) were slightly higher than the acceptable level.
Hotel owners, fishermen, and others had potential health risk or effects of MeHg exposure,
primarily due to high consumption rates of fish. The average fish consumption rate of hotel
owners, fishermen, and others (visitors) were 6.7, 6.0, and 5.2 times higher, respectively,
than the average per capita fish consumption rate and 2.0, 1.8, and 1.5 times higher, respec-
tively, than the consumers-only fish intake rate recommended by the USEPA [33]. In fact,
the questionnaires were answered by respondents based on their memory rather than any
actual weighing of fishes, which may have affected the results. In regards to hotel owners,
who had the highest health risk, most of the respondents stated that they consumed the
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Figure 2.4 Health risks to humans and fishes in fuzzy numbers.
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Figure 2.5 Overall health risk to humans by occupation and fishes of ecosystem.

leftover cooked fishes at the end of the day, which may have largely increased their fish con-
sumption rate over other consumers.

The ecological risk of MeHg to fishes in terms of TFN was (0.05, 0.13, 0.66) (Figure 2.4) and
its defuzzified value was 0.24 (Figure 2.5). The ecological risk was within the acceptable
level, indicating low risk of probability of effects to fishes. The result is supported from the
perspective of body burden. The entire range of MeHg body burden of fishes from 0.008 to
0.084 pg/g in Lake Phewa is lower even than the wildlife critical value of 0.1 ug/g of MeHg
in fish for piscivorous mammals, indicating low ecotoxicity to fishes [39]. The TFN of ecolog-
ical risk estimate indicates a range of risk values from 0.05 to 0.66, although the membership
varies in between, indicating an uncertainty of one order of magnitude. This range of uncer-
tainty is lower than that in the human health risk estimate.

The present research has limited IRA to humans and fish species of an ecosystem. Due to
the lack of actual measurement data, MeHg concentration in lake water and rice grains was
estimated with the help of the literature, which may add uncertainty to the results. Similarly,
the fish consumption rate was estimated based on the questionnaire survey rather than
actual weighing of fish to be eaten. Comparatively, the use of measured MeHg concentration
in fish tissue for estimating MeHg in lake water can have less uncertainty compared to the
entirely literature-based estimation of MeHg in rice grains. However, the use of a fuzzy
approach can incorporate such parameters of uncertainty in analysis [21]. Fish is commonly
used as a target organism in ecological risk assessment, and ecotoxicity data of fishes for
certain chemicals are available. However, unlike the human toxicity database for human
health risk assessment, the database on ecotoxicity of chemicals for ecological risk assessment
is limited. In this context, IRA with mutual exchange of information between human health
risk assessors and ecological risk assessors becomes more efficient and coherent. Also, IRA
can save time and money by preventing a doubling of tasks in exposure assessment, for
example chemical concentration measurements in lake water and the chemical transport
from water to fishes are common in both human health risk assessment and ecological risk
assessment. Furthermore, this research can be extended by including other target species,
such as phytoplankton, zooplankton, and fish-eating birds.
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2.4 Conclusion

Fuzzy-based IRA of MeHg in Lake Phewa was applied combining human health and ecolog-
ical risk assessment to incorporate uncertainty in decision-making. The results show that
fish consumption contributed approximately 90% or higher of the total human health risk
and the remaining risk was attributed to rice consumption. Hotel owners, fishermen, and
others (visitors) in particular had potentially significant health risks from MeHg in the lake.
The higher health risk was primarily due to very high fish consumption rates in the three
occupations. Among them, hotel owners had an especially high health risk. Moreover, the
ecological risk to fishes was low and within the acceptable level. However, with a lack of
actual measurement data, MeHg concentration in lake water and rice grains was estimated
based on the literature, which may add uncertainty to the results. The application of fuzzy
techniques in IRA allows risk assessors to approximate uncertainty in decision-making,
building more confidence in decisions. This study can be extended by including other target
species, such as phytoplankton, zooplankton, and fish-eating birds.
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A Fuzzy Approach to Analyze Data Uncertainty in the Life
Cycle Assessment of a Drinking Water System

A Case Study of the City of Penticton (CA)

Thais Ayres Rebello, Gyan Chhipi-Shrestha,Venkata U.K. Vadapalli, Emmi
Matern, Rehan Sadiq, and Kasun Hewage

School of Engineering, University of British Columbia (Okanagan), Kelowna, BC, Canada

3.1 Introduction

Water is a critical element in the urban environment, representing 90% of the entire mate-
rials flow in an urban environment. Furthermore, water systems are the source of almost all
urban water consumed, and only a small portion directly derives from alternative sources,
such as rainwater or private underground captures [1]. The urban water cycle (UWC) is the
spatiotemporal interaction between hydrological processes and water, considering the
supply, treatment, distribution, consumption, use, collection, followed by wastewater collec-
tion, treatment, and disposal, reuse, and provision. In other words, the UWC is defined as
the conjunction of natural and manmade water streams [2]. A typical manmade UWC con-
sists of water extraction, treatment, distribution, use, collection, and wastewater treatment
and disposal [3], which is a linear model that does not fulfill current needs.

An UWC is composed of four important inputs: water, contaminants, energy, and chemi-
cals. Supply sources such as surface, groundwater, and precipitation provide most of the
water in the urban cycle. Contaminants, on the other hand, enter the water cycle from the
surface or groundwater flows, wastewater flows from water use (domestic, agricultural, and
industrial), wastewater treatment flows, rainwater flows, and atmospheric pollutants con-
veyed by precipitation [2]. The third input is energy, a vital resource due to cost representa-
tiveness in urban systems and environmental impacts related to greenhouse gases and
natural resource use. Energy consumption occurs in the treatment systems, water supply,
and thermal water heating [2]. Additionally, energy can be produced during wastewater
treatment, through biomass or biogas production [4]. Lastly, chemicals enter the UWC
through the water and wastewater treatment systems, and they are often used as coagulants
and disinfectants, as well as industrial discharges [2].

In this context, the analysis of the environmental impacts of urban water systems becomes
more significant, and different strategies can be used to analyze the final environmental

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
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impacts. For instance, diverse environmental indicators can be used [5], and the material
flux analysis can be applied [6]. However, these methodologies can allocate different impacts
from one life cycle stage to another. Hence, a comprehensive method that evaluates the
entire life cycle, such as the life cycle assessment (LCA), is required [7].

While LCA is an important tool to assess environmental impacts throughout the entire life
cycle of a product or system [8], the LCA process has many significant uncertainties, such as
scenario, parameter, and model uncertainties [9]. Additionally, the application of uncer-
tainty analysis to LCA frameworks is not common in current studies; only 20% of studies
present this analysis [10].

Regarding urban water studies, few documents are available in the literature concerning
the distribution system [11-16]. The lack of previous studies further increases the uncer-
tainties related to this urban water system stage, especially regarding available data and con-
siderations made throughout the analysis.

Some of the important uncertainties current urban water systems need to deal with are (i)
data not available, (ii) available data not certain (uncertainty), and (iii) many values are
available for a parameter (variability) [9]. The lack of an appropriate value refers to a
situation in which researchers have to use data from another technology or estimate the
value. Additionally, sometimes more than one value is available, especially for the analysis
of technology that presents variations over time, such as urban water facilities. Several meth-
odologies are available to study uncertainties, such as parameter and scenario variation, also
referred to as sensitivity analysis; sampling methods, analytical methods, and nontraditional
methods such as the fuzzy set methods, Bayesian methods, nonparametric statistics, robust
statistics, neural networks, artificial intelligence methods, and Monte Carlo analyses [9].
However, some of these methods can greatly increase the complexity of the analysis, and
large amounts of data and resources are required. For instance, Monte Carlo simulations
require sufficient data to estimate a reliable standard deviation of a dataset and dedicated
software at disposition, which may not always be available.

Fuzzy methodology allows the use of intervals and membership to different values within
the interval, which can translate vague information into numerical factors while performing
LCA [17]. Thus, fuzzy methodology can insert not only the data uncertainty but also the var-
iability of stakeholders’ opinions in the final aggregation.

Few papers are available considering urban water system uncertainties. Jeong et al. [18]
quantify data uncertainty as the squared standard deviation based on the type of input and
data quality inputs. The authors calculated the impact values 5000 times, using Monte Carlo
methodology. Similarly, Pillot et al. [19] calculated a statistical distribution of life cycle
impact assessment with a Monte Carlo simulation, using 10 000 iterations and using a 1-5%
convergence criteria. Finally, Garcia-Sanchez et al. [20] used data means and standard devi-
ations, bottom and top outliers, and coefficients of variation to implement a Monte Carlo
simulation with the SimaPro 9.0 software.

This chapter aims to analyze the uncertainties in the LCA of the water treatment and
water distribution system of the city of Penticton. To achieve this, a triangular fuzzy number
was used, considering three scenarios for the environmental impacts: optimistic, most
probable number, and pessimistic. This study analyzed the production, construction, and
water treatment and distribution systems’ use. Afterward, the analysis combined all envi-
ronmental indicators using the weighed product method (WPM) into a single score. The
variability of the WPM single-score indicator was compared with the inbuilt results of
SimaPro. All results were found using ReCiPe midpoint and ReCiPe endpoint. Additionally,
the analysis considered each life cycle phase, as well as the total contributions to under-
standing how uncertainty affects the final midpoint and endpoint categories.



3.2 Methodology

Finally, this chapter showcases a methodology that can be applied in future studies when
sufficient data or computational resources are not available. The present contribution show-
cases the possibility of impact aggregation considering different weights from those assigned
in the software to adapt site-specific features in the data and to include various environ-
mental impact priorities in making informed decisions by stakeholders.

3.2 Methodology

The methodology of this chapter is divided into three parts: (i) LCA of the most probable
number and identification of important processes, (ii) LCA of the optimistic and pessimistic
scenarios, and (iii) data analysis, in which the fuzzy indicators are evaluated.

3.2.1 Life Cycle Assessment

To conduct the LCA assessment, ISO 14040:2006 [21] and ISO 14044:2006 [22] were used as
the baseline method. These norms describe the LCA process, which consists of four main
stages: (i) scope and goal definition, (ii) life cycle inventory, (iii) life cycle impact assessment,
and (iv) interpretation.

3.2.1.1 Scope and Goal Definition
This work aimed to evaluate the uncertainties of the urban water treatment and distribution
system of the city of Penticton. The analysis considered the construction and use of the water
treatment system. For the distribution system pipe production, installation (construction), and
use were included for analysis. Hence, the demolition and maintenance phases were excluded
for both water treatment and distribution systems. This is due to the lack of data for these phases.
The functional unit of the study was the annual treatment and distribution of drinking
water in 2016 in Penticton. The system boundaries considered energy and chemical uses in
the production, construction, and operation of water treatment and distribution systems.
Water extraction and water use were not analyzed in the present study (Figure 3.1).

System boundary
'ﬂ— e
Energy and Energy and Energy and

chemicals chemicals chemicals

- --—----’

Figure 3.1 System boundaries used in the uncertainty analysis of urban water treatment and
distribution in Penticton.
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3.2.1.2 Life Cycle Inventory

This study considered the following environmental aspects: chemical use, energy consump-
tion, construction of the facilities, and transportation of the construction materials. All of the
background information used in ecoinvent 3.0 was either selected from a British Columbia
database or a Canadian database, when available. If no such databases were available, a
global database was selected. Table 3.1 shows all data used for the most probable scenarios.

Table 3.1 Life cycle inventory for the production of pipelines, pipeline
construction, and water system construction and use.

Production of pipelines

Process Value Unit Source
Extrusion, plastic pipes 33.53 tonne —
Pump 12.5 p —
Water treatment and distribution systems construction

Pipe installation 3940 p —
Pump 0.06 p —
Transport 74 513.28 tkm —
Water treatment facility 0.142 p —
Water treatment and distribution systems use

Chlorine 7100 kg —
Aluminum oxide 21726 kg [23]
Hydrochloric acid 98 974 kg [23]
Polyacrylamide 14910 kg —
Electricity 221 MWh —
Electricity 1169 MWh —

Note: In source column, non-described are foreground data from the specific facility.

To analyze the uncertainties, a variation in the most critical criteria for evaluation was
made. Table 3.2 shows all variability input in the data.

3.2.1.3 Life Cycle Impact Assessment
Different environmental impact categories were analyzed for the midpoint (ReCiPe mid-
point 1.13 (H) World (H)), endpoint, and the single score levels (ReCiPe endpoint 1.13 (H)

Table 3.2 Data variability used to construct the low and high
environmental impacts scenarios.

Important processes in the assessment  Variation (%) Reference

Electricity’ 27 [24]
Hydrochloric acid® 15 Assumed
Aluminum oxide® 15 Assumed
Extrusion, plastic pipes’ 1 [25]

Other processes to test uncertainty

Transportation2 10 Assumed

1 Pipeline manufacturing;
2 transportation in the construction phase; and
* water treatment stage.
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World (H/H)), as seen in Table 3.3. Asremarked by Dekker et al. [26], the ReCiPe methodology
harmonizes the midpoint and endpoint cause-effect calculations. The calculations and
descriptions for each environmental impact category can be found elsewhere, including
Goedkoop et al. [27].

The environmental impacts were calculated using the variations given in Table 3.2 to
generate the optimistic, most probable, and pessimistic scores.

Table 3.3 Environmental impact categories from ReCiPe endpoint 1.13 (H) World (H/H) analyzed for
the midpoint, endpoint, and single-score evaluations.

Impact category Unit Impact category Unit Damage category

Midpoint impact Endpoint impact

Climate change kg COy eq Climate change DALY Total
Human health

Ozone depletion kg CFC-11 eq Ozone depletion =~ DALY Human Health

Terrestrial kg SO, eq Human toxicity DALY Ecosystems

acidification

Freshwater kg P eq Photochemical DALY Resources

eutrophication oxidant formation

Marine kg N eq Particulate matter DALY —

eutrophication formation

Human toxicity kg 1,4-DB eq Ionizing radiation DALY —

Photochemical kg NMVOC Climate change species - yr —

oxidant formation Ecosystems

Particulate matter kg PM;geq Terrestrial species - yr —

formation acidification

Terrestrial kg 1,4-DB eq Freshwater species - yr —

ecotoxicity eutrophication

Freshwater kg 1,4-DB eq Terrestrial species - yr —

ecotoxicity ecotoxicity

Marine ecotoxicity kg 1,4-DBeq Freshwater species - yr —
ecotoxicity

Ionizing radiation kBq U-235 eq Marine ecotoxicity species - yr —

Agricultural land  m?a Agricultural land  species - yr —

occupation occupation

Urban land m’a Urban land species - yr —

occupation occupation

Natural land m? Natural land species - yr —

transformation transformation

Water depletion ~ m® Metal depletion $ —

Metal depletion kg Fe eq Fossil depletion $ —

Fossil depletion kg oil eq — — —

CO, eq: carbon dioxide equivalent per kilogram; CFC-11: chlorofluorocarbon-11; SO,: sulfur dioxide; 1,4-DB:
1,4-dichlorobenzene; DALY: disability-adjusted life year; NMVOC: nonmethane volatile organic compounds;
PM: particulate matter, particles with a diameter of 10 um or less.
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3.2.1.4 Interpretation

The analysis of the uncertainty in this work was performed using fuzzy logic (FL) combined
with the WPM method. Additionally, the results were compared among themselves to
understand the variability in each environmental impact category. Finally, the aggregated
index, generated by the WPM, was analyzed and compared with the single score generated
by the SimaPro software.

3.2.2 Fuzzy Approach

According to Yoon and Hwang [28], there are three ways to describe data: point, in which
only one value is attributed; imprecise, for results approximation; and fuzzy, in which an
interval with membership is attributed. Additionally, fuzzy numbers can be expressed in
different ways. A triangular fuzzy number (TFN) is simple and commonly used [29]. In
TFNs, a range of values constituted by low, most probable, and high values substitute the
point values [30]. FL can be used in many different applications, including LCA for uncer-
tainties analysis [28].

3.2.2.1 Fuzzification

TFNs are composed of an interval containing an optimistic, most probable, and pessimist
number - Eq. (3.1) [31]. In the present contribution, the fuzzy number of each impact cate-
gory was generated through multiple simulations, considering the variations presented in
Section 3.2.2.1 (Table 3.2).

F=(0, A, P) (3.1)

L L

in which F, is the fuzzy number for the impact category i, O, is the optimistic value, using the
inputs as calculated in Eq. (3.2), A4; is the average scenario, also referred to in the present
contribution as the most probable scenario, and P, refers to the pessimistic scenario, using
the inputs calculated with Eq. (3.3).

I;=M;-V;*M; (3.2)

I;=M;+V;*M; (3.3)

where J; is the input for the j flux, M; is the medium value for the input (Table 3.1), and V; is
the flux variation (%). After generating each varying input, the ReCiPe methodology was
applied to calculate the categories optimistic, most probable, and pessimist values, which
correspond to the fuzzy number of each impact category.

After this approach, the WPM methodology was applied to generate an aggregated value
for the midpoint categories. The weights used for the fuzzification of the WPM are described
in Section 3.2.2.2. and the WPM method in Section 3.2.2.3. Finally, the WPM method was
applied to each point in the fuzzy number (optimistic, most probable, and pessimist), gener-
ating a fuzzy WPM score, which also contained three points (optimistic, most probable, and
pessimist). The arithmetic operations of fuzzy methods can be referred to elsewhere,
including in Chhipi-Shrestha et al. [29].



3.2.2.2 Weights Used in the Analysis

3.2 Methodology

In the fuzzy WPM analysis, different weights were used for the optimistic, most probable,
and pessimistic levels (Table 3.4). A variation of +20% was assumed in the eutrophication,
toxicity, climate change, water use, and metal and fossil depletion categories, which are
more important in analyzing urban water systems. For other less important impact cate-
gories, a variability of +10% was assigned in the weights. All weights were then normalized,

considering the most probable weight total (Table 3.5).

Table 3.4 Weights used for the midpoint categories.

Impact category

Fuzzy weights (optimistic;
most probable®; pessimistic)

Climate change

Ozone depletion

Terrestrial acidification
Freshwater eutrophication
Marine eutrophication
Human toxicity
Photochemical oxidant formation
Particulate matter formation
Terrestrial ecotoxicity
Freshwater ecotoxicity
Marine ecotoxicity

Ionizing radiation
Agricultural land occupation
Urban land occupation
Natural land transformation
Water depletion

Metal depletion

Fossil depletion

Total

(16.84, 21.06, 25.27)

(5.67, 6.31, 6.94)
(5.58, 6.2, 6.82)
(2.24, 2.8, 3.36)
(2.36, 2.96, 3.55)
(3.17, 3.97, 4.76)
(4.30, 4.78, 5.25)
(8.06, 8.96, 9.85)
(1.53,1.92, 2.30)
(1.53,1.92, 2.30)
(1.53,1.92, 2.30)
(4.50, 5.01, 5.51)
(7.14, 7.94, 8.73)
(7.14,7.94,8.73)
(7.14, 7.94,8.73)
(6.88, 8.51,10.21)
(6.04,7.55, 9.06)
(6.65, 8.32,9.98)

(98.316, 116.01, 133.70)

*Source: Adapted from Sale et al. [32].

Table 3.5 Normalized weights used for the midpoint categories.

Impact category

Normalized weights

Climate change

Ozone depletion

Terrestrial acidification
Freshwater eutrophication
Marine eutrophication

Human toxicity

Photochemical oxidant formation

Particulate matter formation

(0.15,0.18, 0.22)
(0.05, 0.05, 0.06)
(0.05, 0.05, 0.06)
(0.02,0.02, 0.03)
(0.02, 0.03, 0.03)
(0.03,0.03, 0.04)
(0.04, 0.04, 0.05)
(0.07, 0.08, 0.08)

(Continued)
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Table 3.5 (Continued)

Impact category Normalized weights
Terrestrial ecotoxicity (0.01, 0.02, 0.02)
Freshwater ecotoxicity (0.01, 0.02, 0.02)
Marine ecotoxicity (0.01, 0.02, 0.02)
ITonizing radiation (0.04, 0.04, 0.05)
Agricultural land occupation (0.06, 0.07, 0.08)
Urban land occupation (0.06, 0.07, 0.08)
Natural land transformation (0.06, 0.07, 0.08)
Water depletion (0.06, 0.07, 0.09)
Metal depletion (0.05, 0.07, 0.08)
Fossil depletion (0.06, 0.07, 0.09)

Source: Adapted from Sale et al. [32].

3.2.2.3 Life Cycle Impact Index

The weighted product method (WPM) is largely used to compare different alternatives for
multicriteria analysis. In this chapter, the analysis applied the WPM to understand whether
the final aggregated estimate would be different from the single score generated by the
SimaPro software and if the variations identified would be comparable. This methodology
was selected because it does not require the normalization of the data used, and only one
alternative is analyzed primarily to evaluate the uncertainty involved [28]. Equation (3.4)
shows the WPM applied.

Impact Index(Ii) = ﬁx;" 7, i=1 (3.4)
=i

In which I; is a life cycle impact index, x;; is the environmental impact calculated for each
impact category, and w; is the weight assigned for that impact category in the specific sce-
nario evaluation (optimistic, most probable scenario, and pessimistic). To aggregate the total
life cycle impact index, it was considered that all life cycle stages have the same weight
(w ;= 1).

3.3 Results and Discussion

3.3.1 Pipe Production

For pipe production, the overall environmental impact variation for all categories (midpoint,
endpoint, and single score) presented a variation of less than 1%. These results are important
because the uncertainties analyzed did not greatly affect the environmental impact of this
life cycle stage, also the variability for this life cycle stage is carried out through the different
levels of environmental impacts (midpoint, endpoint, and single score calculations). Table
3.6 shows the optimistic, most probable, and pessimistic environmental impacts calculated
for each midpoint environmental impact category tested. Categories from the endpoint and
single score analysis presented a similar variation.



Table 3.6 Life cycle impacts of pipe production.

3.3 Results and Discussion

Impact category Unit TFN

Climate change kg COy eq (15 529.55, 15 685.27, 15 840.98)
Ozone depletion kg CFC-11 eq (0.00094, 0.00095, 0.00096)
Terrestrial acidification kg SO, eq (77 027,77 790, 78.55)
Freshwater eutrophication kgPeq (8.17, 8.25, 8.33)

Marine eutrophication kg N eq (3.55, 3.59, 3.62)

Human toxicity kg 1,4-DB eq (6173.12, 6229.07, 6285.02)
Photochemical oxidant kg NMVOC (41.71, 42.13, 42.54)
formation

Particulate matter formation kg PM10 eq (44.20, 44.64, 45.08)
Terrestrial ecotoxicity kg 1,4-DB eq (0.92,0.92,0.93)
Freshwater ecotoxicity kg 1,4-DB eq (200.65, 202.54, 204.43)
Marine ecotoxicity kg1,4-DBeq (188.06, 189.81, 191.57)
Ionizing radiation kBq U-235 eq (2399.55, 2423.68, 2447.80)
Agricultural land occupation m2a (5492.64, 5548.02, 5603.39)
Urban land occupation m?a (183.62, 185.45, 187.27)
Natural land transformation m? (2.46, 2.49, 2.51)

Water depletion m? (369.53, 373.27, 376.99)
Metal depletion kg Fe eq (778.09, 783.71, 789.32)
Fossil depletion kg oil eq (3928.95, 3968.35, 4007.75)

While the variation amongst the optimistic/pessimistic and the most probable scenario
was small, some categories showed important variations for the absolute numbers. For in-
stance, in the climate change category, the environmental impact is (15 529, 15 685, 15 840)
kg CO, eq, which was mainly due to chemical use uncertainty and transportation uncer-
tainties. Another important category that showed a similar fuzzy number variation was the
human toxicity in which the environmental impact is (6173, 6229, 6285) kg 1,4 DB (dichlo-
robenzene) in the midpoint category.

3.3.2 Water Treatment Plant Construction and Pipeline Installation

Considering the water treatment system construction and pipe installation, most environ-
mental impact categories did not present a high environmental impact variation, and all
categories for the midpoint, endpoint, and single score (Table 3.9) presented a variation
smaller than 1%. Table 3.7 shows the optimistic, most probable, and pessimistic environ-
mental impacts calculated for each midpoint environmental impact category tested.

Furthermore, as in the pipeline analysis, although the percent variations were not impor-
tant, the absolute fuzzy numbers had important variances. For instance, the final score for
global warming potential was (832 062; 832 401; 832 739) kg CO, eq in the midpoint cate-
gory, (1.1648; 1.1653; 1.1658) DALY (disability-adjusted life years) for global warming poten-
tial in the endpoint category for human health, and (0.0065; 0.0066; 0.00661) species - year
for ecosystems’ global warming potential.
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Table 3.7 Life cycle impacts of drinking water treatment and distribution network construction.

Impact category Unit TFN

Climate change kg COy eq (832 062.40, 832 401, 832 739.60)
Ozone depletion kg CFC-11 eq (0.071, 0.071265, 0.071)
Terrestrial acidification kg SO, eq (3542.73, 3544.56, 3546.39)
Freshwater eutrophication kgPeq (282.57, 282.59, 282.62)

Marine eutrophication kg Neq (208.11, 208.21, 208.31)

Human toxicity kg 1,4-DBeq (475 962.20, 476 077.9, 476 193.70)
Photochemical oxidant formation kg NMVOC (3780.02, 3782.85, 3785.69)
Particulate matter formation kg PM10 eq (2258.53, 2259.54, 2260.55)
Terrestrial ecotoxicity kg 1,4-DBeq (109.63, 109.84, 110.04)
Freshwater ecotoxicity kg1,4-DBeq (16 154.08, 16 155.24, 16 156.4)
Marine ecotoxicity kg 1,4-DB eq (16 006.76, 16 009.15, 16 011.54)
Tonizing radiation kBq U-235 eq (40 168.38, 40 197.02, 40 225.67)
Agricultural land occupation m?a (19 910.16, 19 915.14, 19 920.12)
Urban land occupation m?a (13 3537.9,13 3571.5, 13 3605.1)
Natural land transformation m? (1109.12, 1109.26, 1109.40)
Water depletion m> (16 419.35, 16 420.45, 16 421.55)
Metal depletion kg Fe eq (261 527.7, 261 537.4, 261 547.1)
Fossil depletion kg oil eq (203 918.1, 204 045.4, 204 172.7)

3.3.3 Water Treatment and Distribution System Operation

Water use and pipeline operation were the phases in the life cycle of drinking water treatment
and distribution which presented the highest sensitivities to the changes applied. The final
variations ranged from 3% in marine eutrophication to 15% in metal depletion for the
midpoint categories. Endpoint categories presented a similar range for the variations
analyzed, from 7% in fossil depletion to 15% in metal depletion. Finally, single score cate-
gories varied from 8 to 11%, for resources and human health, respectively. Table 3.8 shows
the optimistic, most probable, and pessimistic midpoint environmental impacts calculated
for each environmental impact category tested. The variations found through the different
methodologies (midpoint, endpoint, and single score) were due to high sensitivity to the
aluminum oxide and hydrochloric acid variations used in the operational phase. Finally,
these results highlight the importance of the fuzzy methodology for systems that do not have
an important number of data, showing that the input variations impact results over 10% in
some impact categories.

Furthermore, the analysis indicates that the global warming impact was (118 408; 131 217;
144 026) kg CO, eq for the midpoint category and (0.17; 0.18; 0.20) DALY in the endpoint
category, considering human health and (0.00094; 0.00104; 0.001142) species - year for the
climate change ecosystems. These results show an important variability, due to the varia-
tions in the inputs. In this life cycle stage, the main reason for the variations was the
uncertainty in chemical use (aluminum oxide and hydrochloric acid).



3.3 Results and Discussion

Table 3.8 Life cycle impacts of drinking water treatment and pipeline operation.

Impact category Unit TFN

Climate change kg CO, eq (118 408.5, 131 217.3, 144 026)
Ozone depletion kg CFC-11 eq (0.091, 0.105, 0.119)

Terrestrial acidification kg SO, eq (725.67, 807.33, 889.00)
Freshwater eutrophication kg P eq (57.24, 65.35, 73.45)

Marine eutrophication kg Neq (153.67, 158.33, 162.98)

Human toxicity kg 1,4-DB eq (117 034.6, 135 420.2, 153 805.8)
Photochemical oxidant formation kg NMVOC (389.95, 439.40, 488.85)
Particulate matter formation kg PM10 eq (316.61, 359.08, 401.55)
Terrestrial ecotoxicity kg 1,4-DB eq (84.44,98.72,112.99)
Freshwater ecotoxicity kg 1,4-DB eq (2356.63, 2725.13, 3093.63)
Marine ecotoxicity kg 1,4-DB eq (2906.82, 3372.51, 3838.21)
ITonizing radiation kBq U-235eq (10 589.14, 11 968.22, 13 347.29)
Agricultural land occupation m?a (11 368.11, 13 123.01, 14 877.90)
Urban land occupation m?a (1659.82, 1910.94, 2162.06)
Natural land transformation m? (103.94, 121.18, 138.43)

Water depletion m? (6240.70, 7199.98, 8159.26)
Metal depletion kg Fe eq (16 487.24, 19 326.44, 22 165.63)
Fossil depletion kg oil eq (40 940.34, 44 065.42, 47 190.49)

3.3.4 Life Cycle Impact Index of Drinking Water Systems

Considering the midpoint results for the different life cycle stages, the final aggregated
number (i.e. life cycle impact index) presented an important variability in the midpoint cat-
egories. The production stage, which was the least affected, presented a 60% decrease and a
154% increase, and the fuzzy WPM final aggregation score was (89.35; 225.88; 572.64), which
shows an important variability, due to input uncertainties.

Additionally, the construction phase showed a 79% decrease and a 378% increase in the
overall WPM analysis and the final score was (3233, 15 454, 73 868). The use phase presented
afinal score variation of 76% in the optimistic and 325% in the pessimistic scenario (Table 3.9).
Finally, the differences were increased in the final aggregation with the WPM method, due
to the calculation method.

Table 3.9 Life impact index based on midpoint

categories.
Life cycle stage TFN
Production (89.35, 225.88, 572.64)
Construction (3233.75, 15 454.61, 73 868.79)

Use (728.31, 3029.83, 12 866.75)
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While the difference in the final WPM and single score numbers was expected, due to the
differences in the calculation methodologies, the SimaPro single score calculated presented
a higher resilience to the variations applied, with a 10% variability for the life cycle stage, for
the present contribution.

3.3.5 Software-based Aggregated Life Cycle Impact Analysis

The uncertainty variances applied in this study have influenced the results less than 2% for
most midpoint impact categories, and up to 8.35% in ozone depletion. Other categories with
high percentage variation were freshwater eutrophication (+2.31%), human toxicity
(+3.00%), and terrestrial ecotoxicity (6.92%). The fuzzy numbers for those categories were
(0.16; 0.17; 0.19) kg CFC-11 eq, for ozone depletion, (194.99; 209.48; 223.97) kg 1,4-DB eq,
(599 169; 617 727; 63 6284) kg 1,4-DB eq for human toxicity.

The endpoint categories presented the same range, and ozone depletion varied 9.23%
when compared to the most probable scenario. The fuzzy number for the ozone depletion in
the endpoint category was (0.00047; 0.00052; 0.00056) DALY, while the terrestrial ecotoxicity
number was (2.94E-05; 3.16E-05; 3.38E-05) species - year.

Single score categories given by the software presented a lower variation than what was
observed in the previous analysis (1-2%) (Table 3.10). The tendencies of the fuzzy analysis
showed that the variations were diluted in the total LCA, but they continued to present
important ranges for midpoint and endpoint categories.

Table 3.10 Impact scores for different Llife cycle stages.

Damage category Total life cycle impact (TFN)
Total (134.49, 136.43, 138.36)
Human health (53.97, 54.92, 55.86)
Ecosystems (5.78, 5.86, 5.93)
Resources (74.74, 75.65, 76.57)
Pipe production (TFN)

Total (1.78, 1.79, 1.81)
Human health (0.83,0.83,0.84)
Ecosystems (0.09, 0.09, 0.09)
Resources (0.86, 0.87,0.88)
Water treatment and distribution construction (TFN)

Total (115.14,115.19, 115.24)
Human health (45.88, 45.89, 45.91)
Ecosystems (5.12,5.12,5.12)
Resources (64.15, 64.17, 64.20)
Water treatment and distribution use (TFN)

Total (17.57, 19.44, 21.32)
Human health (7.27,8.19,9.11)
Ecosystems (0.58, 0.65,0.72)

Resources (9.73,10.61, 11.49)




3.3 Results and Discussion

3.3.6 Total Life Cycle

The final score aggregation for the midpoint categories was (3988.36; 20 228.81; 103 211.30),
which represents a 90% decrease and 410% increase when comparing optimistic to the most
probable number and the pessimistic and the most probable number, respectively. For the
endpoint categories, the final aggregating score was (0.036756; 0.049464; 0.066917), which
shows a 26% decrease and a 35% increase in the final aggregation index.

When considering the total LCA, the WPM presented a higher sensitivity to the uncer-
tainty analysis than the SimaPro methodology. These disparities are mainly due to aluminum
oxide and hydrochloric acid variations. The results emphasize the importance of the fuzzy
methodology in the total LCA measurements as well as the stage comparisons, and the
methodology can be applied to studies that have small availability of data, but important
variability in data points.

3.3.7 Overall Discussion

Few studies have analyzed the uncertainty of water systems, especially due to the lack of
data in the field. Jeong et al. [18], for instance, quantified the data uncertainty using the
squared standard deviation based on the type of input. Additionally, the authors applied data
quality indicators, developed by ecoinvent: reliability, completeness, temporal correlation,
geographic correlation, further technological correlation, and sample size [33]. The authors
found that, for their scenarios analyzed, the uncertainties studied were significant, even at
the midpoint analysis level. The variations encountered in their work varied from 16% in
global warming to 232% in noncarcinogenic toxicity. The differences between the uncertainty
results from Jeong et al. [18] and the present contribution are due to different methodologies
used for the life cycle impact assessment and uncertainty evaluation.

Similarly, Pillot et al. [19] used the ReCiPe methodology and ran a Monte Carlo simulation
up to 10 000 times. The authors found that the variability of the results could be as high as
40% in the single-score ReCiPe categories (resources, human health, and ecosystem). In this
case, the authors applied a different methodology for uncertainty analysis, using higher
variation in their inputs. Finally, Garcia-Sanchez et al. [20] also applied a Monte Carlo
simulation with 50 000 iterations. The authors quantified the means, bottom and top 2.5%
outliers, and variation coefficients. The uncertainties related in their paper showed a 104.66%
variation for noncarcinogenic toxicity and 83% in freshwater eutrophication.

While all authors have previously used the Monte Carlo approach, it requires a large data-
set to calculate the average and the variances of the points. When there are no such resources
available, the fuzzy analysis can be performed to simplify the uncertainty calculations.
Additionally, this approach can also be performed in research groups with scarce resources
that cannot access software with the Monte Carlo evaluation.

The uncertainty analysis using a fuzzy approach presented some interesting trends.
First of all, similar variations were identified in the midpoint and endpoint categories,
when considering the individual impact categories. The final aggregation using the
WPM, however, showed an increase in the variability when all impact categories are
considered in a single indicator. This behavior was not seen for the SimaPro results, in
which the single-score simulations presented a higher resilience when compared to the
previous endpoint and midpoint analysis. Figure 3.2 shows the tendencies in the
uncertainties as analyzed.
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Tendency of the
uncertainty
through the
different life

Cycle aggregations

Tendency of the uncertainty through the different life Cycle Stages

Figure 3.2 Final tendencies assessed in the uncertainty analysis.

3.3.8 Study Limitations

While this work presents an important demonstration of how to use FL on datasets to ana-
lyze the uncertainty of results, there are some limitations to the work, which are listed below:

e Use of a background database, which may not be representative of the reality of the study;

e The analysis focused on the main inputs concerning environmental impact, thus future
works should apply the same framework to all data inputs; and

e While all data uncertainties were analyzed together, the work could not provide insights
on which data input made the greatest contribution, which can be obtained in future
works through an ANOVA analysis.

3.4 Conclusion

This work aimed to analyze the importance of different uncertainty variations to drinking
water treatment and distribution systems to understand how data can affect the outcomes of
an environmental impact analysis. A fuzzy WPM-based life cycle impact was used to under-
stand if the variations would greatly impact the final ranking alternatives. The methodology
presented in this chapter can be applied in studies with high data variability and uncertainty
but that do not present enough data points to calculate a representative average and stan-
dard deviations using the Monte Carlo simulation method or by research groups or enter-
prises that do not have access to Monte Carlo simulation software.

Additionally, this study showed that the percentage differences between the individual
environmental impact categories were not significant. However, important variations were
perceived in the final aggregation through the WPM methodology, varying from 154 to 378%
in production and construction, respectively. Furthermore, the total LCA for the midpoint
categories also presented small percentage variations. When the results were aggregated to a
life cycle impact index, however, the percentual variation presented an 80% decrease and a
410% increase for the midpoint aggregation.

Finally, this work shows that, while individual environmental impact categories may
show a small percentual variation through the use of FL, the final aggregation (impact index)
of those categories presents an important percentual variation. Another important point is
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that the optimistic, most probable, and pessimistic scenarios had important variations in the
absolute numbers of the categories. Furthermore, individual life cycle stages tend to present
smaller variations than the overall impact of combining all life cycle stages, which empha-
sizes the importance of testing different scenarios and different datasets.
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4.1 Introduction

Information on the status of environmental quality is necessary to formulate sound public
policies and the effective implementation of environmental quality programs. One of the
effective ways of communicating such information in general, and air and water quality in
particular, to policymakers and ultimately to end users is with indices. The efforts on the
development of WQIs, expressed in an interval scale in numeric terms, were initiated in the
1990s in USA. An AQI or WQI is, in essence, a function used to simplify large numbers of
data into a more useful form which might convey an image of overall air/water quality to a
variety of users. The limitation of the selected indices is their lack of power in dealing with
uncertainty and subjectivity present in the expert’s perception in describing air/water quality
in linguistic terms, such as: good, fair, poor, and so on for the defined purpose.

There exists imprecision/fuzziness in the perception of domain experts about rating envi-
ronmental quality parameters in various linguistic terms as epistemic uncertainty - an
unavoidable feature of most humanistic systems. Uncertainty is also present due to the
inherent variability of randomness in environmental quality parametric data and is known
as statistical or aleatory uncertainty. We believe that fuzzy logic (FL) concepts could be con-
sidered as a useful formalism for modeling, both aleatory and epistemic uncertainty [1, 2].

4.2 Conventional Air Quality Index (CAQI)

The US Environmental Protection Agency (EPA) formulated a uniform AQI for the use of
state and local agencies. AQIs are numbers used by government agencies to characterize the
quality of air at a given location. As the AQI increases, an increasingly large percentage of
the population is likely to experience severe adverse health effects. The computation of an
AQI requires an air pollutant concentration from a monitoring station or a model. The
function used to convert from air pollutant concentration to AQI varies by pollutant, and
varies from country to country. AQI values are divided into ranges, and each range is assigned
a descriptor and a color code. The pollutant with the highest concentration is considered the
responsible pollutant. The pollutant index can be computed using the following formula

Pollutant Concentration .
Pollutant Standard Level

Index = 4.1)

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
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4.3 Fuzzy Air Quality Index (FAQI)

In this approach [3-8], different weighting factors were assigned to each pollutant according
to its priority, and trapezoidal membership functions were defined for the classification. A
set of inference rules were used in the final index computation. In the first step, the pollut-
ants were processed by the inference system and normalized, thus resulting in the FAQI.
Each of the rules had only one antecedent in order for the weight assignment to be facili-
tated. The structure of the fuzzy rules applied is as follows: If PM;j is very good then FAQI is
good. The classical fuzzy inference system (FIS) Mamdani was used. PM;, and NOx were
assigned maximum weights, as these are the two pollutants emitted by vehicles.

4.4 Fuzzy Description of Air Quality Classification

Air pollution experts can describe air quality directly in linguistic terms (NO, is very good
and PMy is poor, and so on) once the information about the pollutants is made available to
them. It is our belief that a mathematical framework to be used in decision research should
be close to human thinking processes, and FL is an appropriate kind of mathematical frame-
work to deal with perception-based modeling. The following sections discuss in brief the
novel Zadeh-Deshpande (ZD) method to directly describe air quality linguistically with a
degree of linguistic certainty attached to each description.

The identification of relevant parameters for the defined purpose, number of sampling
stations, time and frequency of observations, etc., are crucial and invariably based on the
expert’s knowledgebase. Collecting pollution parametric data from sampling locations is the
first step. On the basis of probability distribution fitting, mean and variance values can be
used in further analysis. Often, collected data from the sampling locations is inadequate for
carrying out statistical analysis (in fact it may not even be necessary). In such a situation, the
defined statistical technique, a bootstrap method, can be employed to ensure data
reliability.

4.4.1 Zadeh-Deshpande (ZD) Formalism

ZD formalism is similar to that of the fuzzy thinking of the human brain which invariably
does not work with numerical values. Furthermore, a linguistic degree of certainty (DC) is
attached to each linguistic term to ensure the confidence level. The approach could also be
labelled as fuzzy stat modeling.

4.4.1.1 Convex Normalized Fuzzy Number (CNFN)
Randomness in air quality data or, for that matter, any parametric data can be simulated
using Gaussian distribution with the probability density function given by

2
xX—p

a

1

f(x)z%e :

o2T

(4.2)

where x is a random variable taking values on real line, 1 is the mean, and o is the standard
deviation. The continuous random variable can be discretized using distribution

2(x)=P[x € X| (4.3)
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such that the probability of any x; in the parametric domain, denoted by p(x;), is

dx

p(x;) =2 X — 7] (4.4)

i
X+ —|-2
2

where dx is a small interval about x; fori =1, 2, 3, 4, ..., n.
Thus, if x; is some point on the parametric domain x for which p(x;) is maximum then
define function 1, (x) as

14 (%) = p(x) / p(x;) (4.5)

Equation (4.5) transforms a random variable into a CNFN A with membership grade s, (x),
thereby characterizing the dynamic behavior of the governing parameter. The construction
of a fuzzy number or fuzzy sets for modeling the perception of the experts in classifying each
parametric domain linguistically involves:

e Selection of linguistic terms such as very good, good, fair, etc., which allows referencing of
all possible parametric values to be described.

e Classification of the parametric domain and assigning linguistic terms to each class
linearly by experts reflecting the imprecision in their perception.

e The set of values for which all the experts assign the same linguistic term are given p=1.0
while none of the expert assigning that term are given = 0.0. The breakeven points of
membership grades 0.0 and 1.0 are connected by continuous monotonic function, which
presupposes that the degree of consensus among the experts goes on increasing as the
parametric values approach the core of the fuzzy number for the specified linguistic term.

Based on the data obtained using the bootstrap method, a probability distribution fitting to
air quality parametric data can be carried out. As we intend to compare probability distribu-
tion with the expert fuzzy sets drawn for the selected parameters, it is necessary to transform
probability distribution into possibility distribution of the parametric data, using the concept
of CNFN. Probability distribution can be transformed into a CNFN with membership grade
function u4(x) thereby characterizing the dynamic behavior of the pollutants into a possi-
bility distribution. Uncertainty in an expert’s perception, termed epistemic uncertainty, is
modeled by constructing fuzzy sets/fuzzy numbers.

4.4.1.2 Degree of Match (DM)

A computational scheme of DM can be used with a view to estimate matching between an
expert’s perception and the antecedent part of the rule, in order to describe air quality fuzzily
with a certain DC. The fuzzy number for field data (A) on parameters and the fuzzy numbers
(A") characterizing linguistic terms are matched together to arrive at a measure called the
degree of match, or DM, defined by

() dx
DMff(A,A’)—M,xGX (4.6)

fﬂA(x)dx

in which X denotes the universe, and ,~,/(x) is the membership grade for AN A.
Furthermore, if A and A’ are the discrete possibility distributions the measure is defined as

DMff(A,A’) — ZMAQ_A/(X)dx’

D pa(x)dx

xeX 4.7
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4.4.2 Type-1 Fuzzy Inference System (FIS)

Fuzzy inference is the process of formulating the mapping from a given input to an output
using FL. The mapping then provides a basis from which decisions can be made. The process
of fuzzy inference involves fuzzification, defuzzification, implication, and aggregation. The
basic structure of an FIS consists of three conceptual components:

e A rule base, which contains a selection of fuzzy rules.

e A database, which defines the membership functions used in the fuzzy rules.

e A reasoning mechanism, which performs the inference procedure upon the rules and
given facts to derive a reasonable output or conclusion.

Figure 4.1 represents the FIS used for describing air quality linguistically. A set of fuzzy rules
are constructed for classifying air quality as: very good, good, fair, poor, and very poor in order
to aggregate the set of attributes. Each rule has antecedent propositions connected together
using the AND operator, resulting in some consequences. These linguistic descriptions are
invariably imprecise/vague/fuzzy, taking into account the inadequate information on the
health implications of each parameter on the users and the aggregated effect of all the param-
eters on human health. A fuzzy rule based system (FRBS) can be developed for knowledge
representation or a reasoning process. The fuzzy rules are defined by the air quality/water
quality domain experts based on their expertise.
Following are the sample rules stored in the knowledge base:

1) If PMy, is <fair> and NOx is <poor> and SOy is <good> then air quality is fair.
2) If PMy is <fair> and NOy is <good> and SOy is <fair> then air quality is fair.

Defuzzification || Output |

@

Figure 4.1 Fuzzy inference system describing air quality linguistically.

The degree of match of each classification rule indicates the certainty value of the
classification. The greater the degree of match, the greater the possibility that air quality is
classified in that class. The rules are processed using conjunction and disjunction operators.
The optimal acceptance strategy is usually that for which the degree of assertion is the
maximum.

4.4.3 Matching Between Two Fuzzy Values

The fuzzy number for pollutant data (A) on parameters and the fuzzy number characterizing
linguistic terms are matched together to arrive at a measure called the DM (Figures 4.2 and
4.3), which is defined by
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o (x)dx
DMff(A,A’)_M,xeX (4.8)
fMA(x)dx

in which X denotes the universe, and pan4(X) is the membership grade for ANA’. A (fact or the
data) and A’ (expert’s perception) are the possibility distributions the measure is defined as

DMﬁ(A,A’)ZM xeX (4.9)

Shalx)dx

1+
09 T
0.8 T
0.7 +
0.6 T
0.5 T
04 +
03 +
02 T
0.1 T ‘

0 . | | . .

T T T A4 T T T T

80 90 100 110 120 130 140 150 160 170 180 190 200

e= Expert’s perception for
poor

e Fuzzy number for
pollution data

Membership function p

pg/m?

Figure 4.2 Degree of match of PMy with linguistic term poor for PCMC location.

4.5 Fuzzy Rule Based System (FRBS)

The computational scheme of the DM can be used with a view to estimate matching bet-
ween expert’s perception and the antecedent part of the rule, in order to describe air
quality fuzzily with certain DC. The degree of match of each classification rule indicates
the certainty value of classification, in the present case air and water quality. The greater
the DG, the greater the possibility that air and water quality is classified in that class. An
FRBS was developed for knowledge representation or reasoning process. A set of fuzzy
rules is constructed for classifying air quality as: very good, good, fair, poor, and very poor
in order to aggregate the set of attributes. These linguistic descriptions are invariably
imprecise/vague/fuzzy, keeping in view the inadequate information on the health impli-
cations of each parameter on the users and the aggregated effect of all the parameters on
human health. Sample rules displayed in Table 4.1 are stored in the knowledge base. The
rules are processed using conjunction and disjunction operators. The optimal acceptance
strategy is usually that for which the degree of assertion is the maximum. Figure 4.4 pres-
ents the hierarchical structure for water quality classification and Figure 4.1 represents
the FIS for air quality classification.
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Figure 4.3 Fuzzy matching between A and A’.

4.6 Case Study

The application of fuzzy set theory has been a long-standing requirement when dealing with
engineering systems in general and air and water quality classifications in particular.

4.6.1 Linguistic Description of Air Quality with a Degree of Linguistic
Certainty

Air pollutants are added to the atmosphere from a variety of sources that change the compo-
sition of the atmosphere and affect the biotic environment. The concentration of air pollut-
ants depends not only on the quantities that are emitted from air pollution sources but also
on the ability of the atmosphere either to absorb or to disperse these emissions. The air
pollution concentration varies spatially and temporally, causing air pollution patterns to
change with different locations and times due to changes in meteorological and topograph-
ical conditions. The sources include vehicular traffic, emissions of hazardous gases from
industries, and those from domestic and natural environments.

Air pollution is the fifth leading cause of death in India after high blood pressure, indoor
air pollution, tobacco smoking, and poor nutrition, with about 620 000 premature deaths
occurring from air pollution related diseases [9]. Especially in developing countries, a large
portion of vehicles on city roads use diesel fuel and contribute greatly to the emissions of
particulates, especially those that are less than 10 microns in size and are respirable. In many
cities, transportation fuels contain lead and high amounts of sulfur and use older engine
designs that emit more toxic pollutants than modern ones. Various other factors like the pre-
dominance of older vehicles, lack of maintenance, limited use of emission control technol-
ogies, poor traffic management, and poor road conditions help accentuate the level of
automobile pollution. The number of two-/three-wheeler vehicles which use two-stroke
engines and produce up to 10 times size hydrocarbons are on the increase.

The design of an air quality monitoring network requires a structured approach which
involves: identification of pollutants, selection of locations, frequency and duration of sampling,
sampling techniques, infrastructural facilities, labor, maintenance costs, and so on. The design
also depends on the type of pollutants in the atmosphere through various common sources,
called common urban air pollutants, such as suspended particulate matter (SPM), particulate
matter (PM,), sulfur dioxide (SO,), oxides of nitrogen (NOy), and carbon monoxide (CO), etc.
Factors to be considered for the identification of air quality monitoring locations include: high
traffic density, industrial growth, human population and its distribution, emission source,
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public complaints, if any, the land use pattern, etc. Realizing the increase in air pollution levels,
it was considered relevant to initiate a study to classify the air quality in PCMC.

Parameter Category Linguistic Class
Faecal . .
Coliform [ Bacteriological  |—
| Not
Acceptable
Dissolved |
Oxygen
| Just
Biochemical Water Acceptable
Oxygen — | Biochemical Quality
Demand
I—1{ Acceptable
pH ||
L . Highly
T — Ph 1 —
urbidity ysica Acceptable

Figure 4.4 Typical hierarchical structure for water quality classification.

The case study relates to fuzzy air quality description with the available air quality data.
The locations of air quality monitoring stations are (1) PCMC and (2) Bhosari in PCMC.
Auto exhaust pollution is on the increase in PCMC. From an air quality standpoint, the
winter months are more important due to the phenomenon of temperature inversion. In
November 2010, air quality parametric data were considered for the assessment of ambient
air quality in PCMC. Three pollutants monitored by the Maharashtra Pollution Control
Board (MPCB), namely oxides of sulfur (SOy), oxides of nitrogen (NOx), and re-suspended
particulate matter (PM;,) were considered for the assessment of air quality following the
concept of an FIS with a degree of match as detailed in this chapter.

Table 4.1 Fuzzy rules by air and water quality domain experts.

Station  Air quality fuzzy rules Water quality fuzzy rules

1. If RSPM is good AND If BOD is good AND
NOx is poor AND DO is very good AND
SOy is good THEN pH is very good THEN
air quality is good biochemical status of water is good

2. If RSPM is fair AND If bacteriological status of water is fair AND
NOx is good AND biochemical status of water is very good AND
SOx is fair THEN physical status of water is very good THEN
air quality is fair overall water quality at water intake well is fair

RSPM: respirable suspended particulate matter; BOD: biochemical oxygen demand;
DO: dissolved oxygen.
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4.6.2 Fuzzy Description of Pawana River Water Quality Near PCMC Intake Well

Developing countries have been witnessing pollution of water resources which has assumed
a serious threat to humans due to an increase in the incidence of water-related diseases. The
World Health Organization (WHO) in a 2002 report [10] states that around 21% of commu-
nicable diseases in India are water related, and out of these, diarrheal diseases alone killed
over 700 000 Indians in 1999. The present study refers to the water quality of an intake well
at a water treatment plant in PCMC. PCMC depends mainly on water from the Pawana
River. Water quality surveillance from the source to consumer tap is a routine activity of
major water suppliers. In India, the issue of sample size using statistical methods is invari-
ably ignored. How many samples to be collected from a sampling location? In this study, we
have implemented the concept described below.

The total number of coliform bacteria is one of the important parameters in describing
water quality for drinking purposes. A monitoring study was intended to estimate the mean
concentration of total coliform near the intake well of PCMC near the water treatment plant.
A preliminary survey consisting of fourteen (n = 14) representative observations were: 1200,
1300, 1600, 1100, 400, 600, 1800, 300, 1000, 440, 350, 120, 460, and 1250 expressed in MPN
(most probable number)/100 mL of sample. Biochemical oxygen demand (BOD) expressed
as mg/L was also in the range of 6-18 mg/L, indicating pollution at the intake point on the
Pawana River. Looking at these high values, the then municipal commissioner (MC), who
was also an engineer, requested the first author on suggesting the sample size as he was keen
to direct PCMC officials to carry out sampling based on basic statistics. The purpose of these
investigations was to initiate action on the defaulters (a sugar mill owner, sewage from
nearby colonies, villages to take necessary corrective measures). What sample size was
needed to estimate the true mean within + 200 units? Also, suggest a remedial measure to
bring down drastically the bacterial load, say > 500 MPN/100 mL of water sample.

Table 4.2 CAQI and fuzzy description of air quality with DC in PCMC location
by four AQ experts.

AQ description and DC in linguistic terms

Location CAQI Expert 1 Expert 2 Expert 3 Expert 4
PCMC 151.13 Very Poor Very Poor Poor Poor
(VP) (1.00-VG) (0.92-VG) (0.92-VG) (0.88-G)
Bhosari 100.38 Poor Poor Fair Fair
(P) (0.53-F) (0.30-P) (0.30-P) (0.42-F)

Assume data will follow a normal distribution

2
Z,,0

Number of Samples N = ~—2—2-

E

(4.10)

where o is the standard deviation (524 MPN/100 mL of water sample), Z is [%} =1.96; for
a/2 = 0.025, and E (true mean within + 200 units) = half-length E = 200. The computed
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number of samples will be 26.37, and so a total of 30 samples should be collected. Therefore,
PCMC officials should collect additional 30 — 14 = 16 samples for the estimation of total coli-
form. A similar procedure was followed for deciding the number of samples for all the other
water quality parameters, namely DO, BOD, pH, and turbidity, and was used in deciding the
water quality near the PCMC intake well using FL based formalism.

4.7 Results and Discussion

The air quality description with the DM method describes air quality straightway in linguistic
terms with a linguistic DC. The degree of uncertainty is modeled using type-1 FL. First of all,
the uncertainty in the expert’s perception is modeled and then the second uncertainty related
to the DC is modeled by defining fuzzy sets for DC as very good, good, fair, poor, and very
poor.

From Table 4.2 it can be seen that the air quality computed using the DC method is on a
par with the air quality description using the CAQI. We can say that air quality at the PCMC
location is very poor with a very good DC. Variability in experts’ perception is also modeled
using FL. The four air quality experts are almost close in their opinion about describing air
quality at the PCMC monitoring location (see Table 4.3).

Table 4.3 Fuzzy description of water quality with DC.

Linguistic description DC

Very good 0

Good 0.2 (fair)
Fair 0.75 (good)
Poor 0.1

Water quality at PCMC is fair with DC = 0.75, good
with DC = 0.2, and poor with DC = 0.1

e It could be inferred from fuzzy modeling that the water quality (Figure 4.3) at the intake
well of the water treatment plant is fair with DC 0.75 (good) and is tending toward good
with DC 0.2 (fair). It is necessary to improve the Pawana River water quality as very good
with a high DC. The strength of FL concepts lies in defining, in this case, river water
quality at intake, straightway in linguistic terms with some DC attached to each linguistic
terms.

e There is visible organic pollution due to domestic waste water from the nearby villages. A
few industrial discharges are also located in about 2 km from the intake well. Therefore,
there will be an increase in biochemical oxygen demand resulting in a high bacteriological
load in the Pawana River.

e In case the pollution remains unchecked, the possibility of introducing pre chlorination at
the intake resulting into possible trihalomethane (THM) formation cannot be overruled.
PCMC, therefore, must undertake pollution abatement measures. The team of experts
will look into the issue and locate the sources of pollution for further action.
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4.8 Concluding Remarks

FL via computing with words is a humancentric logic which has been successfully used
where the perceptions of domain experts are of primary concern. This is more relevant in
decision-making wherein the decision-makers have no or scant numerical information of
the governing parameters. It is well known that the expert knowledge base uses only
linguistic terms. Why not compute with words and why always numbers?

It can be observed from the first case study that air quality computed using DC method is
on a par with the air quality description using the CAQI. The air quality at the PCMC loca-
tion can be classified as very poor with a very good DC. Variability in experts’ perception is
also modeled using FL. The four air quality experts are very close in their opinion in
describing air quality at the PCMC location.

The experimental results for water quality at the intake well of the water treatment plant
have been classified as fair with DC as good but is tending toward good with a fair DC.

The research study has conclusively demonstrated the utility of soft computing techniques
with a focus on FL in water and air quality management. For the types of complex and
imprecise problems that arise in environmental policy, the ability to model complex behav-
iors as a collection of simple if-then rules makes FL via computing with words an appro-
priate modeling tool. Would decision-makers and the public accept expressions of water or
air quality goals in linguistic terms with computed degrees of certainty? Resistance is likely.
In many regions, such as the United States and European Union (EU), both decision-makers
and members of the public seem more comfortable with the current system - in which
government agencies avoid confronting uncertainties by setting guidelines that are crisp and
often fail to communicate uncertainty. Perhaps someday a more comprehensive approach
that includes exposure surveys, toxicological data, and epidemiological studies coupled with
fuzzy modeling will go a long way toward resolving some of the conflict, divisiveness, and
controversy in the current regulatory paradigm.
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5.1 Introduction

Rivers in developing countries are facing multifarious water quality problems. In recent
decades, many rivers in such countries have experienced extreme flow variations, in a year,
due to seasonal rainfalls, the impacts of climate change, and increasing irrigation require-
ments. As nearby cities are growing to accommodate rapidly increasing populations, these
rivers also face high pollution loads from city outflows [1, 2]. Consequently, anaerobic con-
ditions prevail during low flows, and the rivers meet desired water quality standards for a
designated use during high flow conditions [3]. Wastewater entering a river consists of dif-
ferent conservative (e.g. total dissolved solids, metals, etc.) and nonconservative (e.g. patho-
gens, organics, etc.) pollutants [4]. Water quality assessment for both the present and future
(with increased pollution loads) scenarios is mandatory for sustainable management of
natural resources [5]. A water quality index (WQI) aggregates the resultant levels of different
pollutants, depending on their relative importance, and effectively summarizes the state of a
river for engineers, policymakers, and the public.

For water quality modeling, the river is subdivided into different reaches depending on the
locations of pollution sources entering a river, including outfalls and natural drains [3].
Outfalls collect wastewater from urban catchments through sewers, and surface drains pri-
marily contain surface run-off. Each outfall may discharge wastewater with different charac-
teristics depending on the land use activities in its catchment area. Further, pollution load
(i.e. a product of pollutant concentration and wastewater flow) at an outfall is a function of
the type and level of treatment. As the aim of the present study is to describe each river reach
using a WQI, we know that the concentrations of nonconservative substances change tempo-
rally and spatially with changing river flow and velocity in the reach.

Two types of uncertainties exist in the development of a WQI for rivers with extreme flow
variations. The first type results from variations in minimum flows during a season [3] (i.e.
low flow analysis is done for a given assessment period), a limited number of wastewater and
river samples [6], mistakes in sample collection and storage [7], and possible errors in labo-
ratory analysis [6]. The second type of uncertainties caters for the variability in nonconserva-
tive pollutants’ concentrations along the length (i.e. direction of the flow) in a given reach.
These changes are significant in long and slow-moving reaches. In this chapter, a robust
WQI simultaneously addresses both types of uncertainties using type-2 fuzzy sets.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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Zadeh [8] first extended the conventional type-1 fuzzy set to a type-2 fuzzy set. In the
type-2 fuzzy set, membership values are type-1 fuzzy sets on [0, 1] [3], and its membership
function provides an additional degree of freedom to directly model uncertainties. Being
three-dimensional, the type-2 fuzzy sets improve the interfaces originated from accumulated
uncertainties due to imprecise knowledge, limited data, and fuzziness in the elusive or
subjective information.

The real numbers in R are ordered linearly by >, while fuzzy numbers cannot be ordered in
such a way. As possibility distributions characterize the fuzzy numbers, the chance of overlap-
ping increases the difficulty to estimate how much one fuzzy number is higher or lower than the
other. In this chapter, we propose a new approach for the ranking of triangular type-2 fuzzy sets
to resolve the above-stated uncertainties that exist in the development of the WQI for a river with
large flow variations. We consider a union of primary membership function (PMF) in terms of
both the centroid of secondary membership function (SMF) and footprints of uncertainties.

The remainder of the chapter is organized as follows: Section 5.2 briefly outlines the basic
concepts and definitions of type-2 fuzzy sets. The approach used to aggregate the pollutants’
levels in river, using triangular type-2 fuzzy sets, is described in Section 5.3. Section 5.4 explains
a multicriteria analysis problem based on the proposed approach. Finally, the application of
the purposed approach to develop a WQI for the River Ravi is explained in Section 5.5.

5.2 Triangular Type-2 Fuzzy Sets

DEFINITION 1 [9]. Let X be the universe of discourse. A triangular type-2 fuzzy sets, denoted
as A= {(a,c,b;§(c)),(a’,c',b’;b)}, is characterized by a linear function €A(u) as shown in
Figure 5.1a. It is defined as

0,0<u<ab<u<l1

| €elu=a)
(c—a)

£(e)(u—b)
(9]

where a < ¢ < b and &(c) is the maximum value of the secondary membership &u), that is

max(§(w)) = &c). u is the domain of SMF, called the PMF, and it is characterized by a linear
function u;(x) as shown in Figure 5.1b. It is defined as

,a<u<c

,ce<u<b

0,0<x<a,b<x<1

us;(x)= Ma’<x<c’
O Toma)
b(x_b/)’clgxébl

where 0 <a’ < ¢’ <b’' <1 and b is the maximum value of the primary membership u, that is
max(u) = b.
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(a) (b)
Ealu) u(x)
1 1A
&o) b lemeeeeeeaes \
u_ i
> X
0 a ¢ b 1 0 a’ ¢’ b’ 1

Figure 5.1 Membership functions: (a) SMF of A; (b) PMF of A.

The triangular type-2 fuzzy set A; = {(a;, ¢;, b;; &(¢y)), @@} cubib)l together with primary and
SMEF, is shown in Figure 5.2.

Ex(w)
1

&ey)

u(=a; cpbpi=1,2.....n)

A/\ 1
) .

X=dydp b’j; i=1,2....,n)

Figure 5.2 Triangular type-2 fuzzy sets.

5.3 The Proposed Aggregation Approach for Triangular
Type-2 Fuzzy Sets

DEFINITION 2 [9]. For any triangular type-2 fuzzy set A, , the expectation value of centroid
of SMF is defined as

bl
3 qui (u)du
M(A) == ——— (5.1)
. &4, (u)du

Now

j:)‘ ué; (u)du :j:i ué; (u)du +j;bi ué; (u)du
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implies
¢ §(ci)(u2 _aiu) b, €(Ci)(u2 - biu)
L R =

L

and this implies

€4) {0t -0+ e —ab) - abia? +57)

Hence
fbi ué (wdu= L{C3(b —a;)+ C(b3 — a3) — ab(az + bz)} (5.2)
“oA 6(Ci_ai>(0i_bi) o e a0
Again
J.:iﬁf;,‘(u)du =J:'§Al(u)du +J.:i§A‘(u)du
implies

o (a-a) BECEL)
and this implies
) g P
2(ci —ai)(ci _bi){ci (b —a;) + ¢, (b —a;) —ab(q; bi)}
Hence

()
¢ —a-)(ci—bl-

1

" wydu = 2(h, —a)+c,(b? — ) — aby(a, —b, 53
fa‘ u.fAi(u)du—z< ){cl(bl a;)+c;(bf —a;)—a;b(q; bl)} (5.3)

On substituting Eqgs. (5.2) and (5.3) in Eq. (5.1) we get

1 {cf(bi —ai)—f—ci(bf —(11-3)—aibi(ai2 —biz)}
5 {ciz(bi —ai)—i-cl- (bl2 —aiz)—aibi (ai —bi)}

M(A)= (5.4)

DEFINITION 3 [9]. The uncertainty in the primary membership of type-2 fuzzy sets A; con-
sists of a bounded region that we call the footprint of uncertainty (FOU).
Thus, the FOU was obtained by using the integral value of the PMF. Assume

. bi(x—ai)_ R bi<x—bi) ) _ _
that @3 =—————= is the left PMF and ¢; =————=—" is the right PMF of two triangular
1 (ci *ai) ‘ (Ci*bi)
type-2 fuzzy sets. Suppose that gf‘i and §§ are inverse functions of cp‘%(_ and 90511-’ respectively,
as shown in Figure 5.3. ' b b
Therefore, the area under the PMF or FOU is given by the equation fo 5 (dy + j; <5 (ndy.
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On solving the above equation, we get

. bi(a; —i—chi +blj)
FOU(A) = — (5.5)
X
A
1
u(x)
0 b 1
Figure 5.3 Inverse image of PMFs.
From Definitions 2 and 3 the ranking function for triangular type-2 fuzzy set A, is
~ 1 - -
N(A) = E{M(Ai) +FOU(A))}
From Egs. (5.4) and (5.5) we get
NGy 1 l{cf (bi - ai>+ci (b,3 —af) —a;b;(af - biz)} . b, (a; +2b + cl) 56
2|3 {ciz(bi—ai)—i—ci(biz—a,-z)—i-aibi(ai—bi)} 2

5.3.1 Algorithms
Consider n type-2 fuzzy sets A,i=1, 2,~. .., n, each with a triangular membership function.
For each pair of fuzzy sets, say Al and A, , the pairwise comparison proceeds as

Let A = {(al,cl,bl;g(cl),(al,cl,bl;bl)} and A, = {(az,cz,bz;g(cz),(az,cz,bz;bz)} be two
type-2 fuzzy sets with triangular secondary and primary memberships.

0, 0<u<a, b <u<l,

5,211(”): W a, <u<c,

c; <u<b,.
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0, 0<u<a,, b,<u<l,
§a,(w)= €(C<2c)(—ua_>az> a,<u<c,
2
T e
1 2
0, 0<x<a, b <x<1,
b lrd
us (x)= M a <x<c,
(e,
b(x—b
M o <u<b,,
(e -t)
0, 0<x<a, b, <x<1,
b lrd
(1) = blx—a) g, <x<c,
(- a)
b, (x —b.
M ¢, <u<b,
(cz—bz)

Use the following steps to compare A, and A,:

Step 1: Standardize each triangular type-2 fuzzy sets by transforming A, A, into Al , Ay
where A, :{(al,cl,bl;g(c),(al,cl,bl;bl)} and A, :{(az,cz,bz;§(c),(a2,cz,b2;b2)}.
The secondary and PMF of A, and A, are given as

0, 0<u<a, by<u<l,
§i W)= % a, <u<c,
1
M c1§u<b1‘
(e —by)
0, 0<u<a,, b,<u<l,
§(c)(u—a,)
§i(w)= (cfa) a, <u<ec,
2
—b
% c, <u<b,,
1 2




5.4 Multicriteria Analysis Problem Based on the Proposed Aggregation Approach

0, 0<x<a, b <x<1,
b(x—avl) , ,
uA;(x): - a, <x<cy,
(e —a)
IEE,X—_:I)) ¢, <u<b,
1~ Y
0, 0<x<a, b,<x<1,
b(x—avz) . ,
uzp () =17"—"+ a, <x <,
()
% c'2§u<b£,
27D,

where £(c) =min({(c;),&(c,)) and b =min(b;,b,).

Step 2: Using Eqs. 5.4 and 5.5 calculate M,(A;), M,(A;) and FOU(4;), FOU(A,).
Step 3: Using Eq. (5.6) calculate 91(4;) and M(A,). Then, A, and A, are compared as:
Case 1. A, = A, if N(A) = N(A,).

Case 2. A, < A, if N(A)<N(A,).

Case 3. A~ A, if N(A)~N(A,).

5.4 Multicriteria Analysis Problem Based on the Proposed
Aggregation Approach

Let A= {Al,Az,...,An,} be a set of alternatives and let C = {CI,CZ,. . .,Cn,} be a set of criteria.
The values of an alternative on a given criteria Cj( j=12,...,n) are type-2 fuzzy sets S,
which specifies the degree that an alternative A; satisfies or does not satisty the criterion C;
allocated by decision-makers according to linguistically defined values of type-2 fuzzy sets.
The value of the ranking weight w; for a type-2 fuzzy set was obtained by Eq. (5.6). The nor-
malized weights are estimated using

R(w,) (5.7)
IR

Therefore, the weighted ranking value for an alternative A = {Al,AZ,. . .,An,} is given by

Ry, (A)=>"wR(S;) (5.8)

Jj=1
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Thus, using Egs. (5.7) and (5.8) the obtained weighted ranking value for an alternative is used
to rank the alternatives. In the present research, alternatives correspond to river reaches and the
criteria represent water quality parameters. Ranks are calculated as the WQIs for each reach.

To develop the WQI for a river with extreme flow variations, the following steps were
performed:

1) Calculate the weights (wj) for criterion C = {CI,CZ,. . ,,Cn,} by using Egs. (5.6) and (5.7).

2) Find the water pollution index (WPI) by calculating the weighted pollution levels for all
the reaches, A = {Al,Az,...,An,}, by using Egs. (5.6) and (5.8).

3) Find the WQI using the following relationship:

WQI =1—WPI (5.9)

5.5 Application Example

5.5.1 StudyArea

The proposed methodology is applied to the spatiotemporal water quality assessment of the
River Ravi. The study area is shown in Figure 5.4. The Ravi River is one of the five largest
rivers of Pakistan and presently is the most polluted river in the country. Flow in the river
varies between 10 m®/s and 10,000 m?/s. Figure 5.4 shows that untreated wastewater enters
the River Ravi through five outfalls and two drains. The QB Link canal joins the river at
85 km downstream of Siphon. Consequently, the river was subdivided into nine reaches bet-
ween Siphon and Balloki Headworks. As of 2010, the river received around 40 m®/s of
untreated wastewater from the city of Lahore through five wastewater outfalls and two sur-
face drains, shown in Figure 5.4. The projected wastewater flow will be almost six times
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Figure 5.4 Study area with river reaches. Source: Adapted from [4].
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higher than the minimum river flow (i.e. 56 m*/s) by 2025 [10, 11]. Presently, almost all the
designated uses of the river - including recreation, fishing, drinking water supply, and irri-
gation - have been restricted, particularly during low flow conditions. Assessing spatiotem-
poral water quality variations for a river with significant geographical importance,
considering all the uncertainties identified in the introduction section, would be of great use
for both decision-makers and the public.

5.5.2 Hydrodynamics Model and Low Flow Analysis

Gauge-discharge data and river cross-sections were obtained from the Survey and Discharge
Divisions of the Punjab Irrigation Department. Power functions were developed to model
the hydrodynamics (i.e. velocity, depth, and width) of the river. Two different power
functions for river flow, (Q,) < 283 m>/s and Q, > 283 m?/s, accounts for the extreme flow
variations between 10 and 10,000 m®/s. Interested, readers can see Haider and Ali [3] for
details on the development of the hydrodynamic model for the River Ravi.

First of all, an average seven consecutive days of flow was estimated for the period bet-
ween 1995 and 2005 based on available data. Each year was divided into four seasons, i.e.
winter (December to February), spring (March to May), summer (June to August), and fall
(September to November). Five years with the lowest flow conditions during this period
were selected for low flow analysis. The purpose of this study is to develop a WQI for a given
season under the existing state of the river in the absence of any wastewater treatment.
Therefore, minimum, average, and maximum flows were estimated from an average seven
consecutive days of flow in Table 5.1.

Table 5.1 Summary of low flow analysis.
Flow values are given in m*/sec.

Year Winter Spring Summer Fall

21.0 16.9 173.9 73.6
23.9 22.2 221 69.5
5.5 5.4 429.4 6.6
5.1 54 69.2 13.2
5.6 6.5 4234 12.6
MIN 5.1 5.4 221 6.6
AVG 12.2 11.3 223.6 351
MAX 239 22.2 429.4 73.6

wm A W N =

5.5.3 Water Quality Model

In the present study, five important water quality parameters were selected for developing
the WQI, including dissolved oxygen (DO), ultimate biochemical oxygen demand (UBOD),
un-ionized ammonia (un-ionized NHs), fecal coliforms (F. coli), and total dissolved solids
(TDS). For water quality assessment, calibrated and verified models are used to predict con-
centrations of different parameters in the river. In the past, Haider and Ali developed, cali-
brated, and verified these models for the River Ravi [3, 12-14]. These models are described
in Table 5.2. Monitoring surveys accompanied by laboratory analyses were conducted to
determine the model inputs (i.e. average characteristics and flows of wastewater entering
the River Ravi; see Table 5.3).
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Table 5.2 Models used for assessment of Ravi River water quality. Adapted from [6].

Parameters Eq.

Process Equation/Model
Mass Balance for _Q,S,+Q,S,

=Sl <t
TDS only Q,+Q,

kgt
CBOD L =L,e v
Nitrification L, =4.57TKN
(NBODU)
7Kaa —

Nitrification N, =Ngyoe

(Org-N - NH;-N)

Nitrification . .
(NHsN = NO;-N) _KoalVo0 ([ Foiy 55

Kn - Koa
Reaeration U
, . K, =393
O’Connor-Dobbins "¢ HY
(1956)
bo D=Dye 5"+ KL
(Modified K,-K,
Streeter-Phelps) _ KL
(e*Kcrt _e Ky ) p——nmo_ (o=
a Bn
Temperature (K)p = (K, )y0(1.024)7 %
. T-20
corrections (Kcr)T = (Kcr )20 (1.047)
(K,)p =(K,)p(1.08)7 %
Ratio between f= CBOﬂ = 1
CBODU and CBOD; 1-¢*
CBOD;

Sy = TDS concentration in the (5.10)
river, mg/L

Q. = River flow u/s of the outfall,

m®/s

S, = TDS concentration in the

river water upstream of the

outfall, mg/L

Q. = Outfall flow, m*/s

S. = TDS conc. in the wastewater,

mg/L

L..=CBOD, mg/L (5.11)
L., = Initial CBOD in river at

outfall, mg/L

K., = River CBOD removal rate,

day™

x = distance in the river, m

U = velocity in the river, m/day

L, =NBODU, mg/L (5.12)
TKN = Total Kjeldahl nitrogen,

mg/L

N, = organic nitrogen (Org - N), (5.13)
mg/L

N,o0 = initial concentration of

Org-N, mg/L

K,, = nitrification rate coefficient

for conversion of Org-N into
ammonium

N, = ammonia nitrogen, mg/L  (5.14)
N,o0 = initial concentration of

NH,4-N, mg/L

K, = nitrification rate coefficient

for conversion of NH4-N into

NO;-N, day™*

H = depth, m (5.15)
U = river velocity, m/s

K. = CBOD deoxygenation rate, (5.16)
day™

(KJ)r = K, @ river temperature, (5.17a)
day™! (5.17b)
(Ko =Ky @ 20°C, day ™ (5.17¢)
(K.)r = K, @ river temp, day ™"

(Ke)2o = K, @ 20°C, day™*

(K1 = K, @ river temp, day ™"

(K = K, @ 20°C, day™*

CBODU = ultimate CBOD, mg/L (5.18)
CBODs = 5 days CBOD, mg/L

K = BOD bottle rate constant, day ™
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Table 5.3 Wastewater data used for Ravi River water quality assessment. Adapted from [6].

Wastewater outfalls/ Flow BODs; CBODs TKN NH3;-N TDS CBODU
surface drains (m%s)  (mg/L) (mg/L) (mg/L) (mg/L) (mg/L) f (mg/L)
NE District Outfall 9.2 240 203 38.0 33.6 418 141 291
Shahadra Outfall 2.0 465 447 43.6 33.0 501 1.47 654
Main Outfall 5.7 198 189 45.6 342 429 1.47 264
Gulshan Ravi Outfall 39 246 212 34.6 29.1 545 1.40 297
Multan Road Outfall 3.0 234 234 44.0 37.5 515 1.36 316
Hudiara Drain 9.85 270 218 32.5 258 798 1.48 319
Deg Drain 169.9 7 5 2.9 2.6 80.5 202 11

QB Link Canal 509.2 6 4 0.9 06 85 140 6.3

5.5.4 Water Quality Assessment Using Fuzzy Type-2 Sets

The Ravi River study reach was sub-divided into nine reaches in Figure 5.4 (i.e. R}, R;, R;,
R4, Ry, Rs, Ry, Rs, and R,. Five water quality parameters were used: C,: TDS; C,: BODs; C;:
DO; C,: NH;_unionized; and Cs: F. coli). Using the models given in Table 5.2, water quality
simulations for each season were performed to calculate the concentrations of all the param-
eters for minimum, average, and maximum of seven consecutive days of flows mentioned in
Table 5.1. Temperature corrections were applied for all the seasons using Eq. (5.17).
Accordingly, triangular fuzzy numbers were generated for all the parameters in a given
reach. The water quality for each reach was evaluated using the linguistically defined PMFs
of type-2 fuzzy sets given in Table 5.4. SMFs account for uncertainties due to water quality
variations within a river reach depending on the length of the reach.

Weights of the criteria (i.e. water quality parameters) were allocated by four experts
working in the field of water quality assessment. Table 5.5 presents the estimated values
based on the water quality simulations and membership functions defined in Table 5.4.

Figure 5.5 illustrates the calculated values of WQI using Eq. (5.9) for all the seasons in each
reach. It can be seen in Figure 5.5 that water quality remains very high throughout the year in

Table 5.4 Linguistically defined PMFs for water quality parameters.

Linguistically

defined NH;-

pollution TDS BOD;s DO unionized F. coli

levels PMF PMF (mg/L) (mg/L) (mg/L) (mg/L) (MPN/100 mL)
Verylow (VL) (0, 0.15,0.3; 0.1) (0,0.125,0.25;0.1)  0-80 <30 >5 <0.02 <1000

Low (L) (0.2,0.35,0.5;0.3) (0.2,0.325,0.45;0.2) 81-150 31-80 4-5 0.02-0.04 1000-20 000

Medium (M) (0.35, 0.5, 0.65;0.5) (0.4,0.525,0.65;0.3) 151-350 81-120 3-4  0.04-0.1 20 000-50 000
High (H) 0.6,0.7,0.9;0.7)  (0.6,0.725,0.85;0.4) 351-500 121-300 2-3  0.1-0.2 50 000-150 000
Very high (VH) (0.7, 0.9, 1; 0.9) (0.8,0.9, 1;0.5) >500  >300 <2 >0.2 >150 000
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Table 5.5 Estimated values for reaches, seasons, and criteria based on water quality simulations and expert
knowledge base.

C1:TDS C2: BODs
River
Reach Season SMF PMF SMF PMF
S1 0 013 025 01 0 015 03 01 0 013 025 01 0 01 02 01 0
R S2 0 013 025 01 0 015 03 01 0 013 025 01 0 01 02 01 0
S3 0 013 025 01 O 015 03 01 0 013 025 01 0 01 02 01 O
S4 0 013 025 01 0 015 03 01 0 013 025 01 0 01 02 01 O
S1 0 013 025 01 035 05 065 05 0 013 025 01 055 07 085 07 04
R S2 0 013 025 01 035 05 065 05 0 013 025 01 055 07 085 07 04
S3 0 013 025 01 02 035 05 03 0 013 025 01 02 035 05 03 04
S4 0 013 025 01 035 05 065 05 0 013 025 01 0.55 07 085 07 04
S1 0 013 025 01 035 05 065 05 02 033 045 02 055 07 085 07 04
R3 S2 0 013 025 01 035 05 065 05 02 033 045 02 055 07 085 07 04
S3 0 013 025 01 02 035 05 03 02 033 045 02 02 035 05 03 04
S4 0 013 025 01 035 05 065 05 02 033 045 02 055 07 085 07 04
S1 0 013 025 01 035 05 065 05 0 013 025 01 055 07 085 07 02
R4 S2 0 013 025 01 035 05 065 05 0 013 025 01 0.55 07 085 07 02
S3 0 013 025 01 02 035 05 03 0 013 025 01 02 035 05 03 02
S4 0 013 025 01 035 05 065 05 0 013 025 01 055 07 085 07 02
S1 0 013 025 01 035 05 065 05 04 053 065 05 055 07 085 07 08
R5 S2 0 013 025 01 035 05 065 05 04 053 065 05 055 07 085 07 08
S3 0 013 025 01 02 035 05 03 04 053 065 05 02 035 05 03 08
S4 0 013 025 01 035 05 065 05 04 053 065 05 055 07 085 07 08
S1 0 013 025 01 035 05 065 05 06 073 085 04 055 07 085 07 02
R6 S2 0 013 025 01 035 05 065 05 06 073 085 04 055 07 085 07 02
S3 0 013 025 01 02 035 05 03 06 073 08 04 02 035 05 03 02
S4 0 013 025 01 035 05 065 05 06 073 085 04 055 07 085 07 02
S1 0 013 025 01 055 07 085 07 02 033 045 02 055 07 085 07 04
R7 S2 0 013 025 01 055 07 085 07 02 033 045 02 055 07 085 07 04
S3 0 013 025 01 035 05 065 05 02 033 045 02 035 05 065 05 04
S4 0 013 025 01 055 07 085 07 02 033 045 02 055 07 085 07 04
S1 0 013 025 01 035 05 065 05 04 053 065 05 02 035 05 03 02
RS S2 0 013 025 01 035 05 065 05 04 053 065 05 02 035 05 03 02
S3 0 013 025 01 02 035 05 03 04 053 065 05 02 035 05 03 02
S4 0 013 025 01 02 035 05 03 04 053 065 05 02 035 05 03 02
S1 0 013 025 01 02 035 05 03 02 033 045 02 02 035 05 03 02
R9 S2 0 013 025 01 02 035 05 03 02 033 045 02 02 035 05 03 02
S3 0 013 025 01 02 035 05 03 02 033 045 02 0 015 03 01 02
S4 0 013 025 01 02 035 05 03 02 033 045 02 0 015 03 01 02
S1 0 01 02 01 0 01 02 01 03 05 07 04 04 05 06 05 07
wj S2 01 02 04 02 02 03 04 03 03 05 07 04 04 05 06 05 04
S3 0 01 02 01 0 01 02 01 03 05 07 04 04 05 06 05 07
S4 0 0 0 0 0 0 0 0 03 05 07 04 04 05 06 05 04
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R1 without receiving wastewater flows from the city of Lahore. Therefore, this 26 km reach is
suitable for swimming, fishing, boating, and irrigation. Impact on groundwater quality is sup-
posed to be negligible. The water quality in R2 remains high during the summer season and
low in the rest of the year. The situation becomes critical from R3 to R7 as the river receives
significant untreated wastewater flows from different outfalls (see Figure 5.4). Water quality
improves in R8 and R9 from very low to medium after the confluence of Deg Drain and QB
Link Canal. Water quality in R9 at Balloki Headworks, a popular recreational resort, seems
safe for boating and irrigation. However, swimming should be prohibited in R9, except in the
summer season. High levels of unionized ammonia are also reported in the literature [11, 12].

Table 5.6 presents the applicability of the WQI developed in this study, along with recom-
mendations and required water quality management actions. The results illustrated in

Water quality index (WQI)

S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4/S1 S2 S3 S4
R1 R2 R3 R4 RS R6 R7 R8 R9

Figure 5.5 Water quality index for Ravi River, “R” represents the river reaches in Figure 5.4 while “S”
denotes seasons as S1: winter, S2: spring, S3: summer, and S4: fall.

Table 5.6 Water quality index with recommended used and mitigation actions.

Suitable designated uses

Proposed mitigation actions /
wal Boating Drinking Irrigation Swimming Fishery guidelines

Very low (VL) X X X X X High degree of wastewater
treatment required (i.e. activated
sludge process followed by tertiary
treatment for removal of metals)

Low (L) v X X X X High degree of wastewater
treatment required and the
reaches should be prohibited for
use through strict regulations

Medium (M) v V& X X X Wastewater treatment and
planned monitoring for boating
High (H) v V& V3 X x3 Planned monitoring with possible

wastewater treatment to control
NH;-unionized and coliforms

Very high (VH) v V! v v v Planned water quality monitoring

! After conventional surface water treatment with removal of organics also check for metals.
“Conventional surface water treatment + removal of organics + possible removal of metals.
3Might not be suitable for most of fish species due to high unionized ammonia.
“Unrestricted irrigation.

>Restricted irrigation.



References

Figure 5.5 provide insights for spatiotemporal water quality variations. The guidelines devel-
oped in Table 5.6 facilitate the decision-makers (i.e. design engineers, municipality man-
agers, environmental planners, researchers, and policymakers) for the development of a
detailed water quality management plan for the River Ravi.

5.6 Conclusions and Recommendations

Most of the large rivers in developing countries face large seasonal flow variations and
receive high pollution loads from the cities. In the absence of appropriate wastewater
treatment, anaerobic conditions prevail in low flows. During floods, in monsoon season, the
water quality in the river may be suitable for some of the beneficial uses.

A'WQI is a useful measure to present the existing and future conditions of a river by aggre-
gating the levels of different pollutants in a river, such as BODs, DO, NH;-unionized, TDS,
and F. coli. As these rivers face large flow variations, the resultant concentrations of different
pollutants vary depending on the dilution available.

The WQI developed in the present study accommodates two main types of uncertainties
for assessing the water quality in a river reach using fuzzy type-2 sets. The first type of uncer-
tainties associated with river flow variations in a season, a limited number of wastewater and
river samples, and errors in sample analyses. The second type caters for changes in the pol-
lutants’ concentrations along the length of the river reach, particularly for nonconservative
substances.

Decision-makers can use the findings of this research for developing plans for the
designated uses of the river and pollution control strategies. Although WQI was developed
for the existing conditions when the river received untreated wastewater, the approach can
also effectively predict future WQI after implanting water quality control actions. Additional
water quality parameters can also be included in the development of the proposed WQI. The
approach is applicable to rivers in developing countries and elsewhere with similar
conditions.
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Case Study I: Optimal Ranking of Air Quality Monitoring
Stations (AQMS)

6.1 Introduction

The present status of poor air quality in cities in the developing world has been a talking
point and calls for initiating and prioritizing mitigation measures. It can be inferred that
because of deteriorating air quality in several cities in the world there is a need to initiate an
action plan on air pollution abatement on risk-based optimal ranking of AQMS. In the
Zadeh-Deshpande (ZD) approach, only air quality criteria pollutants are considered and in
the final computation air quality is straightway described in linguistic terms such as very
high risk, low risk, etc., with a degree of certainty (DC) in numeric terms attached to each
description. However, there are some other constraints, such as wind velocity, population
density, temperature, humidity, etc., which might affect air quality status that are not con-
sidered in the computations. The term constraint is used in this chapter to define the features
that control the environment within particular limits. These constraints could be imprecise/
fuzzy. For example, there could be several AQMS in a city with high risk but with varying DC
in numeric terms. In such a scenario, the risk-based optimal ranking of AQMS for the
identification of pollution mitigation measures assumes importance. This is basically a com-
plex multiconstraint decision-making problem. Many a time, multiple conflicting con-
straints need to be evaluated in analyzing decisions in our daily lives or in professional
settings. For example, in purchasing any commodity, its price, measure of quality, comfort,
safety, etc., may be some of the main constraints that should be considered. In a similar vein,
in air quality assessment, in addition to criteria pollutants which are primarily responsible

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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for air pollution, some other constraints based on micro meteorological data need to be con-
sidered. It could be argued that these additional constraints might be responsible for high/
low air pollution levels. Invariably, all these constraints are imprecise/fuzzy. We usually
weigh multiple constraints implicitly and are faced with the consequences of such decisions
that are made based on intuition/perception. But in the current scenario it is important to
properly structure the problem and explicitly evaluate multiple constraints. In summary, the
decision-maker needs to take a decision in a fuzzy environment. The Bellman-Zadeh (BZ)
method addressed this issue and presented a mathematical framework [1]. This case study,
therefore, presents a combination of ZD and BZ formalism to arrive at a risk-based optimal
ranking of AQMS with a case study.

6.2 Literature Survey

The study on the theory and methodology of fuzzy optimization has been active since the
concept of fuzzy decision-making and the decision model under fuzzy environments were
proposed by Bellman and Zadeh in the 1970s [1]. Peter Ekel et al. presented results of
research and experience in the use of fuzzy set theory methodology for handling and over-
coming various forms of uncertainty in the design and control of power systems and sub-
systems [2]. Approaches to solving fundamental problems of constructing fuzzy estimates
of uncertain parameters, comparing alternatives in a fuzzy environment, and developing
basic principles and methods of monocriteria and multicriteria making in a fuzzy environ-
ment are briefly described in [3]. The results of [3] are of a universal character and have
found applications in: the design of distribution systems; optimization of reliability in dis-
tribution systems, state estimation, fast analysis, and operation of distribution systems;
load systems (power and energy, different levels of territorial, temporal, and situational
hierarchy of management) and in industrial power systems (red time control of active
load). Various models and approaches to fuzzy linear programming [4, 5], fuzzy multi-
objective programming [6], fuzzy integer programming [7], fuzzy dynamic programming
[8], and fuzzy nonlinear programming [9] have been developed over the years by many
researchers.

6.3 Methodology

This section gives a brief description of the techniques used and the methodology.

The authors have used conventional air quality index (AQI), ZD formalism for air quality
classification, and the BZ method in optimal ranking on the basis of risk for thermal power
plants (TPPs). The theoretical details of these methods are presented in Chapter 1.

Soft clustering is an unsupervised learning algorithm of partitioning data points into
groups (or clusters) depending on their locality and connectivity within an m-dimensional
feature space. In the clustering process, it should be more similar to the sets of elements in
the cluster, but the similarities should be less to points outside the cluster. The essence of soft
clustering is to divide the data into fuzzy partitions that overlap one another. For this reason,
the belongingness of a data point in a cluster is described with a membership grade between
0 and 1. An unsupervised fuzzy C-means (FCM) algorithm is a technique based on the
objective function. FCM ignores the importance of features in the clustering process. This
affects its accurateness and exactness. This problem can be overcome by appropriately
assigning weights to features according to their clustering importance. The weighting factor,



6.4 Case Study I: Optimal Ranking of Air Quality Monitoring Stations (AQMS) | 97

usually denoted by m, controls the fuzziness of FCM clustering results, and the experimental
results show that the m value interval is [2, 2.4]. The FCM algorithm works by assigning
membership to each data point corresponding to each cluster center on the basis of distance
between the cluster and the data point. The nearer the data are to the cluster center, the
more is their membership toward the particular cluster center. Clearly, summation of
membership of each data point should be equal to one.

For each AQMS ]

Zadeh-Deshpande

Formalism -
Min

[

[ ]
Bellman-Zadeh Multiple Constraints Min

Formalism (AQMS) p
[
[

Rank = Max

Hi

Figure 6.1 Overall framework for the combined ZD and BZ approach.

Itis pertinent to mention that the BZ method has been used, in this case study in a different
setting. Figure 6.1 presents an overall framework for the combined ZD and BZ approach.
The air quality classification obtained for each city using the ZD formalism is described
linguistically using the concept of DC. Like traditional AQI, the ZD method uses only three
criteria pollutants to arrive at the air quality classification. This DC estimated in numeric
terms using ZD formalism is used to define BZ formalism. BZ formalism along with the three
criteria pollutants uses other constraints such as number of power plants in the city,
population, temperature, and humidity to classify ambient air quality at the twelve AQMS.

6.4 Case Study I: Optimal Ranking of Air Quality Monitoring
Stations (AQMS)

The limitations of the conventional air quality index (CAQI) calls for devising fuzzy logic
(FL) based formalism, known as the ZD approach [4-6], wherein air quality/water quality is
described in linguistic terms with a linguistic DC attached to each description. The degree of
uncertainty is modeled using FL concepts. First of all, the uncertainty in the expert’s percep-
tion is modeled and then the second uncertainty related to DC is modeled by defining fuzzy
sets for DC. Based on ZD formalism Aurangabad, Chandrapur, Jalna, Lote, Mumbai, Nagpur,
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Nanded, Nashik, Pune, Sangli, Solapur, and Thane are the locations of the twelve AQMS
with very unhealthy air quality status with varying DC potential from an air quality view-
point. Furthermore, the cities are also classified using FCM in five clusters with varying
weighting factors based on the reference group proposed by the second author of this chapter.
BZ formalism is then applied which ranks the cities as per their pollution levels taking into
consideration additional parameters like wind velocity, temperature, etc., for air quality
classification. The phenomenon increase in vehicular traffic could be one of the causes of air
pollution. However, the location of industrial installation in the vicinity of these cities has
further compounded the problem of increasing pollution levels in some of these cities. The
summary results are based on a worst-case scenario, which means that these cities are
ranked with very high risk if any one of the monitoring stations falls into this category [7].

6.4.1 Results and Discussion

6.4.1.1 Based on CAQI and Air Quality Using ZD Formalism

Table 6.1 presents the summary of the high-risk pollution levels with numeric DC using ZD
formalism and the CAQI approach. The data for the three criteria pollutants have been taken
from the Maharashtra Pollution Control Board website for the winter months of November
2014 to January 2015. The ZD formalism describes air quality first linguistically with a
numeric DC attached to each description, whereas CAQI gives a numeric value to air quality
status and then describes it linguistically.

Table 6.1 Classification of air quality using CAQl and ZD methods.

Station ZD method with DC CAQI
Aurangabad (VP)0.78 145.87 (P)
Chandrapur (VP) 0.87 155.06 (VP)
Jalna (VP)0.85 228.48 (VP)
Lote (VP)0.72 101.00 (P)
Mumbai (VP)0.92 167.72 (VP)
Nagpur (VP) 0.89 100.00 (P)
Nanded (VP) 0.74 102.00 (P)
Nashik (VP)0.86 110.39 (P)
Pune (VP)0.76 114.35 (P)
Sangli (VP)0.84 152.46 (VP)
Solapur (VP) 0.65 99.78 (P)
Thane (VP) 0.87 99.62 (P)

6.4.1.2 Based on Fuzzy C-means Algorithm

The result of the FCM algorithm is computed using PM;, concentrations as it is the most
important criterion pollutant in the Indian scenario. After running the algorithm through
five iterations with varying values of weighting factor (m = 2.2), the following clusters were
obtained:

Cluster 1 = Good (G) = (Lote)
Cluster 2 = Moderate (M) = (Aurangabad, Thane)
Cluster 3 = Unhealthy (UH) = (Nagpur, Nanded, Solapur, Nashik)
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Cluster 4 = Unhealthy for Sensitive Group (USG) = (Pune, Sangli, Chandrapur, Mumbai)
Cluster 5 = Very Unhealthy (VUH) = (Jalna)

From the clusters obtained using FCM, it is clear that Jalna, Pune, Sangli, Chandrapur, and
Mumbai should be given top priority to reduce pollution. In our view, CAQI and FCM
methods could be used for reconfirming the results obtained using ZD formalism. We believe
that unsupervised learning methods should precede supervised methods.

6.4.1.3 Based on Bellman-Zadeh Formalism

6.4.1.3.1 Assigning Membership Grade

In order to assign a membership grade to various constraints the following criteria have been
applied. Though the three criteria pollutants - sulfur dioxide (SO,), oxides of nitrogen (NOy),
particulate matter (PM;o) — were considered in the ZD approach, these three constraints and
other constraints, such as population density, wind velocity, wind direction, temperature,
humidity, and the capacity/number of TPPs in that particular city, were considered in the BZ
method. TPPs rank first in their pollution potential.

——PM10
" PMy, | Aurangabad
1 —— Chandrapur
09 T+ 0.8 —h— Jalna
0.8 + 0.75 _ =] ote
0.7 + 0.58 —@— Mumbai
0.6 + 0.52 —+— Nagpur
0.5 + 0'43 Nanded
041 Nashik
03 1 —fi— Pune
0.2 +
=& Solapur
0.1 + 3 .
pg/m Sangli
0 2 “-‘
0.00 100.00 200.00 300.000  400.00,  500.00 Thane
— — — — —— —

Figure 6.2 Assigning membership grade to PMy, pollutant.

The concentration of the criteria pollutants for the winter months has been considered.
The maximum concentrations of the pollutants were considered for plotting the member-
ship graph, as shown in Figure 6.2 for PM;,. Similar method was applied to SO, and NOx
pollutants. Table 6.2 presents the city-wise membership grades for the first three constraints.
The DC column obtained by application of ZD formalism now acts as a goal for further com-
putations in BZ formalism.

Table 6.2 Assigning membership grades to SO, NOy, PMyo constraints.

Constraint 1 Constraint 2 Constraint 3

Sr.No.  Monitoring station GoalDC SO, NOx PMjo
1 Aurangabad 0.78 0.24 0.3 0.43
2 Chandrapur 0.87 0.47 0.48 0.75
3 Jalna 0.85 0.20 0.25 1.00

(Continued)
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Table 6.2 (Continued)

Constraint 1 Constraint 2 Constraint 3

Sr.No.  Monitoring station  GoalDC SO, NOy PMjq
4 Lote 0.72 0.15 0.08 0.46
5 Mumbai 0.92 1.00 1.00 0.80
6 Nagpur 0.89 0.20 0.29 0.48
7 Nanded 0.74 1.00 0.47 0.52
8 Nashik 0.86 0.62 0.23 0.58
9 Pune 0.76 0.6 0.85 0.58

10 Sangli 0.84 0.30 0.49 0.76

11 Solapur 0.65 0.20 0.51 0.52

12 Thane 0.87 0.35 0.18 0.45

For power plants constraint the city with the maximum number of industries/industry with
a very high air pollution potential is given highest membership grade (i.e. Chandrapur =
0.8, because of highly polluting super power TPP). For the population constraint wind speed
and population along the wind direction are given highest membership grade of 0.9 (i.e.
Mumbai). For the temperature constraint, a null hypothesis was used with temp = 32 °C as
0.5 membership grade. For the humidity constraint, humidity ranging from 70 to 79 was
assigned u = 0.7, for 80 to 89 u = 0.8, and so on. Table 6.3 details the membership grades of
these four constraints.

Further the minimum membership grade for the seven constraints, given in Tables 6.2
and 6.3, combined was obtained for all of the cities. Finally, the maximum of the all
minimum values obtained for each AQMS was identified as the city with rank = 1, meaning
the city with a high risk of pollution levels. Assignment of the membership grade is a
subjective measure. High concentration of PM; in air can be attributed to heavy vehicular

Table 6.3 Assigning membership grades to power plants, population, temperature,
and humidity constraints.

Monitoring Constraint 4 Constraint 5  Constraint 6 Constraint 7
Sr.no. station (power plants)  (population)  (temperature) (humidity)
1 Aurangabad 0.2 0.5 0.4 0.6
2 Chandrapur 0.8 0.4 0.5 0.8
3 Jalna 0.2 0.3 0.3 0.5
4 Lote 0.5 0.2 0.3 0.7
5 Mumbai 0.4 0.9 0.4 0.7
6 Nagpur 0.4 0.6 0.5 0.7
7 Nanded 0.5 0.5 0.3 0.8
8 Nashik 0.4 0.3 0.4 0.5
9 Pune 0.3 0.7 0.3 0.6
10 Sangli 0.2 0.3 0.4 0.7
11 Solapur 0.3 0.6 0.4 0.6
12 Thane 0.7 0.8 0.5 0.7
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traffic, construction activities, cement roads, and untarred roads. In addition, low temper-
ature and less vertical dispersion during the winter months increase the concentration of
PM;j in the city of Mumbai. The increase in the number of vehicles has eventually led to
alarming levels of emissions as they are caught at the intersections and in the usual snarl-
ups during peak rush hours. The flyovers constructed to increase traffic speeds only added
auto exhaust emissions. Industrial units located near cities add to NOx, SO,, and PM;,.
Chandrapur, Nagpur, Thane, and Pune have a large number of vehicles, resulting in high
PM;, concentrations.

As per the BZ (goal = DC and PMy), the cities of Chandrapur and Mumbai should be
given top priority to initiate pollution abatement measures. Constraint 4 (location of TPPs)
is important in the case of Chandrapur. Nanded and Pune cities are ranked second due to
hazardous industrial installation and excessive concentrations of PM;o due to an increase in
vehicular traffic.

6.4.1.3.2 Optimal Ranking of AQMS using ZD-BZ and FCM Methods

Table 6.4 finally gives the ranking of AQMS, comparing ZD and BZ (with goal = DC and BZ
with goal = PM;) formalism along with FCM results, thus emphasizing that there is slight
variation in the ranking of sites using the three methods as ZD formalism is based on con-
centrations of three pollutants only, whereas ZD-BZ combined formalism takes into
consideration a total of seven constraints to arrive at the ranking of cities. The last column of
Table 6.4 also shows ranking results using FCM.

As we are interested in optimal ranking on the basis of risk for AQMS, the DC in ZD for-
malism is considered a goal using the BZ method to finally arrive at a risk-based optimal
ranking of AQMS for the identification of pollution mitigation measures in a fuzzy environ-
ment. Furthermore, the paper conclusively demonstrates the importance of supervised
learning followed by unsupervised learning with a reference group approach in FCM
clustering.

Table 6.4 Ranking of air quality monitoring stations.

BZ formalism with BZ formalism with

ZD formalism goal =DC goal = PMyq Ranking using FCM
Mumbai Chandrapur/ Chandrapur/ Jalna
Mumbai Mumbai
Chandrapur Nanded/Pune Nanded/Pune Pune, Sangli,
Chandrapur, Mumbai
Nagpur/Thane Nashik Nashik Nagpur, Nanded,
Solapur, Nashik
Pune Aurangabad /Jalna / Aurangabad/Jalna/  Aurangabad, Thane
Nagpur/Sangli/ Nagpur/Sangli/
Solapur Solapur
Jalna Thane Thane Lote
Sangli Lote Lote —
Nashik/Nanded — — —
Lote — — —
Aurangabad — — —

Solapur
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6.5 Case Study Il: Optimal Ranking of TPPs

6.5.1 Introduction

In order to meet ever-increasing electric energy demand, developing countries would invari-
ably like to install more power plants, and invariably TPPs. But this comes at the cost of
environmental damage subsequently resulting in harm to humankind as well as all living
organisms. Twelve out of 40 proposed TPPs in India were considered to demonstrate optimal
ranking on the basis of risk for TPPs using the ZD-BZ approach. All the sites whose complete
environment impact assessment reports were available were considered in our study [1-9].
Air pollution is of primary concern as air quality is depleted by increases in greenhouse gas
(GHS) emissions. Criteria pollutant concentrations were considered in the estimation of the
AQI. The ZD approach describes air quality from TPP in linguistic terms as no risk (or very
low risk), low risk, medium risk, and high risk with changing DC. This is considered as the
goal and passed on as input to the BZ approach. The decision-maker will naturally like to
install no risk or very low risk and low risk TPPs.

6.5.2 Methodology

This section discusses the application of the techniques in order to arrive at the expected
outcome summarized in the problem statement.

6.5.2.1 Fuzzy Soft Sets Method

The soft set theory is a generalization of FL that was proposed by Molodtsov [10] in 1999 in
order to deal with uncertainty. Mathematically, a soft set is a pair (F, S), where “S” is a set
(e.g. a set of parameters) and F: S — P(U) is a function such that F(x) is a subset U, where x
is an element of the set S, U is the universal set, and P (U) is the power set of set U. Further,
each element of F(x) gets mapped to a value in the interval [0, 1], which represents the mem-
bership grade of that element of F(x).

A soft set over U is a parameterized family of subsets of the universe U. For € C A, F(¢) may
be considered as the set of e: approximate elements of the soft set (F, A). For two soft sets (F,
A) and (G, B) over a common universe U, (F, A) is a soft subset of (G, B) if (i) A C B and (ii)
ife C A, then F(e) and G(e) are identical approximations.

Similarly, (F, A) is said to be a soft super set of (G, B) if (G, B) is a soft subset of (F, A).

If (F, A) and (G, B) are two soft sets then (F, A) AND (G, B) is denoted by

(F,A)" (G,B) (6.1)
(F,A)"(G,B) = (H,AxB) (6.2)
H(a, 8) =F(a)N G(B) (6.3)

where, H is the resultant fuzzy soft set a € A and 8 € B. The fuzzy soft set method requires
formulation of the problem in terms of soft sets.

Figure 6.3 shows the overall flow of application of ZD and BZ techniques. On the basis of
the data obtained using bootstrapping method, the probability distribution was transformed
into a convex normalized fuzzy number (CNFN). Uncertainty in the expert’s observation,
termed epistemic uncertainty, is modeled by constructing fuzzy sets and the degree of match
(DM) between the fact (parametric data) and the perception of domain experts [11].
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Figure 6.4 depicts the plot for possibility distributions of parameter PM; for no risk or very
low risk/very good, low risk/good, medium risk/fair, and high risk/poor with expert’s
knowledge database, and Table 6.5 gives the calculated degree of match for Kolaghat. The
Central Pollution Control Board (CPCB) policy is also considered by the experts [12]. The
plot of probability distribution is shown as “Kolaghat PM;,.” This probability distribution is
altered to a possibility distribution and shown as a CNFN [13]. The CNFN may overlie with
one, two, or three possibility distributions. This coinciding area gives a DM with respective
possibility distributions [13]. The above process is repeated for all parameters like SO, and
NO, for all power plants in our study.
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Fuzzy Number
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Figure 6.3 Flowchart of ZD-BZ approach.
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Figure 6.4 Degree of match.

Table 6.5 Degree of match for Kolaghat.

Kolaghat Norisk Lowrisk Mediumrisk  High risk

SO, 1 0 0 0
NO, 0 1 0
PM,, 0 0.8 0.13 0

The above process was repeated to calculate DM for some other sites.

6.5.2.2 Type-1: Fuzzy Inference System (FIS)

There are 60 fuzzy rules formulated by experts to specify air quality systems. One of the challenges
of fuzzy applications is to check the rationality of all these rules. The conjunctive (intersection)
operator applies when we want to find the DM of one or more antecedent rules [14]

DM(of a rule with steps1,2,3,...,n) = Min(DM,, DM,, DM, ..., DM,))

Fuzzy rules which matched for a site at Kolaghat, India

1) If (SO, has no risk (1) and NO, has low risk (1) and PM;, has low risk (0.8) then site has
low risk with DC(0.8))

2) If (SO, has no risk (1) and NO, has low risk (1) and PM;, has medium risk (0.13) then site
has low risk with DC (0.13))

Therefore, the site at Kolaghat for a forthcoming TPP is acceptable to have low risk with DC
(0.8). This process was carried out for all other sites. Similarly, rules were executed for other
sites in our study.

A site can be classified based on highest value of DC in a particular class, namely no risk,
low risk, medium risk, or high risk.
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Table 6.6 Degree of certainty for TPPs.

Risk level Tuticorin Amreli Badarpur Khammam Kudgi Kolaghat Singrauli Junagadh Gharghoda

No risk 0.2 — — 0.3 1 — — — _
Lowrisk 0.6 0.3 — 0.4 — 0.8 0.4 0.4 0.1
Medium — 0.4 0.3 — — 0.13 0.6 0.2 0.3
risk

Highrisk — — 0.1 — — — — — —
Rank 3 7 9 2 1 4 6 5 8

Source: Adapted from [15].

Plants located at the following have low risk: Tuticorin (0.6), Khammam (0.4), Kolaghat
(0.8), and Junagadh (0.4).

DC = [0.6,0.4, 0.8, 0.4]

Normalization: 0.6 + 0.4 + 0.8 + 0.4 =22~ 2

After normalization DC = [(0.6/2), (0.4/2), (0.8/2), (0.4/2)]

Therefore, DC (low risk) = [0.3, 0.2, 0.4, 0.2]

This output is passed as a goal to rank sites using the BZ approach, which considers var-
ious constraints.

6.5.2.3 Bellman-Zadeh Approach

In the conventional approach to decision-making, the principal components of a decision pro-
cess are (i) a set of alternatives, (ii) a set of constraints on the choice between alternatives, and
(iii) a performance function which associates with each alternative the gain (or loss) resulting
from the choice of that alternative [16]. An important aspect of this model is its symmetry with
respect to goals and constraints — a symmetry which erases the difference between them and
makes it possible to relate in a relatively simple way the concept of a decision to those of goals
and constraints of a decision process [16]. Here, the goal considered is to identify power plants
that have low risk as per the results from the ZD approach. Constraints considered were: SO,
NO,, PMy, pH, dissolved oxygen (DO), biochemical oxygen demand (BOD), wind speed, wind
direction, and cost of operation and maintenance. Sites with low risk were located at Tuticorin,
Khammam, Kolaghat, and Junagadh [15]. For the BZ approach the goal was to identify power
plant sites with low risk constraints: SO,, NO,, PM;, pH, DO, BOD, wind direction, wind speed,
and cost of operation and maintenance [15].

6.5.2.3.1 Wind Direction Constraint
Table 6.7 provides the results of the evaluation of wind direction and distance from adjoining
cities.

For the TPP site located at Junagadh, the common wind direction is north and north-west.
Cities/villages such as Jamnagar (113 km), Gandhidham (175 km), Dwarka (174 km), and
Upperkot (1.7 km) lie in the direction of the wind. The wind speed is 11 m/s, which is on the
slower side and promotes stagnancy and hazardous effects on the population residing near
power plants. Most locations are above 100 km, except Upperkot (1.7 km), a membership
grade of 0.25 is assigned as the TPP location is not very likely to have harmful effects in
consideration of wind speed and wind direction.

For the TPP site located at Tuticorin, the prominent wind direction is north and north-
east. The cities/villages which lie in this direction are Ramanathapuram (102 km),
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Table 6.7 Details of wind direction and distance from adjoining cities.

Prominent wind

TPPsite location direction City Distance (km) Direction from TPP
Tuticorin, Tamil Nadu North, north-east Tirunelveli 46 West
Ramanathapuram 102 North-east
Sivaganga 125 North, north-east
Karaikudi 158 North, north-east
Pudukkottai 192 North, north-east
Thanjavur 249 North, north-east
Karaikudi 158 North, north-east
Virudhunagar 89 North, north-west
Madurai 124 North
Khammam, North, north-east Bhadrachalam 91 East, north-east
Andhra Pradesh
Malkangiri 223 East, north-east
Nalgonda 95 West, south-west
Rajahmundry 176 East
Warangal 99 North-west
Guntur 110 South, south-east
Eluru 123 East, south-east
Hyderabad 182 West
Vijayawada 96 South, south-east
Bhubaneshwar 686 East, north-east
Kolaghat, West Bengal North-west, west ~ Bagnan 13 North-east
Kharagpur 64 South-west
Amta 25 North-east
Chaipat 41 North-west
Trilochanpur 421 North-west
Daspur 38 North-west
Junagadh, Gujarat North, north-west Ahmedabad — North-east
Surat — East
Upperkot — North-east
Jetpur, Navagadh 31 North, north-east
Gondal 60 North-east
Jamnagar 113 North, north-west
Dwarka 174 West, north-west
Gandhidham 175 North

Sivaganga (125 km), Karaikudi (158 km), Pudukkottai (192 km), Thanjavur (249 km),
Karaikudi (158 km), and Pudukkottai (192 km). Distance in kilometers is specified in
Table 6.6. As specified in Table 6.8, wind speed is up to 37 m/s. Most of these cities are
away from the TPP site at Tuticorin and at a distance of above 100 km in the prominent
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wind direction to the north-east. Therefore, it is likely to have an adverse effect on the
population residing in these cities. So a membership grade of 0 is assigned to the TPP site
located at Tuticorin.

For the TPP site located at Khammam, the prominent wind direction is north and
north-east and involves cities such as Bhadrachalam (91 km), Malkangiri (223 km), and
Bhubaneshwar (686 km). Only one city is located at a distance of 91 km. As specified in
Table 6.8, wind speed is not so strong and up to 20 m/s. The remaining cities do not lie in the
direction of the wind. Considering these facts, we conclude that this TPP would not have
many adverse effects.

For the TPP site located at Kolaghat, the prominent wind direction is north and north-
west. Cities or villages such as Chaipat (41 km), Daspur (38 km), and Trilochanpur
(421 km) lie in this direction. As specified in Table 6.11, wind speed is up to 4 m/s, which
is slow and is harmful as pollutants become stagnant due to this low wind speed.
Considering the risk for population staying in the adjoining places, a membership grade
of 0.5 is assigned.

Figure 6.5 depicts the fuzzy set for NO,. Similarly, fuzzy sets were generated for other con-
straints like SO,, PM;4, pH, DO, and BOD. In Figure 6.5, Tuticorin has a NO, value of 24 u/ m3
then its membership grade is 0.37.

6.5.2.3.2 Cost Constraint

The results of calculations of the operation and maintenance cost of Thermal Power Plants
are summarized in Table 6.8 and corresponding cost expressed using the membership grade
is given in Table 6.9.

Table 6.8 Operation and maintenance cost of TPPs in India [2, 17].

Rs.Lakh/MW  200/210/250 MW 300/330/350 MW 500 MW 600 MW and above

2009-10 18.20 16.00 13.00 11.70
2010-11 19.24 16.92 13.75 12.37
2011-12 20.34 17.88 14.53 13.08
2012-13 21.51 18.91 15.36 13.82
2013-14 22.74 19.99 16.24 14.62
A
s

Kolaghat

0.75
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Figure 6.5 Fuzzy set for NO, representing the low risk goal.
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Table 6.9 Calculation of membership grade.

Rs. Lakh/MW 200/210/250 MW  300/330/350 MW 500 MW  >600 MW
Avg 20.40 17.94 14.57 13.11
Membership grade  0.30 0.27 0.22 0.19

The membership grades are calculated by considering the average sum in Table 6.9. So the
sum is 66 (i.e. 20.40 + 17.94 + 13.57 + 14.11). Therefore, membership grades are calculated
as per power plant capacity as (20.40/66, 17.94/66, 14.57/66, 13.11/66).

The power plants with low risk identified in our work with capacity and locations were at
Tuticorin (525 MW), Junagadh (660 MW), Khammam (236 MW), and Kolaghat (1260 MW).
Therefore, membership grades are assigned depending on the capacity.

Table 6.10 shows the actual data for important constraints considered for ranking, and
Table 6.11 includes membership grades from fuzzy sets calculated from data.

Table 6.10 Average values from original data for constraints.

Constraints Tuticorin Khammam Kolaghat Junagadh

SO, 16 34 23 20

NO, 24 36 42 32

PM;o 95 66 75 110

pH 7.5 7.0 7.5 8.4

DO 7 8 8 5

BOD 3 2 3 3

Wind speed 37 m/s 20 m/s 4m/s 11 m/s

Wind direction North, north-east North, north-east North-west, west North, north-west
Cost (operation Rs 14.57 Lakhs/  Rs 20.40 Lakhs/  Rs13.11 Lakhs/ Rs13.11 Lakhs/
and maintenance) MW MW MW MW

with relation to
capacity

Rs: rupees; Lacks/MW: one hundred thousand per megawatts.

Table 6.11 Membership grades from fuzzy sets (generated from data).

Constraints - C; Tuticorin  Khammam  Kolaghat  Junagadh
C; - PMyg 0.67 0.42 0.5 0.8
C,- S0, 0.1 0.22 0.11 0.1
C; - NO, 0.13 0.21 0.26 0.18
C,-pH 0.45 0.35 0.45 0.55
Cs-DO 0.84 1 1 0.5
C¢-BOD 0.25 0.25 0.25 0.4
C; - Wind speed 0 0.05 0.23 0.13
Cg - Wind 0 0 0.5 0.25
direction

Cy — Cost 0.22 0.30 0.19 0.19
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Table 6.12 Normalized membership grades from fuzzy sets (generated from data).

Constraints - C; Tuticorin Khammam Kolaghat Junagadh
C; - PMy 0.28 0.17 0.20 0.33
C,-S0, 0.18 0.41 0.20 0.18
C;-NO, 0.16 0.26 0.33 0.23
Cs-pH 0.25 0.19 0.25 0.30
Cs-DO 0.25 0.29 0.29 0.14
C¢-BOD 0.21 0.21 0.21 0.34
C,-Windspeed 0 0.12 0.56 0.31
Cg - Wind 0 0 0.66 0.33
direction

Cy - Cost 0.24 0.33 0.21 0.21

From the normalized values as shown in Table 6.12
TPP Tuticorin =min {(C,,0.28), (C,,0.18), (C5,0.16), (C,,0.25), (Cs,0.25),
(Ce-0.21), (C;,0), (C4,0), (Cy,0.24)}

TPP Khammam =min {(C,,0.17), (C,,0.41), (C5,0.26), (C,,0.25),
(C5,0.29), (C4,0.21), (C;,0.12), (C4,0.0), (C9,0.33)}

TPP Kolaghat =min {(C,,0.20), (C,,0.20), (C4,0.33), (C,,0.25),
(C5,0.29), (C4,0.21), (C;,0.56), (Cy,0.66), (C9,0.21)}

TPP Junagadh:min{(C1,0.33), (C,,0.18), (C4,0.23), (C,,0.30),
(C5,0.14), (C4,0.34), (C;,0.31), (C4,0.33), (C9,0.21)}

DC for goal: low risk after normalization is

Dc(Low Risk):[os, 0.2, 0.4, 0.2]

Decision D = G,;,;NC,NC,NC;NC,NC;NCNC, NCgNCy (6.4)

Decision D = min {(0.3,0.0), min(0.2, 0.0), min(0.4, 0.20), min (0.2, 0.14)}
= {(Tuticorin, 0.0), (Khammam, 0.0), (Kolaghat, 0.20), (Junagadh, 0.14)}

The constraints are obtained as (0, 0, 0.20, 0.14). Therefore, the site at Kolaghat is ranked 1.
Removing the details of the first ranked site’s constraints and goals we acquire the goals for
Tuticorin, Khammam, and Junagadh as {(0.3, 0.2, 0.2)} and the corresponding constraints as
{(0.0,0.0,0.14)}. This process is called re-normalization. Decision D is given below. Therefore,
Junagadh is ranked next (i.e. second) and Tuticorin and Khammam are ranked third

D=min{(0.3,0.0),(0.2,0.0), (0.2,0.14)}
:{ (Tuticorin, 0.0), (Khammam, 0.0), (Junagadh, 0.14)}
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As shown in Table 6.9, the ranks acquired by the ZD and the combination of the ZD with the
BZ approach has considered many important constraints other than the air and water qual-
ities, like wind speed and wind direction, that play an important role in identifying pollution
risk. The cost is also an important constraint when setting up a power plant. Both these
approaches are found to be the best for evaluation. The ZD approach has been further extended
by combining it with the BZ approach for performing risk-based optimal ranking. It was found
to be essential to first apply the ZD approach to acquire the membership grade of the goal set
to identify sites with low risk as everyone would prefer to set up a power plant in a low risk area.

Table 6.13 Ranks with ZD and ZD-BZ.

Approach  Tuticorin Khammam  Kolaghat Junagadh

ZD 2 1 3 4
ZD-BZ 3 3 1

Source: Adapted from [15].

As shown in Table 6.13, the ranks acquired by ZD and ZD-BZ could consider important
constraints other than wind speed and wind direction that play an important role in identi-
fying pollution risk. Cost is also an important constraint when setting up a power plant.

Figure 6.6 shows the TPP location (sites) in India. The symbol “V” indicates sites which
have very low risk (actually meaning no risk). The sites identified for TPP with very low risk
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Figure 6.6 Power plant locations in India. Source: Adapted from [15].



6.6 Concluding Remarks

are located at Kudgi, in the southern state of Karnataka. The symbol “L” indicates sites with
low risk out of some of the sites considered in the ZD and BZ approaches. They are: Kolaghat,
West Bengal (first rank); Junagadh, Gujarat (second rank); Tuticorin, Tamil Nadu (third
rank); and Khammam, Andhra Pradesh (third rank). Another TPP site considered in our
study was located at Singrauli was ranked fourth. The symbol “M” indicates sites with
medium risk, which are ranked as: Amreli, Gujarat (first); Gharghoda, Chhattisgarh (second
rank); and Badarpur, Delhi (third rank).

The rank of Tuticorin remains more or less the same with both the approaches. For the
Junagadh site, where the wind direction is north-west, only two cities lie in this direction.
These two cities, namely Jamnagar (113 km) and Dwarka (174 km), lie more than 100 km
away. The cost of operation and maintenance is the lowest compared to the other cities.
These two constraints (wind direction and cost) are dominant in lifting the rank of Junagadh
from fourth by ZD to second by combining both approaches. A site at Singrauli, Uttar
Pradesh, was also identified as having low risk. The symbol “M” indicates sites with medium
risk. The sites identified to have medium risk are located at: Amreli, Gujarat; Gharghoda,
Chhattisgarh; and Badarpur, Delhi.

For the site location Khammam, which was ranked first by the ZD approach, has come
down to rank three by a combined ZD and BZ approach, as it has been observed to have
the highest cost for operation and maintenance amongst the four sites. Kolaghat was
ranked as third by the ZD approach and first by the combined ZD and BZ approach. The
cost of operation and maintenance was a dominant constraint. The Kolaghat site has
fewer cities/villages around it. Also, it does not have very good air quality. Therefore, it
was given a lower rank by the ZD approach because it considers air quality constraints
important.

6.6 Concluding Remarks

Decision-making is a complex issue and needs careful study as it involves the participation
of all stakeholders [18]. Site selection would become an almost irreversible decision after its
installation of a TPP due to heavy financial investment and labor. Therefore, there is a need
to devise a method to avoid harmful effects to the environment and subsequently to human-
kind [19]. Soft computing techniques with focus on fuzzy set theory in deciding risk-based
optimal ranking of TPPs is demonstrated in this chapter.

The current scenario and possible risks are considered in this study during the ranking
process. The ZD formalism helps describe the site suitability linguistically with a DC attached
to each term. This approach also helps to define certain goals, such as the identification of
sites with no risk (or very low risk), low risk, medium risk, or high risk. A combination of the
ZD approach with the BZ approach has proved a useful tool in risk-based optimal ranking of
power plant sites. In summary, the visible conclusion of the research is to assist policymak-
ers to take decisions based on the risk-based optimal ranking of TPPs. A list of TPPs consid-
ered in our study is given in Table 6.14.

It is our belief that the ZD-BZ combination and reference level approach in fuzzy clus-
tering may have wider practical applications in some of the areas of science and technology
wherein the goal and constraints are imprecise or fuzzy and where policymakers are con-
fronted with estimating a risk-based optimal strategy for a defined problem.
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Table 6.14 List of thermal power plants considered in our study.

Sr. no. Power plant Location
1. Badarpur TPP Mayapuri Industrial Area, Delhi
2. Amreli TPP Lunsapur, Gujarat
3. Bharuch TPP Bharuch District, Gujarat
4., Tuticorin TPP Fisheries College, Tamil Nadu
5. Khammam TPP Khammam, AP
6. Nagapattinam TPP Nagapattinam District, Tamil
Nadu
7. Thiruvallur TPP Gummidipoondi, Tamil Nadu
Junagadh TPP Gujarat
Kudgi TPP Karnataka
10. Gharghoda TPP Mohali, Chhattisgarh
11. Nalgonda TPP Peddaraveedu, Andhra Pradesh
12. Ajmer TPP Andheri Deori, Rajasthan
13. Sipat TPP Sipat, Chhattisgarh
14. Khancheepuram TPP Chitharkadu, Tamil Nadu
15. Kamrup TPP Assam
16. Sagardighi TPP Murshidabad, West Bengal
17. Raipur TPP Raigarh, Chhattisgarh
18. Janjgir-Champa TPP Bhilai, Chhattisgarh
19. Bargawan Sidhi District, Madhya Pradesh
20. Sri Damodaran TPP Nellore, Andhra Pradesh
21. Kolaghat TPP Purba, West Bengal
22. Captive TPP Ariyalur, Tamil Nadu
23. Chandrapur TPP Wardha, Maharashtra
24. Kutch TPP Kutch, Gujarat
25. Sundargarh TPP Angul, Odisha
26. Singrauli TPP Sonebhadra, Uttar Pradesh
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7.1 Case Study I: Effects of Air Pollution on Human Health
Using Fuzzy Relational Calculus and Evidence Theory

7.1.1 Introduction

It is a proven fact that air pollution affects human health. Human beings living in a pollution-
free environment lead a better quality of life, but are we really aware of how bad air affects us
and which organs of the human body are damaged by air pollutants? Different kinds of
pollution have different effects on various organs of the human body. Emissions from differ-
ent transport modes, industrial pollution, forest fires, the burning of fossil fuels, and huge
construction projects are some of the major causes of air pollution. These sources of emissions
liberate toxic gases and substances that are dangerous to human health, resulting in a number
of respiratory diseases depending upon pollutant type; its magnitude, length, and frequency
of exposure; along with its toxicity. Miniscule air pollutants easily penetrate into the
respiratory system, damaging lungs, heart, and brain. These pollutants include some common
criteria pollutants, namely carbon monoxide, oxides of sulfur, particulate matter, ground-
level ozone, oxides of nitrogen, lead, and some harmful air pollutants, namely hydrochloric
acid, formaldehyde, asbestos, benzene, carbon tetrachloride, chlordane, chloroform, hepta-
chlor, mercury, methanol, phenol, and toluene. Many researchers are involved in recognizing
various diseases and accompanying risk factors on human health due to polluted air. Air
pollution is aggravated by increasing levels of traffic, urbanization, and industrialization.

The primary source of air pollution is vehicular transportation. Trucks and cars with diesel
engines contribute to vehicular pollution in metropolitan cities. The major toxic compo-
nents emitted by vehicular traffic are carbon monoxide, ozone, particulate matter, and other
smog-forming emissions. Bad air causes a serious health risk. Research studies have shown
that the increase in vehicular traffic is one of the causes of respiratory diseases. There are
two types of pollution discharged by petrol vehicles, like evaporative emissions, that occur
when vapors of fuel are released into the atmosphere, without being burnt, and exhaust
emissions, including dangerous gases such as carbon monoxide, oxides of nitrogen, hydro-
carbons, and particulates. Respiratory diseases due to air pollution are growing day by day.
People are suffering from various respiratory diseases including asthma, chronic obstructive
pulmonary disease (COPD), cardiovascular disease, and lung cancer. Small children and the
elderly are especially at risk.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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Pope et al. [1] have tried to associate day-to-day exposure to particulate air pollution and
adverse health effects, using statistical analysis for around 16 years’ worth of data using the
Bartlett test and the Cox proportional hazards model. In their study, 500 000 adults were
served with a questionnaire about individual risk factor data such as age, sex, race, weight,
height, smoking history, education, marital status, diet, alcohol consumption, and
occupational exposures. The risk factor data were linked with air pollution data throughout
the United States and combined with vital status and cause of death data. The authors con-
cluded that elevated fine particulate air pollution exposures were associated with significant
increases in lung cancer and cardiopulmonary mortality even after controlling for cigarette
smoking, body mass index (BMI), diet, occupational exposure, other individual risk factors,
and also after controlling for regional and spatial differences. Some of the prominent
researchers who have studied the facets of air pollution and its health effects, especially
from the outdoor air pollution perspective, include [2-4]. To estimate the health risks of
chronic exposure a cohort study is typically used. For example, Dockery et al. [5] examined
the output of a cohort study in which over 8000 adults in six US cities were followed for a
period of 14-16 years. The association between total daily mortality and air pollution was
investigated for one year from September 1985 through August 1986 to evaluate the relative
importance of various measures of particulate and gaseous air pollution as predictors of
daily mortality [6].

Air pollution studies often analyze data from a number of cities [7, 8], using a variety of
statistical approaches. This variation in statistical methodology is partly responsible for the
heterogeneity observed in the pollution-health associations which have been estimated.
This heterogeneity could be reduced by implementing large multicity studies, including air
pollution and health.

Epidemiological data for over a decade were collected by the researchers for establishing
the association between respiratory diseases and polluted air. In the majority of cases, such
data may not be reliable and also not available. The hospital staff might not have collected
the information for drawing inference using statistical methods. This is known as happen-
stance data (collected for something and used for something else). Also, the collation of data
is labor intensive and time consuming. Realizing the limitations of data collection used by
the researchers, we have approached the problem of the association between respiratory dis-
eases and inhaling polluted air using a different kind of formalism, one based on the
knowledgebase of pulmonologists/chest physicians.

The proposed formalism applies fuzzy relational calculus and evidence theory. The
Dempster-Shafer theory (DST) can be viewed as a method for reasoning under epistemic
uncertainty. Reasoning under epistemic uncertainty refers to logically arriving at decisions
based on available knowledge. The most important part of this theory is Dempster’s rule of
combination, which combines evidence from two or more sources to form inferences.
According to Shafer, DST is based on two ideas: the idea of obtaining degrees of belief for
one question from subjective probabilities for a related question and Dempster’s rule for
combining such degrees of belief when they are based on independent items of evidence.
In traditional probability theory, evidence is associated with only one possible event. In
DST, evidence can be associated with multiple possible events (e.g. sets of events). The
significant innovation of this framework is that it allows for the allocation of a probability
mass to sets or intervals. This is a potentially valuable tool for evaluation when knowledge
is obtained from expert elicitation. An important aspect of this theory is the combination
of evidence obtained from multiple sources and the modeling of conflict between them.
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7.1.2 Study Methodology

As the number of vehicles on the road is growing enormously, vehicular pollution has been
the main cause of respiratory diseases. Figure 7.1 shows the growth in the number of vehi-
cles registered in Pune and Mumbai cities. Karve Road in Pune city is one of the busiest
locations (Figure 7.2), where diesel-driven three-wheelers plying their trade on narrow roads
are around 60% of the total number of vehicles registered, emitting around a total pollution
load of 36 tonnes/day in a congested area with high rise buildings occupying very high
population density. The approximate number of vehicles passing along Karve Road, consist-
ing mainly of two- and three-wheelers, were 64 965 and 13 523 vehicles/day, respectively,
during the study carried out by the authors in January 2012.
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Figure 7.1  Growth in number of registered vehicles.
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Figure 7.2 Total pollution load caused due to vehicles at the Karve Road hotspot.

Figure 7.3 depicts the number of vehicles/hours that pass through this intersection. With
reference to the data collected from a renowned hospital in Pune, there is an increase in the
number of patients suffering from respiratory illness (Table 7.1).

In order to establish the correlation between different respiratory diseases and air
pollution, the perceptions of chest physicians were collected. Based on their expertise and
years of experience, the respiratory diseases were classified into four major groups:

A) Simple bronchitis and COPD with lung cancer as the subset of COPD.
B) Asthma.
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Figure 7.3 Total number of vehicles running per hour at the Karve Road hotspot.

Table 7.1  Fuzzy tolerance relation.

X1 X2 X3 X4 X5 X6 X7

1.00 0.99 0.97 0.89 0.96 0.96 0.92
0.99 1.00 0.97 0.90 0.96 0.97 0.94
0.97 0.97 1.00 0.94 0.96 0.96 0.95
0.89 0.90 0.94 1.00 0.90 0.93 0.95
0.96 0.96 0.96 0.90 1.00 0.96 0.95
0.96 0.97 0.96 0.93 0.96 1.00 0.97
0.92 0.94 0.95 0.95 0.95 0.97 1.00

C) Allergic rhinitis and conjunctivitis.
D) Heart attack.

The domain experts (chest physicians/pulmonologists) related to Case Study I on air
pollution were interviewed for their views on air-borne/respiratory diseases caused by an
increase in concentrations of air pollutants like PM;o, NOy, and SOy as these pollutants were
monitored in India till 2011. Each domain expert wrote down their evidence/belief for the
diseases (termed basic evidence assignment) in the questionnaire specially designed for this
purpose. The mathematical framework for building the possible association between
inhaling polluted air and respiratory diseases is shown in Figure 7.4.

The three cornerstones of determining the cause-effect relationship between polluted
air and respiratory diseases are the parametric data of pollutants, epidemiological study,
and the perceptions of chest physicians that play a central role. Conservationists and
doctors have associated vehicular pollution with respiratory diseases like asthma, con-
junctivitis, heart attack, allergic rhinitis, simple bronchitis, and COPD with lung cancer as
a subset of COPD. Many researchers have worked on establishing this relationship. The
current chapter addresses this research problem using the perception of pulmonologists
who are experts in diagnosing respiratory diseases caused by polluted air. Figure 7.4
presents the overall diagnostic model for air pollution control and its associated health
effects, while Figure 7.5 estimates the combined belief in connection with air pollution
and respiratory disease.
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Figure 7.5 Estimating the combined belief of chest physicians for associating air pollution with
respiratory diseases.
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7.1.3 Establishing Association Between Inhaling Polluted Air and
Respiratory Diseases

The dendrograms (Figures 7.6a and 7.6b) present similarity between the domain experts, in
this case the chest physician’s opinion on the hypothesis concerning the association between
inhaling polluted air and respiratory diseases using the concept of a-cut as a measure of possi-
bility of accepting the hypothesis. In Figure 7.6a the possibility of belief (a-cut) that experts 1
and 2 agree with the hypothesis is 0.99 and the possibility of belief for all the experts except
expert 4 (X4) is 0.96 where X, X,,..., X, are chest physicians/pulmonologists. In Figure 7.6b,
the possibility of belief that experts 1 and 2 agree with the hypothesis is 0.92 and the degree of
agreement of the experts in both the methods varies from 0.80 to 0.99. To summarize, the seven
identified proficient pulmonologists believe that vehicular pollution could be the cause of
respiratory diseases or could be aggravated or triggered in the already infected individuals.

099 097 096 0.92 0.82 0.80
X, ——— -
X, || |
X, X,
X4 Xg
X, X,
X; I X;
X, X,

Figure 7.6 (a) Cosine amplitude method. (b) Max-min method (dendrogram).

7.1.4 Results and Discussion

The vagueness in experts’ perception when stating their belief or assigning basic evidence (bea)
is modeled using DST. The combined belief (evidence) of two experts has been computed for
the power sets (and not fuzzy sets) of the respiratory diseases, namely (A) simple bronchitis
and COPD with lung cancer as the subset of COPD, (B) asthma, (C) allergic rhinitis and con-
junctivitis, and (D) heart attack and its variants (e.g. AUB, AUBUC, and so on). The
experts’ opinion was ranked on a scale from 0 to 100 which was further normalized to arrive at
bea denoted as m. The belief measure is denoted by bel. In order to find out the similarity bet-
ween the domain experts’ knowledge base, the bea of all the experts was considered for the
computation of similarity measures using the cosine amplitude method. A fuzzy tolerance
relation was applied while examining the similarity matrix. The fuzzy tolerance relation was
defuzzified to obtain the classical relation by transforming it to the fuzzy equivalence rela-
tion using the transitivity closure operation. Tables 7.1 and 7.2 give the fuzzy tolerance relation
obtained by using the cosine amplitude method and transformed fuzzy equivalence
relation after two iterations, respectively. The dendrogram presents the similarity between the
experts in their opinion. It can be inferred for a-cut = 0.99 that the opinion of experts 1 and 2
regarding their bea is almost the same, with a-cut = 0.96. Except expert 4, all the other six
experts have a similar basic evidence/belief assignment (Figure 7.1).
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Table 7.2 Fuzzy equivalence relation.

X1 X2 X3 X4 X5 X6 X7

1.00 0.99 0.97 0.95 0.96 0.97 0.97
0.99 1.00 0.97 0.95 0.96 0.97 0.97
0.97 0.97 1.00 0.95 0.96 0.97 0.97
0.96 0.95 0.95 1.00 0.95 0.95 0.95
1.00 0.96 0.96 0.95 1.00 0.96 0.96
1.00 0.97 0.97 0.95 0.96 1.00 0.97
1.00 0.97 0.97 0.95 0.96 0.97 1.00

The combined expert’s belief for disease A is 0.12, for B it is 0.17, for C it is 0.18, and for D
itis 0.11. A typical computational procedure for belief (bel) and plausibility (PI) is

Bel(AUBUC) =m,(A)+m,(B)+m(C)+m(AUB)+m (AUC)+m (BUC)

+m (AUBUC)
= 0.04+0.07 +0.08 +0.06 +0.07 + 0.08 +0.08 = 0.48

PI(A) =my,(A)+my,(AUB)+my,(AUC)+my,(AUD)+m,,(AUBUC)
+my,(AUBUD)+m,,(AUCUD)+m,,(AUBUCUD)
=0.12 4 0.05 4 0.06 +0.05 +0.03 +0.02 +0.02 +0.01 = 0.36

PI(AUB)=my,(A)+my,(B)+m,,(AUB)+m,,(AUC)+m,,(AUD)
+my,(BUC)+my,(BUD)+m,,(AUBUC)+m,,(AUBUD)
+my,(AUCUD+)+my,(BUCUD)+m,,(AUBUCUD)

=0.1240.17 4 0.05 4 0.06 + 0.05 + 0.07 + 0.06 -+ 0.03 + 0.02 + 0.02
+0.02+0.01
—0.68

PI(AUBUC)=m,,(A)+my,(B)+m,,(C)+my,(AUB)+m,,(AUC)
+my,(AUD)+m,,(BUC)+m,,(BUD)+m,,(CUD)
+my,(AUBUC)+my,(AUBUD)+m,,(AUCUD+)
+my,(BUCUD)+m,(AUBUCUD)

= 0.12+0.17 +0.18 4 0.05 4 0.06 + 0.05+0.07 + 0.06 4-0.05
+0.0340.02+0.02+0.02+ 0.01
=091

We can see that the combined belief of two experts is 0.18 for diseases, namely allergic
rhinitis and conjunctivitis, which is the maximum for the four diseases groups (Table 7.3).
The second largest combined evidence/belief measure for asthma is 0.17. The computed
combined belief/evidence of two experts for A or B or C is 0.68, while the computed plausi-
bility is 0.91. However, there remains ignorance in the domain experts’ perception for the
diseases A or B or C, which is computed using evidence theory as 0.23.
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Table 7.3 Combined evidence measures of two experts about respiratory diseases.

Expert 1 Expert 2 Combined evidence

Disease my bely my bel, my; bely , Plausibility Ignorance
A 0.04 0.04 0.05 0.05 0.12 0.12 0.36 0.24
B 0.07 0.07 0.08 0.08 0.17 0.17 0.43 0.26
c 0.08 0.08 0.08 0.08 0.18 0.18 0.44 0.26
D 0.03 0.03 0.03 0.03 0.11 0.11 0.33 0.22
AUB 0.06 0.17 0.06 0.19 0.05 0.34 0.68 0.34
AUC 0.07 0.19 0.06 0.19 0.06 0.36 0.67 0.31
AUD 0.06 0.13 0.06 0.14 0.05 0.27 0.59 0.32
BUC 0.08 0.23 0.08 0.24 0.07 0.43 0.74 0.31
BUD 0.08 0.18 0.07 0.18 0.06 0.34 0.65 0.31
cubD 0.06 0.17 0.07 0.18 0.05 0.34 0.67 0.33
AUBUC 0.08 0.48 0.09 0.50 0.03 0.68 0.91 0.23
AUBUD 0.07 0.41 0.06 0.41 0.02 0.57 0.83 0.26
AUCUD 0.06 0.40 0.06 0.41 0.02 0.58 0.84 0.26
BUCUD 0.08 0.48 0.07 0.48 0.01 0.66 0.90 0.24
AUBUCUD 0.08 1.00 0.08 1.00 0.01 1.00 1.00 0.00
Total 1.00 1.00 1.00

The dendrogram obtained in Figure 7.7 represents the similarity between the experts in
their opinion using the cosine amplitude similarity measure. The possibility of belief (a-cut)
that experts 1 and 2 agree with the hypothesis is 0.99 and the possibility of belief for all the
experts except expert 4 (Xy) is 0.96 where X, X,, ..., X7 are chest physicians/pulmonologists.

The other significant observations include:

e The expert chest physicians believe that diseases A or B or C can be a cause of vehicular
pollution and could be aggravated or triggered.

e Particularly, in the case of asthma, the chest physicians believe that the disease gets
aggravated in patients who are already suffering from that disease, and healthy people are
likely to become asthmatic because of long-term exposure to vehicular pollution.

e Furthermore, they justify the disease as pathophysiological and relate asthma to the
functional changes that can be caused in the respiratory tract.

e The chest physicians are of the view that PM;, triggers asthma. Untreated asthma gets
converted to COPD and might lead to lung cancer. This is in line with the results obtained
by [9] in their exhaustive study.

The toxic pollutants emitted from diesel- or petrol-driven two/three/four-wheel vehicles mainly
act as allergens, which may lead to irritation of eyes and resulting in conjunctivitis. Figures 7.1
and 7.2 infer the spectacular vehicular growth — primarily diesel-driven two/three-wheelers.

7.1.5 Concluding Remarks

The case study presents a new formalism on perception-based modeling in order to estimate
the association between toxic air pollutants and human health.
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Hypothesis: Association between polluted air and respiratory diseases

a cut is the possibility of accepting the hypothesis

Possibility of belief (« cut) that experts 1 and 2 agree to the hypothesis: 0.99
Possibility of belief for all experts except 4 (X,) is 0.96

X, Xy, ....,Xgare domain expert Chest Physician/Pulmonologists

Figure 7.7 Dendrogram with different a-cuts for the agreement.

Epidemiological data for over a decade were collected by the researchers for establishing
the association between respiratory diseases and polluted air. In the majority of cases, such
data may not be reliable and also not available. The hospital staff might not have collected
the information for drawing inference using statistical methods. This is known as happen-
stance data (collected for something and used for something else). Also, the collation of data
is labor intensive and time consuming. Realizing the limitations of data collection used by
the researchers, we have approached the problem of the association between respiratory dis-
eases and inhaling polluted air using a different kind of formalism which is based on the
knowledge base of pulmonologists/chest physicians.

7.2 Case Study ll: Association Between Polluted Water and
Human Health

7.2.1 Introduction

Hindus and Buddhists in India and Nepal regard bathing in holy rivers as sacred bathing
that washes away their sins. But bathing in such places that contain contaminated water
may lead to water-borne diseases (WBDs). In spite of much effort, there has been no solution
available to prove/disprove the cause-effect relations between bathing in holy river waters
and WBDs. This case study aims to establish the association between bathing in polluted
river water and WBDs, and also models domain experts’ epistemic uncertainty in supporting
their evidence for various WBDs.
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7.2.2 Literature Review

No significant research has been reported on bathing in polluted river water and WBDs. In
the past, efforts were made to establish a linkage between health risk and bathing in pol-
luted waters in Lake Michigan, the Ohio River, and Long Island Sound [10]. A bacteriolog-
ical study of the water of River Ganga in the stretch of Bhagalpur (a town in the state of
Bihar) clearly indicated that water was fit for neither drinking nor for bathing purposes
either for human beings or cattle due to a high level of contamination [11]. Several studies
on beaches have failed to establish a relationship between bathing and WBDs [12-18].

7.2.3 Study Methodology

Understanding the importance and complexity in associating polluted water with human
health, a formalized method has been developed. The multifaceted approach includes: inter-
viewing student community ranging between ages 8-31 years with a structured questionnaire
and collecting belief measure of the resident medical practitioners about bathing in polluted
river and WBDs. Furthermore, we also model epistemic uncertainty resident in the percep-
tion of the domain experts in supporting their evidence for WBDs. The study investigates the
health status of the bathers during festive (mela) periods.

7.2.3.1 Cause-Effect Relationship Between Bathing in Polluted Water and WBDs

The case study is related to water quality classification and religious bathing in the highly
polluted sacred Indrayani River at Alandi, a town around 30 km from Pune, Maharashtra
state, India. In spite of significant development in science and technology, there has been no
scientific justification for religious bathing. Religious belief is the only reason that can be
cited for bathing in holy rivers!

Though there are no industrial (treated/untreated) wastewater discharges into the water
course, the river still remains polluted due to the washing of clothes, the throwing of flowers,
defecation, the dumping of animal waste, etc. The Maharashtra Pollution Control Board has
been regularly monitoring the water quality parameters and keeping the concerned authorities
informed. It should be mentioned here that the present location for abstracting water for the
town of Alandi is located just half a kilometer away from the bathing ghats and the water quality
at this location is far from satisfactory. The biochemical oxygen demand (BOD) level is as high as
12 mg/L, and also the coliform count is over 100 000 MPN/100 ml of water sample. During festive
periods, devotees from the various parts of Maharashtra state come to Alandi in large numbers to
take a holy dip at these bathing places located along the river, resulting in a further deterioration
of the river’s water quality. In the absence of the strict implementation of pollution control strat-
egies, the authorities adopt the principle of dilution in order to reduce bacterial load in the river,
especially in these festive periods (June/July and November/December). The State Irrigation
Department has a policy to discharge a sizeable quantity of fresh water in the river, in these
months, from the barrage about 6 km from Alandi, so as to bring down the coliform count.

Figure 7.8 portrays the most important activities of the multifaceted formalism for finally
describing river water quality for bathing in the Indian context. The salient features of the
structured approach are:

e Health status study to find out the relation between WBDs and bathing activity in polluted
river water, and the use of DST for combining belief measures for modeling domain
experts’ perceptions.

e Random sampling from the identified stretch of river and laboratory analysis for the
selected parameters. To increase precision in water quality data, estimation of bootstrap
mean values for the defined parameters.
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e Estimation of the selected water quality indices and its corresponding linguistic description
along with a commentary on the results obtained.

e Application of fuzzy logic to describe water quality linguistically with some degree of
certainty attached to each linguistic term for the purpose of bathing.

e The perception of the end-user about the river water quality for bathing in linguistic terms.

e Group discussion: formal and informal meetings with different stakeholders, public
health experts, water quality experts, bathers, and the public at large.

e Development and use of software for water quality index and combined belief measures.

WQI )
e N M
Water Quality WQ W.Q .
Parameters Index Description
i without DC
Association WQIA
between J
Bathing i
Health Status R .at g 1mn
»  River Water [ )
Study
and Water
Borne Linguistic
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Bather’s Pollution Control

Strategy

Perception

Figure 7.8 Multifaceted approach to river water classification.

The procedure formulated for establishing the relation between bathing in river water
and the incidence of WBDs is detailed here. Water samples at the defined locations along
the river were collected and analyzed, which showed a high fecal count (the known
indicative organism for defining water pollution). The local physicians, based on several
years’ experience, are of the opinion that they receive complaints of WBDs from the res-
idents almost daily, and could possibly be due to bathing in the Indrayani River. The
activities include: a series of discussions with the domain experts including the resident
physicians, data collation for epidemiological study, and water quality analysis (left-hand
part of Figure 7.8).

7.2.3.2 Data Sampling, Health Status Study, and Resident Physicians’ Perception

Students from various parts of the state, apart from their regular schooling, undergo
training in religious literature and traditional instruments. The students are generally
from economically poorer sections of society and stay in the hostels built by charitable
organizations and individuals. The student population from three different hostels was
selected for the study and the groups were formed on the basis of bathing activity. The first
group consisted of those students who took a bath in the river almost regularly (bathers),
while the second group was designated as nonbathers (do not use river water, meaning
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they were using treated municipal water supply for bathing). Out of the 220 students
selected as samples, 83 were regular bathers and 137 were nonbathers. It is important to
mention that all other activities, such as daily food intake, water consumption, and daily
movement except bathing, were almost identical amongst all the hostel students. Similarly,
the students were from the same age group. The only effective mechanism considered
applicable in order to draw meaningful conclusions in such investigations is through
personal dialogue. The students were interviewed at different times in a period of six
months. The inputs from the social scientists in this regard were extremely helpful wherein
uncertainty level could be very high. The selected students from the three hostels were
asked relevant questions by respective hostel in charge, relating to the symptoms, if any,
after taking a bath in the river. The resident physicians, on preliminary examination,
opined that some of the students showed symptoms of WBDs. This was the first but very
important step in the study (Table 7.4). Those students who did not show any symptoms of
WBD are also portrayed in Table 7.4.

Table 7.4 Number of students with and without WBDs.

Water-borne Diseases

Hostel
Yes No Total
A SwWBD 5 18 23
SwoWBD 1 32 33
Subtotal 6 50 56
B SwWBD 5 24 29
SwoWBD 1 41 42
Subtotal 6 65 71
C SwWBD 4 27 31
SwoWBD 1 61 62
Subtotal 5 88 93
Grand total 17 203 220

SwWBD and S,,,WBD stand for students with and without water-borne

diseases, respectively.

7.2.3.3 Application of Dempster-Shafer Theory and Combined Belief Measures

The study was aimed at investigating health status of the bathers primarily during festive
period. The first task in this approach was to gather information on the belief of the resident
medical practitioners about bathing in polluted river and WBDs, based on their expert
knowledge. DST models epistemic uncertainty of the domain experts in supporting their
perceptions about various WBDs. Initially, only one expert was consulted for assigning this
belief about bathing in the river and the occurrence of WBDs. The belief measure (m) of the
expert about the occurrence of diarrheal diseases after bathing in the river was worked out
as 0.41, and that for cholera as 0.04, and so on (Table 7.5). The expert also indicated this
belief for diarrheal diseases and cholera together as 0.03; he also opined that cholera and
giardiasis cannot occur together, which means that the bather cannot have these two dis-
eases at the same time. A domain expert’s knowledge is the key to success in subjective
information.
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Table 7.5 Belief measure of expert one for different WBDs.

Focal element (4)) Power set Exp. m(A))
Diarrhea a 0.41
Cholera b 0.04
Giardiasis c 0.15
Diarrhea and cholera aub 0.03
Diarrhea and giardiasis alUc 0.02
Diarrhea, cholera, and giardiasis aUbUc 0.01
Others d 0.34

Exp. m(A;): expert measure of the element A;.

7.2.4 Results and Discussion

The computed values of degree of belief and plausibility (bel and PI, respectively) for each focal
element are presented in Table 7.6. The typical computational procedure for bel and Pl is given as

bel(a) =m(a) = 0.41,bel(a Ub) = m(a) + m(b) + m(a Ub) = {0.41+0.04 +0.03} = 0.48

pllaub)=m{(aub)U(a)} +m{(aub)U(b)}+m{(aub)U(aUb)}
={0.4140.0440.03} =0.48

The expert believes that evidence supporting diarrheal diseases is at least 0.41 and 0.04, 0.15,
0.34 are cholera, giardiasis, and others, respectively. It is also necessary to have a second
opinion, and therefore one more expert (second expert) was consulted for assigning his belief
about bathing in the river and the occurrence of WBDs. The details are shown in Table 7.6.
The second expert believed that the evidence supporting diarrheal diseases is at least 0.30
and plausibly as high as 0.78. The computed plausibility value signifies that occurrences of
diarrheal disease is very high if people bathe in polluted water. It is also inferred that there is a
strong association between bathing in a polluted river and the incidence of diarrheal diseases.

Table 7.6 Measures of evidence given by second expert on WBDs.

Expert
Focal element (diseases) Power set

Belief measure Degree of belief Plausibility(4)

my(A) bely(A)
Diarrhea a 0.39 0.39 0.78
Cholera b 0.8 0.08 0.16
Giardiasis c 0.16 0.16 0.32
Diarrhea and cholera aub 0.01 0.46 0.48
Diarrhea and giardiasis aUc 0.02 0.54 0.57
Diarrhea, cholera, and aUbUc 0.04 0.59 0.67

giardiasis
Others d 0.30 0.30 0.30
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7.2.5 Concluding Remarks

It is practical to calculate the combined belief of the two experts, using DST formalism. The
variability in basic belief assignment (BBA) values of two domain experts (m; [A;] and m,
[A;]) for each focal element was worked out. Table 7.7 presents the details of the computed
values of the combined evidence for different WBDs. Finally, the combined belief works out
to my, = 0.58 for the focal element A (diarrheal diseases).

Table 7.7 Focal elements and the combined belief measures for WBDs.

Expert 1 Expert 2 Combined evidence
Focal elements (A))

my(A) bely(A) my(A)) bely(A) my;(A) bely;(A)
a 0.41 0.41 0.39 0.39 0.58 0.58
b 0.04 0.04 0.08 0.08 0.02 0.02
c 0.15 0.15 0.16 0.16 0.10 0.10
aub 0.03 0.43 0.01 0.36 0.00 0.60
aUc 0.02 0.54 0.02 0.54 0.00 0.68
aUbUc 0.01 0.59 0.04 0.59 0.00 0.71
d 0.w34 0.34 0.30 0.30 0.28 0.28

a: diarrhea; b: cholera; c: giardiasis; aUb : diarrheal or cholera; aUc : diarrheal or giardiasis; aUbUc :
diarrheal or cholera or giardiasis; and d: others.

The combined degree of belief (bel;,) for the focal element such as diarrheal diseases is
equal to 0.58 as against 0.41, based on a single expert’s belief measure. In the case of diarrhea
and giardiasis, the degree of belief, based on a single expert’s perception, was 0.53, while the
combined degree of belief of two experts was 0.68. Based on the combined evidence of the
two domain experts, it can be inferred that the evidence supporting diarrheal diseases is 0.58.

Although there is a need for guidance on issues involving risk due to bathing in polluted
river water, there is no well-defined approach that focuses on this complex health problem.
The measurements and predication of these risks are technically difficult and the evaluation
of the detriment is controversial. The quantification of epistemic uncertainty of the experts
in their degree of belief for specific WBDs, such as diarrheal diseases (which include dysen-
tery), cholera, etc., is the uniqueness of the suggested formalism. It could be stated that the
computation of degree of belief of at least two experts, based on their combined evidence,
could be an appropriate computational procedure, as it helps to model ambiguity in the basic
probability assignment of the domain experts. In sum, the application of fuzzy measures and
DST, exhaustive field investigations with the support of domain experts, and water quality
data could go a long way to resolve, at least to some extent, the most difficult issue of bathing
risk in polluted river water.

The case study presents an approach for establishing the relationship between bathing in
polluted river and WBDs, supported by quantifying epistemic uncertainty of the experts in
their degree of belief for specific WBDs, such as diarrhea and giardiasis, etc. Computing
degree of belief of at least two experts, based on their combined evidence, could be an appro-
priate computational procedure, as it helps to model ambiguity in the basic probability
assignment of the domain experts.

The two case studiesstress the importance of fuzzy-logic-based formalism on environmental
issues such as water quality, air quality, environmental impact assessment, etc. Since
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fuzzy-logic-based methods rely on the perceptions of domain experts, it is necessary to have
experts who have experience and expertise in the relevant domain limiting the performance
of the proposed studies.
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Respiratory Disease Risk Assessment Among Solid Waste
Workers Using a Fuzzy Rule Based System Approach
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8.1 Introduction

The prediction of any disease is a complex process affected by several factors. Medical sci-
ence uses the symptoms, laboratory tests, and medical history of a person as diagnostic tools
for detecting diseases. In addition, studies of many biochemical parameters of healthy peo-
ple in various age groups, body mass index (BMI), and habit data are required to predict
diseases. Theoretically, several years of delayed onset might be observed for the possible
development of diseases among the study cohort. Medical science considers the criteria of
odds ratio and relative risk for the study of disease occurrence pattern, in which the exposed
and nonexposed groups are compared.

Respiratory disease is the main cause of mortality in developed countries as well as India.
The risk assessment of respiratory disease is a sophisticated process as it is influenced by
several factors, such as age, BMI, diet, genetic predispositions, personal habits (smoking and
alcohol drinking), and working environment condition. The development of respiratory dis-
ease takes a long time as the first symptoms appear after a prolonged period; occasionally,
the patient misses the chance of being able to take any preventive measures. Thus, it is
important to identify the factors responsible for the main cause of respiratory disease and
also determine their individual risk value.

Reportedly, solid waste workers are at high risk of developing respiratory disease. This
study’s main objective was to determine the individual solid waste worker’s risk of respiratory
disease under selected parameters. The factors responsible for the development of respiratory
disease were identified and measured among solid waste workers. Hence, the study
population consisted of door-to-door waste-collecting workers of the city of Surat in India. In
order to determine the individual worker’s risk without any test or diagnosis in scalar value
0 to 1, fuzzy logic (FL) and the fuzzy rule based system (FRBS) were applied. In the FRBS
approach, available information from the medical experts was considered, and the real
patient’s data were used to predict the individual’s risk on a 0 to 1 scale without any test. The
determined risk value was used to modify the factors responsible for the occurrence of dis-
eases in an individual. Preventive steps can prevent the disease to some extent but definitely
cannot cure it.

A number of studies have used FL and FRBS with various soft computing techniques in
medical science for the prediction of health risks related to different diseases.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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Carreno and Jani [1] developed a rule-based system approach for insurance risk assessment
using fuzzy CLIPS (C-Language Integrated Production System, version 5.1 developed by
NASA). To assess the degree of health risk associated with each person’s physical character-
istics (such as height, weight, age), additional information (such as exercise, smoking,
drinking, and eating habits) was considered in the model. The FRBS numerical value
represents the putative risk of a person due to their physical characteristics and eating habits.

McCauley-Bell and Badiru [2] used the FRBS approach and analytical hierarchy process to
predict occupational injury, such as cumulative trauma disorders (CTDs). The present study sug-
gested that the development of a preliminary linguistic rating scale for qualitative assessment of
risk condition mainly involves task-, personal-, and occupational-related risk factors.

Mure et al. [3] developed a risk assessment of occupational accidents using a fuzzy
approach. Frequency, severity, contact factor, and degree of protection have been selected as
input parameters for the fuzzy inference system, and the output was termed as risk. Industrial
work environmental data of an Italian tire company were used, and the risk value in the
manufacturing section was obtained on a 0 to 1 scale.

Keshwani et al. [4] developed two Mamdani-type (three inputs-one output and two
inputs—one output) fuzzy models to predict the permeability of compounds through human
skin. The models were derived from multiple data sources, including laboratory data, pub-
lished databases, published statistical models, and expert opinion. The input to the model
includes information about the compound (molecular weight and octanol/water partition
coefficient) and the application temperature. One model included all three parameters as
inputs, and the other model only included information about the compound. Each model
was a collection of rules that expressed the correlation between each input and the perme-
ability of the compound through human skin. The quality of the model was determined by
comparing the predicted and actual fuzzy classification and defuzzification of the predicted
outputs to correlating the estimates with the published values.

Simi¢ and Simi¢ [5] considered FRBS as a successful technique for knowledge-based
decisions in many domains, including medicine. It is also used as a tool to diagnose migraine
diseases. The diagnostic criteria developed have been used in epidemiology research. A total
of 80 individuals’ responses were assessed based on the FRBS model. The system rules were
implemented by the application of International Classification of Headache Disorders
(ICHD) criteria for headache type, and hence the system could be considered to provide
optimal output.

Khatibi et al. [6] developed a fuzzy-based hybrid inference framework using the Dempster-
Shafer theory (DST) of evidence and fuzzy sets theory for the prediction of coronary heart
disease. The output revealed 91.58% accuracy of the model.

Adeli and Neshat [7] designed a fuzzy expert system using Mamdani inference with 13
inputs and one output to determine coronary heart disease risk. Anooj [8] developed
clinical decision support systems (DSSs) to determine the risk level of heart disease using
weighted FRBS. In this model, weighted fuzzy rules were developed using the data mining
technique.

8.2 Research Framework

Figure 8.1 is a flowchart of the sequence of stages followed in the present study to predict the
risk of respiratory disease among solid waste workers using the FRBS approach.



8.2.1 Experts’ Perception and Opinions

The health data and subjective judgment of experts
were used to develop the FL system. Healthy discus-
sions were made with medical practitioners and
dietitians. The solid waste management system and
the socioeconomic condition of solid waste workers
were also studied in depth.

8.2.2 Identify the Factors for the Development
of Respiratory Disease

Based on the experts’ opinions and perceptions, the
factors responsible for respiratory disease were
considered. The factors responsible for computing
respiratory disease were considered as an input
variable, and the output of the system was termed as
risk. The rate of change in these factors was neither
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Figure 8.1 Research framework for
the study.

8.2.3 Study Population and Data Collection

A cross-sectional study was conducted on a group of 292 males working at seven transfer
stations in Surat. Male employees of door-to-door waste collection facilities were selected.
Surat is divided into seven zones for administration. Solid waste workers, including
door-to-door waste collection workers at six transfer stations like Pal, Bhatar, Umarpada,
Anjana, Pandesara, and Vastadevdi transfer stations, were considered in this study. The
workers were selected randomly during the morning shift from 8 a.m. to 2 p.m. Data were
collected using questionnaires that were prepared referring to the ATS-DLD (American
Therapeutic Society — Diffuse Lung Disease) questionnaire. Occupation, family, and personal
medical history were recorded, as well as smoking habits, drinking habits, and tobacco
chewing were included, in the questionnaire in addition to diet and personal hygiene details.

The factors selected to assess the occurrence of respiratory disease were measured among
the study population of solid waste workers. These included age and BMI data. For the quan-
tification of personal habits, a normal approach of collecting data from experts and medical
practitioners was considered. However, it was difficult to quantify the personal hygiene,
working environment, and diet of solid waste workers. Thus, the relative weight/age ratio of
individual solid waste workers was calculated based on certain critical criteria. For personal
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hygiene, diet, and working environment, a value for the relative weight/age ratio of 0-9 was
assigned to the workers. Their personal hygiene was judged based on criteria such as using
protective material: mask, earplugs, gloves, and gumshoes at the site, washing hands after
duty, changing clothes after duty, and nail cutting and hair cutting regularly. The criteria
selected for environmental conditions included the type of transfer station at which the
workers worked, daily working hours, type of work, shift patterns, and involvement in other
physical activities. Good personal hygiene and working environment lowered the risk of
occurrence of respiratory disease. For diet, weightage was related to poor, moderate, and
good nutrition. If a worker was categorized as having a good nutritious diet, the relative risk
for the occurrence of respiratory disease was low.

8.2.4 Pulmonary Function Test of Solid Waste Workers

The PFT was performed for each solid waste worker, and the data were recorded using a spi-
rometer by Maestro midline version 2.1. The measurements were taken during morning
hours. The forced vital capacity (FVC), FEV; (forced expiratory volume in 1 second), the
maximum flow rate at 50%, and the last 25% of the vital capacity were measured. The lung
function was evaluated according to the recommendation of the American Thoracic Society.
Based on the diagnosis of the PFT test, the workers were classified into four categories:
normal abnormalities, obstructive type abnormalities (O type), restrictive type abnormalities
(R type), and combined type abnormalities (O + R type). The diagnosis of O and R type
abnormalities is essential as they are both curable if proper care taken. However, if neglected,
and no preventive measures are taken, the risk of respiratory disease is elevated. Both O and
R type abnormalities are considered as high risk for the occurrence of respiratory disease.
Table 8.1 represents the PFT abnormalities observed among solid waste workers of Surat.

Table 8.1 PFT data of solid waste workers of Surat.

0 type R type 0 +R type
Normal type abnormalities abnormalities abnormalities Total

No. of workers 96 (32.8%) 47 (16.10%) 73 (25%) 76 (26.10%) 292

8.3 Development of the FRBS Model to Determine
Respiratory Risk

The present study deals with different kinds of knowledge acquisition to gain information of
the body that could be beneficial in developing fuzzy linguistic parameters and their associ-
ated members’ function to quantify the risk of occurrence of respiratory disease. A schematic
fuzzy decision system to identify the risk of respiratory disease among solid waste workers is
illustrated in Figure 8.2.

8.3.1 FRBS Approach

The rule-based system utilized a model that represents human knowledge in the form of if-then
rules. This conventional approach had been adopted to build FRBS for this study. Relevant and
available input variables were selected, and their domain was partitioned into several fuzzy sets
or linguistic variables. In the FL system, an expert defines the rule to describe the characteristics
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Figure 8.2 Fuzzy logic risk assessment.

of risk assessment for each factor. The input variables were processed by rules to generate an
appropriate output. The fuzzy rules represented the logical correlation between the input and
output variables that were derived from previous data or the experience of the analyst or the
experts’ judgment or perception.

After obtaining the fuzzy numbers with their corresponding degree of match, the rules of the
system were defined. A specific set of rules was constructed for the risk prediction model. Each
rule had an antecedent proposition connected together using an AND operator, resulting in
some consequence. The assertions related to its antecedent part obtained from the experts
were imprecise or fuzzy. Thus, an FRBS could be developed for the knowledge representation
or reasoning process. Herein, partial matching was allowed, and the analyst could estimate the
extent to which the assertion satisfied the antecedent part of the rule contrary to the rule-based
system, which examined whether the antecedent part is satisfied.

8.3.1.1 Development of Fuzzy Sets

Subjective judgment, gathered data, and linguistic variables were employed to develop fuzzy
membership functions of all input and output parameters. When human experts are asked to
evaluate a variable, they describe it in words. Furthermore, fuzzy linguistic variables are exten-
sions of numerical variables such that they represent the condition of an attribute at a given
interval by considering the fuzzy sets as their values. The input and output parameters of the
system are discussed in Figure 8.2, and R base 1-5 is defined using the fuzzy toolbox of
MATLAB. Also, the implication, aggregation, and defuzzification are calculated using the
same program.

8.3.1.2 Fuzzy Rules

Figure 8.2 is the representation of the FRBS model to evaluate the risk of respiratory disease in
solid waste workers. Herein, a simple FRBS model consisting of five steps of R base 1 to R base 5
was utilized. The first step had two inputs and one output with 16 inference rules. The second
step had three inputs and one output with 27 inference rules. The third step had two inputs and
one output with nine inference rules. The fourth step had one input and one output with four
inference rules. Finally, the fifth step had four inputs and one output with 81 inference rules.
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8.3.1.3 Defuzzification

The final step in the fuzzy controller is the defuzzification process that converts all fuzzy
outputs into an equivalent crisp value. The fuzzy input values entering the inference engine
are converted to fuzzy output values after the evaluation of rules in the rule base and whilst
considering the membership function values. The fuzzy output values are defuzzified using
the widely accepted and effective centroid method.

8.3.2 Determination of Risk 1

The quantitative solution of the fuzzy system is made convenient by the following steps:
defining input and output parameters of the system using MATLAB’s Fuzzy Logic Toolbox™
formulation of the logical rule, and defuzzification operation performed using MATLAB 6.5
(R2008). Here, the FL system was used to evaluate Risk 1 for solid waste workers based on
two input parameters: age and BMI. The output of the system Risk 1 was evaluated by the
Mamdani FRBS using MATLAB 6.5 (released in 2008).

Figure 8.3 shows the FL system used to evaluate Risk 1 for solid waste workers with age
and BMI as two input parameters. The output of the system Risk 1 is evaluated by the
Mamdani FRBS.

)_( f o
e Risk1 %
Age
- o (mamdani)
; ; ; ; | -
Risk1
Bl

Figure 8.3 Fuzzy inference system editor for the determination of Risk 1.

8.3.2.1 Defining Input and Output Parameters for Risk 1

The input variable age (years) has a range of 0-100 and has been divided into four fuzzy sets as
follows: very young (0, 0, 15, 35), young (15, 35, 55), middle age (35, 55, 75), and old age (55, 80,
100, 100). Figure 8.4 represents the membership function selected for the input variable age.

Membership function plots  Plot points: | 181
Very-Young Young Middle-Age Old
1
05} |
l:‘ L 1 1 1 1 1 1 L 1
0 10 20 30 40 50 60 70 80 90 100
input variable "Age"

Figure 8.4 Membership function for age (Sivanandam et al. [9]).
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The input variable BMI (kg/m?) has a range of 0-40 and has been divided into four fuzzy
sets: underweight (0, 0, 18.5, 19.5), ideal (18.5, 21.5, 24.9), overweight (25, 27.5, 29.9), and
obese (28.5, 29.9, 40, 40). Figure 8.5 shows the membership function for BMI.
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Figure 8.5 Membership function for BMI. Source: [1].

The output variable Risk 1 is a numerical value with a range of 0-1 and has been divided
into three fuzzy sets: low (0, 0, 0.15, 0.33), medium (0.34, 0.44, 0.54, 0.67), and high (0.68, 0.8,
1,1). Figure 8.6 represents the membership function for output variable Risk 1.
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Figure 8.6 Membership function for output Risk 1.

8.3.2.2 Defining Rules for Risk 1
The rule editor of Risk 1 in the MATLAB fuzzy toolbox is shown in Figure 8.7. The rule
editor is a platform on which the correlation between input and output has been established.
The R base 1 is the system to determine Risk 1. The Risk 1 system consists of two input var-
iables, age and BMI, and each has four linguist variables; 4 X 4 = 16 inference rules to
evaluate the system.

The evaluated rules for Risk 1 are based on if-then statements and established using knowledge,
experience, and guidance given by medical experts. This is represented in Table 8.2.

8.3.2.3 Defuzzification Process for Risk 1

Figure 8.8 shows the defuzzification steps to determine Risk 1. The input data of age 50 years
and BMI 20 has been considered, and the output Risk 1 value was 0.141 after the defuzzifica-
tion process, according to the fuzzy rule processed in MATLAB.
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Rule Editor: Risk1

_H (Age is Very-Young) and (EM is Under-Weight) then (Risk1 is Medium) (1)
2. If (Age is Very-Young) and (EMI is Idesl) then (Risk1 is Low) (1)

I (Age is Very-Young) and (BM is Over-Weight) then (Risk is High) (1)
It (Age is Very-Young) and (BM is Obese) then (Risk1 i High) (1)

5. If (Age is Young) and (BMI is Under-Weight) then (Risk1 is Medium) (1)

6. 1f (Age is Young) and (EMI is Ideal) then (Risk1 is Low) (1)

7.1 (Age is Young) and (BM is Over-Weight) then (Risk1 is Low) (1)

8. If (Age is Young) and (EMI is Obese) then (Risk1 is Low) (1)

9. If (Age is Middie-Age) and (BM is Under-Weight) then (Risk1 is Medium) (1)
0. If (Age is Middle-Age) and (BM is Ideal) then (Risk1 isl.uw](i]

1. It (Age is Middle-Age) and (BMI is Over-Weight) then (Risk1 is Medium) (1)

Figure 8.7 Rule editor for Risk 1.

Table 8.2 Fuzzy rules considered for evaluation of Risk 1.

Station number  Age status BMI status Risk 1 status
1 Very young Underweight Medium
2 Very young Ideal Low

3 Very young Overweight High

4 Very young Obese High

5 Young Underweight Medium
6 Young Ideal Low

7 Young Overweight Low

8 Young Obese Low

9 Middle age Underweight Medium
10 Middle age Ideal Low

11 Middle age Overweight Medium
12 Middle age Obese High

13 old Underweight Medium
14 Oold Ideal Medium
15 Oold Overweight High

16 Old Obese High

Risk 2 mainly occurs due to personal habits, such as tobacco chewing, smoking, and
alcohol drinking. Risk 3 can be attributed to personal hygiene and working environment,
and Risk 4 may be based on the diet pattern.
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Figure 8.8 Defuzzification process for Risk 1.

8.3.3 Linguistic Outputs

After the inference is completed, the obtained output is the linguistic value that represents
the risk of respiratory disease associated with solid waste workers. The output value is
considered on a scale of 0-1 scale very low risk (0-0.2), low risk (0.21-0.4), medium risk
(0.41-0.6), high risk (0.61-0.8), and very high risk (0.81-1). The obtained result risk and
PFT result observation have been compared based on an expert’s perception. Table 8.3
represents the PFT test comments and the corresponding linguistic output value for the

study.

Table 8.3 Linguistic output and PFT result consideration.

Crisp output  Linguistic output PFT comments considered

0-0.2 Very low risk Individual worker may not have any symptoms that can be
considered respiratory abnormalities

0.21-0.40 Low risk Individual worker may have irregular symptoms but these cannot
be considered respiratory disease

0.41-0.60 Medium risk Individual may experience minor respiratory abnormalities on
irregular basis, like O type and R type, but these are not
considered respiratory disease

0.61-0.80 High risk Individual is expected to experience regular minor or major O type,
R type, or a combination of these

0.81-1.0 Very high risk Individual is expected to experience regular O type, R type, and

O + R type, which is noted as a severe respiratory disease
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8.4 Model Analysis

The collected data of solid waste workers are used as input parameters. After the model
application, the output value of final respiratory disease risks may be obtained on a scalar
value on a range of 0-1. The obtained risk value for the present study varied based on the
data of the study population in the range of 0.08-0.92. Furthermore, the obtained risk value
was classified as a linguistic output group and compared to the PFT abnormalities. Table 8.4
represents the obtained output classification according to the PFT results.

Table 8.4 Final output classification with PFT results.

Linguistic
Crisp output output N type (96) 0 type (47) R type (73) 0O + R type (76)
0-0.2 Very low risk 37 (12.7%) 1(0.3%) — —
0.21-0.40 Low risk 45 (15.4%) 3(1.0%) 2(0.7%) —
0.41-0.60 Medium risk 10 (3.4%) 37 (12.7%) 63 (21.6%) 7 (2.4%)
0.61-0.80 High risk 1(0.3%) 6 (2.1%) 4 (1.4%) 47 (16.1%)
0.81-1.0 Very high risk 3 (1%) — 4 (1.4%) 22 (7.5%)

From the developed method in the present study, the risk was estimated as a scalar value,
which varied from 0.08 to 0.92 in the present study. Moreover, it was categorized as very low
risk (0-0.2), low risk (0.21-0.4), medium risk (0.41-0.6), high risk (0.61-0.8), and very high
risk (0.81-1).

A total of 120/292 (41.1%) workers exhibited O or R type PFT abnormalities. Among these,
76 (26.1%) had severe abnormalities, recognized as possible obstruction with concurrent
restriction, as observed in the PFT result. The remaining 96 (32.8%) workers showed normal
lung function.

According to the observed value of the final risk out of 292 workers 82 (28%) workers were
classified into the low risk category, where, as per the PFT results, 96 (32.8%) workers
reported with regular abnormalities, showing only 4.8% deviations. The model predicted
that 110 (37.6%) workers were classified into the medium risk category and, according to the
observed PFT value, 120 (41%) workers were identified with Pulmonary O or R type diseases
with a 3.4% deviation. Subsequently, the observed value for high risk was 69 (23.6%) obtained
from the model, and according to the test results 76 (26.1%) workers were recognized to have
O + R type abnormalities with only a 2.5% deviation.

8.5 Validation of the Model

The system was validated by comparing the results of FRBS modeling and the PFT. To check
the adequacy of FRBS modeling, the potential outputs were categorized with PFT abnormal-
ities. For example, if the crisp numerical output of the system was 0.37 for individual workers,
the overall risk associated with the condition was low. Interestingly, in the PFT, the same
person should be recognized as having no PFT abnormalities or with a normal condition.
The results of Tables 8.1 and 8.3 can be compared to check the adequacy of the FRBS model.

Cases were evaluated by a 2 X 2 contingency table to check whether the results of the FRBS
model were similar to the PFT results. Table 8.5 summarizes the cases in various cells based
on FRBS modeling and PFT analysis in a 2 X 2 cell.



8.6 Sensitivity Analysis

Table 8.5 Results in (2 x 2) contingency table with FRBS model prediction.

Respiratory abnormalities (PFT analysis)

FRBS model prediction Yes (76) No (216) Total (292)
Yes 69 (90%) 18 (8%) 87
No 7 (10%) 198 (92%) 205
Total 76 216 292

The FRBS model predicted that 69 solid waste workers were possessed the risk of devel-
oping respiratory abnormalities. This prediction was confirmed by a sensitivity of 0.90. The
model also predicted that 18 individuals were at high risk for developing respiratory abnor-
malities, and none of these individuals was confirmed by the PFT results. This was considered
as a probability of a type-1 error of 0.08.

Seven solid waste workers were already experiencing high respiratory abnormalities, but
in the FRBS model prediction they were categorized as medium risk with a probability of a
type-2 error of 0.10. A total of 198 individuals were predicted to have a minimum number of
risks for the development of respiratory disease.

Cases were also evaluated by a 3 X 3 contingency table to check whether the results of the
FRBS model were similar to the PFT results. Table 8.6 summarizes the cases in various cells
based on FRBS modeling and PFT analysis in a 3 x 3 cell.

Table 8.6 Results in (3 x 3) contingency table with FRBS model prediction.

Respiratory abnormalities (PFT analysis)

FRBS model

prediction Low (76) Medium (120) High (76) Total (292)
Low 82 (28%) 6(2.1%) 0 88
Medium 10 (3.4%) 100 (34.2%) 7(2.4%) 117

High 4(1.4%) 14 (4.8%) 69 (23.7%) 87

Total 96 120 76 292

FRBS model prediction and PFT result with 2 X 2 and 3 X 3 contingency tables suggested
that the predictions are representative of the condition of respiratory disease.

8.6 Sensitivity Analysis

Sensitivity analysis evaluated the most influencing factor for the risk of respiratory disease among
the study population. Consequently, we found that Risk 2 was dominating, followed by Risk 3,
Risk 1, and Risk 4 among the study population of solid waste workers. Personal habits, such as
tobacco chewing, smoking, and alcohol drinking, were the major influencing factors for the risk
prediction model up to 47.8%, followed by personnel hygiene at 23.5%. Further analysis also
revealed that workers in a high risk category were middle age and had a high BML

Finally, sensitivity analysis is essential to inform the workers about the change in the most
influencing parameter to drive toward respiratory disease. Thus, if the worker modified the
influencing parameter in daily life, the chance to get the disease risk may vary accordingly.
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8.7 Conclusion

The present study was designed to determine the risk for the occurrence of respiratory dis-
ease among solid waste workers. A cross-sectional study was carried out with a pulmonary
lung function test of 292 solid waste workers of the city of Surat.

In this study, a new risk assessment approach was proposed and utilized. The present
method evaluated the risk in scalar value based on an analyst’s judgment, expert human
knowledge, experience, and available literature. However, the quantification of risk in scalar
value is subject to uncertainties for many reasons, including difficulties in defining input
and output parameters, consequences of severity, and the mathematics of combining them.

The risk assessment for solid waste workers’ working environment conditions ensured
that uncertainties are inherent in every condition. FRBS provides linguistic expressions
rather than metrics to assess the risks. Moreover, precise data are not available, and nothing
is documented by private or government agencies for solid waste management workers. The
workers are unable to maintain health data, although their exposure level and frequency of
coming in contact with waste are remarkably high. Since data compilation is insufficient for
the risk determination, the present study proposed the FRBS method to determine the risk
for the occurrence of respiratory disease in solid waste workers.

The proposed methodology has new outcomes with respect to risk assessment. The model
prediction results with a probability of a type-1 error as 0.08 and a probability of a type-2
error as 0.10 show that FRBS modeling is an effective approach for predicting respiratory
risk levels with PFT comparison.

About 90 and 92% overall prediction of the system from 2 X 2 and 3 X 3 contingency tables,
respectively, indicates that this system can successfully predict respiratory abnormalities,
and that the PFT is an effective tool for the validation of the system. The model can be rede-
fined for different types of the study population, and a slight modification in the factor could
be considered depending on the study population.

Based on the above observations, it is concluded that the developed model with FRBS can
determine the respiratory risk if the influencing parameters could be defined correctly. For any
health risk assessment, the medical data and ethics of the data are essential. Typically, it is rather
challenging to obtain the above data; then, the proposed methodology serves as the basic guide-
line for risk determination. The proposed approach may be implemented in different fields for
risk assessment. However, in this system genetic disorders, diabetes measurements, and some
difficulty in the quantification of certain factors were not considered in the study.
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9.1 Introduction

Active leisure helps people stay fit and healthy, both physically and mentally. It can reduce
health risk factors specifically linked to obesity. An active lifestyle has long been associated
with health benefits and healthcare cost savings [1]. A significant portion of the Canadian
population has a preference for indoor swimming over other physical activities [2, 3].
According to Statistics Canada, 25% of the population had gone swimming at least once in
the last three months with an average of five visits per month [4]. Due to this increasing
trend, swimming pool water can be a host to various pathogens that cause water-borne dis-
eases. In British Columbia, municipalities are required to adopt disinfection techniques (i.e.
chlorination) to make pool water safe for swimming [5]. While it neutralizes the pathogens,
chlorine also reacts with organic content (i.e. urine, skin squama, cosmetics, sweat, hair,
sunblock, and body lotion) introduced by people into the pool [6]. This results in the
formation of disinfection by-products (DBPs) [7-12] that can impact human health.
Exposure to these DBPs impacts not only swimmers but also the surrounding nonswim-
mers [13]. Exposure to DBPs has been associated with several health problems, including
cancer [2], upper airway respiratory symptoms, nose and eye irritation, voice extinction, and
asthma [13-19] among swimmers, lifeguards, pregnant women, children, and infants [13].
In swimming pools, DBPs were first reported in the 1980s [20]. Since then, more than 100
DBPs have been identified in the existing literature [21]. Among all identified DBPs, chloro-
form is one of the most frequently occurring DBP species in swimming pools [22]. Hence, it
is necessary to control the concentrations of DBP precursors in pool water as well as the risks
associated with the formation of chloroform in water. It is difficult to quantify the risk due to
the complexity of pool systems (e.g. different pool types and related various operations) and
imprecise inputs (i.e. failure to account for subjectivity of small samples in variable selec-
tions). The inputs and outputs of environmental systems can be highly complex, variable,
and difficult to measure accurately [23]. Indeed, for any environment system uncertainty is
an unavoidable element as it represents partial information about a particular subject [24].

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
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In environment modeling and analysis, when calculating the risk, there may exist both
aleatory and epistemic uncertainty [25]. Aleatory uncertainty arises during the natural sam-
pled system, whereas epistemic uncertainty arises due to imperfect knowledge of the system.
More precisely, in swimming pools aleatory uncertainty arises due to swimming frequency,
swimming duration, swimmer weight, and surface area; epistemic uncertainty arises due to
incomplete or conflicting information, uncertainty in sampling, and limited data (i.e. data
are not disclosed or available for analysis) [22]. These uncertainties must be included and
characterized properly to facilitate the most accurate risk interpretation.

Several techniques and methods have been used to estimate the formation risk of DBPs.
The literature mentions that, to describe aleatory uncertainty, probabilistic or stochastic
methods are more effective because the major source of uncertainty is randomness or natural
variability [26]. Moreover, possibilities rather than probabilities describe epistemic uncer-
tainty arising from imperfect human understanding, due to the measurement of data and
expert opinion [27]. However, data can be constrained in a complex variable environmental
system, and in such systems fuzzy logic (FL) is used to deal with uncertainty more often than
traditional probabilistic representations of uncertainties [28]. This chapter focuses on
addressing the uncertainty involved in the estimation of formation risk of DBPs considering
the different types of pools in a swimming facility.

9.2 Methodology

This section explains the analysis of DBP formation risk in four different types of pools in an
indoor swimming pool facility, using a fuzzy-based approach.

9.2.1 Fuzzy-based Risk Analysis

In complex environmental problems, uncertainties can be encountered during the
assessment that lead to an imprecise understanding of risk [29]. These uncertainties are due
to incomplete data, sampling, and frequency, which can be addressed by various tech-
niques. However, the application of soft computing techniques such as FL has been used
often in risk analysis. Fuzzy is a language with syntax and semantics used to convert
qualitative knowledge into numerical reasoning [30]. However, for the risk analysis of com-
plex systems, such as indoor swimming pools, it is difficult to communicate the potency of
risk on the basis of numerical values. Hence, engineers, environmentalists, decision-mak-
ers, regulators, managers, and stakeholders represent the risk linguistically (i.e. very low,
low, medium, high, and very high). This helps to improve the decision-making process by
identifying those areas that are at high risk and require mitigation measures. FL uses differ-
ent types of fuzzy numbers to represent linguistic variables. However, trapezoidal fuzzy
numbers and triangular fuzzy numbers (TFNs) are most commonly used. In this chapter,
TFNs have been used. The formation risk in an indoor swimming pool facility can be
defined as

Risk (R) = Likelihood (L) Consequences (C) 9.1)

The likelihood and consequence of the formation risk are represented by TFNs (i.e. triangular
fuzzy likelihood (TFL) (a;,b;,c;) and triangular fuzzy consequence (TFC) (ac,bq,cq),
respectively) to incorporate the uncertainty, as illustrated in Table 9.1.
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Table 9.1 Linguistic definitions for five-grade scale for likelihood, consequence,
and risk using triangular fuzzy numbers.

Likelihood (L)/ Triangular fuzzy number
Granular (G) consequence (C)/risk (R) (TFL, TFC, or TFR) Centroid(Gr)*
1 Very low [0, 0,0.25] 0.08
2 Low [0,0.25,0.5] 0.25
3 Medium [0.25,0.5,0.75] 0.5
4 High [0.5,0.75,1] 0.75
5 Very high [0.75,1,1] 0.92
f X.pydx
*Gr is the centroid of TFR defined as *—— [31].
fu%ﬂ

Using Eq. (9.1), the triangular fuzzy risk (TFR) can be calculated as
TFR = TFLATFC = (a;,b;,c;) ® (ac,boscc)a; *ag,b; * beycp * ) (9.2)

Table 9.1 describes the five-grade (or granular, G, to Gs) qualitative scaling: very low (VL),
low (L), medium (M), high (H), and very high (VH), for both likelihood and consequence.
This five-grade scaling provides more flexibility in expressing the linguistic variables for
likelihood and consequence comprehensively, to the decision-maker. Additionally, the
fuzzy risk will be described with the help of a five-scale system denoted by G, to G, for VL to
VH, respectively, as shown in Table 9.1. The corresponding membership function (u) is
defined as

L c 1-4x 0<x<0.25
py (xp) or puy (xp) =

0 025<x<1
0 ogxg;2
4
—2 1
4x—(p—2) pTgxng
i (x1) or iy (Xc) = ° (p=23,4)
p—4x p—§x§B
4 4
0 Poy<1
4
0 0<x<0.75

L C
X or = (X =
s G or s (xc) 4x—3 0.75<x<1

First, the TFR is mapped on the G, to G; scale, as illustrated in Figure 9.1, to obtain the fuzzy
risk. The points where TFR intersects with the defined scale VL to VH will be identified.
Next, a non-normalized five-tuple set of all the intersection points (intersection at more than
one point uses a maximum operator) will be created, which shows the membership of non-
normalized fuzzy risk (NFR) to the grades from VL to VH. Further, the NFR will be normal-
ized to obtain fuzzy risk, dividing the membership value of each by the cardinality C (sum of
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all the membership values). The risk will be obtained by defuzzification of the normalized
fuzzy risk (FR) using centroid method (i.e. G, x FR),

Gq:VL Gyl Ga:M GyH Gs:VH

Membership fucntion (j)
[eNeoNeoNoNoNoNoNeNel

O = MNWPHrOOOON©OO©=

o

0.5 0.75 1
Risk (Triangular fuzzy numbers)

0.25

Figure 9.1 Risk evaluation scale.

9.2.2 Application: An Indoor Swimming Pool Facility Case Study

In general, indoor pool facilities can be broadly classified based on (i) use (e.g. sports pools,
therapy and thermal baths, and competition pools) [32, 33]; (ii) types of user (e.g. public
pools, private pools, and semipublic pools) [33]; (iii) temperature (e.g. hot water pools and
cold water pools) [33]; (iv) size (50 m lap pool and 25 m lap pool); and (v) buildings (e.g. res-
idential pools, hotel pools, gymnasium pools, school pools, and university pools) [33, 34].

For this case study, the indoor swimming pool facility used consists of four types of pools: a 50 m
lap pool (PT-1), a 25 m lap pool (PT-2), a leisure pool (PT-3), and a hot tub (PT-4). All these pool
types face potential risk in terms of DBP formation. The formation of DBPs is highly influenced by
the organic content that has been introduced in the pool water by anthropogenic sources such as
humans [35]. The presence of these DBPs varies by pool type due to variation in number of users,
operational factors, and organic content input. These DBPs are believed to cause serious health
problems, as mentioned in Section 9.1. In addition to organic content, previous studies demon-
strate many operational and social factors that contribute to the deterioration of pool water.

The amount of organic content is associated with bathing load. For example, a high amount
of organic content represents a high bathing load [10, 33, 36]. The bathing load is also related
to the number of swimmers visiting the pool facility on a daily basis and their unhygienic
behaviors (i.e. not taking showers, urinating in the pool causing deterioration of the pool
environment, and having no knowledge about hygienic rules of the facility) [36, 37]. According
to British Columbia guidelines for pool operation,' the formation risk can be avoided if the
amount of free chlorine is maintained between 0.5 ppm (parts per million) and 5 ppm for
water temperature less than 30°C [38]. If the water temperature is higher than 30°C then the
amount of free chlorine should be maintained at 1.5 ppm [38]. In addition, the pool water
temperature should not exceed 37°C for all types of pool except hot tubs; the water tempera-
ture in a hot tub should not exceed 30°C [38]. To protect the health of swimmers it is essential
to estimate the risk for each pool type. This will help pool managers and operators to take the
necessary actions for risk mitigation and to identify the pool type with the highest risk.

1 B.C. Guidelines for Pool Operations is designed to help operators and regulators interpret the pool
regulation with respect to the operation of pools. These guidelines represent generally accepted standards of
safe practices in British Columbia.
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To assess the formation risks associated with these pools, data were abstracted from
Saleem et al. [39] for four types of pools. The data related to number of swimmers, water
temperature, free residual chlorine chloroform, and total organic carbon (TOC) were
selected, as listed in Table 9.2 [39].

Table 9.2 Factors impacting indoor swimming pools and chloroform.

Number of Temperature Free chlorine  TOC Chloroform
Pool type swimmers °C (ppm) (ppm) (ppm)
50 m* (PT-1) 12 25.6 1.43 1.68 35.7
16 25.9 1.23 1.48 35.7
29 25.5 1.14 1.5 30.9
25.9 0.83 1.55 38.3
25.7 1.14 1.42 30.4
27 25.6 1.55 1.39 32.8
19 24.7 1.35 1.42 34.3
25 m* (PT-2) 2 274 1.12 1.51 41.5
0 25.8 0.95 1.39 46.4
10 26.4 0.91 1.38 46.4
10 25.6 0.88 1.42 48.1
5 27.6 0.87 1.53 42.1
10 26.9 1.22 1.34 26.3
9 26.4 1.02 1.38 41.1
Leisure (PT-3) 5 29.5 1.56 3.95 63.6
17 30.7 1.53 3.76 69.5
16 29.5 0.94 3.6 63.6
0 28.4 0.78 3.4 86.4
4 31.0 1.35 3.32 64.7
9 30.0 1.09 33 80.1
0 31.6 1.2 3.14 91.8
Hot tub (PT-4) 0 30.2 9.0 2.0 87.1
3 321 1.24 5.66 82.4
7 31.6 1.46 6.0 72.6
0 329 2.18 5.75 51.2
4 36.0 3.0 5.9 57.0
9 32.7 2.2 6.19 95.5
2 34.6 1.02 6.24 65.9
*Lap pool.

9.3 Results and Discussion

For indoor swimming pools, the likelihood of chloroform concentration has been calculated
considering the factors mentioned in Table 9.2. Due to uncertainty in these factors, the
likelihood is converted into TFNs for each pool type. TFL is calculated by categorizing the
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data for all pool types separately, and individually taking the minimum, average, and
maximum value of each pool type data. All values are normalized on the scale of 0-1, and the
results of TFL are shown in Table 9.3.

Table 9.3 Triangular fuzzy likelihood (TFL).

Pooltype  TFL

Minimum  Average Maximum

PT-1 0.050 0.204 0.372
PT-2 0.001 0.061 0.110
PT-3 0.002 0.251 0.749
PT-4 0.010 0.346 1.000

The consequence of formation in each type of indoor swimming pool is represented
through the concentration of chloroform that has been generated due to likelihood (factors).
The approach used for the calculation of TFL is used for the calculation of TFC to incorpo-
rate the uncertainty in collection and analysis of samples, as described in Table 9.4.

Table 9.4 Triangular fuzzy consequence (TFC).

Pooltype  TFC

Minimum  Average = Maximum

PT-1 0.30 0.34 0.38
PT-2 0.26 0.42 0.48
PT-3 0.64 0.74 0.92
PT-4 0.51 0.73 0.96

TFR of each pool was calculated with parameters given in Table 9.5. For example, TFR for
PT-1 is the fuzzy multiplication of (0.05, 0.204, 0.372®) (0.30, 0.34, 0.38) obtained as (0.0152,
0.0694, 0.1423). The obtained TFR is mapped on the scale G, to G; to attain a five-tuple set

0.78 044 0 0 O
of NFR, as shown in Figure 9.2. The five-tuple set of NFR of PT-1 is {——,——,—,—,——
VL L M HVH
and the NFR for the remaining pools, PT-2, PT-3, and PT-4 is illustrated in Table 9.6.

Table 9.5 Triangular fuzzy risk (TFR).

Pool type TFR

Minimum  Average Maximum

PT-1 0.0152 0.0694  0.1423
PT-2 0.0002 0.0253  0.0528
PT-3 0.0012 0.1867  0.6877

PT-4 0.0053 0.2529  0.9550
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Figure 9.2 Estimating five-tuple set non-normalized fuzzy risk (NFR).

The NFR is then normalized using E“ (i.e. membership divided by cardinality) to obtain FR,

as listed in Table 9.7. For example, C = 1.22 for PT-1, FR will be {

Table 9.6 Five-tuple set non-normalized fuzzy

risk (NFR).

Pool type

NFR

PT-1

PT-2

PT-3

PT-4

078 044 0 0 O
VL’ L "M H' VH

092020 0 0
VL' L’'M H'VH

0.55 0.92 0.59 0.33 0 }

Table 9.7 Normalized fuzzy risk (FR).

Pool type

FR

PT-1

PT-2

PT-3

PT-4

0.64 036 0 0 O
VL' L "M H'VH

0.82 0.18 0 0 o]

b}

0.64 036 0 0 0 }
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Finally, the centroid method is used to obtain the final risk by defuzzifying the FR (i.e.
multiplying the FR with the centroid (Gr), as described in Table 9.8). For instance, the risk of
PT-1is 0.14 (i.e. low risk of formation). The PT-4 represents the hot tub as having the highest
value of formation risk, whereas the PT-2 has the lowest formation risk value. Although the
PT-4 has a relative higher risk compared to the other pools, on the developed fuzzy risk scale
it comes under the medium risk category, which is 0.25, 0.5, and 0.75 (Table 9.1). The risk
value estimated for PT-4 is close to PT-3 as both come under the medium risk category. There
are several factors that can be associated with relatively higher formation risk values for PT-4
and PT-3, including high temperature, increased number of swimmers, and increased dura-
tion of swimmers in the pool water, which is indirectly linked with the increase in the
organic content in pool water.

Table 9.8 Final risk of each pool type.

Pool type Final risk
PT-1 0.14
PT-2 0.11
PT-3 0.34
PT-4 0.43

Recent studies have demonstrated various pool design and management factors that have
an influence on pool facilities’ overall performance with respect to both water and air quality.
Moreover, the formation of DBPs has always been a prime source of concern for pool man-
agers as these DBPs are linked with various human health effects, as mentioned in Section
9.1. The formation of these DBPs is also linked to factors such as source water quality, tem-
perature, chlorine concentration, water renewal frequency, and proximity of bathers [40].
The temperature and number of swimmers are generally high in leisure (PT-3) and hot tub
(PT-4) pools according to some studies [39]. This might be a reason for the high formation
risk estimated for PT-4 and PT-3. Compared to 25 m and 50 m lap pools (i.e. PT-1 and PT-2),
the estimated formation risk in PT-4 is around three to four times higher, whereas the risk
estimated in PT-3 is two to three times higher. Some previous studies have also shown that,
after some time, water in the hot tub is two to four times more mutagenic compared to both
the original water used to fill them [41] and other lap pools. This is due to the higher temper-
ature of hot tub water providing conditions for bacteria to grow. These bacteria can be the
source of various infections or disease. Bacteria such as Legionella and Pseudomonas have
been reported to cause numerous infections including severe skin rashes, eye and ear infec-
tions, and pneumonia. These bacteria can be controlled and minimized by maintaining the
residual disinfectant level of the water [42]. Moreover, the PT-3 (leisure pool) has relatively
high formation risk compared to the lap pool. This is possibly due to bathers being at much
closer proximity and staying for a longer period of time in the leisure pool. This increases the
chances of reaction between organic matters from humans and pool disinfectant, indirectly
causing an increase in the possibility of risks [40].

There are several ways to minimize the associated formation risk in pools. Some studies
have shown a relationship between user behavior and human health risks. According to
the World Health Organization (WHO), all stakeholders, including pool facility workers,
local authorities, pool managers, and families, could play an important role in mini-
mizing unhealthy behaviors and ensuring pool safety through public education and
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appropriate and targeted information. An increase in knowledge/awareness of health
risks associated with swimming pools is required. Pool facility management and life-
guards could play a key role if, in addition to technical skills training, they received
training in educational and preventive aspects of human health effects. Moreover, the
managers of pool facilities should aim to promote the benefits of healthy behaviors
through proper training of staff as well as educational projects that target different groups
of swimming pool users according to age, frequency of exposure, and other factors that
can help minimize risks [43].

9.4 Conclusion

The model created in this chapter is based on FL, which gives a risk assessor the ability to
solve complex problems plagued with uncertainty and vagueness. There are several risks
associated with indoor swimming pools, which are relatively intangible in nature since exact
values cannot be given. However, in this chapter formation risk has been studied through
main variables, including likelihood and consequences. For both likelihood and conse-
quences, membership functions have been established. The method adopted allows for a
realistic preliminary assessment of the risk of formation in an indoor swimming pool. This
method can be used by swimming pool facility managers to evaluate the risk in all pool types
and ensure that safety measurements are satisfactorily based on the given data. This method
can be used as a preliminary risk assessment tool, able to highlight critical situations and the
need for more in-depth and complete analysis. Further, it can also be used to aid in decision-
making for risk reduction.

References

1 Chen, J. and Millar, W.J. (1999). Health effects of physical activity. Health Reports: Statistics
Canada 11 (1): 21-30.

2 Hang, C., Zhang, B., Gong, T., and Xian, Q. (2016). Occurrence and health risk assessment of
halogenated disinfection byproducts in indoor swimming pool water. Science of the Total
Environment 543: 425-431.

3 Bougault, V., Turmel, J., Levesque, B., and Boulet, L.P. (2009). The respiratory health of
swimmers. Sports Medicine 39 (4): 295-312.

4 Gilmour, H. (2007). Physically active Canadians. Health Reports / Statistics Canada,
Canadian Centre for Health Information = Rapports Sur la Sante / Statistique Canada,
Centre Canadien D’information Sur la Sante 18 (3): 45-65.

5 Olsen, K. (2007). Clear waters and a green gas: a history of chlorine as a swimming pool
sanitizer in the United States. Bulletin for the History of Chemistry 32 (2): 129-140.

6 Florentin, A., Hautemaniére, A., and Hartemann, P. (2011). Health effects of disinfection
by-products in chlorinated swimming pools. International Journal of Hygiene and
Environmental Health 214 (6): 461-469.

7 Bureau, G., Lévesque, B., Dubé, M., Gauvin, D., Lépine, F., and Laliberté, D. (2017). Indoor
swimming pool environments and self-reported irritative and respiratory symptoms among
lifeguards. International Journal of Environmental Health Research 27 (4): 306-322.

8 Aggazzotti, G., Fantuzzi, G., Righi, E., and Predieri, G. (1998). Blood and breath analyses as
biological indicators of exposure to trihalomethanes in indoor swimming pools. Science of
the Total Environment 217 (1-2): 155-163.

155



156

9 Risk Analysis for Indoor Swimming Pools

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

Aggazzotti, G. and Predieri, G. (1986). Survey of volatile halogenated organics (VHO) in
Italy: levels of VHO in drinking waters, surface waters and swimming pools. Water Research
20 (8): 959-963.

Chu, H. and Nieuwenhuijsen, M.J. (2002). Distribution and determinants of trihalomethane
concentrations in indoor swimming pools. Occupational and Environmental Medicine 59 (4):
243-247.

Judd, SJ. and Jeffrey, J.A. (1995). Trihalomethane formation during swimming pool water
disinfection using hypobromous and hypochlorous acids. Water Research 29 (4): 1203-1206.
Zwiener, C., Richardson, S.D., De Marini, D.M., Grummt, T., Glauner, T., and Frimmel, F.H.
(2007). Drowning in disinfection byproducts? Assessing swimming pool water.
Environmental Science and Technology 41 (2): 363-372.

Parrat, J., Donzé, G., Iseli, C., Perret, D., Tomicic, C., and Schenk, O. (2012). Assessment of
occupational and public exposure to trichloramine in Swiss indoor swimming pools: a
proposal for an occupational exposure limit. Annals of Occupational Hygiene 56 (3): 264-277.
Massin, N., Bohadana, A.B., Wild, P., Hery, M., Toamain, J.P., and Hubert, G. (1998). Respiratory
symptoms and bronchial responsiveness in lifeguards exposed to nitrogen trichloride in indoor
swimming pools. Occupational and Environmental Medicine 55 (4): 258-263.

Hery, M., Hecht, G., Gerber, J.M., Gender, J.C., Hubert, G., and Rebuffaud, J. (1995).
Exposure to chloramines in the atmosphere of indoor swimming pools. Annals of
Occupational Hygiene 39 (4): 427-439.

Thickett, K.M., McCoach, J.S., Gerber, J.M., Sadhra, S., and Burge, P.S. (2002). Occupational
asthma caused by chloramines in indoor swimming-pool air. European Respiratory Journal
19 (5): 827-832.

Jacobs, J.H., Spaan, S., van Rooy, G.B.G.J., Meliefste, C., Zaat, V.A.C., Rooyackers, J.M., and
Heederik, D. (2007). Exposure to trichloramine and respiratory symptoms in indoor
swimming pool workers. European Respiratory Journal 29 (4): 690-698.

Chu, T.S., Cheng, S.F., Wang, G.S., and Tsai, S.W. (2013). Occupational exposures of airborne
trichloramine at indoor swimming pools in Taipei. Science of the Total Environment 461-462:
317-322.

Lévesque, B., Vézina, L., Gauvin, D., and Leroux, P. (2015). Investigation of air quality problems
in an indoor swimming pool: a case study. Annals of Occupational Hygiene 59 (8): 1085-1089.
Beech, J.A. Estimated worst case trihalomethane body burden of a child using a swimming
pool. Medical Hypotheses 6 303-307.

Richardson, S.D., DeMarini, D.M., Kogevinas, M., Fernandez, P., Marco, E., Lourencetti, C.,
Ballesté, C., Heederik, D., Meliefste, K., McKague, A.B., Marcos, R., Font-Ribera, L., Grimalt,
J.0., and Villanueva, C.M. (2010). What’s in the pool? A comprehensive identification of
disinfection by-products and assessment of mutagenicity of chlorinated and brominated
swimming pool water. Environmental Health Perspectives 118 (11): 1523-1530.

Dyck, R.A. and Sadiq, R. Fuzzy physiologically based pharmacokinetic (PBPK) model of
chloroform in swimming pools.

Wen, M. (2015). Uncertain Data Envelopment Analysis. Berlin: Springer.

Sadiq, R. and Tesfamariam, S. (2009). Environmental decision-making under uncertainty
using intuitionistic fuzzy analytic hierarchy process (IF-AHP). Stochastic Environmental
Research and Risk Assessment 23 (1): 75-91.

Chhipi-Shrestha, G., Hewage, K., and Sadiq, R. (2017). Microbial quality of reclaimed water
for urban reuses: probabilistic risk-based investigation and recommendations. Science of the
Total Environment 576: 738-751.

Dyck, R., Sadiq, R., Rodriguez, M., Simard, S., and Tardif, R. (2017). A comparison of
membership function shapes in a fuzzy-based fugacity model for disinfection byproducts in



27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

References

indoor swimming pools. International Journal of Systems Assurance Engineering and
Management 8 (S4): 2051-2063.

Reza, B., Sadiq, R., and Hewage, K. (2013). A fuzzy-based approach for characterization of
uncertainties in energy synthesis: an example of paved road system. Journal of Cleaner
Production 59: 99-110.

Mays, M.D., Bogardi, I., and Bardossy, A. (1997). Fuzzy logic and risk-based soil
interpretations. Geoderma 77 (2-4): 299-315.

Phillis, Y.A., Kouikoglou, V.S., Andriantiatsaholiniaina, L.A., and Zhu, X. Environmental
applications of fuzzy logic. In: 2004 IEEE International Conference on Fuzzy Systems (IEEE
Cat. No.04CH37542), 1, 341-346. IEEE.

Sadiq, R., Kleiner, Y., and Rajani, B. (2007). Water quality failures in distribution networks:
risk analysis using fuzzy logic and evidential reasoning. Risk Analysis 27 (5): 1381-1394.
Yager, R.R. (1980). On a general class of fuzzy connectives. Fuzzy Sets and Systems 4 (3):
235-242.

ISO. (2012). Risk management information public swimming pools. https://amtrustfinancial.
com/getmedia/43dfcdel1-0b40-4b25-9b4e-c788dea2e828/Public-Swimming-Pools_1.pdf
(accessed 4 October 2022).

WHO. (2006). Guidelines for safe recreational water environments: volume 2: swimming
pools and similar environments.

Buchtal, A. (2010). The great book of swimming pools.

Lakind, J.S., Richardson, S.D., and Blount, B.C. (2010). The good, the bad, and the volatile:
can we have both healthy pools and healthy people? Environmental Science and Technology
44 (9): 3205-3210.

Pasquarella, C., Veronesi, L., Napoli, C., Castaldi, S., Pasquarella, M.L. et al. (2014). What
about behaviours in swimming pools? Results of an Italian multicentre study. Microchemical
Journal 112: 190-195.

Nemery, B., Hoet, P.H.M., and Nowak, D. (2002). Indoor swimming pools, water
chlorination and respiratory health. European Respiratory Journal 19 (5): 790-793.

Health Protection Branch MOH. (2014). BC guidelines for pool operations.

Saleem, S., Dyck, R., Hu, G., Hewage, K., Rodriguez, M., and Sadig, R. (2019). Investigating
the effects of design and management factors on DBPs levels in indoor aquatic centres.
Science of the Total Environment 651 (Pt 1): 775-786.

Anses. (2016). Health risks associated with swimming pools for collective use. https://www.
anses.fr/en/content/health-risks-associated-swimming-pools-collective-use (accessed 21
September 2022.

Daiber, E.J., DeMarini, D.M., Ravuri, S.A., Liberatore, H.K., Cuthbertson, A.A. et al. (2016).
Progressive increase in disinfection byproducts and mutagenicity from source to tap to
swimming pool and spa water: impact of human inputs. Environmental Science and
Technology 50 (13): 6652-6662.

British Columbia HealthLinkBC. (2017). Residential hot tubs and pools: health and safety
tips. https://www.healthlinkbc.ca/healthlinkbc-files/residential-hot-tubs-and-pools-health-
and-safety-tips (accessed 21 September 2022).

Gallg, F., Dallolio, L., Marotta, M., Raggi, A., Di Onofrio, V., Liguori, G., Toni, F., and Leoni,
E. (2016). Health-related behaviors in swimming pool users: influence of knowledge of
regulations and awareness of health risks. International Journal of Environmental Research
and Public Health 13 (5).

157


https://amtrustfinancial.com/getmedia/43dfcde1-0b40-4b25-9b4e-c788dea2e828/Public-Swimming-Pools_1.pdf
https://amtrustfinancial.com/getmedia/43dfcde1-0b40-4b25-9b4e-c788dea2e828/Public-Swimming-Pools_1.pdf
https://www.anses.fr/en/content/health-risks-associated-swimming-pools-collective-use
https://www.anses.fr/en/content/health-risks-associated-swimming-pools-collective-use
https://www.healthlinkbc.ca/healthlinkbc-files/residential-hot-tubs-and-pools-health-and-safety-tips
https://www.healthlinkbc.ca/healthlinkbc-files/residential-hot-tubs-and-pools-health-and-safety-tips




159

Part IV

Fuzzy Logic Applied to the Management of Water Distribution
Networks






10

Fuzzy Parameters in the Analysis of Water Distribution
Networks

Rajesh Gupta® and Lindell Ormsbee’

! Visvesvaraya National Institute of Technology, Nagpur; India
2 Kentucky Water Resources Research Institute, University of Kentucky, Lexington, KY USA

10.1 Introduction

The analysis and design of water distribution networks (WDN5) involves several parameters,
like length, diameter, pipe roughness, pipe discharge and head loss, nodal demands, reservoir
water levels, etc. Some of the parameters are known and used to determine others in the anal-
ysis and design of WDNSs. The values of some of the parameters, like pipe lengths, are pre-
cisely known and remain constant over time. The precise value of other parameters, like pipe
diameter and pipe roughness coefficients, can be obtained when new; however, due to the
aging process and deposition on the inside surface of pipes, the diameters and pipe roughness
coefficient change with time and their future value cannot be obtained accurately. Uncertainty
creeps in due to the unknown magnitude of the change. Further, there are some parameters,
like nodal demands, that are dependent on various factors, such as population served by
node, per capita consumption, peak factor, etc., which themselves have inherent uncertainty.
Therefore nodal demands cannot be obtained accurately. Even though the diameter of a pipe
varies with time, it is common practice to assume that the diameter remains constant over
time, but its pipe roughness coefficient value does change. Thus, pipe roughness coefficients,
reservoir water levels, and nodal demands are taken as imprecisely known. Besides, impre-
cise knowledge of the values of parameters, there are other sources of uncertainties, such as
from the head loss formula and the coefficients taken in that formula. The Darcy-Weisbach
formula, the Hazen-Williams (HW) formula, the modified HW formula, the Manning or
Strickler formula are all used in different countries. Different formulas give different values of
head loss. Moreover, there are uncertainties in the coefficients in these formulas. For example,
in the HW formula the constant 10.68 is taken to be as low as 10.4516 to as high as 10.9031 in
the literature [1, 2], and the value of the exponent of discharge is 1.85 or 1.852, giving different
values of head loss in pipes. However, once the formula is chosen and the coefficients fixed,
the answers we get are acceptable. However, inherent uncertainty is present. In order to
explore how the uncertainties in the independent or basic parameters are propagated to
dependent or derived parameters we will employ fuzzy set theory.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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Several shapes of membership functions, such as triangular, trapezoidal, Gaussian,
etc., are available. Fuzzy parameters of WDNs are represented through membership
functions, such as triangular and trapezoidal. A triangular membership function is
most common for any parameter as it shows likely variation on either side of most
likely (normal) value of the parameter, and can be used for both nodal demands and
pipe roughness coefficient values. However, when the pressure requirement is to be
checked for both minimum and maximum daily demands with associated uncertainties,
a trapezoidal membership function is used. A triangular membership function for the
HW coefficient, C, and trapezoidal function for nodal demand, g, are shown in Figure
10.1 (a) and (b), respectively.

(@) (b)
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—» HW coefficient, C —» Nodal demand, ¢

Figure 10.1 Membership functions: (a) triangular for the HW coefficient, C, and (b) trapezoidal for
nodal demand, g.

In Figure 10.1, C™ = minimum value of C; C™" = most-likely (i.e. normal value of C); and
C™ = maximum value of C; ¢™" = minimum value of q; ¢ = lower limit of the range of
most-likely values (i.e. lower limit of the range of normal value of q); " = upper limit of
the range of the normal value of g; and ¢™* = maximum value of g. It is worthwhile to
remember that the membership function shows possibility distribution. The possibility of a
value increases as one move from zero to one. A cut parallel to the x-axis is known as an
alpha-cut (a-cut), or lambda-cut (A-cut). Thus, for an a-cut with a = o* (0 < a* < 1), we get
two values of the parameter, both with a membership value of a*. Considering the precise and
fuzzy known parameters as independent parameters, we will obtain membership functions
for the unknown parameters as dependent parameters. The base of fuzzy independent param-
eter (i.e. the maximum and minimum values) are fixed based on the past experience.

10.2 Pipe Network Hydraulic Principles and Relationships

Considering the fuzziness of the independent parameters, for an a-cut, o = o*, the head loss
h, in pipe x is given by

(hx )a:a* = % = (RxQ::)a:a* (101)
D’

X

in which Ly, Dy, and Q, are the length, diameter, and discharge in pipe x, respectively. K,
n, and r have values depending on the formula used and the units of different
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parameters. For the Darcy-Weisbach formula, K = f/12.1, n = 2, and r = 5 (f is friction
factor); for the HW formula, K=10.68/Cfy , n = 1.85, and r = 4.87 (Cyw is the HW coef-
ficient); for the Strickler formula, K = 10.3/S% n = 2, and r = 5.33 (S is the Strickler coef-
ficient); and for the Manning formula K = 10.3 N>, n=2,and r=5.33 (N is the Manning
coefficient). The independent parameter pipe resistance constant, R,, is fuzzy due to the
fuzziness of pipe roughness characteristic such as coefficient of friction f in the Darcy-
Weisbach formula, HW coefficient Cyw, expressed here as C, Manning coefficient N or
Strickler coefficient S.
For a-cut, a = a*, the node flow continuity relationship is given by

> (Q)acar T(@)a—ax =0 (10.2)

x cnnected to j

in which nodal flow g; is also fuzzy.
For a-cut, a = o, the loop head loss relationship is given by

S ) =Y (RQY)aes =0 (10.3)

xec xec

Fuzzy analysis using o-cut methodology involves determining the extreme values of
dependent parameters at various a-cut levels by selecting appropriate values of independent
fuzzy parameters and solving Egs. (10.2) and (10.3). The extreme values of any dependent
parameters at various a-cut are then used to develop its membership functions.

10.3 Monotonic and Non-monotonic Change in Dependent
Parameters

The nodal heads and the pipe discharges (or pipe velocities) are the usual dependent param-
eters of concern in the network analysis. The nodal heads and pipe discharges in the net-
work may increase or decrease depending on the uncertainty in nodal demands and pipe
roughness coefficients. The following can be interpreted from network hydraulic principles
described by Egs. (10.1) to (10.3).

1) With the increase in demand at any node in the network having a constant supply head,
the head loss in the network increases. Therefore, nodal head decreases at all the demand
nodes.

2) With the increase in resistance of any pipe (due to change in the pipe roughness coeffi-
cient), the head loss in that pipe increases, thereby decreasing the discharge in that pipe.
Therefore, discharge will increase in other connected pipes to this node to balance the
continuity equations. The effect will continue to other nodes also. Thus, pressure will
increase at some nodes and decrease at others.

Monotonic change implies continuous increase or decrease of dependent parameters with
the change in independent parameters in the space of a-cut interval, as shown in Figure
10.2(a) [3]. In the non-monotonic change there may exist global or local extreme values in
the space of a-cut intervals of independent parameters, as shown in Figure 10.2(b). If the
pressure head decreases due to an increase in demand or an increase in pipe resistance, this
will continue to do so. The pressure head may be observed less than the minimum required
pressure at some of the nodes. Similarly, if the discharge (or velocity) in any pipe reduces due
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to the change in nodal demands and pipe resistances, it may happen that flow direction in
that reverses. Figure 10.3(a) shows a graph of HW coefficient for the case of a monotonic
pipe discharge, when negative sign of velocity is considered [4, 5]. In reality, the negative
sign of pipe discharges (or velocities) is actually reflecting a change in the direction of flow.
Therefore, the minimum value pipe discharges (or velocities) will be zero, as shown in
Figure 10.3(b) [3, 6-8]. As we will see, monotony in dependent parameters helps to simplify
the process of fuzzy analysis.

—
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Figure 10.2 Change in dependent parameter with independent parameter: (a) monotonic and
(b) non-monotonic.
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Figure 10.3 Change in velocity with HW coefficient: (a) monotonic, when negative sign of velocity
is considered and (b) non-monotonic, when only magnitude of velocity is considered.

10.4 Methods of Fuzzy Analysis

Fuzzy analysis methods can be classified broadly into two categories as: (i) methods based on
optimization and (ii) methods based on analysis. While methods based on optimization solve
several optimization problems to obtain the extreme values of different dependent parame-
ters at various a-cut levels, methods based on analysis obtain such values based on hydraulic
analysis only.

10.4.1 Optimization-based Methods

Consider a looped network having M source nodes, labelled 1, ..., M, and N demand nodes,
labelled M + 1, ..., M + N (=), so that the node labels are j = 1, ..., J. Let the pipe labels be
X, x =1, ..., X; and the loop labels, including pseudo loops be ¢, c =1, ..., C + M - 1. The
membership function of a dependent parameter, say Q,, for an a-cut at a = a*, requires the
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maximum and minimum values of Qy, i.e. MaX (Qy)y = o+ and Min (Qy), = o+ This optimiza-
tion problem must satisfy the node flow continuity equality constraints given by Eq. (10.2)
and loop head loss equality constraints of Eq. (10.3). Further, the selected value of the
independent parameter must lie within the boundaries of the minimum and maximum
values at a = o*. The optimization problem can be formulated for obtaining the member-
ship functions for pipe discharges as follows by considering the resistance constant of each
pipe as imprecise.

Max or Min(Q,),_,+xX=1,.,X (10.4)
Subject to
Z (QX)(‘A:(L* "qu :O,J: 1,...,] (105)
x cnnected to j
Z(hx)n:n* = Z(RXQ)}:)Q:{)* - O,C - 19---5C + M - 1 (106)
xec xec
(RE™)o—qr SR S(RY™)_gesX = Lo X (10.7)

This is a constrained nonlinear optimization problem. Similarly, problem can be written for
obtaining membership functions of nodal heads. Also, the constraints can be added for other
uncertain parameters, such as water levels in the reservoir or nodal demands.

10.4.1.1 Solution Using Sequential Quadratic Programming

Revelli and Ridolfi [5] were the first to address the problem of fuzzy pipe network analysis.
They used the sequential quadratic programming (SQP) method to obtain a solution for the
problem defined by Egs. (10.4) to (10.7). They found the method to be both efficient and
robust. The method uses a Newton-type iterative procedure to search for the maximum and
minimum values of the objective function. The method consists of three steps:

Step 1: Combine the objective function of Eq. (10.4) and the constraints of Egs. (10.5) and
(10.6) to obtain a Lagrange function, thus converting the problem into an unconstrained
one. (The boundary-value constraint (10.7) is treated separately.) It is then approximated
by means of its Hessian at each iteration.

Step 2: Solve the problem by quadratic programming.

Step 3: Use the solution to identify the directions along which the independent fuzzy param-
eters should move to reach the extreme values of the objective function.

To improve the convergence characteristics, they suggested to start with o* = 1 (the normal
value), and then decrease o* from time to time and use the extreme values of the previous
a*-cut level as the tentative values in the next step corresponding to the new a*-cut level.
This makes the algorithm to locate the extreme values of the new o*-cut level more effi-
ciently and with more certainty. Thus, in this method, to obtain Q™ and Q™" values for
an o*-cut for all X pipes of the network, 2X fuzzy optimization problems, one for the
maximum and the other for the minimum for each of the X pipes are solved. The exact shape
of the membership function of a dependent parameter depends on the number of a-cut
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levels, which can be chosen depending upon the required accuracy. For nf number of a-cuts,
the number of fuzzy optimization problems will be (nf — 1) X 2X + 1.
Once the intervals (Q"™,Q™),_, . for the pipe discharges are known, using these values

it is possible to obtain the intervals for pipe head loses. Thus

(h)rcnin’h)lcnax )a:a* = (RJrcnin’R)rcnax )a:a* X (Q)rcnin’Q)Icnax )Z:o* (108)
in which the extreme values of h, are obtained by combining the extreme combinations
(R™M™ QM™) and (R™*,Q™*) . Thus, starting from the node with a known hydraulic gra-
dient level (HGL) value, it is possible to obtain the membership functions of the HGL values
at all nodes of a network.

The method is observed to work well for small networks. However, for the medium-sized
network having one source node, 179 pipes, 141 demand nodes, and 38 loops of Gittikhadan
Zone of Nagpur, India, introduced by Gupta and Bhave [4], Moosavian and Lence [9] (also
10) observed that the SQP method did not converge to the global optimum, and a suboptimal,
narrower range of nodal pressures was obtained for all nodes.

10.4.1.2 Solution Using Genetic Algorithm
Branisavljevic and Ivetic [3] considered uncertainty in pipe roughness coefficients for fuzzy
analysis. The suggested genetic algorithm (GA) was used to obtain the membership functions
of nodal heads and pipe discharges. Thus, this method requires solving 2X fuzzy optimiza-
tion problems to obtain Q™ and Q™" values, and further 2N fuzzy optimization problems
to obtain H™™ and H;“i“ for any o*-cut. They used GA components code written in C++
from the library [11] and linked EPANET [12] as a hydraulic solver in the code written in
C++. GA is relatively simple to use when dependent parameters change monotonically with
independent parameters as one of two boundary values are to be selected for each uncertain
parameter. Thus, decision variables will be discrete and limited to 2X in this case. However,
in non-monotonic change, the independent variable can take any value in the space between
a*-cut interval. Thus, in this case the decision variable will be continuous, and obtaining its
exact value will be relatively difficult. Sivakumar et al. [13], who also linked GA and EPANET,
admitted this fact by stating that “variables are generated as continuous function. This
causes slight variation in the result particularly in the lower range of roughness value.”
Haghighi and Asl [6] discussed that the optimization problem that arises in the fuzzy anal-
ysis of pipe networks is neither a single objective problem nor a common multi-objective
problem. It belongs to a special class of optimization in which there are many independent
objective functions to be simultaneously optimized with the same set of constraints. A mod-
ified nondominated sorting genetic algorithm (NSGA-II) was developed to find all extreme
values of the dependent parameters in a single optimization run. A new closeness/distance
operator was introduced to the NSGA-II instead of its standard crowding distance operator
since no tradeoff between the problem objective functions is required in the fuzzy analysis.
The new operator helped in quickly obtaining the extreme values for the several independent
objective functions. Although multi-objective optimization provided the entire fuzzy anal-
ysis in a single run, the number of evaluations and time required were significant as dis-
cussed in Section 10.4.1.3.

10.4.1.3 Solution Using Other Evolutionary Methods
Shibu and Reddy [14] considered the monotonic behavior of dependent parameters with
independent parameters. In such cases, extreme values of independent parameters provide
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extreme values of dependent parameters. Thus, the constraint equation, Eq. (10.7), is
replaced by boundary value constraint as

(Cmmy . <C, < (0 x=1,...X (10.9)

a=a*

Shibu and Reddy [14] used the cross-entropy method to select the proper combination of pipe
resistance constants to obtain the membership functions of nodal heads and pipe discharges.
Sabzkouhi and Haghighi [7, 8] developed many-objective particle swarm optimization
(MO-PSO) to solve fuzzy analysis problems involving several independent objective functions
to be solved with the same set of constraints. The MO-PSO starts in a similar way to standard
PSO, by flying particles with randomly assigned positions and velocities in the search space.
Each particle is analyzed using EPANET and evaluated for different objective functions.
Particles are ranked based on the different objectives and grouped as per the objectives. New
positions of the particles are generated considering global best and historical best position of
particles in the individual group. The optimization process continues till no further improve-
ment in the solution is observed. However, the number of EPANET runs required in MO-PSO
as compared to that in NSGA-II is relatively less. The network introduced by Haghighi and
Asl [6] of the city of Khorramshahr in southwest Iran had 45 demand nodes, 65 pipes, and
20 loops, required 590 040 EPANET runs against 2 620 000 by Haghighi and Asl [6]. However,
this approach is also computationally burdensome for the fuzzy analysis of large WDNs.
Gupta and Sreetu [15] suggested the Jaya algorithm [16] to obtain membership function of
pipe velocities considering non-monotonic behavior. By application on the Khorramshahr
city network, they concluded that the Jaya algorithm was capable of providing minimum
velocity as zero in pipes with a reversal of flow but was also computationally burdensome.

10.4.2 Analysis-based Methods

These methods assumed monotonic change of dependent parameters with independent
parameters.

10.4.2.1 Solution Using Impact Table

Gupta and Bhave [4] suggested a fuzzy analysis method that avoided using any optimization
model. Their methodology first determined the impact of change of all uncertain independent
parameters on all dependent parameters numerically by increasing/decreasing all of the
parameters, one by one, by a small amount through hydraulic analysis. Considering
the monotonic change of the dependent parameter with the independent parameter, proper
extreme values of independent parameters were selected to determine the extreme values of
the dependent parameters. Thus, if the impact of increase in the independent parameter was
observed to be positive (i.e. there was an increase in the value of the dependent parameter)
then the maximum value of this independent parameter was selected during the maximiza-
tion of the dependent parameter. If the impact of increase in the independent parameter was
observed to be negative (i.e. there was a decrease in the value of the dependent parameter)
then the minimum value of thisindependent parameter was selected during the maximization
of the dependent parameter.

This method requires (i) a normal analysis using the most likely values of uncertain param-
eters, one analysis for each of the uncertain parameters to obtain the impact of change, and
(ii) an analysis at each selected a*-cut, except for o* = 1 for obtaining minimum and maximum
values of dependent parameters. Thus, considering X pipe resistance constants (or pipe
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roughness coefficients) and N nodal demands as uncertain, there will be X + N + 1 hydraulic
analyses for constructing an impact table. Further, considering the requirement of the mem-
bership function for nodal heads and pipe discharges (or velocities), 2 X(X + N) hydraulic
analysis will be required at each a*-cut except for a* = 1 for minimum and maximum values
of dependent parameters. Considering nfnumber of o*-cuts, the number of hydraulic analyses
for minimum and maximum values of dependent parameters for all a*-cut except o* = 1 will
be 2 X(X + N) X(nf — 1). Thus, the total hydraulic analysis for an entire fuzzy analysis will be
(2x nf—1)xX(X+ N) + 1). It is to be noted that hydraulic analysis can be reduced substantially
if membership functions are required for only nodal heads and not required for pipe dis-
charges (or velocities). In such cases, impact is to be determined only for the change in pipe
roughness on nodal heads, as the impact of a change in nodal demands on nodal heads can be
simply predicted from hydraulic principles as discussed above. In this case, the number of
hydraulic analysis for the nodal heads will be 2 X(nf — 1) X N + X + 1. Further, if nodal
demands are uncertain and membership functions for nodal heads are required, no analysis
is necessary for obtaining an impact table. The number of hydraulic analysis for the fuzzy
analysis of nodal heads will be 2 X[nf— 1) X N + 1.

Gupta et al. [17] extended the application of an impact table based methodology to the
fuzzy analysis of pressure-deficient networks. Herein, nodal flows are the additional
dependent parameters which are assumed to change monotonically with independent fuzzy
parameters in the given fuzzy interval.

Moosavian [10] suggested obtaining a Jacobian matrix for the dependent parameters with
respect to fuzzy independent parameters. This Jacobian matrix is used the same as an impact
table. Gupta and Bhave [4] developed an impact table using the signs of gradient values
obtained numerically. Moosavian [10] suggested obtaining gradient values through a chain
rule of differentiation by using a first-order partial derivative of pipe head loss equations
(Eg.10.1) and node flow continuity equations (Eq. 10.2) with respect to dependent parameters
and fuzzy independent parameters.

10.4.2.2 Solution Using Complete Enumeration

A fuzzy analysis solution can also be obtained through complete enumeration. In this case, the
uncertain parameters take one of the two extreme values at any a-cut for optimal value of any
dependent parameter. Thus, considering X pipe roughness coefficient as uncertain, there will be
2% combinations of uncertain variables. Karmakar [18] suggested a hydraulic analysis with dif-
ferent possible combinations. From the solutions of different analyses, maximum and minimum
values of dependent parameters can be selected to obtain a membership function. Sivakumar
et al. [19] also suggested the same method and called it the vertex method. The number of pos-
sible combinations goes on increasing with the number of uncertain parameters. Hence, the
method is feasible for only a small network. The number of combinations of uncertain parame-
ters considering uncertainty in nodal demands and pipe roughness coefficients for the medium
size networks of the city of Khorramshahr and the Gittikhadan area of Nagpur in India will be
219 (= 1.3 x 10*) and 217 (= 2.1 x 10%), respectively. Considering approximately 20 sec-
onds for 1000 EPANET runs for the network of the Gittikhadan area on Intel Core 2Duo central
processing unit (CPU) P8700 (Intel, Santa Clara, California) at 2.53 GHz and 4.00 GB RAM [9],
the time required to check all combinations will be several years.

10.4.2.3 Solution Using Newton-Raphson Method

Spiliotis and Tsakiris [20] suggested an approach based on the monotony of node flow
continuity equations to develop a membership function for dependent parameters considering
fuzzy nodal demands. They converted fuzzy analysis problems to crisp analysis problems and
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applied the Newton-Raphson method [21] to estimate the fuzzy nodal pressures. The main
limitation of this approach is that it can be used only for uncertain nodal demands and not for
uncertain pipe roughness coefficient. Also, the membership function for discharge (or
velocity) cannot be obtained by using this methodology.

In fact, it was found that the membership function of nodal heads can be obtained directly
by selecting lower values of demands at all nodes for maximum values of dependent parame-
ters and higher values of demands at all nodes for minimum values of dependent parameters.

10.4.2.4 Solution Using Partial Gradient Values

Using the co-content model [22], Moosavian and Lence [9] showed that the gradient of nodal
demand with respect to the nodal head is always less than zero. Thus, both of them are
inversely proportional. That is, as the nodal demands increase, the pressure head at that node
decreases. Not only at that node, but at all other nodes also, the head decreases as the required
flows and corresponding friction losses increase. Therefore, the maximum/minimum value
of the nodal head occurs at the minimum/maximum value of nodal demands.

Further, considering the head loss using Eq. (10.3) in terms of pipe resistance and evalu-
ating signs of gradients of pipe resistance with respect to heads at upstream and downstream
nodes of that pipe, they showed that the gradient is positive with respect to the head at the
upstream node and negative with respect to the head at the downstream node. Therefore, it
was suggested that, to find the maximum value of the nodal head at a node, resistance for all
pipes with flow directions entering the node should be set to their maximum values, and
resistance for all pipes with flow directions exiting the node should be set to their minimum
values. Now, the question is about pipe resistance constants to be taken for pipes not
connected at that node. They suggested selecting minimum values of pipe resistances for
pipes not connected at that node if the nodal head was to be maximized and selecting
maximum values of pipe resistances for pipes not connected at that node if the nodal head
was to be minimized.

As compared to methods based on the impact table [4] that determine gradient numeri-
cally and its direction for all the dependent parameters with respect to all the uncertain
independent parameters, the method of Moosavian and Lence [9] uses partial information.
The membership function of the nodal heads is therefore approximate. Further, the method
cannot provide membership for pipe discharges (or velocity).

10.5 Comparison of Fuzzy Analysis Methods and Discussion

Fuzzy analysis methods, as briefed in Section 10.4, are compared on various aspects and
shown in Table 10.1. The following general observations can be made from Table 10.1.

1) The optimization based fuzzy analysis methods are mainly useful when output parame-
ters change non-monotonically with input parameters. The number of hydraulic simula-
tions required in case of optimization methods are fewer than required by analysis
methods based on complete enumeration [18, 19]. However, these are many times more
than that required by other methods based on analysis [4, 9]. With consideration of
monotonous relationship, the nonlinear optimization problem changes to a discrete opti-
mization problem which can be easily solved using the cross-entropy method [14].

2) Theimpacttable method of Gupta and Bhave [4] and gradient-based method of Moosavian
[10] differ only in the way the gradients of dependent parameters with respect to
independent fuzzy parameters are obtained. Both provide the same solution.
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3)

4)

5)

6)

10.6 Illustration of Fuzzy Analysis Using Impact Table

All the methods based on analysis use the monotony of output parameters with input param-
eters, except that based on the Newton-Raphson method [20], which uses the monotony of
continuity equations. An assumption of monotony may not be true in the case of pipe dis-
charges. The membership function needs to be modified in such cases as discussed else-
where in this chapter with the results of the network used for practical application.

Some of the methods are capable of considering both nodal demands and pipe roughness
coefficients as uncertain, some consider only one of them. Methods that consider only
pipe roughness coefficients as uncertain can be easily extended to include uncertainty in
nodal demands.

Fuzzy analysis can be used: (i) to verify whether uncertainties in some hydraulic quan-
tities are compatible with the working requirements of the network so that changes to the
system can be made during the planning stage of a design [5, 23], (ii) in predicting accu-
rate water quality parameters through modeling that requires correct information of pipe
velocities, and (iii) to limit the extreme values of dependent parameters within permis-
sible limits during operation stages by monitoring valves in different pipes and thereby
increasing or decreasing discharges in pipes and head values at demand nodes [4]. Thus,
both nodal heads and pipe discharges are useful in making decisions. Therefore, fuzzy
methods that provide membership functions of nodal heads only have a limited use.

The method of Gupta and Bhave [4] based on the impact table can consider both nodal
demands and pipe roughness as uncertain and provide membership functions of both
nodal heads and pipe discharges. In fact, any combination of parameters from pipe resis-
tance constants, pipe discharges, nodal demands, and nodal head values can be consid-
ered dependent parameters, as long as network solvability rules are satisfied. It provides
accurate membership functions, and computational efforts are much less in terms of
computational time and cost than any optimization-based methods.

10.6 Illustration of Fuzzy Analysis Using Impact Table

The network shown in Figure 10.4 taken from Bhave and Gupta [22] is used for the illustra-
tion of methodology. It has two source nodes (1 and 2), nine demand nodes (3, ..., 11), and 14
pipes (1, ..., 14).

3 4 5
1 0—> > >
1 2 3
Y4 \ & v6 7
20— N > 8 9
8 6 9 10
vi2 v13
11 14
J
10 11

Figure 10.4 Two-source network.

Nodes 1 and 2 are elevated reservoirs with normal HGL values of 100 and 95 m, respec-

tively. Maximum uncertainty of +£0.5 m exists in HGL. The normal demands at nodes 3, ..., 11
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are 5, 6,4, 3,8, 5,4, 6,and 3 m*/min. Uncertainty in nodal demands are considered as +5%.
HW coefficients are also considered uncertain. Pipe 6 has been recently installed. Therefore,
its C value is assumed to be 130, a precise value. The pipe data are given in Table 10.2. The
maximum, normal and minimum C values of other pipes are as given in the table. The
EPANET 2.0 [12] is used for simulation of the network.

Table 10.2 Pipe data.

Pipe Length (m)  Diameter (mm) HW coefficient
Maximum Normal Minimum

1) 0} (3) “@ () (6)
1 200 500 105 100 95
2 1000 450 105 100 90
3 800 300 100 95 90
4 900 400 100 95 85
5 1000 400 100 95 85
6° 1200 350 — 130 —
7 1500 200 100 95 90
8 300 400 100 95 90
9 900 300 100 95 90
10 1000 300 100 95 90
11 1500 250 100 95 90
12 1000 300 100 95 90
13 1100 250 95 90 85
14 1300 200 90 85 80

 Recently installed pipe.

Fuzzy analysis is carried out to obtain membership functions of all pipe discharges and
nodal heads. The flow directions in pipes are fixed such that the pipe discharges are positive
for analysis with normal values for all independent parameters. The pipe network is ana-
lyzed with all independent parameters at their normal values. The obtained pipe discharges
are shown in row 1, Table 10.3. The supplies at source nodes and HGL values at demand
nodes are shown in row 1, Table 10.4. The steps for further analysis are:

Stepwise Analysis and Results

1) No analysis is necessary to know the impact of increase in any reservoir level or any nodal
demand on the nodal heads. However, herein analysis is required as impacts on different
pipe discharges are required which may increase or decrease. Therefore, the impact table
is prepared considering changes in all the independent parameters.

2) Independent parameters are selected one by one to increase the value to maximum by
keeping others at normal. First of all, H, is selected and is set to its maximum value of
100.50 m.

3) By comparing the obtained value of each dependent parameter with its corresponding
value in row 1, (see Tables 10.3 and 10.4), it is found whether a dependent parameter has
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4)

5)

increased or decreased. The increased dependent parameter is indicated by I; while the
decreased dependent parameter is indicated by D, as shown in row 1 of Tables 10.5 and
10.6. In Table 10.5, the impact of an increase in the value of an independent parameter on
the value of nodal supplies at source nodes and nodal heads at demand nodes are shown.
In Table 10.6, the impact of an increase in the value of an independent parameter on pipe
discharges is shown. These tables are defined as impact tables.

Steps 2 and 3 are repeated for other independent parameters (rows 2, ..., 24 in the impact
table, Tables 10.5 and 10.6). Note that since the HW coefficient of pipe 6 is precisely
known, it is not included in column 2, which shows independent fuzzy parameters.

The maximum value of g, is obtained from network analysis by changing the independent
parameters to their maximum values or minimum values as indicated in column 3 of
Table 10.5.

Table 10.5 Impact of increase in head at source node and nodal demand on HGL at demand node.
Increase/
!nc'rease :z;:e;z:::y Increase/decrease in nodal HGL
Row in input
parameter
q: '} Hy Hy Hs He Hy Hg Hy Hio  Hiu

@ ©) 3 @ &G e O © © @ a0 12 a3

1 H,; I D I I I I I I I I I

2 H, D I I I I I I I 1 I I

3 Q3 I I D D D D D D D D D

4 qa I I D D D D D D D D D

5 qs I I D D D D D D D D D

6 Qs I I D D D D D D D D D

7 q7 I I D D D D D D D D D

8 qs I I D D D D D D D D D

9 Q9 I I D D D D D D D D D
10 q10 I I D D D D D D D D D
11 qn I I D D D D D D D D D
12 (o) I D I I I I I I I I I
13 C, I D D I I I I I I I I
14 Cs I D D D I I I I 1 I I
15 C, I D D D D I I D D I D
16 Cs I D D D I I I I I I I
17 C; I D D D D I I I 1 I I
18 Cs D I I I I I I I I I I
19 Cy D I I I I D I I I I I
20 Cyo D I I I I D D I 1 D I
21 Cn D I I I I D I I I I I
22 Cy I D D D D I D D D I D
23 Cy3 D I I I I D D D 1 D I
24 Cua D I I I I D D D I D D
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Table 10.6 Impact of increase in head at source node and nodal demand on pipe discharge.

Increase/decrease in pipe discharge
Increase

in input
Row parameter @ Q@ Q@ Qs O QO Q0 QO Q 0O Qu 0Qn 0z 0w
o @ B @ G © O @& O q Q) 02 a3 a4 as ae)
1 H, 1 I 1 I I I 1 D D D D 1 D D
2 H, D D D D D D D I I I I D I I
3 qs 1 D D D D D D 1 1 1 I D 1 I
4 qa 1 I D D D D D 1 1 1 1 D I I
5 qs I I I D 1 D D I I I I D I I
6 Qe 1 1 1 1 I 1 I 1 D D D I D D
7 q7 1 I 1 I I I 1 1 1 D 1 D D D
8 qs I I I D 1 I I I I I I D D D
9 qo 1 1 1 D I 1 I 1 1 1 I D 1 I
10 q10 1 I 1 I I I 1 1 1 D 1 1 D D
11 qn I I I D 1 I I I I I I D I D
12 o 1 1 1 1 I 1 I D D D D I D D
13 C, 1 I 1 D I I 1 D D D D 1 D D
14 Cs I I I D D I I D D D D I D D
15 Cy 1 D D 1 D D D D 1 1 I D 1 I
16 Cs 1 I D D I D D D D 1 D 1 I I
17 C; I I I D D D I D D D D I D D
18 Cy D D D D D D D 1 1 1 I D 1 I
19 Cy D D D I D D D 1 1 1 D 1 I I
20 Cio D D D I 1 D D I I I I D I I
21 Cn D D D 1 D D D 1 D I I D 1 I
22 Cia 1 I 1 D I I 1 D 1 D D 1 D D
23 Ci3 D D D I 1 I D I I I I D I I
24 Cis D D D 1 I 1 D 1 1 1 I D 1 I

6) Independent parameters are changed, column-wise, as indicated in columns 4-13 of the
impact Table 10.5 and columns 3-16 of Table 10.6, and the network is re-analyzed. The
maximum values of other dependent parameters q,, @, .., Q, and H;, .., Hy;
are successively obtained. The obtained maximum values of dependent parameters are
shown in row 2, Tables 10.3 and 10.4.

7) To obtain the minimum values of the dependent parameters, the independent parameters
are appropriately changed to their extreme values, and the network is consequently
re-analyzed. The obtained minimum values of the dependent parameters are shown in
row 3, Tables 10.3 and 10.4.

It can be observed that:

1) Asthe HGL values H, and H, increase at the source nodes, the HGL values Hj, ..., Hy;
at the demand nodes also increase, as seen in the impact table (Table 10.5). This is as it
should logically be. Hence, the impact table can be filled directly without additional sim-
ulations for this and computational efforts can be reduced.
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2) Asthenodal demands g, ..., q;; increase, the source node supplies q; and g, increase,
while the HGL values at demand nodes H,, .., H;; decrease. This is also as it should
logically be. Hence, additional simulations for an impact table can be avoided, if the
nodal demands are uncertain and membership functions of only nodal heads are required.
The proper extreme values of nodal demands can be chosen directly to obtain the extreme
values of nodal heads.

3) Since most likely values of independent parameters occur at the same point of time, node
flow continuity equations are satisfied using values of dependent parameters in the solu-
tion. However, extreme values of dependent parameters occur at different points of time.
Therefore, node flow continuity equations at demand nodes are not satisfied for the pipe
discharges in Table 10.3. This will also be true for source nodes with multiple off-taking
pipes.

4) The impact of uncertainty on nodal heads is seen more on the nodes away from the
source. It can be seen that node 9, farthest from the source nodes, is most affected (Table
10.4, column 11).

5) The impact of uncertainty on pipe discharges is more than compared to nodal heads. The
minimum velocity in all pipes is observed to be more than 0. Hence, flow reversal is not
observed in any case.

10.7 Practical Application

The network used by Sabzkouhi and Haghighi [7, 8] to evaluate the performance of a
MO-PSO for fuzzy analysis is considered for obtaining a solution using the impact table
method. This example pipe network belongs to the industrial park of Khorramshahr located
in southwest Iran in the vicinity of the Persian Gulf. The network has been constructed in a
flat area with about a 2 m elevation above mean sea level. The network consists of 45 demand
nodes, 65 polyethylene pipes, and an elevated tank with a 27 m head, as shown in Figure
10.5. Other information of the network is given in Tables 10.7 and 10.8.

To study the extent to which the uncertainties spread out over the system and influence
the responses, an uncertainty of +15% in network demands and HW coefficient was assumed.
The input membership functions are discretized in five levels of uncertainty with « = 0, 0.25,
0.5,0.75,and 1.

The fuzzy analysis results for the network are obtained using the impact table method of Gupta
and Bhave [4] considering the values of i, r, and K as used in EPANET in the head loss equation
(Eq. 10.1). The minimum nodal head for any supply is 18 m. The nodal pressures at different
a-cuts are shown in Table 10.9 and the pipe discharges at different a-cuts are shown in Table
10.10. The pipe velocities can be obtained with the known pipe discharges and their membership
functions can also be obtained. The following can be observed from Tables 10.9 and 10.10.

1) There are several nodes at which residual pressure is less than 18 m. All values less
than 18 m are emphasized with bold typeface. The deficiency in pressure at nodes 24,
33, 38, and 44 is observed at a-cut level of 0 only. Nodes 39, 40, and 45 are observed
pressure deficient at a-cut levels of 0 and 0.25. Nodes 28, 29, 30, 36, and 37 are observed
pressure deficient at a-cut levels of 0, 0.25, and 0.5. Nodes 41, 42, 43, and 46 are
observed pressure deficient at a-cut levels of 0, 0.25, 0.5, and 0.75. There is no defi-
ciency in pressure at other nodes. This indicates relative criticality of different nodes
in the network. Nodes away from the source are more critical and with slight uncer-
tainty in dependent parameters show deficiency in residual pressure.
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Figure 10.5 Pipe network of Khorramshahr city (Iran).

2) There are few pipes in which minimum discharge is observed to be negative at different
a-cut levels. This indicates flow reversal. For example, in pipes 42, 43, 50, and 51 flow reversal
is noticed at a-cut level of 0 only, and in pipes 11, 30, 39, 46, and 53 flow reversal is noticed at
a-cut levels of 0 and 0.25. Obviously, at certain a-cut levels the velocity shall be 0. The point
to be noted here is that the minus signs show the flow reversal. Therefore, the minimum
velocity at this a-cut level should be zero as there will be some combination of uncertain
parameters that will make the pipe discharge zero in the pipe having flow reversal.

3) The method required a total of 991 hydraulic simulations (111 to generate impact table
and 220 for each a-cuts of 0, 0.25, 0.50, and 0.75). Earlier, Haghighi and Asl [6] carried out
fuzzy analysis of this network using NSGA-II, and Sabzkouhi and Haghighi [7, 8] used
MO-PSO. The number of hydraulic simulations required with NSGA-II is quite large,
about 2 620 000 for a-cuts of 0 and 0.5. Similarly, the MO-PSO requires a total of 590 040
simulations at a-cuts of 0 and 0.5. Thus, fuzzy analysis using the impact table approach is
easier as no optimization algorithm is needed and the results can be obtained with fewer
simulations. The number of hydraulic simulations for two a-cuts at 0 and 0.5 is only 551.
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Table 10.8 Demand in L/s at each node.

10.7 Practical Application

Demand Demand Demand Demand Demand
Node (L/s) Node (L/s) Node (L/s) Node L/s) Node L/s)
© @ 1 v} (1) (2) 1 ) (1) (2)
2 2.29 11 1.95 20 3.95 29 17.46 38 4.03
3 1.09 12 2.41 21 1.52 30 11.69 39 4.93
4 2.55 13 4.32 22 4.27 31 9.97 40 3.01
5 3.69 14 5.83 23 3.67 32 11.40 41 4.04
6 0.00 15 4.09 24 4.69 33 3.56 42 4.90
7 5.21 16 4.34 25 5.02 34 4.12 43 43.89
8 3.15 17 2.67 26 3.10 35 2.70 44 2.51
9 7.01 18 6.39 27 4.74 36 391 45 5.54
10 67.13 19 4.59 28 11.26 37 4.05 46 9.93
Table 10.9 Normal and extreme values of nodal heads.
Nodal heads (m) at a-cut
Node 1 0.75 0.5 0.25 0
No.
Normal  Min. Max. Min. Max. Min. Max. Min. Max.
(1) (2) (3) 4 (3) (6) 7 (®) 9 (10)
1 27.000  27.000  27.000  27.000  27.000  27.000  27.000  27.000  27.000
2 24.94 24931 24.948 24.92 24.954 24.908 24.96 24.895 24.966
3 24.846 24.81 24.875 24.765 24.898 24.71 24917 24.641 24.933
4 24713 24.649 24766  24.572  24.81 24.479 24846  24.367  24.876
5 24.581 24.502 24.649 24.408 24.706 24.298 24.755 24.168 24.796
6 24.745 24.696 24.787 24.637 24.823 24.568 24.853 24.486 24.878
7 24.218 24.081 24.335 23.922 24.435 23.736 24.521 23.518 24.596
8 23.504 23.238 23.732 22.927 23.926 22.562 24.093 22.134 24.236
9 23.754 23.536 23.941 23.28 24.101 22.979 24.238 22.625 24.355
10 24.082 23.924 24.218 23.74 24.334 23.525 24.434 23.273 24.52
11 24.316 24.195 24.421 24.052 24.51 23.885 24.587 23.689 24.652
12 24.192 24.039 24.322 23.857 24431 23.640 24.524 23.382 24.602
13 24.448 24.345 24.535 24.224 24.610 24.081 24.674 23.914 24.728
14 23.758 23.562 23.929 23.335 24.077 23.072 24.205 22.766 24.317
15 23.048 22.743 23.314 22.389 23.545 21.98 23.747 21.505 23.923
16 22.953  22.637  23.228  22.272 23468  21.849  23.677 21.358  23.86
17 24.071 23.895 24.219 23.683 24.343 23.428 24.447 23.121 24.534
18 23.363 23.098 23.592 22.79 23.79 22432 23.962 22.014 24.11

(Continued)
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Table 10.9 (Continued)
Nodal heads (m) at a-cut
Node 1 0.75 0.5 0.25 0
No.
Normal  Min. Max. Min. Max. Min. Max. Min. Max.
(1) (2) (3) 4 (5) (6) 7 (8) ) (10)
19 23.059 22.753 23.325 22.399 23.557 21.989 23.758 21.513 23.934
20 22.806 22.476 23.094 22.094 23.345 21.653 23.564 21.14 23.756
21 23.831 23.607 24.019 23.34 24.177 23.019 24.31 22.636 24.421
22 23.639 23.383 23.855 23.08 24.038 22.721 24.192 22.296 24.322
23 22.017 21.484 22.469 20.856 22.853 20.114 23.181 19.234 23.46
24 21.160  20.535  21.698 19.807 22163 18957  22.564 17.962 22911
25 22.034 21.581 22.428 21.058 22.772 20.452 23.071 19.747 23.333
26 21.534 20.998 21.999 20.378 22.404 19.659 22.756 18.822 23.063
27 21.482 20937  21.954  20.307  22.365 19.576  22.722  18.725  23.034
28 19.688 18.853 20.411 17.886 21.038 16.763 21.583 15.453 22.057
29 19.592 18.749 20.323 17.772 20.956 16.638 21.507 15.315 21.986
30 19.68 18.844 20404  17.874  21.032  16.748  21.577 15434  22.052
31 21.715 21.188 22.17 20.576 22.563 19.865 22.904 19.035 23.200
32 22.346 21.945 22.695 21.482 23.000 20.946 23.266 20.325 23.499
33 20.849  20.183  21.425  19.409  21.922  18.508  22.352  17.456 = 22.724
34 21.125 20.520 21.650 19.82 22.105 19.007 22.501 18.060 22.846
35 21.236 20.649 21.744 19.972 22.186 19.186 22.571 18.272 22.906
36 19.335 18.437  20.113 17.399  20.789  16.196  21.377  14.795  21.889
37 19.162 18.252 19.952 17.200 20.638 15.981 21.236 14.563 21.758
38 20.685 19.995 21.281 19.196 21.798 18.268 22.245 17.186 22.634
39 20.433 19.713 21.055 18.879 21.595 17.909 22.063 16.777 22.471
40 20.336 19.598 20.973 18.744 21.526 17.75 22.006 16.591 22.423
41 18.768 17.812 19.599 16.709 20.323 15.433 20.955 13.950 21.508
42 18.507  17.536  19.351 16.418  20.088  15.124  20.733 13.622  21.297
43 18.476 17.502 19.323 16.379 20.063 15.081 20.71 13.574 21.276
44 20.559 19.841 21.178 19.009 21.713 18.039 22.177 16.907 22.578
45 19.175 18272 19.960  17.228  20.643  16.020  21.239  14.615  21.759
46 18.557 17.591 19.398 16.477 20.132 15.188 20.774 13.693 21.336

Membership functions for nodal heads are shown in Figure 10.6. Similarly, membership
functions for pipe velocities in a few typical pipes are shown in Figure 10.7. The membership
functions for velocity need to be modified for those pipes in which flow direction changes.
Suppose velocity changes its sign at certain a-cuts and becomes negative. For any a-cut
lower than this a-cut, the minimum velocity will be zero. A typical membership function for
velocity (can be considered similarly for discharge also) is shown in Figure 10.8(a) obtained
by considering velocity to change monotonically with independent parameters. The



Table 10.10 Normal and extreme values of pipe discharges.

10.7 Practical Application

Pipe discharges (L/s) at a-cut

Pipe 1 0.75 0.5 0.25 0
No
Normal  Min. Max. Min. Max. Min. Max. Min. Max.
n @ (3) (4) () (6) 7) @®) ) (10)
1 322.57 310474 334.666 298.377 346.763 286.281 358.859 274.185 370.956
2 28.73 25.612 32147  22.771 35.891  20.183  39.992 17.829  44.484
3 27.64 24.548 31.031 21.731 34.748 19.168 38.822  16.837  43.287
4 15.949 13.266 18.858 10.782  22.022 8.468 25473 6.292  29.243
5 115.392  105.604 125.611 96.245 136.265  87.314 147.358 78.809  158.897
6 156.267 144.59 168.366  133.337 180.884 122.51 193.824 112.113 207.186
7 40.876 35924  46.208 31.324  51.951 27.047  58.139  23.067  64.807
8 55.852  46.937  65.077  38.306  74.637  29.93 84.553  21.776  94.848
9 135283 125.058 145978 115292 157.154 105972 168.825  97.087 181.001
10 27.31 24.215 30.688  21.388 34.367 18.815 38.369 16.489  42.72
11 3.341 2.11 4.547 0.694 5.787 —1.087 7.093  —2.102 8.49
12 10.351 9.035 11.684 7.659 13.074 5.871 14.544 4.483 16.115
13 77.481 73.848  81.185  70.264  84.977  66.691 88.871 62.988  92.883
14 9.141 8.029 10.38 7.033 11.762 6.141 13.304 5.342 15.026
15 12.799 11.067 14.684 9.474  16.737 8.006 18.978 6.652  21.427
16 127.651 117.872 137.81 108.471 148.352  99.448 159.28 90.803  170.601
17 110.532 101.322 120.119  92.487 130.088  84.024 140.445 75931 151.196
18 64.208 56.037  72.65 48.099  81.394  40.346  90.468 32713  99.896
19 82.829 75436  90.561 68.38 98.636  61.654 107.061 55.256 115.839
20 27.501 23.746  31.491 20.172  35.751 16.615  40.314 13.278  45.21
21 19.53 17.647  21.571 15904  23.787 14.287  26.199 12.778  28.829
22 3.793 3.154 4.488 2.569 5.245 2.051 6.073 1.605 6.981
23 86.08 78.707  93.806  71.681 101.89 64.996 110.339  58.648 119.161
24 86.189  78.926  93.753 71.954 101.627  65.257 109.815 58.788 118.326
25 73.211 65.847  80.873 58.774  88.842 51983  97.122 45453 105.721
26 101.9 93.691 110.341 85.71 119.018  77.936 127.929  70.31 137.074
27 106.24 97.994 114.729  89.986 123.464  82.194 132444  74.563 141.668
28 13.067  11.717 14.528 10.464  16.115 9.289 17.844 8.167 19.735
29 11.547  10.222 12.979 8.988 14.535 7.823 16.231 6.684  18.087
30 2.706 1.745 3.648 0.646 4.613  —0.789 5.627 —1.574 6.71
31 4.571 3.93 5.287 3.36 6.085 2.861 6.972 2.452 7.958
32 8.388 7.323 9.553 6.346 10.827 5.447  12.223 4.619 13.753
33 9.29 7.958 10.74 6.734  12.321 5.609 14.047 4.575 15.935
34 21.518 19.077  24.122 16.786  26.903 14.635  29.874  12.611 33.052

(Continued)
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Table 10.10 (Continued)
Pipe discharges (L/s) at a-cut
Pipe 1 0.75 0.5 0.25 0
No
Normal  Min. Max. Min. Max. Min. Max. Min. Max.

1 @ (3) 4 (5) (6) )] (®) 9 (10)

35 126.978 119.994 134.029 113.078 141.145 106.234 148.325 99.463 155.568
36 171.16 163.826  178.5 156.498 185.844 149.177 193.192 141.864 200.542
37 100.44 93.993 107.024 87.684 113.742 81.519 120.591 75.501 127.571
38 33.068 29.675 36.62 26.426 40.346 23.312 44.267 20.322 48.415
39 3.738 2.398 5.003 0.734 6.267 —1.446 7.567 —=2.542 8.931
40 32.782 30.076 35.673 27.541 38.764 25.163 42.074 22.931 45.625
41 32.066 29.247 35.049 26.584 38.205 24.071 41.542 21.7 45.071
42 10.076 7.646 12.402 5.095 14.637 2.399 16.792  —0.472 18.87
43 7.384 5.352 9.537 3.429 11.827 1.603 14.271  —0.135 16.892
44 19.074 17.19 21.105 15.443 23.294 13.827 25.658 12.341 28.212
45 26.118 23.373 29.034 20.788 32.137 18.351 35.44 16.051 38.959
46 2.408 1.533 3.206 0.304 3.987 —1.199 4.776  —1.896 5.592
47 46.788 42.681 51.053 38.725 55.483 34.912 60.083 31.227 64.862
48 64.272 59.475 69.225 54.831 74.34 50.334 79.623 45.983 85.084
49 14.784 13.233 16.461 11.799 18.273 10.476 20.232 9.256 22.35
50 5.035 3.71 6.417 2.422 7.874 1.138 9.419 —0.203 11.064
51 10.73 8.111 13.352 5.439 16.014 2.617 18.748  —0.573 21.581
52 24.966 22.289 27.787 19.743 30.767 17.311 33.917 14.972 37.253
53 6.17 4.237 8.103 2.222 10.073  —0.164 12.084  —2.248 14.038
54 40.26 36.594 44.097 33.098 48.11 29.774 52.302 26.632 56.681
55 41.5 38.213 44.909 35.05 48.444 32.011 52.106 29.103 55.9
56 9.527 8.399 10.749 7.357 12.071 6.393 13.505 5.501 15.06
57 5.839 4.679 7.068 3.574 8.375 2.511 9.773 1.472 11.276
58 11.327 9.777 12.991 8.336 14.778 6.998 16.696 5.765 18.755
59 32.175 29.187 35.176 26.204 38.201 23.219 41.266 20.225 44.399
60 11.715 9.507 13.963 7.296 16.277 5.004 18.679 2.445 21.185
61 14.766 13.187 16.479 11.737 18.331 10.415 20.328 9.223 22.476
62 12.256 10.743 13.902 9.361 15.686 8.111 17.614 6.997 19.688
63 28.963 26.185 31.873 23.538 34.92 21.022 38.108 18.644 41.442
64 35.678 32.451 39.01 29.324 42.451 26.291 46.007 23.352 49.684
65 25.748 22.532 29.047 19.392 32.434 16.323 35.92 13.321 39.512
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Figure 10.6 Membership functions of nodal heads by impact table method.

membership function can be modified for velocity, as shown in Figure 10.8(b). The accuracy
of the membership function will depend on the number of a-cut levels.

10.8 General Comments and Approximate Membership
Functions

The membership functions of the dependent parameters are triangular, when the
membership functions of the independent parameters are triangular. However, if the
membership function of an independent parameter is trapezoidal, the membership
functions of all dependent parameters, influenced by this independent parameter, will
be trapezoidal. Even though the membership functions of the independent parameters
have straight-line boundaries, the membership functions of the independent parameters
have curvilinear boundaries. In practice, however, the difference between curvilinear
boundaries and straight-line boundaries of dependent parameters is small. A large number
of simulations are required for fuzzy analysis and computational work increases manifold
as the size of the network increases due to the increase in the number of unknowns for
which the membership function is to be obtained and also due to the increased number of
uncertain parameters to be considered with an increase in the size of network. Some meth-
odologies have been suggested to reduce computational efforts and approximate the
membership function.

Xu [25] suggested the use of a linearized model, based on the first-order Taylor series expan-
sion to reduce the computational work for large networks. The linear model determines the
gradient at the central values of the fuzzy parameters describing the imprecision in model
parameters and extends it to obtain the membership function. A typical membership function
of nodal heads with curvilinear boundaries AB and AC is shown in Figure 10.9. The linear-
ized model of Xu [25] will thus approximate the membership function by triangle ADE.
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Moosavian and Lence [9] used the monotonic behavior of a continuity equation to obtain
an approximate gradient to reduce the computational wok. Their approximate membership
function will be as shown by triangle AFG. To reduce the computational effort for large net-
works, Gupta and Bhave [4] suggested obtaining extreme values of dependent parameters
correctly at 0 and 1 a-cuts only. Thus, points A, B, and C are determined correctly. Then AB
and AC can be joined by a straight line. This approximation for dependent parameters is
better as it fixes extreme values at the base correctly.
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Figure 10.7 Membership functions of pipe velocities by impact table method.
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Figure 10.8 Membership functions for pipe velocity: (@) considering monotonous change with
independent parameters; (b) considering non-monotonous change with independent parameters.

Velocity Velocity

Dongre and Gupta [23] used a fuzzy analysis approach in a reliability-based optimal design
of WDNs with uncertainty in nodal demands and pipe roughness values. Membership of
unknown nodal heads was considered by defining desirable and less acceptable nodal heads
[26, 27]. The GA methodology was used for pipe size optimization under uncertainty of
nodal demands and pipe roughness coefficients to ensure fuzzy approximated nodal heads
within the acceptable nodal head membership functioned at each node.



10.9 Summary

10.9 Summary

Fuzzy analysis involves obtaining the membership functions of dependent parameters con-
sidering uncertainty in independent parameters. This is achieved either through optimiza-
tion-based methods or analysis-based methods. Optimization-based methods are general
and can be used in both monotonous and non-monotonous change of dependent parameters
with uncertain parameters. However, they are more useful when dependent parameters
change non-monotonically with change in independent parameters. They require more
computational work.

Analysis-based methods use monotonic relationships between dependent and independent
parameters. Due to the monotonic behavior, the appropriate value of the independent
parameter is either its maximum value or its minimum value, and this is so in combination
with other independent parameters also. Thus, the boundary-value constraint in which the
independent parameter can take any value between the two extremes and thus have infinite
possibilities is reduced to an alternate constraint in which the independent parameter takes
only one of the two extreme values. Complete enumeration of all the combinations is pos-
sible for small networks but not practicable for large networks. Methods based on impact
tables determine the impact of the change of independent parameters and use the same to
obtain extreme values at different a-cuts. Alternatively, a Jacobian matrix can be used to
select appropriate extreme values of independent fuzzy parameters. This method can be
applied to any type of network. Also, for pipes having flow reversal, the membership
functions can be obtained using the method of an impact table by changing the negative
values of pipe discharges to zero. Gupta et al. [17] used this method for fuzzy analysis of
pressure-deficient networks in outflow at demand nodes for small networks. However, its
applicability for large networks with pressure deficiency is to be further studied. Dongre and
Gupta [23] used it for optimal pipe sizing under uncertainty of nodal demands and pipe
roughness coefficients

--------- Xu (2003)
------------ Gupta and Bhave (2007)
---- Moosavian and Lence (2018)
0.75 -
k
a
T 0.5 -
0.25 -
0 L - \
55 B DF 60 65 75

Nodal Head, H

Figure 10.9 Approximate membership functions for nodal head H.
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11.1 Introduction

Selecting an appropriate municipal wastewater treatment (WWT) technology has long been
a challenge to small communities due to financial constraints, limited access to advanced
WWT technologies, and a lack of technical expertise [1]. In Canada, 80% of municipalities
are small communities with a population of greater than 5000, and many of them have a
pressing need to improve their municipal WWT services to meet increasingly stringent san-
itation regulations [2, 3].

To select the optimal WWT technology from a set of alternatives, economic, technological,
and social issues need to be considered to ensure a community obtains the maximum benefit
from WWT services at a reasonable cost [4-6]. Hence, the selection of WWT technologies
can be seen as a multicriteria decision-making (MCDM) problem. MCDM techniques, such
as the analytic hierarchy process (AHP), the technique for order of preference by similarity
to ideal solution (TOPSIS), grey relational analysis (GRA), and data envelopment analysis
(DEA) have been widely used to deal with complex optimal selection problems for different
systems based on conflicting criteria [7-9]. These techniques use a structured and logical
reasoning approach to model the decision-making process [5]. The above-mentioned MCDM
techniques were proven effective in facilitating decision-making on the selection of optimal
WWT technology in different countries [9-15].

Although MCDM techniques can identify an optimal selection by comparing alternatives
based on selected criteria, their utility is often constrained when quantitative information
provided to compare criteria is incomplete or imprecise [10, 13, 16]. In such cases, decision-mak-
ers often use qualitative descriptors (e.g. linguistic terms) to evaluate criteria. These terms are
inherently reflective of the vagueness and ambiguity of human feeling and recognition and could
result in undesirable, nonprobabilistic uncertainty during the decision-making process [15-17].

Nonprobabilistic uncertainty can be addressed using FL-based techniques (e.g. fuzzy set
theory, fuzzy inference system, and fuzzy synthetic technique) [18-20]. The combined use of
fuzzy-logic-based techniques and MCDM techniques, such as fuzzy AHP (F-AHP) and fuzzy
TOPSIS (F-TOPSIS), have gained popularity in solving MCDM problems in the diverse fields
of environmental engineering, where criteria information is often incomplete or imprecise
[10, 13, 16, 17, 21-23]. In this study, an integrated F-AHP and GRA approach was proposed
to facilitate decision-making on the selection of appropriate WWT alternatives for small
communities in Canada.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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GRA solves MCDM problems by aggregating incommensurate attributes for each alternative
into a single composite value, while the weight of each attribute is subject to the decision-
maker’s judgment. Thus, how to properly determine attribute weights becomes a challenge in
the application of this technique. To overcome this challenge, F-AHP is used to facilitate the
selection of attribute weights by incorporating fuzzy logic (FL) for handling epistemic uncer-
tainties in experts’ judgment. In the proposed approach, suitable WWT alternatives for small
Canadian communities and evaluation criteria were identified first. An integrated F-AHP and
GRA approach was then used to rank the alternatives based on the identified criteria for the
best selection.

11.2 Methodology

In this section, WWT technologies suitable for small communities were shortlisted as alternatives,
and relevant criteria were identified for performance evaluation of the selected technologies. The
fundamental concepts of the integrated F-AHP and GRA approach were also introduced.

11.2.1 Wastewater Treatment Alternatives and Criteria

The selection of an appropriate WWT alternative for a community is always a scenario-based
problem, defined by the population size of the community and the characteristics of the
influent and effluent [24]. As this study aims to identify an optimal WWT alternative for
small communities in Canada, a hypothetical small WWT plant with a treatment capacity of
3000 population equivalent (p.e.) was assumed. The hypothetical WWT plant is capable of
treating municipal wastewater influent at an average flow rate of 400 m® per day. Influent
pollutants and their concentrations are standardized according to the reported characteris-
tics of municipal wastewater from small communities [5, 14]. The effluent is assumed to be
discharged into a nonsensitive environment without reuse, which is a common effluent dis-
posal practice for small communities.

Seven conventional secondary WWT technologies were evaluated, including constructed
wetlands (CW), stabilization ponds (SP), extended aeration lagoons (EALSs), membrane bio-
reactor (MBR), rotating biological contactor (RBC), trickling filter (TF), and sequencing
batch reactor (SBR) [5]. Due to the economic, stability, and required expertise consider-
ations, advanced and tertiary WWT technologies were not shortlisted as alternatives. The
selected WWT technologies were evaluated based on their performance on technical,
economic, environmental, and social criteria. In this study, the goal of WWT alternative
selection was defined to identify the most appropriate WWT alternative capable of gener-
ating maximum benefits (e.g. high contaminants removal, high operation stability, and low
environmental and social impacts) at the lowest cost to the community based on the holistic
evaluation of the four criteria. Each criterion consists of several subindices indicating the
performance of a WWT alternative with respect to a specific parameter. For instance, organic
matter removal is a subindex under the criterion of technical performance.

Based on a comprehensive literature review and extensive expert consultation, Molinos-
Senante et al. developed 17 indicators for the assessment of the sustainability of WWT tech-
nologies for small communities [5]. These indicators provide an excellent reference to the
development of subindices for the criteria evaluated in this study. In addition to these indica-
tors, cold climate adaptability was also considered an important subindex under the technical
performance criterion due to the fact that vast areas in Canada have a long and low-temper-
ature winter season. Table 11.1 lists the criteria and subindices used to assess the overall
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performance of different WWT alternatives. Most of the subindex values were reported in the
study by Molinos-Senante et al. [5]. For subindices such as cold climate adaptability and
visual impact, which do not have quantitative values, linguistic terms such as excellent, good,
moderate, poor, and very poor were used to describe their performance. Subjection grades
such as 0.9, 0.7, 0.5, 0.3, and 0.1 were used to represent the linguistic terms, respectively [6].

11.2.2 Fuzzy Analytic Hierarchy Analysis

Fuzzy set theory combined with MCDM methods has been used extensively to manage
uncertainty resulting from ambiguities of linguistic variables and vagueness of human judg-
ments. The integration of fuzzy set theory with AHP, known as F-AHP, is one of the most
commonly used fuzzy MCDM techniques for system optimization in different engineering
fields [7, 17, 21]. F-AHP is a systematic reasoning approach to the alternative selection and
justification problem using the concepts of fuzzy set theory and hierarchical structure anal-
ysis. Traditional AHP involves the principles of decomposition, pairwise comparisons, and
priority vector generation and synthesis. In traditional AHP, decision-makers can specify
preferences over the importance of each criterion in a judgment matrix using natural lan-
guage or numerical values [5]. In F-AHP, pairwise comparisons in the judgment matrix are
represented by fuzzy numbers (e.g. fuzzy triangular numbers). F-AHP uses fuzzy arithmetic
and fuzzy aggregation operators to process the pairwise comparisons and calculate a
sequence of weight vectors, which can then be used to derive the priority weights of criteria.
The F-AHP procedure is explained in the following steps.

Step 1 involves developing a hierarchy structure for the studied system to decompose the
complex decision problem into smaller, manageable elements of different hierarchical
levels. A four-level hierarchical tree is illustrated in Figure 11.1. The top level of the hier-
archy corresponds to the objective or goal, the bottom level corresponds to the evaluation
alternatives or options, and the intermediate levels refer to criteria and their subindices. The
nomenclature Sy , (Figure 11.1) represents the kth subindex of the nth criterion.

Overall objective

- Criteria

© <
Sip Sy Sin Sy -

© Sin -+ Sgn  Subindices

° ° ° e ° Alternatives

Figure 11.1 The hierarchical structure for F-AHP.

Step 2 entails establishing a fuzzy judgment matrix using pairwise comparisons. The ele-
ments of a particular subindex level are compared with other specific elements at the same
level. A fuzzy judgment matrix (J) is developed using pairwise comparison (ji,;) for each
level [25]. For example, criteria C1 and C2 can form a pairwise comparison for evaluating
their relative importance; the relative importance of subindices S; ; and S, ; can also be com-
pared. A relative importance value of the pairwise comparison is assigned on a scale of 1-9,
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which can be fuzzified to address the fuzzy uncertainty of perception and meaning (Table
11.2) [25]. In this study, the fuzzification factor 6 was set at 1 (e.g. 4 = (3, 4, 5)). For n
comparison items, the fuzzy judgment matrix is

\Zl,l fl,z -zl,n
f: Jz,l ]2,n (11.1)
Jnt Jna oo Jnn

The importance value of the same criterion (or subindex) always equals 1 (i.e. (f k= 1LVk=1D).
The upper triangular entries (Jx,) of the matrix need to be defined by the decision-maker,
and the lower triangular entries are the inverted values of the upper entries (i.e.
Jik =1/Jr).

Table 11.2  Fuzzy numbers used for making pairwise comparisons.

Relative importance  Fuzzy number® Definition®

1 1,1,1) Equal importance

3 (3-0,3,3+0° Weak importance

5 (5-6,55+6) Strong importance

7 (7-6,7,7+6) Very strong importance

9 (8,9,9) Extreme importance

2,4,6,8 x—=0,x,x+06) Intermediate values between

two adjacent judgments
1/x Q/(x+60),1/x,1/(x—0))
# Fuzzy numbers are presented in minimum, most likely, and maximum values.

® The importance definition is in accordance with the description proposed by Saaty [26].
¢ 0: fuzzification factor.

In Step 3, the consistency of the pairwise comparison matrix is checked. The pairwise com-
parisons in matrix J are often inconsistent in the preference responses of different decision-
makers [27]; to avoid this problem, a consistency index (CI) is calculated as a measurement
of the relative weight in the presence of inconsistency in responses. The CI is defined as

Cf = max =1 (11.2)
n—1
where A, is the maximum eigenvalue and # is the dimension of judgment matrix J. The
final inconsistency in pairwise comparisons can be determined by calculating the consis-
tency ratio CR = CI/RI, where RI is the random index as described in Table 11.3. The result-
ing CR should be less than 0.1 to ensure adequate consistency of pairwise comparisons.
The last step is to calculate the fuzzy weights. In this study, the geometric mean was
adopted to estimate the weights. Fuzzy arithmetic operations were utilized over the matrix 7
to calculate the fuzzy weights. The geometric mean was computed for each row

k=T ®...0 Jen)'™ (11.3)

wk =Jk@(J1D...BJn) " (11.4)
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Table 11.3 Random index used to compute consistency ratio (CR).

n 1 2 3 4 5 6 7 8 9 10

RI* 0 0 0.52 0.89 1.11 1.25 1.35 1.40 1.45 1.49

# Random index.

where wi (k =1,2,...,n) are the fuzzy weights, and the sum of the most likely weights equals

1 (i.e. Zﬁ)k =1).
k

11.2.3 Grey Relational Analysis

GRA was derived from the grey system theory established by Deng et al. in 1987 [28]. It mea-
sures the degree of similarity or difference between two sequences based on the grade of rela-
tion. GRA has the merit of point-set topology, which is capable of making a global comparison
between two sets of data instead of local comparison between two data points [6].

The main procedure of GRA is converting the performance of all alternatives into a
comparable sequence. This step is also known as grey relational generating. According to the
values of criteria in all comparable sequences, a preference sequence is defined as the ideal
option. After this, grey relational coefficients between all comparable sequences and the
preference sequence are calculated. Based on the grey relational coefficients, the grey
relational degree between the preference sequence and all comparable sequences is obtained.
The most desirable alternative should have the highest grey relation degree as compared to
the preference sequence.

In GRA, a decision matrix D with m alternatives and n criteria is defined as

X1 Xy, X1
D=|x; . X5 o Xy (11.5)
X1 Xpj oo X

The decision matrix D is normalized to D’ shown as

/ / /
Xy X X,
D=|xly ... x; ... X, (11.6)
! ! !
Xy oo X Xy

Two equations are used to normalize criteria. For beneficial criteria, a higher value indicates
better performance of the alternative and vice versa. Conversely, a lower value of the non-
beneficial (cost) criteria is preferable for the alternative. The beneficial and nonbeneficial
criteria are normalized using Eqgs. (11.7) and (11.8), respectively.

- Xi,j
Xl = : (11.7)
’ max{xi’jllzl,z,...,m}
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min{x; . 1i=1,2,...,m
1= i ) (11.8)
. x,;

After normalization, the larger the value of x/; , the better the performance is. The optimal
normalized X, ; shouldhaveavalueofl.Thus,apreferencesequence X, =1 x{ IE j=123, ...,n}
can be identified as (1, 1, 1, ..., 1). The grey relational coefficient &,;(j) between the compared
sequence X; = {x{, i1i=123, ...,n} and the preference sequence X, for the jth criterion

can be calculated as

A A
M"*l,z, M j=12, ..,n (11.9)

W= T B

where Ao(j) = 1xp; — x{; | is called the relative grey relational space denoting the absolute
difference between the preference sequence and the compared sequence; Ay, = min; {min;
| x(’)‘j - x{,j Li=1,2,.,n}i=1,2,.., m}and 4, = max; {max; | x(’)‘j - x{,j j=1,2,..,n}%
i=1,2,.., m}. The ¢is the distinguishing coefficient, which has a value range of 0 <{<1 and
is normally set at 0.5. The grey relation grade ¢ is calculated as the sum of grey relational
coefficients &, ()

€= Zfot(j) (11.10)
j=1

To consider the different weights of criteria, Eq. (11.10) is modified to

€= WjZfoi(j) (11.11)
j=1

In this study, wj is the fuzzy weight of the jth criterion derived from the F-AHP. Thus, the
resulting ¢ is also a fuzzy number, which needs to be defuzzified for ranking the alternatives.
Various techniques can be used to defuzzify the fuzzy number, such as Yager’s centroid
method [28], Chen’s ranking method [29], and the ordered-weighted average method [30].
In this study, Yager’s centroid method and Chen’s ranking method were both used to defuzz-
ify the final fuzzy number, and the defuzzified results were compared. Chen’s ranking
method is performed by calculating the total utility Up(x) to rank the alternatives. For m
alternatives, there will be m fuzzy numbers A4;, i =1, 2, ..., m. For a triangular fuzzy number
(a, b, c), the ranking is carried out by maximizing c,,,, = max (c;, ¢z, .., ¢y,) and minimizing
Qmin = min (ay, a,, ..., ay,) a set of alternatives. For a triangular fuzzy number (a;, by, ¢;), the
Ur(x) is calculated as

Up(0)= = C R P C Yl ) x=1,...m (11.12)
2 (cmax 7amin)7(b1 7("1) (cmax 7amin)7(bl 7al)

Finally, the larger the defuzzified grey relational grade, the closer the relationship between
the reference sequence and the given optional alternative. Thus, the largest grey relational
grade is desired as the optimal result.
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11.3 Results and Discussion

The fuzzy weights of criteria and subindices were calculated using F-AHP, and the results
are presented in Section 11.3.1. The fuzzy weights were then incorporated into the GRA to
determine the grey relational grade for ranking the alternatives (Section 11.3.2).

11.3.1 Fuzzy Weights of Criteria and Subindices

Since the optimal selection problem was constructed as a hierarchy, the relations between
criteria on succeeding subindices are obtained by making pairwise comparisons. The weights
representing the relative importance of each criterion and subindex can be calculated using
the eigenvalue technique. To calculate the weights of criteria and subindices, decision-mak-
ers need to base their judgments on the relative importance (i.e. importance value) of the
contribution of each criterion (or subindex) toward achieving the overall goal. In this study,
the importance value of each pairwise comparison was assigned based on the authors’
knowledge, and the values can be adjusted to accommodate different expert judgments. The
pairwise comparison matrix can be generated for the criteria using Eq. (11.1) as

Cl C2 C3 C4

o 1 2 4 5
Je=C2 /2 1 4 4 (11.13)
c3 1/4 1/4 1 2
Cc4
1/5 1/4 1/2 1

The CR was calculated as 0.032 (< 0.1), indicating good consistency between the pairwise
comparisons. The fuzzy weights of criteria can be calculated using Egs. (11.2) to (11.4)

Ty =(1220425)* =[1,1,1) @ (1,2,3) @ (3,4,5) @ (4,5,6)]"/* (11.14)
=(1.87,2.52,3.09)

Jer =10/ @ 104a" =[1/31/21/D2 LD G4 GAI (15
— (1.32,1.69,2.24)

Jes=[1/4)o1/4) 102
=[(1/51/4,1/3)®(1/51/4,1/3)®1,1,1)®(1,2,3)["*
=(0.45,0.60,0.76) (11.16)

Jea=[1/5)®1/4) @1 /2)o 1
=[(1/6,1/51/4)®(1/51/4,1/3)®1/3,1/2,1/1)®(1,1,1)"* (11.17)

=(0.33,0.40,0.54)

wer =Je1@(Jer® Jea® Jead Jea) = (0.28,0.48,0.78) (11.18)
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Similarly, wcz, wes, and wes were calculated as (0.20, 0.32, 0.56), (0.07, 0.12, 0.19), and
(0.05,0.08, 0.14), respectively. The same F-AHP algorithm was applied to calculate the fuzzy
weights of subindices under each criterion. The pairwise comparison matrices of subindices
under the four criteria were shown as

EC, EC, EC,
B 1 3 5 o)
Trc = - - - 11.19
Tee=pe, W3 13
/s 1/3 1
TP, TP, TP, TP, TP, TP, TP,
TP, 1 1 33 1/5 1/2
TP, 1 1 37 1/2 1/7 1/5
- TR, /3 13 1 1 1/5 1/5 1/5
= 3015 7 7 1/5 1/5 1/E (11.20)
TP, /3 17 1 1 1/7 17 1/5
TH 1 257 1 1313
TF, 5 7 57 3 1 1
TP, 2 5 55 3 1 1
EI, EI, EI, EI,
b 1 1/4 1/5 1
~ 1 ~ ~ - o~
Jer=EL, |4 1 1/2 3 (11.21)
EL, |- - - -
1.1/3 1/5 1
SI, SI, SI, SI,
o 11 1/3 1/7
~ 1 - -~ ~ ~
Jss=SI, |1 1 1/3 1/7 (11.22)
SI, |- -~ - .
s, P31 1/
77 5 1

The CRs were computed as 0.042, 0.065, 0.018, and 0.027 for the pairwise comparison matri
ces ]Ec, J P, JEI, and JSI respectively. All of the CRs indicate acceptable consistency of the
pairwise comparisons of subindices. The fuzzy weights of subindices were calculated accord-
ingly, and the results are shown in Table 11.4.
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Table 11.4 Fuzzy weights of subindices under each criterion.

Criteria Subindices Fuzzy weights

C; ECy (0.431, 0.637,0.919)
EC, (0.171, 0.258, 0.401)
EC; (0.075, 0.105, 0.159)

C, TP, (0.070, 0.102, 0.155)
TP, (0.061, 0.087, 0.132)
TP; (0.027, 0.038, 0.057)
TP, (0.023, 0.031, 0.044)
TPs (0.092, 0.139, 0.212)
TPs (0.238, 0.335, 0.468)
TP, (0.174, 0.267, 0.390)

C; EL, (0.195, 0.204, 0.217)
ElL, (0.249, 0.279, 0.311)
El; (0.279,0.310, 0.342)
El, (0.196, 0.206, 0.220)

Cy STy (0.191, 0.200, 0.212)
SI, (0.191, 0.200, 0.212)
STz (0.232, 0.262, 0.290)
SIy (0.313,0.338, 0.364)

C: criterion; EC: economic; TP: technical performance; EI:
environmental impact; SI: social impact.

11.3.2 Grey Relational Analysis Using Fuzzy Weights

After obtaining the fuzzy weights of the criteria and subindices, the GRA was performed by
converting all the alternatives into the comparable sequence. Table 11.5 shows the normal-
ized values of subindices using Egs. (11.7) and (11.8).

The normalization values at the subindex level were used to calculate the grey relational
space. The relative grey relational space 4,,(j) between each normalized value x/; and the
preference sequence x; ; was computed, and the resulting minimum (4 ;) and maximum
(Amax) values of A(j) were 0 and 0.944, respectively. Based on the A(j) values, the grey rela-
tion coefficient of each subindex can be calculated using Eq. (11.9). Table 11.6 shows the
calculated grey relation coefficients.

The defuzzified grey relation grades of criteria given in Table 11.7 were further aggregated
to calculate the grey relation grades of WWT alternatives using the same approach. As shown
in Table 11.8, the computed grey relation grades of alternatives are also fuzzy numbers,
which need to be defuzzified for ranking. The centroid method and Chen’s ranking method
were both used for the final defuzzification. Based on the defuzzified value, the grey relation
grades of alternatives were ranked from the largest to the lowest. The largest grey relation
grade represents the best WWT alternative for the community. The ranking results are
shown in Table 11.9. The ranking results from the two defuzzification approaches were com-
pared with that from the calculation using the most likely value, which represents the
combination of the nonfuzzy-based AHP and GRA approaches.



11.3 Results and Discussion | 201

Table 11.5 Normalized values of subindices of WWT alternatives.

w SP EA MBR RBC TF SBR
EC1 0.908 1.000 0.832 0.560 0.560 0.573 0.508
EC2 1.000 0.665 0.586 0.393 0.688 0.661 0.643
EC3 0.056 0.062 0.481 1.000 0.625 0.714 0.714
TP1 0.787 0.843 0.955 1.000 0.899 0.955 0.899
TP2 0.808 0.707 0.909 1.000 0.859 0.707 0.909
TP3 0.714 0.429 1.000 1.000 0.714 0.643 0.929
TP4 0.727 1.000 0.818 0.909 0.364 0.818 0.818
TP5 0.111 0.111 0.556 0.556 1.000 1.000 0.556
TP6 0.714 0.714 1.000 0.714 1.000 0.429 1.000
TP7 1.000 1.000 0.429 0.143 0.429 0.429 0.714
EI1 1.000 1.000 0.120 0.086 0.200 0.200 0.146
EI2 1.000 1.000 0.120 0.086 0.200 0.200 0.146
EI3 1.000 0.491 0.705 0.491 0.491 0.491 0.491
El4 0.429 0.429 0.714 1.000 0.714 0.714 1.000
SI1 0.429 0.429 1.000 1.000 0.600 0.600 1.000
SI2 1.000 1.000 0.429 0.429 0.600 0.600 0.429
SI3 1.000 1.000 0.143 0.143 0.143 0.111 0.200
SI4 1.000 1.000 0.714 0.714 0.714 0.429 0.714

EC: economic; TP: technical performance; EI: environmental impact; SI: social impact; CW: constructed
wetland; SP: stabilization pond; EAL: extended aeration lagoon; MBR: membrane bioreactor; RBC: rotating
biological contactor; TF: trickling filter; SBR: sequencing batch reactor.

Table 11.6 Grey relation coefficients of subindices.

w SP EA MBR RBC TF SBR
EC, 0.838 1.000 0.738 0.518 0.518 0.525 0.490
EC, 1.000 0.585 0.533 0.437 0.602 0.582 0.570
EC; 0.333 0.335 0.476 1.000 0.557 0.623 0.623
TP; 0.689 0.750 0.913 1.000 0.824 0.913 0.824
TP, 0.711 0.617 0.839 1.000 0.770 0.617 0.839
TP; 0.623 0.452 1.000 1.000 0.623 0.569 0.869
TP, 0.634 1.000 0.722 0.839 0.426 0.722 0.722
TPs 0.347 0.347 0.515 0.515 1.000 1.000 0.515
TPg 0.623 0.623 1.000 0.623 1.000 0.452 1.000
TP, 1.000 1.000 0.452 0.355 0.452 0.452 0.623
ElL 1.000 1.000 0.349 0.341 0.371 0.371 0.356
EL, 1.000 1.000 0.349 0.341 0.371 0.371 0.356
El; 1.000 0.481 0.616 0.481 0.481 0.481 0.481
El, 0.452 0.452 0.623 1.000 0.623 0.623 1.000
Shy 0.452 0.452 1.000 1.000 0.541 0.541 1.000
ST, 1.000 1.000 0.452 0.452 0.541 0.541 0.452
SIs 1.000 1.000 0.355 0.355 0.355 0.347 0.371
Sly 1.000 1.000 0.623 0.623 0.623 0.452 0.623

EC: economic; TP: technical performance; EI: environmental impact; SI: social impact; CW: constructed
wetland; SP: stabilization pond; EAL: extended aeration lagoon; MBR: membrane bioreactor; RBC: rotating
biological contactor; TF: trickling filter; SBR: sequencing batch reactor.
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Table 11.7 Defuzzified grey relation grades of the criteria.

w SP EA MBR RBC TF SBR
C, 0.869 0.862 0.690 0.577 0.572 0.579 0.553
C, 0.732 0.735 0.791 0.662 0.821 0.634 0.823
Cs 0.889 0.728 0.490 0.522 0.459 0.459 0.529
Cy 0.892 0.892 0.596 0.596 0.521 0.462 0.600

C: criterion; CW: constructed wetland; SP: stabilization pond; EAL: extended aeration lagoon; MBR:

membrane bioreactor; RBC: rotating biological contactor; TF: trickling filter; SBR: sequencing batch reactor.

Table 11.8 Fuzzy grey relation grades of WWT

alternatives.

Alternative Fuzzy grey relation grade
CwW (0.536, 0.898, 1.493)
SP (0.499, 0.835, 1.389)
EA (0.369, 0.613, 1.031)
MBR (0.274, 0.457, 0.766)
RBC (0.355, 0.589, 0.996)
TF (0.260, 0.434, 0.726)
SBR (0.358, 0.593, 1.005)

CW: constructed wetland; SP: stabilization pond; EAL:
extended aeration lagoon; MBR: membrane bioreactor;
RBC: rotating biological contactor; TF: trickling filter;

SBR: sequencing batch reactor.

As indicated in Table 11.9, both the centroid method and Chen’s ranking method gener-
ated the same ranking results of WWT alternatives. Based on the ranking results from the
integrated F-AHP and GRA approach, CW is the best WWT selection, followed by SP, EA,
SBR, RBC, MBR, and TF. However, the results generated based on the most likely values,
which represent the nonfuzzy AHP, indicate a different ranking list. CW and SP retain the

Table 11.9 Final grey relation grades of WWT alternatives

and ranking.

Fuzzy centroid

Most likely value

Fuzzy Chen’s ranking

Cw
SP
EA
SBR
RBC
MBR
TF

0.976
0.908
0.671
0.652
0.647
0.499
0.473

(% 0.898
SP 0.835
RBC 0.613
TF 0.593
SBR 0.589
EA 0.457
MBR  0.434

Cw
SP
EA
SBR
RBC
MBR
TF

0.537
0.499
0.353
0.340
0.336
0.233
0.215

CW: constructed wetland; SP: stabilization pond; EAL: extended
aeration lagoon; SBR: sequencing batch reactor; RBC: rotating
biological contactor; TF: trickling filter; MBR: membrane bioreactor.
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same top positions in the rank, but the remaining alternatives are ranked differently. The
difference in rankings between the fuzzy-based and nonfuzzy-based approaches suggests
that uncertainty resulting from human thought and recognition can have an influence on
the decision-making process. Incorporating FL into traditional AHP can minimize uncer-
tainty and generate more realistic results for informed decision-making.

Both CW and SP scored relatively high grey relation grades compared to others. The top four
WWT alternatives have a common characteristic: they are all suspended-growth WWT tech-
nologies in which the microorganisms responsible for treating wastewater are suspended in
the water. RBC, MBR, and TF are attached-growth WWT technologies in which microorgan-
isms are attached to the media in the reactor, such as rotary discs, membranes, and filter media.
Suspended growth WWT technologies are more commonly used than attached growth WWT
technologies across the globe [31]. Although the attached growth WWT technologies have the
advantages of low land area requirements and high contaminant removal efficiency, they
require more complex pretreatment processes than suspended growth WWT technologies, sig-
nificantly increasing overall treatment complexity and cost [31]. Both CW and SP are consid-
ered well-adapted WWT technologies for small communities due to their simplicity of
operations, low maintenance costs, robustness, low impact, and excellent cold climate adapt-
ability, as compared to the two suspended-growth WWT technologies (i.e. SBR and EA) [32].
Theranking generated by the integrated F-AHP and GRA approach provided useful information
for the selection of WWT technologies for small Canadian communities. The developed
approach also represents another application of grey theory in solving MCDM problems [33].

11.4 Conclusions

The selection of the most appropriate WWT alternative is a complicated, multiple-objective
decision-making process involving uncertainty. This uncertainty primarily originates from the
ambiguous thoughts of decision-makers concerning the weighting of evaluation criteria and
subindices. An integrated F-AHP and GRA approach was proposed to compare WWT alterna-
tives regarding their performance for selected criteria. F-AHP was applied to address uncer-
tainty resulting from the ambiguity and vagueness of human thoughts, and GRA was
introduced to aggregate the performance of WWT alternatives on individual subindices into a
final grade for ranking. It was found that CW, SP, and EA are the top three appropriate WWT
technologies for small communities in Canada. The ranking of WWT alternatives by the fuzzy-
based approach differs from the ranking results generated by the nonfuzzy approach, suggest-
ing that fuzzy uncertainty could affect the decision-making of alternative selection. The
fuzzy-based approach can generate a more realistic ranking than the nonfuzzy approach. The
proposed approach can also be applied to solve MCDM problems in other environmental engi-
neering fields. This study is also associated with several limitations, including (i) the case study
was hypothetical, (ii) the data used for alternatives evaluation were sourced from a European
study, and (iii) the sensitivity of the proposed approach was not assessed. Future studies can be
conducted by using localized real-world WWT data and performing a sensitivity analysis.
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Fuzzy Logic Applications for Water Pipeline Risk Analysis
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12.1 Introduction

Data are crucial to any analysis, but providing valuable information and knowledge from data
requires an understanding of the system being studied to determine the framework and poten-
tial value in the analysis. This is also reinforced by the current data science frameworks that
propose hybrid modeling as the new approach to scientific discovery. Every analysis is based on
knowledge developed through an extensive review of literature and practice, which is the
foundation of all data analyses in this report. Over the past 100 years, many technological
advancements in engineering models, manufacturing, pipeline appurtenances, installation
techniques, and improvement of national and international standards have affected the
performance of water pipelines. Before performing any analysis, including data analysis to
understand historical changes in break rates or installation trends, these technological advance-
mentsshould be considered to identify any drastic changesin the trends for pipeline performance.
The research team is engaging experts in water utilities, consulting engineers, and pipeline
manufacturing associations, and is leveraging the Sustainable Water Infrastructure Management
Center (SWIM) knowledgebase to build a strong foundation for data analyses for this study.

12.1.1 Water Transmission and Distribution Pipeline Infrastructure System
Elements

The purpose of water pipeline systems is to supply water to customers and provide fire protec-
tion to communities with minimum disruptions and water losses. Three criteria guide this:

e Structural reliability: To maintain structural strength throughout the lifecycle with
minimum costs.

e Functional reliability: To deliver water at sufficient pressures to customers with ade-
quate hydraulic capability and minimize utility pumping costs.

e Safety requirement: To deliver water free of pathogens, contaminants from infiltration,
and internal leaching from water pipelines.

Water distribution systems generally consist of pipelines, pumps, valves, hydrants, storage
tanks, reservoirs, water wells, treatment plants, meters, fittings, and other hydraulic appur-
tenances that help in connecting and managing water flow from the treatment plants or
sources to the customers. It is essential to understand the characteristics of these system
elements and their interaction with water pipelines and other system elements.

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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12.1.2 Water Pipelines

Water pipelines are installed to transport safe and sufficient water to customers with reliable
service. Based on function, water pipelines are categorized into transmission mains (to
transport water from a source such as treatment plants or reservoirs), distribution mains
(to transport treated water from transmission mains to curb stops), service lines (to transport
treated water from curb stops to individual customers), and premise plumbing (to transport
water within a customer facility). Different materials are usually preferred for each category,
and the diameters get progressively smaller from transmission mains to premise plumbing,
owing to the amount of water transported. For this research, transmission and distribution
pipelines are included in this study, and service pipelines are not included.

12.2 Risk Models Literature Review

Many risk models have been developed to support decision-making for water pipe renewal prior-
itization. These include models developed to predict the likelihood of failure (LoF) and CoF sepa-
rately, or combined together as arisk index. Aspects related to LoF [1, 2], failure [3, 4], deterioration,
and remaining useful life [5-7, 10] and performance [8, 9] have been investigated and modeled
based on different techniques. Most of the studies in the LoF domain have focused on predicting
these metrics based on the structural integrity of the water pipe. Functional and safety aspects like
water quality [10, 11] and hydraulic reliability [12, 13] have been explored in some studies but less
often compared to structural integrity prediction models. The modeling techniques used include
but are not limited to the support vector machine (SVM), fuzzy inference system (FIS), neuro-
fuzzy system (NFS), artificial neural network (ANN), and genetic algorithm (GA).

Areview of the relevant literature was performed with the aim of understanding the param-
eters required, assumptions for associated costs, and modeling techniques to gather the
background knowledge behind developing the consequence of failure (CoF) model. Previous
studies have focused on a range of issues for assessing the CoF, such as the types of costs that
should be associated with water pipe failures [14], the typical number of water utilities that
actually collect these parameters [15], water customer perceptions [16], approximate costs
[17] and tools to estimate the consequence of water pipe failure costs [14]. The data gathered
for these studies are based on surveys with consumers and water utility experts as participants
to provide an approximate cost for different types of costs. Models determined from practice
reviews are mostly weighted models with weights and scales assessed by an internal expert
committee. Models in literature are either cost estimation tools like the Grand Central model
[14] or weighted models built with weights assigned from experts [18]. One study from an oil
and gas pipeline used an advanced mathematical neurofuzzy technique to predict CoF [19].

Studies have also introduced important concepts like hard and soft costs [17] to differentiate
between the costs that are paid by the agency and the costs paid by the users or the impact to
the environment. It is essential to differentiate between the two as many of the soft costs are
not found in the water utility database and are otherwise difficult to estimate. The study also
provided the distribution of direct agency and societal costs (with direct costs ~25-50% of total
costs), distribution within direct costs (majority 52% going into legal costs and damage claims),
and distribution within societal costs (majority 57% going into property damage not paid by
water utilities). It was also found that the location of the pipe failure was the most significant
factor, followed by the volume of the leak (correlated with pipe diameter, leak duration, and
static pressure). The study also mentioned that there was no direct correlation of consequence
costs with diameter of water pipes, as usually expected. In terms of consumer experience, a
majority (60%) were willing to accept service disruptions for up to two hours, and a majority
(86%) said that they were mostly or totally satisfied with their local water utilities [16]. It was



12.3 Risk Modeling Practice Review with Participating Water Utilities

also mentioned that the number of households and cars affected by the main water failure are
the main drivers of societal costs. The study also quantified the justification of renewal with
respect to failure rates. For example, service disruption to 20 households justified all renewal
technologies, whereas, based on direct water utility costs, repair was favored over other
renewal methods when the break rate was two per year. With service disruption to 50 house-
holds and 150 cars affected in traffic, all the renewal technologies were found to be justified.

Most of the studies have identified difficulties in the data collection phase and have identi-
fied that water utilities do not routinely collect the full triple bottom line (TBL) costs, limiting
the overall risk management program benefits [20]. However, many parameters identified in
the literature are difficult to estimate but play a crucial role in the overall CoF, like renewal
complexity. Also, many findings in the literature and practice are based on data collected from
large diameter water pipe failures. However, findings from other literature have shown diam-
eter is not a correlated factor with CoF, and data collection for full TBL factors should be con-
ducted for the entire network. The other area for improvement would be using raw data instead
of surveyed data for CoF assessment because survey data could be biased and present errors in
the findings. Practice review has shown that factors change with respect to priorities of water
utilities, and as a result the model developed based on limited datasets or survey information
would not be robust enough to be used by other water utilities. This problem can be solved by
using a bigger dataset and a comprehensive list of parameters for the CoF assessment.

12.2.1 Summary of Literature Review

A literature review shows that many previous studies have focused on the estimation of param-
eters essential to CoF assessment based on surveys from water utilities and experts. These
studies help in the input parameter assumptions when the data are not available. The models
developed in the previous studies are mostly deterministic and use weighted techniques for
CoF estimation. The main issues with weighted techniques are that they are not able to capture
the relationships between the parameters, which does not reflect the natural environment
accurately. Also, the parameters used in the literature are mostly focused on including hard and
soft costs and have not considered the operational impacts and renewal complexity impacts,
which also contribute to an increase in the CoFs. Also, the survey-based dataset may be biased,
which can skew the results based on heuristic knowledge, which may have errors. Also, as the
datasets are based on 3-5 participating water utilities, the models are not verified and validated
with enough datasets to have enough reliability to be used in real-world situations. Still, these
studies have helped improve the understanding of the factors important to consider while
assessing CoF and have also provided a valuable correlation between the most correlated and
least correlated factors. The assumptions for many TBL parameters, especially societal and
environmental, can be used from these studies with a certain degree of confidence while indi-
rectly deriving input parameters for the model development. However, the studies from litera-
ture are not comprehensive in capturing all the parameters for assessing the consequence.

12.3 Risk Modeling Practice Review with Participating
Water Utilities

A comprehensive state-of-the-practice review was conducted to utilize the knowledge of experts
from over 500 water utilities. The authors selected 25 large water utilities, geographically dis-
tributed across the US to understand critical issues and scenarios frequently experienced in the
real world. Selecting large water utilities helped the research team capture diverse and critical
scenarios with good quality information, as many of these water utilities have established asset
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management programs. During this five-year study, multiple online and in-person meetings
with these experts helped the research team understand the diverse operational risk scenarios
for water pipes. The water utility teams for these meetings comprised experts from different
teams like infrastructure asset managers, water distribution and transmission system man-
agers, chief water distribution operators, data scientists, GIS analysts and database managers.
The participation of representatives from different departments helped the research team
solicit additional information, like recent and historical case studies, internal risk modeling
reports, capital and operational budget information, laboratory testing results, and risk models.

Based on the comprehensive practice review, it was found that CoF estimation has been
performed at varying levels of detail. Most of the smaller utilities do not have a risk
management program and, by extension, no CoF assessment method. In contrast, many
larger water utilities have a risk management program and assess CoF for their water pipes.
For example, the Washington Suburban Sanitary Commission (WSSC) has business risk
evaluation models prepared to identify renewal needs for water pipes. WSSC estimates LoF
based on remaining useful life, which are heuristically estimated for different management
strategy groups (MSGs). These groups are essentially categories to stratify pipes based on
historical performance. An example for stratifications used by WSSC for their distribution
pipes is shown in Figure 12.1. WSSC also estimates the CoF of water pipes based on the
weighted estimation of various economic and social impacts like replacement costs, service
disruption, and public health impacts. These estimations are based on a combination of
empirical knowledge and assumptions sourced from various agencies, such as the Food and
Drug Administration (FDA) and the Environmental Protection Agency (EPA), and local
agencies and relating it in terms of percentage to the revenue.

Although the authors found that many large water utilities have some form of CoF assessment
technique, it is important to note that most of these methodologies are limited. Many large
water utilities score different parameters and use weighted models to determine CoF or criti-
cality on a subset of the water distribution system. For example, some utilities only developed
CoF models for their large diameter prestressed concrete cylinder pipes (PCCPs), ignoring the
distribution pipes. The modeling frameworks also vary among these water utilities. For
example, the city of Prince George assesses CoF in terms of combinations of scenarios, EnWin
water utility assesses criticality through internal expert discussion and priorities, the City of
Burnaby assesses CoF at a strategic level to identify cohorts of critical assets for prioritization,
the Region of Peel water utility assesses critical cohorts for developing a risk profile, Tarrant
Regional Water District uses scoring on different factors to assess CoF for its predominantly
large diameter pipe network, San Diego County Water Authority assesses risk for its large diam-
eter PCCP for prioritizing rehabilitation [21], and DC Water has comprehensive CoF weightage
and scaling criteria for different parameters for large diameter pipes to identify renewal needs.

12.3.1 Summary of Practice Review

Practice review suggests that parameters used in models developed by water utilities are very
different. This large variance can be attributed to the difference in priorities for the water
utilities. The models are mostly developed with the help of consultants who use heuristic
knowledge, which can be biased. Also, model testing, verification, and validation require
large datasets to be effective, which these models lack because these are only tested with one
water utility’s dataset. Therefore, the models developed by water utilities lack robustness
and cannot be applied to datasets outside their water utilities. The factors influencing the
CoF of water pipes, as summarized from literature and practice review, are summarized in
Table 12.1. Practice review suggests a lot of variances in the parameters. This can be attrib-
uted to the difference in priorities and impact effects for different water utilities.
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12.4 Methodology of Likelihood of Failure Assessment and CoF Model Development

12.4 Methodology of Likelihood of Failure Assessment and
CoF Model Development

12.4.1 Hypothesis

The authors propose that a CoF model developed for water pipes using a comprehensive list
of parameters and employing complex mathematical techniques will be able to predict the
CoF of water pipes more accurately.

12.4.2 Likelihood of Failure

Modeling the LoF is not within the scope of this study. The LoF scores are determined from
the performance curve developed as the other part of this study [24]. This was based on a list
of comprehensive performance indicators determined from previous studies [24-26]. The
performance curve is translated into LoF values [24, 27-30], which can be combined with
CoF values to show the overall pipe risk. The translation of performance attributes to LoF
values is determined based on the methodology illustrated in Table 12.2.

Table 12.2 Converting performance/survival probability to LoF values.

Performance index Performance index Survival LoF index

(0-5 scale) (other scale) * probability  rating Category  Description

0-1 x=%x5 0.00-0.15  0-1 Very low  New pipe installed

Y correctly

1-2 0.15-0.35 1-2 Low Little deterioration to
the pipe

2-3 0.35-0.65 2-3 Medium  Fair level of
deterioration without
any previous repairs

3-4 0.65-0.85  3-4 High Old pipe with 1-2
repairs previously
done

4-5 0.85-1.00  4-5 Very high Heavy deterioration

of the pipe with more
than 2 repairs done
previously or major
rehabilitation

12.4.3 CoF Model Development

We propose the inclusion of a comprehensive list of parameters from extensive literature and
practice reviews and interviews with experts from water utilities. This approach will be more
comprehensive in capturing the TBL parameters, along with operational and renewal
parameters [31]. Models are developed based on the fuzzy logic (FL) approach to counter the
inherent data uncertainty with knowledge in water pipeline risk modeling. The method of
model development is process-driven (i.e. it converges the information obtained from data
and real-world knowledge into the model, which will help the model to mimic the real-world
scenarios). The models are also piloted with real-world data by extensively engaging partici-
pating water utilities.
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This study provides a methodology for developing a CoF model based on FL to capture and
model the essential parameters needed to accurately model the consequence of the failure of
a water pipeline. The performance of the models is assessed based on the granularity and
accuracy of the results. The parameters have been defined based on extensive literature and
practice reviews and previous surveys conducted to develop CoF parameters. The contribu-
tion of this study in the CoF assessment methodology are as follows:

e The data structure is more comprehensive than the previous studies and includes param-
eters capturing the operational conditions and renewal complexity along with the triple
bottom line (TBL) parameters. These have been verified by discussions with multiple
water utilities.

e The inherent ambiguity in determining the input parameters for a CoF assessment can
be accounted for by employing soft computing techniques. Soft computing is the use of
approximate calculations to provide imprecise but usable solutions to complex computa-
tional problems. The principal constituents of soft computing techniques include neural
networks, FL, and GAs [32]. Minor components include probabilistic programming, cha-
otic programming, and machine learning, among others [33].

e The models are also verified using sensitivity analysis (to check the model performance
with respect to parameters) and piloted based on data collected from multiple utilities.

12.4.3.1 Data Structure for CoF Model

The development of the data structure was based on the findings from a comprehensive lit-
erature and practice review. The subparameters identified from the literature are catego-
rized to improve global understanding. These are presented in Figure 12.2. The modules

Direct costs of renewal l

—{ Cost of legal issues l
Cost of lost water l
Cost of impact on protected zones/

Environmental surface water/ wetlands/ surroundings
impacts

Economic
impacts

Potential for landslides and road caving l

Customer service disru ptionl

Cost of property damage |
Road and railway traffic flow irnpact]

Social
impacts

Consequence of Water quality impact |

failure

Public health impact]

Financial resiliency

Workforce availability l

Operational Fire flow impact

characteristics

Redundancy level

Static pressure
Ground cover

Depth of pipe

Renewal
complexity

Quality of utility record

Availability of spare parts l

Figure 12.2 Categories considered for CoF estimation for water pipelines.
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cover different aspects of the CoF assessment, including the TBL parameters as well as the
parameters capturing the impact of operational parameters and the complexity of renewal
activities.

12.4.3.2 CoF Model Parameters List and Membership Functions

Based on a comprehensive literature review and practice review, 12 subparameters were
identified in the economic impact, social impact, and environmental impact modules. These
were updated into 18 parameters based on operational impacts and renewal complexity
related to CoF assessment and were discussed with water utilities. The proposed 18 subpa-
rameters are categorized into five modules in Table 12.3. All the membership functions for
the parameters are triangular membership functions except some trapezoidal membership
functions used to capture values above a certain limit in the very high category range.

Table 12.3 Consequence of failure model parameters and assumptions.

Membership Membership
Parameters Units  function ranges function Definition

Economic impact module (0-5)

Direct costof $ Very low Gaussian bell Direct costs include direct and indirect

renewal ($0-$10 000) labor costs, materials and equipment
Low Gaussian bell purchases, construction, engineering,
($5000-$45 000) repaving, landscaping, other contract

repair costs, and laboratory services
Medium Gaussian bell

From literature and practice reviews, it
($25 000-$125 000)

can be observed that water utilities

High Gaussian bell consider this as one of the most
($75 000-$450 000) important parameters
Very high Trapezoidal
(>$225 000)
Cost of lost $ Low ($0) Gaussian bell It includes the cost of water lost due to
water : : failure, which depends on the time
Med 25 000 G bell ’
-e fum ($ ) ausmar-l © taken to fix the break/leak
High (350 000) Trapezoidal Includes cost of additional supply or
bottled water
Cost of legal  $ Low ($0-$20 000)  Gaussian bell This is the cost of any legal fines and
issues Medium Gaussian bell proceedings due to a failure event
($10,00-$110 000) This can occur due to flooding in
Hich T idal residential, commercial, or industrial
12 rapezoldal  4reas, and the property owners could
(860 000~ sue the water utility
$3 000 000)
Economic Scale  Very low (0-1.25) Gaussian bell This module can also estimate results
impact Low (0-2.5) Gaussian bell 10 $ values as well as in 1-5 scale

However, a 1-5 scale is preferred for

Medium (1.25-3.75) Gaussian bell easy compatibility with the other

High (2.5-5) Gaussian bell modules
Very high (3.75-5)  Gaussian bell Centroid defuzzification method is
used

(Continued)
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Membership

Parameters Units  function ranges

Membership
function

Definition

Environmental impact module (0-5)

Cost of impact $
on surface

water,

wetlands, and
streams

Low
($2500-$22 500)

Medium

($12 500-$150 000)

High

($80 000-$750 000)

Very high
($415 625-
$1 500 000)

Low (0-2.5)
Medium (0-5)
High (2.5-5)

Potential for  Scale

landslides

Environmental Scale

impact Low (0-2.5)

Medium (1.25-3.75)

High (2.5-5)

Very high (3.75-5)

Social impact module (0-5)

No customers
(0-1.25)

Customer Scale
service

disruption

Dry (retailers)
(1.25-3.75)

Wet (using water as

input like

restaurants, food
processor, beverage
maker, computer

chip
manufacturers)*
(2.5-5)

Critical customers
(hospitals, schools,

etc.) (3.75-5)

Road and $
railway traffic

‘ Medium
flow impact

High
($750 000~
$5000 000)

Very low ($0-$5000)

Very low (0-1.25)

Residential (0-2.5)

Low ($0-$150 000)

($75 000-$875 000)

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Trapezoidal

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Trapezoidal

Chlorinated water contamination into
nearby streams, water bodies, and
wetlands can contaminate source
water, causing a threat to aquatic life,
in turn affecting the fish industry and
recreational activities

The input value is determined based
on proximity to wetlands, surface
water bodies, and streams

Low, medium, and high soil slip
potential values are determined from
NRCS SSURGO database

This can indicate the potential for
landslides

High soil slip potential means high
potential for landslides

Environmental impact module
estimates the total impact of water
pipeline failure on the natural
environment

Centroid defuzzification method is
used

The input values are determined based
on land use of the land above the pipe
Land use data are obtained from the
National Land Cover Database
(NLCD) or the municipal/state website

Open space is indicative of no
customers, and as a result the
customer service disruption is
minimum

Critical customers face the highest
impact due to service disruption

The input values are determined based
on proximity to roads and railway
tracks

These data are obtained from the state
DOT website

Water pipe failures can disrupt traffic

costing human-hours and delays in
commercial and business activities
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Table 12.3 (Continued)
Membership Membership
Parameters Units  function ranges function Definition
Water quality Scale Low (0-2) Gaussian bell Infiltration into the water distribution
impact Medium (0.5-4.5)  Gaussian bell system after a failure event can affect
) T . water quality
High (3-5) Gaussian bell Input values are determined using
proximity to superfund sites and
wastewater pipelines
Cost of $ Low (< $5000) Gaussian bell Flooding due to water pipeline failures
property Medium Gaussian bel] Can cause property damage in residential,
damage ($2500-$102 500) commercial, and industrial buildings
Hich T idal Input values are determined based on
12 rapezoldal  1and use and proximity to residential
(852 500-$500 000) areas and buildings obtained from
NLCD and municipal/state website
Social impact Scale  Very low (0-1.25) Gaussian bell Social impacts include the parameters

Low (0-2.5)

Medium (1.25-3.75)

High (2.5-5)
Very high (3.75-5)

Operational impact module (0-5)

Financial
consequence

Workforce
availability

Fire flow
impact

%

Scale

Scale

Static pressure psi

Low (0%-1%)
Medium (1%-3%)
High (>3%)

Not available (0-2)

Manageable
(0.5-4.5)

Easily available
(3-5)

Low (0-2)
Medium (0.5-4.5)
High (3-5)

Low (0-25)
Medium (20-80)
High (50-200)

Gaussian bell
Gaussian bell
Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell

Trapezoidal

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell

Trapezoidal

which indicate consequences to the
customers and the public after a water
failure event

Centroid defuzzification method is
used

Failure events can impose stress on the
operating budget of the water utility

This parameter is estimated as a ratio of
Annual Expenditure on Reactive Renewal
Annual O & M Budget

High financial consequence means
less operational impact

Workforce ability is essential to isolate
a failed section of the water pipe by
operating valves and renewing the pipe
High workforce availability means less
operational impact

High workforce availability is assumed
for larger water utilities and low for
smaller water utilities

Manageable class includes availability
through external contractors

The input values are based on
proximity to fire hydrants

High fire flow impact means a high
operational impact and proximity to
multiple fire hydrants, which could be
disrupted in case of a failure event

High static pressure translates into
high operational impact due to loss of
greater volume of water and difficulty
in controlling the flow

Static pressure indicates the amount of
water loss

The input value is determined from
the water utility database

(Continued)
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Parameters Units

Membership
function ranges

Membership
function

Definition

Redundancy %
level

Operational Scale

impact

No backup (0-100)

One redundant
system (80-120)

Extra redundant
systems (100-200)

Very low (0-1.25)
Low (0-2.5)
Medium (1.25-3.75)
High (2.5-5)

Very high (3.75-5)

Renewal complexity module (0-5)

Ground cover Scale

Depth of pipe  ft

Quality of Scale

utility record

Availability of Scale
spare parts

Renewal Scale

complexity

Open space (0-2)

Roads and railways
(1-4

Buildings and/or
water surface (3-5)

Low (0-6)
Medium (4-10)
High (8-30)
Comprehensive
database (0-2)

Partial database
(1-4)

No database (3-5)
Easily available
(0-2)

Manageable (1-4)
Not available (3-5)
Very low (0-1.25)
Low (0-2.5)
Medium (1.25-3.75)
High (2.5-5)

Very high (3.75-5)

Consequence of failure

Consequence Scale

of failure

Very low (0-1.25)
Low (0-2.5)
Medium (1.25-3.75)
High (2.5-5)

Very high (3.75-5)

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell

Trapezoidal

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell

Gaussian bell

Gaussian bell
Gaussian bell
Gaussian bell
Gaussian bell

Gaussian bell

Extra redundant systems translate into
low operational impact as water flow
can be directed into redundant pipes
using valves and keep the service
uninterrupted

Redundancy is based on the pipe
function and is assumed 200 for
distribution pipes and 0 for
transmission pipes

Operational impacts consider the
financial and O&M conditions of the
water utility and the pipe

Centroid defuzzification method is
used

Pipes under buildings and water
surfaces are more complicated to
perform pipe renewal activities
The input value is obtained from
NLCD or municipal/state database

Pipes at lower depths are easier to
renew due to ease of accessibility
Input value is obtained from the water
utility database

Good utility records help in a timely
and accurate location of failure, and
information from utility records helps
in preparedness

Input value is based on the quality of
obtained data from the water utility

Availability of spare parts and repair
materials translates into timely
renewal

Renewal complexity module considers
parameters essential to capture the
relative difficulty in renewing the pipe,
which can influence the time taken to
isolate and fix a water pipeline failure
Centroid defuzzification method is
used

Centroid defuzzification method is
used
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12.4.3.3 CoF Model Parameters Description

Economic Impact

1y

2)

3)

Cost of renewal: If a utility fails, it has to be necessarily fixed either by repair, rehabili-
tation, or replacement so that a particular level of service is achieved and the utility is in
functioning mode again. This cost includes the costs of labor, materials, outside
construction contractors, and land restoration. High cost indicates high consequences
and vice versa. It is divided into three categories in the CoF model:

a) Low ($0-$10 000)

b) Medium ($5000-$100 000)

¢) High ($20 000-$2 000 000).

Cost of legal issues: In some cases, customers or affected individuals/firms may sue the
utility for damage, injury, or loss due to failure in terms of claims, fines, insurances, non-
compliance issues, attorney fees, etc. This cost is in addition to the cost of renewal and the
cost of property damage. The higher the cost, the higher the consequences. It is divided
into three categories in the CoF model:

a) Low (< $100 000)

b) Medium ($50 000-$500 000)

¢) High ($250 000-$1 000 000).

Cost of lost water: Due to failure, a large volume of treated clean water is lost. A huge
investment is incurred in installing the treatment plant and in treating water. Failure
results in the loss of this investment and the cost incurred to treat the water. This cost also
must be accounted for when estimating consequences. It is divided into three categories
in the CoF model:

a) Low (< $4000)

b) Medium ($2000-$100 000)

c) High ($50 000-$750 000).

Environmental Impacts

4)

5)

Quality impacts on surface water and/or surroundings: Break out of wastewater
pipes will lead to a large amount of sewer water flooding. This will lead to contamination
of surface water bodies, which will affect aquatic life. Impacts on surroundings other
than property (as described in parameter 2) should also be incorporated here. It is divided
into five categories in the CoF model:

a) Very low ($0-$5000)

b) Low ($0-$15 000)

¢) Medium ($5000-$150 000)

d) High ($75 000-$750 000)

e) Very high ($300 000-$10 000 000).

Potential landslide or road caving: If the extent of failure is quite large and if a large
amount of water is flooded, chances of landslides or road caving can cascade into other
costs. It is divided into two categories in the CoF model:

a) Desirable (0-3.5)

b) Undesirable (1.5-5).
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Social Impacts

6)

7)

8)

9)

Cost to property damage: The failure of any pipe results in loss not only to the pipe
itself but also to other assets/infrastructure, mainly buildings, structures, and vehicles.
These are basically the third-party damage cost that the utility might have to pay or is
paid by the owner itself. The higher the cost, the higher the consequence. It is divided
into three categories in the CoF model:
a) Low (<$20 000)
b) Medium ($10 000-$100 000)
¢) High ($50 000-$1 000 000).

Customers service disruption: Failure leads to service disruption as the water supply
is interrupted. Different kinds of customers are affected in a variety of ways. It is divided
into five categories in the CoF model:

a) Open space (0-1.25)

b) Residential (0-2.5)

c) Dry (retailers) (1.25-3.75)

d) Wet (using water as input like restaurants, food processor, beverage maker, com-

puter chip manufacturers) (2.5-5)

e) Critical customers (hospitals, schools, etc.) (3.75-5).

Road and railway traffic flow impact: Water pipeline failure can lead to disruption
of traffic on roads and railway due to road closures and can translate into human-hours
lost and potential business lost on freight corridors and can be accounted for as financial
costs. It is divided into five categories in the CoF model:

a) Very low ($0-$20 000)

b) Low ($0-$150 000)

¢) Medium ($75 000-$1 500 000)

d) High ($750 000-$7 500 000)

e) Very high ($3 000 000-$15 000 000).

Water quality impact: Water pipe failures can lead to infiltration from nearby waste-
water pipes or sediments and impact the quality of water supplied to people. This can
also take the form of redness in water due to corroded pipes. It is divided into three cat-
egories in the CoF model:

a) Low (0-2)

b) Medium (0.5-4.5)

c) High (3-5).

Operational Impacts

10)

11)

Financial resilience: Water utilities with large budgets (typically large utilities) can
mitigate consequences due to water pipeline failures using the extra financial resiliency
or using insurance programs. It is divided into three categories in the CoF model:

a) Low (0-2)

b) Medium (0.5-4.5)

c) High (3-5).

Workforce availability: The presence of an adequate and skilled workforce can sup-
plement a good database and can mitigate the consequences of water pipeline failures.
Skilled operators can drastically reduce the consequences by identifying problems and
implementing solutions faster. It is divided into three categories in the CoF model:

a) Low (0-2)

b) Medium (0.5-4.5)

¢) High (3-5).
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12) Fire flow impact: Water pipes providing water to fire hydrants may pose the risk of
unavailability of water during fire incidents for buildings, public spaces, hotels, etc.,
after a failure event:

a) Low (0-2)
b) Medium (0.5-4.5)
c) High (3-5).

13) 13. Static pressure: Pipes working at higher operating pressures can have higher con-
sequences due to a greater volume of water escaping in case of failure:
a) Low (0-25 psi)

b) Medium (20-80 psi)
c) High (50-200 psi).

14) Redundancy level: A water distribution network with redundancies can ensure that
the failure of water pipes with redundancy would not disrupt the service as the water
flow can be redirected into the redundant pipes with valves. This can mitigate the con-
sequences of a water pipeline failure. It is divided into three categories in the CoF
model:

a) Extra redundant systems (100-200)
b) One redundant system (80-120)
¢) No backup (0-100).

Renewal Complexity Data Structure

15) Ground cover: This refers to the type of surface or structure under which the pipe has
been buried. The complexity in renewing the failed pipe section depends on whether the
pipe is buried under water or land or buildings, etc. It is divided into three categories in
the CoF model:

a) Open space (0-2)
b) Roads and railways (1-4)
¢) Buildings and/or water surface (3-5).

16) Depth: Pipes at greater depths are more difficult to renew due to the extra effort needed
for excavation and the greater difficulty in encountering a failure event before the effects
magnify. It is divided into three categories in the CoF model:

a) Low (0-6 ft)
b) Medium (4-10 ft)
c) High (8-30 ft).

17) Quality of utility record: It indicates the reliability of existing records on buried util-

ities. The availability of accurate historical utility records for the project can signifi-

cantly reduce the potential for encountering unexpected underground utilities. It is
divided into three categories in the CoF model:

a) Good (0-2)

b) Fair (0.5-4.5)

¢) Poor (3-5).

Availability of spare parts: A failed utility must be repaired, and for that the required

materials must be available. If materials are not easily available, it will increase the time

for which the utility remains out of service, causing annoying inconvenience to people,
and thus consequences will be large. It is divided into three categories in the CoF model:

a) Not available (0-2)

b) Difficult (0.5-4.5)

c) Easily available (3-5).

18
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12.4.3.4 CoF Index Rating Scale

Determining the scale of model output was performed after discussion with water utilities
and experts. This study utilizes the 1-5 scaling system for the CoF rating. The 1-5 scale is the
preferred range, and it is also a balanced tradeoff between the granularity and statistical sig-
nificance. Table 12.4 shows the description of the 1-5 index ratings.

Table 12.4 CoF index rating description.

CoF rating Category Description

0-1 . Minimum to no renewal costs, environmental impacts, social disruption,
Insignificant .
easily renewable
1-2 Minor Minor impact due to failure on renewal costs, environmental or social

impact, and is easy to renew

2-3 Some CoF parameters have moderate impacts on renewal costs,
environmental or social impact, or are not very easy to renew

3-4 May have a high impact on renewal costs, environmental or social
impact, or is very hard to renew

4-5 Critical and may have a very high impact on renewal costs,

environmental impact, or social impact

12.4.3.5 Fuzzy Logic Model Details

FL was conceptualized from the fuzzy set theory introduced by Zadeh in his seminal work in
1965, which was introduced as an alternative to binary set theory. FL allowed graded mem-
berships of inputs that were more intuitive and closer to real-world situations [34]. As shown
in Eq. (12.1), the crisp sets based on binary logic are not intuitive and realistic in modeling
input parameters, especially for risk analysis where data might be imprecise and uncertain.

_|lifXes

1 (X)= 0 XES (12.1)

where 4,(X) is the membership of the parameter X, and S refers to the crisp set.

Fuzzy sets, on the other hand, can have a grade of membership mapped on [0,1]. Formally,
if we assume A to be the universe of discourse X and x be an element within X, the
characteristic function s, (X) of fuzzy set A can be expressed as

fia: X —|0,1] (12.2)

From Eq. (12.1), we can understand that the membership degree of any element x in X can
be described as

pa(x) €[0,1] (12.3)

where ,(x) is the membership function of fuzzy set A. Based on this understanding, the
fuzzy set A can be defined as

A= {(x pa(x))1x € X} (12.4)

The two most widely used fuzzy inference methods are Mamdani and Sugeno. This study
uses the Mamdani fuzzy inference method [35] over the Sugeno method as the Mamdani
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method has widespread acceptance and provides a fuzzy set as an output instead of a
mathematical expression, which has better interpretability into a single output using defuzz-
ification [9].

Membership functions are used in FIS to model parameter ranges into a fuzzy space. A
membership function is a line or curve that defines how each point in the input space is
mapped to the degree of membership. The membership function can take linguistic values
such as low/high or small/large, etc. There are several types of membership functions, which
include triangular shaped, trapezoidal shaped, gaussian shaped, generalized bell shaped,
sigmoidally shaped, s shaped, z shaped, and IT shaped. For this research, the authors used
different membership functions, like triangular, trapezoidal, and gaussian bell membership
functions. The membership functions were assigned based on secondary data and discus-
sions with water utility experts. The membership functions were developed based on heu-
ristic knowledge to capture the expert knowledge from industry professionals and the
literature. The generated membership functions were then reviewed and evaluated by mul-
tiple professionals, including engineers from various water utilities, consultants, and pipe
associations.

Input parameters projected into a fuzzy space using membership functions are modeled
based on a fuzzy rule based (FRB) system. This system is built to represent relationships
between input and the expected output using if-then statements. To model dependencies
between parameters, FRBs can also use Boolean logic operators like AND (both parameters
are included), OR (including one or both parameters), and NOT (exclude the parameter).
An advantage of using different Boolean operators is that it helps reduce the number of
rules in the model when all parameters are not required for specific outputs, especially
when considering best and worst rating outputs. Similar to the development of membership
functions, the FRB for this expert system model was developed based on the heuristic
knowledge from literature and industry experts. Cumulatively, there are 381 rules in the
proposed model.

Based on the membership functions, rules, and operators, the given crisp input can be
mapped into an output fuzzy set. After that, the implication operation is used to compute the
output fuzzy set of each operation. Then all the output fuzzy sets are combined into one
fuzzy set based on aggregated operation utilizing summation (sum of the rule output sets)
operator to represent all truncated values from the output membership function. Finally, the
fuzzy output set is converted into a crisp CoF rating within [0,5] using defuzzification.
Defuzzification can be performed based on different methods like centroid, bisector, middle
of maximum (the average of the maximum value of the output set), largest of maximum, and
smallest of maximum. For this research, the authors used the centroid method for defuzzifi-
cation which returns the center of the area encompassed by the output fuzzy set. The cen-
troid method is the most popular defuzzification method as it can find the central tendency
of the aggregated output fuzzy set.

The authors chose a hierarchical framework for the FIS which can evaluate different cat-
egories as modules within the overall CoF model. The advantage of using a hierarchical
framework is twofold. First, a hierarchical framework can help reduce the overall number of
rules reducing the computational complexity and thus increasing the interpretability of the
model. Second, a hierarchical framework helps in the model verification and validation pro-
cess as the final outputs can be back-tracked to individual modules and the parameters
included within the module. This helps verify discrepancies during validation and identify
potential modifications needed. As a result, a total of six separate FL models are developed
and arranged hierarchically, as shown in Figure 12.3.
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Figure 12.3 Model layout.

12.4.3.6 Model Verification and Validation Protocols

The authors developed a novel protocol to investigate the reliability of the results based on test-
ing the qualitative and quantitative aspects of the model. Qualitative aspects relate to model
performance in different risk scenarios faced in real-world situations. Quantitative aspects look
at the model performance compared to historical data with respect to accuracy and precision
metrics like root mean square error (RMSE), mean absolute error (MAE), etc. The tasks out-
lined in this section discuss protocols to test and validate CoF models in real-world scenarios.

e Task 1: Understanding the water pipeline system complexities and influential factors for
modeling the CoFs to reduce epistemic uncertainties and improve risk modeling based on
a comprehensive literature and practice review.
e Task 2: Identify critical parameters and necessary assumptions based on the findings of
Task 1.
e Task 3: Collect available historical data from water utilities.
e Task 4: Perform data preprocessing and QA/QC and generate descriptive statistics to
understand data characteristics and reduce aleatory uncertainty.
e Task 5: Understand available algorithms and choose the algorithm capable of
a) Handling data uncertainty: This includes performing data preprocessing based on
system understanding to reduce aleatory and epistemic uncertainties.
b) Combining data with knowledge following a process-driven approach: One of the
major issues with risk modeling for water pipeline systems is the lack of reliable data.
As a result, it is imperative to use algorithms that can incorporate knowledge and
system understanding.
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e Task 6: Run the model based on available data and assumptions and get the CoF results
for water pipe segments on a 0-5 scale.

e Task 7: Evaluation and verification of results
a) Setup an evaluation team with water utilities to discuss model performance based on

their dataets.

b) Face validity to check model parameters, rules, and results.

c) Sensitivity analysis to check how uncertainty propagates through the model and
identify parameters with the highest influence over model results.

d) Comparing results with a competing model already being used by water utilities.

e Task 8: Validate model
a) Setup a validation team with a large water utility having enough resources to collect

data and provide feedback on model performance.

b) List critical parameters (based on Task 1 and Task 7), sources and measurement pro-
tocol (based on Task 8) to collect data. Data can come from three types of measure-
ments:

i) Directly recorded: This includes measurements made by water utility based on
laboratory or field tests using instruments.

ii) Indirectly obtained: These are second-hand data obtained from external sources
and not necessarily recorded by the water utility.

iii) Educated guess: These can come based on experience and heuristic knowledge of
water utility experts and can be digitized for analysis purposes.

e As the result of the model is represented on a 0-5 scale, it is unlikely that the definition
of each scale in the proposed research will match the validation team’s definition. A viable
option will be to use piecewise validation of the model modules. Ground truth metrics can be
selected for each module within the CoF model to evaluate the accuracy of model predictions.

e Collect data based on a robust sampling methodology.

e Perform data pre-processing and QA/QC and generate descriptive statistics to understand
data characteristics. Also, parameters which cannot be measured on the ground will be
estimated based on Task 2 and Task 4.

e Run the model and generate results.

e Evaluate accuracy of model outputs with the selected metrics. Qualitative discussions of the
model predictions versus the ground truth will also be provided to contextualize the results.

12.5 Results from the Application of the CoF Model to Data
from 500 Water Utilities in the US

12.5.1 Overall Distribution (Miles) of Pipes in the US in Different CoF
Categories

The results for the data collected across water utilities in the US from the CoF model are
presented in Table 12.5.

The bar chart for Table 12.5 is presented in Figure 12.4 showing the proportion of pipes in
different CoF ranges. The results showed that the majority of the larger diameter pipes (com-
monly falling into transmission pipe category) fall into higher consequence category, as
failure of similar pipes can disrupt the service downstream. The overall distribution of pipe
samples in different CoF categories is shown in Figures 12.5-12.7.
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Table 12.5 Distribution of water pipes (as a percentage) falling in the different consequence ratings.

Distribution in different CoF ratings (% of samples)

Diameter
Type Material (in.) Mileage Moderate Minor Insignificant
Metallic DI <16 50 310 0.00 0.02 24.09 75.89  0.00
16-36 8137 0.99 8.09 90.92 0.00  0.00
>36 772 70.32 29.68  0.00 0.00  0.00
Steel <16 7488 0.00 0.02 31.85 68.13  0.00
16-36 1877 10.44 10.40 79.16 0.00  0.00
>36 1903 89.72 10.28  0.00 0.00  0.00
CI <16 45267 0.00 0.01 13.80 86.19  0.00
16-36 4133 4.52 2.65 92.82 0.00  0.00
>36 264 86.63 13.37  0.00 0.00  0.00
Cementitious RCCP <16 35 0.00 0.00 35.48 39.14 25.38
16-36 816 8.05 8.09 52.06 31.80  0.00
>36 458 85.33 14.67  0.00 0.00  0.00
PCCP <16 576 0.00 0.04 38.58 55.02  6.37
16-36 1943 12.57 13.54 41.51 3238 0.00
>36 1397 99.52 048  0.00 0.00  0.00
AC <16 21416 0.00 0.00 32.59 39.99 2742
16-36 2194 0.00 0.24 60.36 39.40  0.00
>36 <1 96.55 3.45  0.00 0.00  0.00
Plastic PVC <16 26271 0.00 0.00 16.23 46.74  37.02
16-36 3293 0.43 0.90 38.95 59.72  0.00
>36 63 80.00 20.00  0.00 0.00  0.00
HDPE <16 399 0.00 0.01 6.33 45.39  48.27
16-36 379 0.00 9.32 10.25 80.43  0.00
>36 1 70.21 29.79  0.00 0.00  0.00
Composite Composite <16 2 0.00 0.00 33.06 25.81 41.13
16-36 2 0.92 8.26 31.19 59.63  0.00
>36 6 100 0.00  0.00 0.00  0.00

Percentage of Pipes in Different CoF Categories based on Diameter
100.00

Percentage
wn
(-]
g8

20.00
10.00 I
0.00 . . = = —
Insignificant Minor Moderate Major Minor Moderate Major Catastrophic Major Catastrophic
<16" 16"-36" >36"
™ Percentage 1133 68.69 19.97 0.01 1145 77.11 7.05 4.39 337 96.63
Pipe Diameter

Figure 12.4 Percentage of pipes in different CoF categories based on diameter stratification.
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12.5.2 Key Findings from the Results

Based on the results, it could be summarized that CoF ratings are consistently higher for
larger diameter pipes. However, there is a difference between the CoF ratings of different
materials in the diameter categories which can be attributed to the pipe’s operational
function (distribution, transmission, and redundancy). The authors also found that CoF
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Figure 12.7 Percentage of plastic and composite pipes in different CoF categories based on
material and diameter.

ratings increase from average values as the pipe location changes to more critical ones. As a
result, location plays an important role in CoF modeling. Also, the model estimates higher
CoF ratings for larger diameter pipes, which are mostly transmission pipes serving a larger
network of distribution pipes. Results from correlation analysis showed that the model is
most correlated to redundancy in the pipe system followed by pipe pressure and financial
impact. One of the least correlated parameters are ground cover and road and railway traffic
flow impact. The model results are most sensitive to results from economic impact and oper-
ational impact.

12.6 Conclusions

Based on this study, it was found that risk assessment is an important component of an
advanced asset management program for a water utility and has multiple benefits, like the
support for water pipeline renewal prioritization decisions, allocation of budgets, and
moving from a reactive to a proactive asset management culture. This study highlighted the
drawbacks in the previous methods of assessing the CoFs and application of risk matrix in
the risk management framework for water utilities. These drawbacks ranged from the lack
of comprehensive parameters, suboptimal methodologies, and limited verification and vali-
dation for CoFs assessment models. The proposed improvements are based on comprehen-
sive literature and practice review from within and outside the water industry. The CoF
model follows a process guided approach which integrates heuristic knowledge (from the
literature review, practice review, and interviews with water utility experts) with data-driven
machine learning methods. It was also found that CoF ratings are consistently higher for
larger diameter pipes. The CoF ratings were found to increase from average values as the
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pipe location changes to more important ones. As a result, location plays an important role
in CoF modeling. Also, the model was found to estimate higher CoF ratings for larger diam-
eter pipes, which are mostly transmission pipes serving a larger network of distribution
pipes. This study also found that larger diameter CI (cast iron), AC (asbestos cement), and
PVC (polyvinyl chloride) pipes fall into the highest risk category ratings. Smaller-diameter
AC, PVC, HDPE (high-density polyethylene) and steel pipes were found to have the lowest
risk values. The research team also found that pressure is an important parameter to incor-
porate into CoF modeling frameworks as pressure with water pipes can explain the extent of
damage to surroundings in the event of failure. However, the research team found that
pressure data are usually not integrated well with the water pipe’s geospatial information
and are mostly a derived estimate using pressure zone information.

12.7 Recommendations

The authors found that risk assessment is critical to an advanced asset management program
as it supports renewal prioritization decisions, helps in allocation of capital improvement
and O&M budgets, and helps move water utilities from reactive to a more proactive form of
asset management. It is recommended that water utilities need to collect better CoF data to
help develop and support more comprehensive models which can determine CoF costs more
accurately. Based on this study, it can also be suggested that probabilistic CoF modeling can
capture uncertainty better than deterministic models, and modeling techniques for water
pipes need to move from a deterministic to a probabilistic framework. However, one caveat
with probabilistic analysis is that it requires higher volumes of good quality data. It is also
recommended to include hard and soft costs of failure and not just the direct cost to the
water utility for CoF modeling. The final recommendation from this study would be that
decision support systems should provide maximum information to the decision-makers
rather than being fully prescriptive. This is because it is complex to incorporate decision atti-
tudes for different organizations into a single framework. In these situations, the more
information the water utility decision-makers have, the more usable the decision support
system will be for water utilities.
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Fuzzy Logic Applications for Water Pipeline Performance Analysis
Hao Xu and Sunil K. Sinha

Virginia Tech, Blacksburg, VA, United States of America

13.1 Introduction

Data are crucial to any analysis but providing valuable information and knowledge from
data requires an understanding of the system being studied to determine the framework and
potential value in the analysis. This is also reinforced by the current data science frame-
works that propose hybrid modeling as the new approach to scientific discovery. Every anal-
ysis is based on knowledge developed through an extensive review of literature and practice,
which is the foundation of all data analyses in this chapter. In the past century, many tech-
nological advancements in engineering models, manufacturing, pipeline appurtenances,
installation techniques, and improvement of national and international standards have
affected the performance of water pipelines. Before performing any analysis, including data
analysis to understand historical changes in break rates, of installation trends, these techno-
logical advancements should be considered to identify any drastic changes in the trends for
pipeline performance. The research team is engaging experts in water utilities, consulting
engineers, and pipeline manufacturing associations, and is leveraging the Sustainable Water
Infrastructure Management Center (SWIM) knowledgebase to build a strong foundation for
data analyses for this research.

13.1.1 Water Transmission and Distribution Pipeline Infrastructure System
Elements

The purpose of water transmission and distribution systems is to supply water to customers
and provide fire protection to communities with minimum disruptions and water losses.
Three criteria guide this:

e Structural reliability: To maintain structural strength throughout the lifecycle with
minimum costs.

e Functional reliability: To deliver water at sufficient pressures to customers with adequate
hydraulic capability and minimize utility pumping costs.

e Safety requirement: To deliver water free of pathogens, contaminants from infiltration,
and internal leaching from water pipelines.

Water distribution systems generally consist of pipelines, pumps, valves, hydrants, storage
tanks, reservoirs, water wells, treatment plants, meters, fittings, and other hydraulic appur-
tenances that help in connecting and managing water flow from the treatment plants or

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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sources to the customers. It is essential to understand the characteristics of these system
elements and their interaction with water pipelines and other system elements.

13.1.2 Water Pipelines

Water pipelines are installed to transport safe and sufficient water to customers with reliable
service. Based on function, water pipelines are categorized into transmission mains (to
transport water from a source such as treatment plants or reservoirs), distribution mains
(to transport treated water from transmission mains to curb stops), service lines (to transport
treated water from curb stops to individual customers), and premise plumbing (to transport
water within a customer facility). Different materials are usually preferred for each category,
and the diameters get progressively smaller from transmission mains to premise plumbing,
owing to the amount of water transported. The overall categories of the pipeline materials as
shown in [1] are used in this chapter. For this research, transmission and distribution pipe-
lines are included in this study, and service pipelines are not included.

13.2 Performance Models Literature Review

There has been extensive research on diverse statistical modeling techniques. This chapter is
not aimed at distinguishing or judging the different ways of classifying these models. In this
chapter, several major techniques are selected, and for each type of them, the definition,
purpose, pros, and cons are discussed. This section provides an overview of a large body of
work that quantifies water pipe infrastructure deterioration by analyzing historical
performance data.

13.2.1 Deterministic Models

Deterministic models can be used in cases where the relationships between components and
the precise measurements from the studied system are known. The two major approaches in
this type of modeling can be categorized into empirical and mechanistic. An example of
empirical approach for water pipes is finding the relation between failure rates and the influ-
encing system parameters. The main limitation, apart from the availability of precise mea-
surements, is that this approach can only be applied to a cohort of prespecified pipes. An
example of the mechanistic approach related to water pipes is the prediction of the service
lifetime of each pipe. The main limitation of this approach is that it assumes that the failure
mode and mechanisms of the studied pipes are well understood.

Deterministic models can work well to predict corrosion rates, estimate the remaining
wall thickness, and relate its expected pipe service lives given that enough precise measure-
ments are available from the field. These models can be expressed in the form of equations
with limited parameters and can be only applied at a cohort level. Cohorts can be developed
based on the homogeneity of certain pipes with respect to material, diameter, internal or
external protections, external environment, and other key common features. Regression
models can provide a simplified method of learning and determining spatiotemporal rela-
tionships while developing failure rate curves. It relies on learning from historical patterns
in the feature set to predict future failure rates. Previous studies have employed various types
of regression techniques like linear, exponential, and gaussian to determine relationships
and estimate future failure rates as a function of different influencing factors. Previous
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studies have shown that most of the existing methods in literature are regression-based algo-
rithms, combining mechanistic empirical analysis, and opinions from experienced engi-
neers [2].

13.2.2 Probabilistic Models

Statistical modeling is a conventional technique used for predicting the expected service life
of infrastructure assets [3-7]. Specifically, the utilization of statistical modeling from
observed data also helps in describing key data characteristics. Statistical methodology is
typically applied to homogeneous cohorts based on common characteristics of the asset data.
It requires historical failure or condition data for application. The main limitation of this
technique stems from the requirement of large historical data as well as the inability to rec-
ognize patterns for future predictions.

Probabilistic modeling analysis in the pipeline domain relies on the relative frequency or
instances of asset failure. Historical condition or performance data along with asset attrib-
utes can be used to predict the future probability of failure [8-10]. These have been consis-
tently applied for pavements, bridges, and other critical infrastructure asset management for
supporting renewal (repair, rehabilitation and replacement) decisions. The main limitation
is that these models require extensive historical data [11-20].

13.2.3 Advanced Mathematical Techniques

Advanced mathematical models used for water infrastructure can be categorized into
learning methods like ANNS (artificial neural networks) and expert systems like fuzzy logic
(FL). These two types of advanced mathematical models present approaches that have been
used frequently for infrastructure deterioration [21].

13.2.3.1 Artificial Neural Network Model

Machine learning algorithms are generally considered advanced algorithms. There have
been several works of literature focusing on applying such algorithms into pipe condition
assessment problems. In the problem of building the relations between output and input
variables, the utilization of supervised learning algorithms is common since output variables
can act like tags. Such algorithms include ANN, support vector machine (SVM), naive Bayes,
decision trees, random forest, etc. There has been much research applying and comparing
such algorithms in an assessment of a pipeline’s condition, but there is no general conclusion
that a specific algorithm outperforms the others. Some algorithms may outperform the
others depending on the modeling framework and the feature set. ANN models have been
explored for various applications in previous studies [7, 20, 22-24].

The machine learning based model is the most data-demanding type of model. It can out-
perform statistical models when the data are sufficient and accurate enough. However, the
water industry’s current situation cannot meet the enormous data needs in most cases. An
ANN is used to model the deterioration or failure of pipe infrastructure [25]. A neural net-
work comprises interconnected processing elements, often referred to as neurons that work
together to provide a result. Each element is relatively simple but can become very compli-
cated when multiple interconnecting networks are involved. When properly trained, the
ANN model mimics the human brain’s functioning through pattern recognition and gener-
alization capabilities. Overall, this methodology provides a useful tool for modeling asset
deterioration or failure due to its nonlinearity, adaptivity, and learning capabilities. ANN
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modeling entails the use of all variables that influence the service life of a pipe. Due to its
highly complex, nonlinear, and parallel computing, the ANN is primarily inspired by how
information in a biological nervous system is processed. The input information and the pre-
dicted outputs are linked with the use of functional relationships. This approach can be used
to develop an individual asset or a network.

13.2.3.2 Fuzzy Logic Models

FL is a mathematical method used to deal with systems provided with inaccurate
information or uncertainty. Variables are assigned a degree of membership on a continuous
interval [0, 1] and subjected to approximate reasoning in a way that the human brain
functions. Fuzzy methods are recognized to handle systems that are subject to uncer-
tainties, ambiguities, and contradictions. In general, this nonlinear model provides a rules-
based expert system capable of imitating the human thought process. Researchers have
verified the advantages of fuzzy inference techniques over some other models such as the
weighted summation ones. St. Clair [26] developed a novel performance index for metallic
pipes using fuzzy inference methodology. Altogether, 27 parameters were used for this
model. The fuzzy model can handle only several input and output variables easily as the
model is made out of many membership functions, which accounts for many uncertainties
in an event. The model testing is performed using the data from water utilities. It was found
that the fuzzy model accurately predicted the performance of the pipelines utilizing several
if-then statements.

FL modeling entails the use of FL-based techniques that possess the ability to incorporate
engineering judgment to predict infrastructure deterioration. This type of model is often
used where data are scarce, cause—effect knowledge is imprecise, and observations and
model criteria are expressed in vague or fuzzy terms.

13.3 Water Utility Practice Review

To evaluate and predict pipe conditions, statistical models such as Weibull curves have been
used to predict failure. The remaining service life is determined based on that. In current
practice, most of the renewal practices are based on the risk analysis results. The business
risk exposure (BRE) provides the criticality of the pipe, and priority is assigned to the pipe for
renewal activities. Some case studies show prioritization based on economic analysis, such
as the triple bottom line (TBL) or other models, such as the Nessie curve. Other cases use
pipe failure prediction results from a statistical model, such as a Weibull curve, or physical
analysis. Models should be validated with a large volume of data across utilities to make
them more robust and reliable. In some case studies, the models that are used by utilities
were not validated. When using the models, reasonable assumptions should be made if some
data are not available. Risk analysis to determine likelihood of failure (LoF) and consequence
of failure (CoF) is challenging. Currently, many utilities use their in-house practices to cal-
culate LoF and CoF. There is a strong need for common standards for calculating LoF and
CoF. Furthermore, more advanced models are needed to quantify LoF accurately. The
renewal prioritization is highly dependent on the improvement of condition evaluation, pre-
diction, and risk analysis. The case studies reviewed are summarized in Table 13.1.

Previous studies from practice can be summarized to have used mostly heuristic models
with limited parameters and data. The issue with these models is that, although it might
work on the particular utility dataset, it will have difficulty generalizing datasets for water
pipelines in other scenarios.



Table 13.1

Summary of case studies.

13.3 Water Utility Practice Review

Utility

Technique Prerequisite

Comments

WSSC

Sydney
Water

PWB

City of
Edmonton

WSSC

PWB

SPU

SPU

Sydney
Water

Performance FEM
curve

Extreme Pitting
value corrosion
analysis

Weibull Pipe and
curve environment
data

ANN Pipe and
environment
data

Risk model  LoF, CoF,
(BRE score) risk
mitigation

Risk model  PoF, CoF
(BRE score)

Strategic Criticality
asset criteria
management

plan (SAMP)

TBL analysis

PARMS- Long-term

PRIORITY  capital
investment,
KANEW
model

Can be used for preliminary risk evaluation of PCCP but
developed based on conservative assumptions and does not
consider the coating’s bonding effect

Reliability and certainty of condition assessment could be
improved by further monitoring of the pipeline condition
over the entire length

Predictions using structural and statistical modeling are
currently based on the inspection results of six locations,
and an assumption is made that these locations represent a
homogeneous condition around the inspection site

Leak data per pipe segment of the pipeline with a similar
installation date is needed to fit the distribution

Segment assumed to be 340 ft

They were unable to predict with sufficient advance notice
for this to be suitable

Simulation related to the number of breakages that would
occur during a period not to the time of the breakage

The PoF is based on the remaining asset life

Accuracy of such estimation depends on the type of BRE
being evaluated: basic or advanced

CoF is estimated with the support of tables developed by
WSSC using a Delphi method

Risk mitigation options are included in a resiliency factor,
which measures how many resources and what plans are in
place in anticipation of asset failure

BRE is estimated as a function of PoF, CoF, and risk
mitigation options

BRE scores and costs are used as decision-support tools

The BRE is estimated as a function of CoF and LoF
(estimated on a 1-5 scale, where 1 = minimum tier, and 5 =
maximum)

When considering CoF, some consequences are so high that
they are considered in a separate category known as above
tier 5. These are extremely high consequences such as
multiple life losses and others

The criticality of the pipes is the basis for prioritizing
renewal activities. The criticality (or risk) of the pipe is
composed of CoF and LoF

Criteria for defining critical assets are based on the cost of
repair, the number of affected customers, and the time
needed for the repair, among other factors

Has developed organizational structures to deal with
improved project review and decision-making

TBL analysis considers economic, social, and environmental
impacts of a project (including positive and negative effects)
Utilizes the program PARMS-PRIORITY to predict the
condition of water pipelines

The five core tasks of this model are: risk calculation,
failure prediction, cost assessment, data exploration, and
scenario evaluation

Utilizes a ranking system that is based on the product of
LoF and CoF
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13.4 Performance Index Model Development

This section aims to develop a robust fuzzy inference system to predict performance indices
for different types of water pipe types, such as including metallic, cementitious, and plastic
pipes. Table 13.2 provides definitions of the proposed performance indices. Metallic includes
pipe materials such as gray cast iron, ductile iron, galvanized iron, and steel pipes; cementi-
tious includes pipe materials such as prestressed concrete cylinder pipes, bar-wrapped pipes,
asbestos cement, and reinforced concrete cylinder pipes; and plastic pipes include pipe
materials like polyvinyl chloride and high-density polyethylene. It should be noted that
these materials can be categorized further based on design standards, also commonly
referred to as vintage. This study makes use of a comprehensive list of variables, including
structural, operational, and environmental factors that can capture the performance of these
different materials based on their internal and external environments [22, 23, 27, 28]. The
results from the proposed FL model can also be piloted with utilities for verification and val-
idation purposes based on the protocols defined in the subsequent sections. The performance
model and a management plan will help in the prioritization of future inspection and main-
tenance practices.

13.4.1 Performance Scale

A scale is important to develop in order to visualize results from the performance model.
Based on the comments from a 25-member panel of experts from water utilities, consultants,
and academics, it was decided that a 1-5 scaling system would work best in this case. The
1-5 scale is most widely used, consistent with rating systems of other assets managed by
water utilities, and can also provide a balanced tradeoff between granularity and statistical
significance [26, 29].

Table 13.2 Proposed performance index definition.

Grade Representation Definition Color

1 Excellent Very low probability of failure
Excellent expected service life Dark green
Almost no deterioration or corrosion

2 Good Low probability of failure
Satisfactory expected service life Light green

A little deterioration or corrosion

3 Fair Acceptable probability of failure
Acceptable expected service life
Acceptable deterioration or corrosion

4 Poor Hard-to-accept probability of failure
Short expected service life
Obvious deterioration or corrosion

5 Very poor Unacceptable probability of failure
Unacceptable expected service life
Unacceptable deterioration or corrosion
The pipe can no longer provide service (needs to be replaced)
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13.4.2 Performance Parameters Selection

For metallic pipelines, the performance rating system consists of four subdivided modules,
as shown in Figure 13.1, which is based on extensive literature and practice reviews.
According to the data source, the parameters can be marked as direct records, indirect
records, or educated guesses. The reliability of direct records is the highest, while the reli-
ability of the educated guesses is the lowest among the three categories of parameter
sources.

Performance
Analysis
(Metallic)
I
I I I ]
Structural Internal External Stress External
Integrity Condition Corrosion
S | Ground Water
-
| | Adequate Ca ic
C iR Capacity Protection
| Remaining |  Customer
Thickness Complaints

Figure 13.1 Data structure for performance analysis of metallic pipelines (diagonal patterns
indicate performance model modules; black indicates parameters from direct record; dark gray
indicates parameters derived indirectly; light gray indicates parameters requiring educated guesses).

The performance rating system for cementitious pipelines also consists of four modules.
The development of the modules is performed similarly to metallic pipelines, with some dif-
ferences in the variables selected based on the influencing factors. For example, the struc-
tural integrity module of cementitious pipelines does not have a C factor and remaining
thickness. There are no stray currents or coating types in the external corrosion module, but
there is a calcareous reaction that is identified as influential and relevant. The modules and
parameters are shown in Figure 13.2.

The performance rating system for plastic pipelines consists of three modules. The corro-
sion module is eliminated as plastic pipes do not corrode. The external stress module is
developed similarly for metallic, cementitious, and plastic pipelines, albeit with some
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Performance
Analysis
(Cementitious)
I

Structural Internal IR LR External
Integrity Condition Corrosion

— Water Quality

| Ground Water
Fluctuation

| Adequate Cathodic
Capacity Protection
| Customer L
Complaints

Lining Type

Figure 13.2 Data structure for performance analysis of cementitious pipelines (diagonal patterns
indicate performance model modules; black indicates parameters from direct record; dark gray
indicates parameters derived indirectly; light gray indicates parameters requiring educated guesses).

differences in the parameters based on the key influencing factors. For example, for plastic
pipelines, there is a factor called ovality in the structural integrity module, and there is no
lining type in the internal condition module. The modules and parameters are shown in
Figure 13.3.

13.4.3 Parameter Membership Functions

In a FL model, the identified parameters can be configured to interact with other parame-
ters using a fuzzy rule base. In order to correctly map the parameters into a fuzzy space,
different membership functions can be used, as shown in Table 13.3. It shows the parame-
ters and the membership function ranges used for the metallic pipes model. We have devel-
oped similar membership functions for the cementitious and plastic pipe models for
applicability over an entire water pipe system. We have only used triangular membership
functions as those are simple to understand and are more applicable to this problem. The
nature of membership is such that these exist in overlapping ranges to map input parame-
ters with degrees of membership for different membership functions within fuzzy space.
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Performance
Analysis
(Plastic)
]
I [ 1
Structural Internal
Integrity OB REON External Stress

— Ovality

_ o Quahty

Adequate

Customer
Complaints

Figure 13.3 Data structure for performance analysis of plastic pipelines (diagonal patterns indicate
performance model modules; black indicates parameters from direct record; dark gray indicates
parameters derived indirectly; light gray indicates parameters requiring educated guesses).

Table 13.3 Parameters for metallic pipes model.

Structural integrity module

Input variables Units Membership function ranges Explanation

Pipe age % Young (<25) Percentage of life completed
Medium (25-50) based on suggested design life
Old (>50)

Pipe material Type Good (CI <1930) Pipe vintage based on design
Fair (CI >1930) standards affects real-world

performance

Fair (DI asphaltic)
Fair (DI others)
Poor (ST <1930)
Fair (ST 1930-1980)
Good (ST >1980)

(Continued)
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Table 13.3 (Continued)

Structural integrity module

Input variables Units Membership function ranges Explanation
Pipe break Number Good (0-1) Historical breaks indicate
Fair (1-5) susceptibility to future failures
Poor (>5)
C factor Value High (90-160) Higher C-factor values
(tuberculation) indicate lower pipe

Remaining wall %
thickness

Medium (70-110)
Low (0-80)

Good (100-90%)
Fair (89-75%)
Poor (74-0%)

tuberculation

Wall thickness indicates
susceptibility to hydraulic
hoop stress

Output variables Units

Membership function ranges

Explanation

Structural integrity Scale

Excellent (1-2)
Good (1-3)
Fair (2-4)

Poor (3-5)
Very poor (4-5)

Structural integrity indicates
the condition of pipe material

Internal condition module

Input variables Units Membership function ranges Explanation
Water quality Index Good (<10) The aggressivity index can be
(aggressivity index) Fair (10-12) estimated based on treated
water chemical characteristics
Poor (>12) and can affect internal lining
and pipe wall
Water temperature Fahrenheit Good (low) High water temperature
Fair (medium) facilitates pipe wall corrosion
Poor (high)
Pressure Psi Good (low) High static and transient
Fair (medium) pressures in pipes can lead to
pipe bursts
Poor (high)
Pipe capacity Linguistic ~ Good (yes) Under-designed pipes put into
Poor (no) service can create a weak link
in pipe network
Customer Linguistic ~ Good (no) Customer feedback related to
complaints Poor (yes) water pressure and aesthetics
can indicate infiltration due to
leaks or corrosion
Lining type Linguistic ~ Good (lined) Pipes can be lined during

Poor (unlined)

production/service to improve
resistance to corrosion from
treated water

(Continued)
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13.4 Performance Index Model Development

Internal condition module

Output variables Units

Membership function ranges

Explanation

Internal condition Scale

Excellent (1-2)
Good (1-3)
Fair (2-4)

Poor (3-5)
Very Poor (4-5)

Internal condition of the pipe
indicates vulnerability to
internal corrosion and
pressure-related failures

External stress module

Input variables Units Membership function ranges Explanation
Flooding Index Excellent (none) Flooding/standing water in the
frequency Good (rare) soils aft.e.r wet-weather events
can facilitate external
Fair (occasional) corrosion
Poor (frequent)
Drainage class Index Good (well drained) Natural soil drainage
Fair (somewhat poorly drained) prope.rtles affect duration of
) standing water and can
Poor (poorly drained) influence external corrosion
Particle size Index Good (fine) Soil types with large particle
Fair (medium) sizes can create external
pressure points for crack
Poor (coarse) initiation
Buried depth Feet Low (<4 ft) Pipe depth indicates
Medium (4-10 ft) susceptibility to traffic loading
High (>10 ft)
Subsurface Fahrenheit Good (low) High temperature facilitates
temperature Fair (medium) chemical r.eactlons gnd
external pipe corrosion
Poor (high)
Traffic loading Index Good (low) Live loading from traffic
Fair (medium) causes compressive forces on
) the pipe wall
Poor (high) Bending stresses can also be
induced if the pipeline is not
evenly supported
Output Variables Units Membership Function Ranges Explanation
External stress Scale Excellent (1-2) External stress indicates the

Good (1-3)
Fair (2-4)

Poor (3-5)
Very poor (4-5)

influencing factors that are
outside the pipe boundary

(Continued)
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Table 13.3 (Continued)

External corrosion module

Input variables Units Membership function ranges Explanation
Water table depth  Feet Good (>10) Water table depth can indicate
Fair (5-15) underground pipe flooding
and corrosion risks
Poor (0-10)
Ground water Index Good (low) Groundwater fluctuation can
fluctuation Fair (medium) destgblhze pipe tre?nch and
) also induce corrosion
Poor (high) mechanisms
Soil corrosivity for Ohm-cm Low corrosivity (>3000) Soil resistivity has a direct
steel Medium corrosivity (2000-3000) lmpacF on.the degree of
corrosion in underground
High corrosivity (<2000) pipelines
A decrease in resistivity relates
to an increase in corrosion
activity
Cathodic Linguistic ~ Good (yes) Cathodic protections using
protection Poor (no) bonded anodes and impressed
currents can change chemical
pathways for corrosion from
pipe to soil
Stray currents Linguistic =~ Good (no) Stray currents are caused by a
local direct current flowing
Poor (yes
(yes) through the earth from sources
like electrified rail tracks and
can lead to pipe corrosion
Coating type Linguistic ~ Good (yes) Coatings and polyethylene
Poor (no) encasements can provide
corrosion resistance in
aggressive environments
Output variables Unit Membership function ranges Linguistic terms
External corrosion Scale Excellent (1-2) External corrosion indicates

Good (1-3)
Fair (2-4)

Poor (3-5)
Very poor (4-5)

the corrosion on external side
of pipe walls

Performance module

Input variables Unit

Membership function ranges

Linguistic terms

Structural integrity Scale

Excellent (1-2)
Good (1-3)
Fair (2-4)

Poor (3-5)
Very poor (4-5)

Structural integrity indicates
the condition of pipe material.

(Continued)
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Table 13.3 (Continued)

Performance module

Input variables Units Membership function ranges Explanation
Internal condition Scale Excellent (1-2) Internal condition of the pipe
Good (1-3) {ndlcates Vulne.rablhty to
i internal corrosion and
Fair (2-4) pressure-related failures
Poor (3-5)
Very poor (4-5)
External stress Scale Excellent (1-2) External stress indicates the
Good (1-3) 1nﬂu'encmg f?lctors that are
outside the pipe boundary
Fair (2-4)
Poor (3-5)
Very poor (4-5)
External corrosion Scale Excellent (1-2) External corrosion indicates
Good (1-3) the Forrosmn on external side
of pipe walls
Fair (2-4)
Poor (3-5)

Very poor (4-5)

Output variables Unit Membership function ranges Linguistic terms
Performance index Scale Excellent (1-2) Performance index is a
Good (1-3) comprehensive index of pipe
condition which incorporates
Fair (2-4) structural integrity and
Poor (3-5) internal and external

conditions
Very poor (4-5)

13.4.4 Fuzzy Logic Methodology

The methodology for the performance index rating is robust and holistic. The aim is to build
a system that combines both expert knowledge and available data. This model is applicable
to all pipeline material and diameter ranges. The first strategy is to get information from
human experts. It means that the knowledge of the fuzzy rule based system (FRBS) is defined
manually by engineers, who interview human experts to extract and represent their
knowledge.

13.4.4.1 Incorporating Expert Knowledge Model with Data

The previous sections introduced the expert knowledge performance model (i.e. weighted
factor and fuzzy inference techniques). However, they are mainly based on expert knowledge
rather than historical water pipe database.

As shown in Figure 13.4, the main idea is to use the Bayesian method to combine a knowl-
edge-based model with data. The model structure and parameter prior distribution can be
derived from the existing knowledge-based model (weighted factor model or FL model).

In order to obtain a customized model, the pipes are stratified into three groups.
According to the feedback from cooperating water utilities, 16 inches of diameter are
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Performance Model

¢' A 4 ¢

Metallic Cementitious Plastic
Model 1 Model 2 Model 3
Prior: expert Likelihood:
knowledge system inspection data

| 1
y

Bayesian Method: Posterior

Figure 13.4 Framework of incorporating a knowledge-based model with data.

usually treated as a cutoff value between distribution pipelines and transmission pipelines.
For small-diameter pipes, utilities most care about their failures or breaks rather than
detailed condition assessments, so the data source of such kinds of pipes is a mainly histor-
ical work order. For large-diameter pipes, utilities usually prevent them from failure by
maintaining them before they fail. For this reason, the break data in large-diameter pipes
are rarely seen. So, the data source of large-diameter pipes is mainly from condition
assessment data.

Bayesian inference is an important method to infer the underlying model function g(x;60)
for any empirical model thatlearns from data. Given the input vectors X, = x;Vi € {1,2,. .. N }
and the outputs Yy =y,Vie {1,2,. .. N }, the posterior probability distribution of the
function g(x;6) can be expressed as

P(YN |g(x;9>,XN)p(g(x§9>)
P(YN ‘XN)

p(g(x;0)| Yy, Xy) = (13.1)

where g(x;0) is a generic representation for any model structure with parameters 6 and var-
iables x.

For parametric models where the model structure of g(x;60) is known, only the model
parameters need to be inferred, and thus Eq. (13.1) can be expressed as

P(YN |9’XN)p(9)

0|Yy,Xy)=
p(0|Yy, Xy P(YN\XN)

(13.2)

In the case of fuzzy Bayesian learning [30], the function g(x;0) is a fuzzy inference system
with the rule base

BiR, :if Af @ Af ©...® Al then C; (13.3)

where [, is a binary variable indicating whether to include the kth rule in the fuzzy infer-
ence system, Aik is a referential value of the ith antecedent attribute in the kth rule, 7 is the
number of antecedent attributes used in the kth rule, C; is the consequent in the kth rule,
and ® € {\/,A} represents the logical operators (OR, AND) in the rules.
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As triangular membership functions have been used in many previous studies [31-34], the
membership functions for all the input and output variables in this study are also considered
triangular, and each triangular membership function can be expressed as

u—oy .
—— if gy <u<y,
. ?
u—ao, .
filu,¢) = ﬁ if ¢, <u< g,
S (13.4)
0, otherwise

where u is the universe of discourse, and ¢; is the parameter to be estimated for the jth
corner point in the ith triangular function.

In this study, some rules and membership functions are considered uncertain, so the
parameters (¢; and (3, ) for those rules and membership functions are selected as the targets
of inference. The posterior distributions can provide detailed distributions of parameters. A
traditional statistical approach cannot replace reasoning, in that correlation does not suggest
causation. The Bayesian method can solve this problem by incorporating the expert
knowledge model as a prior structure.

13.4.4.2 Fuzzy Logic Performance Index Model

The FL framework of developing the performance index for water pipes can be upgraded. First,
performance index systems for concrete and plastic water pipes do not exist. Although there
are already comprehensive water pipe performance indices, they mostly concentrate on only
one type of pipe. For example, St. Clair [35] developed a comprehensive framework to evaluate
the performance index of metallic water pipes. Taking advantage of big data in PIPEID, all
kinds of pipes can be collected, such as metallic pipes, concrete pipes, and plastic pipes. Due to
the relative lack of records for concrete and plastic pipes, there haven’t been FL performance
models for them. This study developed FL performance models for concrete pipes and plastic
pipes [35]. In addition, the membership functions in previous models are mostly expert-based
rather than data-driven. Using the vast number of data collected in PIPEiD, the membership
functions can be calibrated. The importance of different variables can be analyzed and ranked.
Then these variables can be included in the upgraded performance index development.

In order to obtain a customized model, the pipes are separated into three groups. According
to the feedback from cooperating water utilities, 16 inches of diameter are usually treated as a
cutoff value between distribution pipelines and transmission pipelines. For small-diameter
pipes, utilities most care about their failures or breaks rather than any detailed condition assess-
ments, so the data source of such kinds of pipes is usually an old work order. For large-diameter
pipes, utilities usually prevent them from failure by maintaining them before they fail. For this
reason, the break data in large-diameter pipes are rarely seen. So, the data source of large-
diameter pipes is mainly condition assessment data. However, some utilities provide condition
ratings for small-diameter pipes. The small- and large-diameter pipes can share one model to
incorporate such a data source. In the fuzzy inference system, the distinction can be imple-
mented by fuzzy rules such as, “If the diameter is small and the number of pipe breaks is 1, then
the structural condition is fair” and, “If the diameter is large and the number of pipe breaks is
1, then the structural condition is poor.” The interpretation of pipe breaks is different for small-
diameter pipes than for large-diameter pipes. Within each of the six models, there are sub-
groups of material types, such as cast iron, ductile iron, and steel. However, these subgroups’
performance features can be well handled by taking them as input variables or covariates.
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13.4.5 Model Verification and Validation

Model verification and validation are important when checking how closely the model rep-
resents the real world. A working group was established with 25 participating water utilities
along with a project advisory committee (PAC), who closely monitored the model’s
development and implementation. The overall framework for model verification and valida-
tion is shown in Figure 13.5.

> Real System

Validation

Conceptual Model

» Water pipeline system components and assumptions

* Model structure (Modules and Parameters) and their
interaction

¢ Input/output and data assumptions

Calibration and Validation

Model Verification

A\ 4

Model Implementation

Figure 13.5 Model verification and validation steps.

13.4.5.1 Model Verification
Model verification is the task of determining if the implementation of the model was done
correctly. The following techniques were used for model verification:

e Code verification: Software quality assurance (SQA) was performed by identifying and
eliminating programming and implementation errors within the software. These were
checked multiple times internally by the research team to ensure that the model was
working as intended with the modules, parameters, and assumptions.

e Calculation verification: Model sensitivity to changing parameters and module results was
assessed using correlation and sensitivity analysis. As part of the verification, the sensitivity
of the model was tested based on the evaluation of three bands of input values classifying
best, moderate, and worst-case values. The corresponding results from the model varied
from 1 (excellent) to 5 (failed). The best values as inputs gave the best output, and corre-
spondingly the moderate output gave fair results, and the worst values gave failed results.
The model performed well when analyzing input data by the three-band scenarios. Test data
were generated based on Monte Carlo simulations to statistically check the model’s behavior.

e Boundary conditions were checked based on sample data from the collected datasets. The
model algorithm was selected based on the following conditions:

- Ability to incorporate knowledge into the framework: Given the uncertainty and
missing parameters in the dataset, it is critical to ensure that the model was also able to
include key assumptions based on knowledge.
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- Ability to incorporate interrelationships between parameters: FL algorithm used is able
to interpret parameter and module interrelationships using if-else rules.

- Ability to incorporate modules within the structure: Separate modules were developed
within the overall model to incorporate specific areas (like structural integrity, internal
stress, external stress, and corrosion), which is essential for model interpretability as
well as result verification.

13.4.5.2 Model Validation Methods

The validation phase focuses on how well the real observed behavior of water pipeline systems
can be mimicked within a model. This is critical for the applicability of any model in a real-world
situation. Model validation is a rigorous process between the model developer and the intended
users (in this case the water utility) to determine whether the model predictions are reliable and
agree with the real world. The model can be adjusted based on feedback from the verification
stage and preliminary validations. The validity of the models can be affected by the accuracy of
the collected data, the usefulness and cost-effectiveness of implementing the model, the
likelihood of its use, and its flexibility for further improvements by the water utility.

The research team had multiple rounds of validation with 25 participating water utilities
within the model validation working group, which had high-quality data to support model
validation and support the model results with ground truth information. The following tech-
niques were used for model validation:

e Comparison to other models: The water utilities participating in the model validation
stage shared their internal model results, which were compared with our results to check
for potential discrepancy and variability in the result. These were rectified by calibrating
model parameters and assumptions.

e Expert opinion: Around 40 meetings were conducted in total with participating water
utilities in the validation stage, and results based on different scenarios were shared to
discuss whether these results were reasonable. The application of the GIS (Geographical
Information System) was discussed on GIS to pinpoint certain areas where the model
might have predicted inaccurately. These errors were rectified by changing parameter
assumptions and model rules.

e Subsystem validity: Some water utilities shared historical data, which were used to vali-
date different modules within the performance model.

13.4.5.3 Model Validation with Ground Truth Data

There are many condition assessment techniques available to evaluate the current condi-
tions of a water pipe. These can vary based on the level of details sought from the assessment,
the type of material assessed, and the resource constraints with the water utility. The pipe
condition values from these techniques can serve as the ground truth and can be used to val-
idate the model performance in the real world. The following steps can be followed to vali-
date the proposed performance model:

e Form a validation team comprising experts from a water utility: The utilities should have
enough resources to enable the validation experiment. It is recommended to collaborate
with larger water utilities for validation as they have enough resources, and the sheer size
of their networks can support validations in a variety of contexts, like different soil cor-
rosivity, pipe diameters, materials, etc.

e Collect ground truth data for the input parameters.

e Run the proposed FL model on the given input parameters.
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e Share results with the validation team for blind testing.
e Compare results quantitatively (performance metrics like RMSE (root of the mean of the
square of errors) MAE (mean of absolute value of errors)) and qualitatively (scenarios).

Given the resource intensiveness, as well as the complexity, of the real-world conditions, it
is recommended that system level models such as the proposed performance model should
not be evaluated in laboratory settings.

Based on verification with over 25 large water utilities who also participated in the PIPEiD
project, the proposed technique can be summarized as a robust performance rating system
capable of capturing performance accurately in a variety of scenarios. The proposed model
can help water utilities in renewal decision-making, such as deciding when to replace a pipe.

13.5 Fuzzy Logic Performance Model Results

The current results seem to consolidate the performance index ratings mostly in the good
and fair categories, which is due to favorable assumptions for the parameters that are missing
in the database. This underlines the need to pilot the model in selected conditions with water
utilities that can generate those datasets and help generate the results for validation. The
percentage of pipe segments of different materials and diameters in different performance
ratings are summarized in Table 13.4.

Table 13.4 Summary of pipe length as a percentage in different performance ratings.

Lengths of pipes in
Material different
type performance ratings Percentage in different performance ratings

Inches Miles Excellent (%) Good (%)  Fair (%) Poor (%) Very poor (%)

DI <16 50310  0.00 75.74 2426 0.0l 0.00
16-36 8137  0.00 76.41 2359 0.00 0.00
>36 772 0.00 76.38 2362 0.00 0.00
CI pre-1930 <16 4527 0.00 47.08 5291 0.00 0.00
16-36 601  0.00 54.83 4518 0.00 0.00
>36 77 0.00 72.71 2729 0.00 0.00
CI <16 40740 0.00 49.82 5018 0.00 0.00
post-1930 16 34 3532 0.00 52.75 4725 0,01 0.00
>36 187 0.00 64.80 3508 0.12 0.00
Steel <16 7488 0.00 94.57 543 0.00 0.00
16-36 1877 0.00 85.77 1423 0.00 0.00
>36 1903 0.00 81.89 1811 0.00 0.00
Gl <16 19 0.00 62.84 37.16  0.00 0.00
PCCP <16 576 0.00 62.68 3732 0.00 0.00
16-36 1943 0.00 86.25 1375 0.00 0.00
>36 1397 0.00 83.79 1614  0.07 0.00

(Continued)
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13.5 Fuzzy Logic Performance Model Results

Lengths of pipes in

Material different

type performance ratings Percentage in different performance ratings
Inches Miles Excellent (%) Good (%) Fair (%) Poor (%) Very poor (%)

RCCP <16 35 0.00 93.64 6.36 0.00 0.00
16-36 816 0.00 69.55 30.45 0.00 0.00
>36 458 0.00 85.03 14.97 0.00 0.00

AC <16 21416 0.00 74.70 25.30 0.00 0.00
16-36 2194 0.00 41.08 58.91 0.01 0.00

PVC <16 26 271 13.00 86.97 0.03 0.00 0.00
16-36 3293 25.55 74.45 0.00 0.00 0.00

HDPE <16 399 14.33 85.67 0.00 0.00 0.00
16-36 379 44.82 54.88 0.31 0.00 0.00

CI: cast iron; DI: ductile iron; GI: galvanized iron; PCCP: prestressed concrete cylinder pipe; RCCP:

reinforced concrete cylinder pipe; AC: asbestos cement; PVC: polyvinyl chloride; HDPE: high density

polyethylene.

The results are also summarized in Figures 13.6-13.8.
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Figure 13.6 Percentage of metallic pipes in different performance ratings based on material and

diameter.

253



254 | 13 Fuzzy Logic Applications for Water Pipeline Performance Analysis

100.00%
90.00%
" 80.00%
a
Ez 70.00%
A 60.00%
k3
H 50.00%
g 40.00%
g 30.00%
= 20.00%
10.00% I I I
0.00% — L — —
<16" 16"-36" >36" <16" 16"-36" >36" <16" 16"-36"
pCcp RCCP AC

DExcellent (0-1)  0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

B Good (1-2) 62.68% 86.25% 83.79% 93.64% 69.55% 85.03% 74.70% 41.08%

B Fair (2-3) 37.32% 13.75% 16.14% 6.36% 30.45% 14.97% 25.30% 58.91%

W Poor (3-4) 0.00% 0.00% 0.07% 0.00% 0.00% 0.00% 0.00% 0.01%

W Very Poor (4-5)  0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Material and Diameter

OExcellent (0-1) @Good (1-2) MFair (2-3) MEPoor (3-4) W Very Poor (4-5)

Figure 13.7 Percentage of cementitious pipes in different performance ratings based on material
and diameter.
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Figure 13.8 Percentage of plastic pipes in different performance ratings based on material and
diameter.

Figures 13.6-13.8 show that most of the pipes lie in the good, fair, and poor categories with
fewer pipes lying in the excellent (brand new and without any problems) and very poor (almost
failed) categories. The highest proportion of pipes in the excellent category is from HDPE pipes.
A higher proportion of CI pipes are found in the poor category, which can be attributed to the
fact that a large portion of these pipes are nearing the end of their performance lives.
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13.6 Conclusions

We compared different water pipe performance modeling techniques and found that FIS are
expert systems which can be built completely based on heuristic knowledge, in stark con-
trast to the other data-reliant, deterministic, probabilistic, and statistical techniques. The
interpretability of a model is key for real-world application. As FL falls into explainable
models category, it can have a wider acceptance among water utilities for predicting pipe
performance and managing their water pipeline infrastructure systems. The key findings
from this chapter are shown below:

e A standard performance index scale with clear definitions can be used to rate the water
pipeline performance. The index scale can be decided based on the compatibility with
other indices used for other assets as well as the granularity of the results.

e A fuzzy-based performance index model can capture data and knowledge and accurately
represent water pipeline datasets.

e Consideration of the pipeline material and diameter is important in assessing the
performance of the water pipelines.

e Based on the results from the proposed performance analysis, the current performance
of plastic pipelines is relatively better than cementitious and metallic pipes since they are
generally newly installed and have no failure records. Also, CI pre-1930 pipes perform
worse in the US in arid conditions, which can be attributed to the influence of higher sub-
surface temperatures and stresses due to soil elasticity.

e Results from performance curves for different small (<16 in.) and medium (16-36 in.)
material pipes show that CI prep1930 (16-36 in.) pipes have the highest performance life,
which could be due to greater thickness which makes it more resistant to corrosion. On
the other hand, HDPE (16-36 in.) has the lowest performance life, which can be attributed
to the fact that these are newly installed and most failures are premature.

e Although the results from performance curves for large-diameter pipes in varying soil
corrosivity showed that CI pipes have the highest performance life in high soil corrosivity,
and DI has the lowest performance life in high soil corrosivity, these performance lives
were found to vary based on the type of corrosion protection applied.

e It was also found from the application of machine learning techniques that the ANN
model can learn more complexities and become better at generalization if more and bet-
ter-quality data are fed to the algorithm.

e A performance index can be expanded in the future with the availability of more and
better-quality data to improve granularity in the performance model results

e Most of the pipes in the US are in good and fair performance ratings. The performance of
plastic pipes is relatively better than cementitious and metallic pipes since they are gener-
ally newly installed.

e Pipes in higher drainage class environments are subject to worse performance ratings.
This can be attributed to higher failures due to corrosive environments.

e Pipes in higher flood frequency environments are subject to worse performance ratings.
This can be attributed to a higher number of failures due to corrosive conditions.

e Unprotected metallic pipes in higher corrosive soil environments are subject to worse
performance rating. Performance ratings can be influenced in this case by soil corrosivity
and type of corrosion protection used (if any).
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13.7 Recommendations

Some recommendations from this study are as follows:

e There should be more focus on collecting more reliable time-dependent data periodi-
cally in order to support stochastic and time-dependent analysis and more accurate water
pipeline performance monitoring.

e More performance parameters need to be collected for water pipeline segments in the
water utility dataset, which can support more comprehensive performance models. The
water utility can also utilize datasets from other open-source databases like US Geological
Survey (USGS), National Land Cover Database (NLCD), and the Natural Resources
Conservation Service (NRCS) to enrich their dataset in case the data are unavailable, or
collection is too costly.

e It is critical to use process-driven hybrid modeling or physics-based modeling, especially
for the domain of water pipelines, because data reliability is a major issue. The hybrid
model can then be evolved into a machine learning based model once data reliability is
ensured, or the model is able to mimic the real-world situation accurately.

e The AI methodologies explored in this chapter discussed the application of differ-
ent learning algorithms for analyzing water pipeline performance. This is an ongoing
research and, as new and better-quality data are collected and shared with the research
team, the learning can take place in a better way using more complex learning algorithms,
including deep learning approaches.
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14.1 Introduction

With an increasing population, sustainable waste management has become a major issue, espe-
cially in urban environments throughout the world. Municipal solid waste (MSW) is produced
through human activities, mainly as material disposed from urban households, which is then gath-
ered and disposed of by the relevant municipalities [1]. While waste management primarily focuses
on hygienic aspects, material recovery, reuse, and recycling are also becoming priorities. Therefore,
at present the main goals of waste management are preventing harmful impacts on the environ-
ment and human health, and conserving limited resources [2, 3]. Improper waste management can
result in contamination of environmental, media such as air, water, and soil, which in turn results
in severe human health impacts and social issues [4]. Sustainable waste management focuses on
reducing the environmental and social impacts of waste, while also curbing the use of virgin mate-
rials through recycling, and conserving energy and resources expended in waste disposal [5].

MSW is composed of a multitude of material types, both organic and inorganic, and is
often toxic in nature. The composition of the waste mix varies significantly by region and is
affected by a number of factors, including culture, economic development, industrialization,
and climate [6]. The complex composition of waste matter makes waste disposal and
treatment more challenging, requiring sophisticated collection and sorting mechanisms,
and different treatment processes based on the type of waste [2, 6].

In a regional waste management strategy, waste processing options can be selected at
different levels. In the hierarchy of waste management, prevention is the first step, followed
by the three R’s: reduce, reuse, and recycle. After these avenues of waste management,
energy recovery is considered a preferred alternative to disposal [7]. Accordingly, while the
conventional focus is on waste disposal, the next levels of waste processing include material
recovery, resource extraction, recycling, and energy generation, with different technologies
available at each level. Waste-to-energy conversion is used to recover energy from waste
matter in its different forms, and thus can turn problematic waste into a resource. The energy
recovered can be in the form of heat, electricity, or fuels [6].

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
Boris Faybishenko, Rehan Sadiq, and Ashok Deshpande.
© 2023 John Wiley & Sons, Inc. Published 2023 by John Wiley & Sons, Inc.
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In order to minimize the adverse economic, environmental, and health impacts of waste and
convert it to a resource, it is necessary to investigate the potential effects of each treatment tech-
nology and define an optimal waste management system at the regional level. By using a mix of
solutions instead of a single waste processing mechanism, it is possible to obtain the best out-
puts with regards to energy generation and economic returns while also minimizing the nega-
tive environmental and social effects. The objective of this chapter is to demonstrate the pathway
toward developing an optimal mix of solutions in a regional waste management system, while
considering cost, emissions, and health aspects, and minimizing leftover waste.

14.2 Methodology

While the most basic form of waste management is direct disposal through landfilling, the
next steps in the waste management hierarchy focus on recovering materials and generating
new resources from the waste. Accordingly, four different processing and treatment modes
have been defined below.

e Direct disposal: landfilling

e Material recovery and recycling (MRR): Materials which can be reused (e.g. glass and
metal) are extracted, and the rest is sent to landfill. Material is recovered and sorted, and
recycling is done to generate new materials out of waste. The leftover waste matter is sent
to landfill.

e Composting: Simple composting technologies are used to convert certain waste fractions
into a resource in the form of fertilizer.

e Waste-to-energy conversion (WtE): Renewable electricity and heat are generated with a
fraction of waste, using WtE technologies (i.e. thermochemical or biochemical processes).

Ateach level, different technologies are identified for each mode of waste treatment (Table 14.1).

Table 14.1 Waste treatment modes and technologies.

Waste treatment mode Technologies

Composting Windrows
Aerated static piles
Modular in-vessel containers (static)
Modular in-vessel tunnels (static)
In-vessel bays (mechanical agitation)
In-vessel vertical silos
Rotary drums

Material recovery and recycling Source separated
Dual Stream
Single stream
Mixed waste

Waste-to-energy (thermochemical Direct incineration

processes) Gasification

Pyrolysis

Refuse-derived fuel (RDF)
Waste-to-energy (biochemical Anaerobic digestion (AD)
processes) Fermentation

Landfill gas

Microbial fuel cell (MFC)
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14.2.1 Selecting Best Technologies Under Different Modes of Processing

Out of the above identified technologies, the most suitable technologies need to be selected
at each level. This selection is done based on a set of generalizable criteria, which represent
the needs of the community and the priorities of its decision-makers and stakeholders. To
enable this selection, technologies under each mode of processing (where multiple tech-
nology options are available) are ranked to select the most suitable technologies at each
level, based on the indicators given below. A fuzzy multi-attribute decision-making (MADM)"
problem is formulated with the available alternatives and performance indicators.

e Total project cost per tonne of waste processed.

e Value generation per tonne of waste processed.

e Emissions per tonne of waste processed.

e Human health risk (HHR) resulting from the waste processing mechanism.

In the life cycle costing, all cost factors, including the initial capital cost, operation and
maintenance (O&M) cost, and disposal costs are subject to uncertainties due to potential
variations in external conditions and limited data availability. If data are available on a most
likely value, a triangular fuzzy number (a, b, ¢) [8] and fuzzy arithmetic principles can be
used when carrying out the algebraic computations for triangular fuzzy numbers [9]
(Chapter 1).

Fuzzy TOPSIS is used to select the most suitable technologies at each level. It is a straight-
forward decision-making process that can represent human decision making [10, 11]. In this
technique, the best and worst scenarios (negative and positive ideal solutions) are identified
for each criterion. The alternative with the best performance is selected based on the distance
from negative and positive ideal solutions [8, 12].

In the fuzzy TOPSIS decision matrix, the triangular fuzzy number for i™ technology under
j™ performance indicator x;; was defined as x;; = (aij, by, ¢

The normalized value of r; is defined below for benefit criteria that need to be maximized
and cost criteria that need to be minimized, by linear scale transformation [13].

X,
_ | i
==
€j

for benefit criteria, where

.
¢’; = max;(cy) (14.1)
ie.
o a; by ¢y
ij — * 2k ) %
€j €5 €

1 MADM is a subdivision within the field of multicriteria decision-making (MCDM). MADM techniques
can be used for selection and prioritization among a finite number of alternatives under multiple decision
criteria [22, 23].

2 Value generation is defined as the economic value of the recovered and recycled material, generated
fertilizer through composting, and produced renewable energy (electricity and/or heat).
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i

o) (14.2)
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The weighted normalized decision matrix is derived as followed, where w i is the criterion
weight [13].

Vi = I Ow; (14.3)

The positive and negative ideal solutions for all indicators are given below.

e Fuzzy positive ideal solution: A* = (v¥}, v¥,, ..., v¥y); v¥ is the maximum vj; under each
attribute.

e Fuzzy negative ideal solution: A~ = (v 71, V "5, .., V "p); v 7j is the minimum v;; under each
attribute.

For each performance indicator, the v;; with the largest d value is v* and the one with the
smallest a value is vj. The distance from positive ideal solution and negative ideal solution
are as follows [13].

. n . (14.4)
di=2 2,40y v

_ n _ (14.5)
d; :ijld(vija v j)

The equation given in Section 14.6 represents the Euclidean distance between two triangular
fuzzy numbers, where x; =(a,,b,, ¢;) and x, =(a,,b,, ¢,) . This is used to calculated the
distance of each alternative technology from A* and A~ [13].

d(x,, x,) = \E[(al —a,)’+ (b, —b,)’ + (¢, —¢,) (14.6)

The closeness coefficients (CC;) are then determined [13].

_d 14.7)

CC, = —
d'+d,

1
Based on the closeness coefficients (closer the better), the alternatives are ranked.

14.2.2 Defining Optimal Combination of Solutions for Waste Management

Different combinations of the treatment discussed in Section 14.2.1 and processing models
can be defined for a regional waste management plan. The technologies selected during the
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previous stage are used in identifying the optimal mix of waste treatment options. The
volume and composition of the available waste and the sorting mechanism are the main
inputs to the model. The composition is defined by the mass of each type of waste, such as
organics, metal, glass, textiles, plastics, paper, and wood.

Considering a continuous value range for plant capacities of waste management technol-
ogies does not make much sense from a practical engineering viewpoint. The reason for this
is that the waste processing plant capacities vary in discrete values depending on the
scenario-specific constraints (available standard equipment sizes and land area).
Furthermore, employing a continuous optimization function increases the computational
time. Therefore, this framework uses a discrete combinatorial optimization approach. The
performance of alternative waste management plans is simulated by combining discrete,
user-defined alternative capacities for each waste management strategy. The developed
framework will simulate all possible combinations of alternative capacities of the selected
technologies, considering external constraints such as waste composition to obtain the
performance of each system based on performance evaluation criteria discussed in this
chapter. For each waste management plan, the simulation algorithm will generate aggre-
gated fuzzy numbers, which will be used to rank the overall performance of each combination.

14.2.3 Performance Objectives and Constraints

The performance objectives of the developed waste management system have to be defined
to identify the best combination of technology solutions. The following objectives were
defined based on the environmental, economic, and social considerations focused on similar
waste management studies [14].

e Minimizing total project cost (TPC).

e Minimizing emissions.

e Minimizing HHR.

e Maximizing value generation (value is generated from the outputs of waste processing, in
the form of recycled material, compost, or energy).

The waste management plan is constrained by the following factors:

e Maximum budget allocation: This is user-dependent and defined by the financial capabil-
ities of the municipality or the relevant regional authority.

e Maximum land area which can be allocated for landfilling: Siting of a landfill is limited by
provincial bylaws regarding the physical conditions of the site, the remoteness of the area,
the existing and planned land uses in proximity to the site, the sensitivity of the receiving
environment, etc., [15].

14.2.4 Models for Performance Objective Assessment

Some of the performance objective functions are made up of multiple components, which
are all fuzzy in nature. For example, discounted net present value of TPC is selected as the
economic evaluation criterion, and this needs to be minimized. This is made up of several
variables, including investment cost, O&M costs, residual value, disposal costs, interest rate,
and the rate of inflation. The present value (PV) of a one-time cash flow occurring at time t,
and the PV of annually recurring equal cash flows for t years (PVA) are respectively given by
Egs. (14.8) and (14.9) [16].
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pv- TV (14.8)
(1 + r)
where FV is the future value and r is the annual discount rate.
t
All+r) —1
PVA = M (14.9)

r (1 + r)t
where A is the recurring cash flow.

Total discounted projectcost =)  IC+) - AOM+) DC-) RV (14.10)

where IC = investment cost, AOM = PV of annual O&M cost, DC = PV of disposal cost, and
RV = PV of residual value.

The variables inside the discounted TPC objective function need to be aggregated as per
Eq. (14.10). Each variable is defined as a triangular fuzzy number, based on the available
data from literature and other sources.

14.2.5 Defining Weights for the Objectives

The relative importance of each performance objective is considered in assigning a linguistic
qualifier to denote the weight of a particular objective. A fuzzy-weighting scheme (w) will be
defined to represent the importance weight of each criterion based on the assigned linguistic
qualifier, as shown in Table 14.2, based on the literature [17].

Table 14.2 Weighting scheme.

Linguistic term Verylow  Low Medium High Very high

Membership function (0, 0,0.3) (0,0.3,0.5) (0.2,0.5,0.8) (0.5,0.7,1) (0.7,1,1)

Once the performance scores are identified for all optimization objectives under the
selected technologies, the aggregated performance score of a technology combination
(solution) is determined in the form of a fuzzy number. For this, the scores under criteria
such as TPC and emissions are normalized and then multiplied with the fuzzy weights
discussed in Table 14.2. Equation (14.11) was used in normalizing the performance scores.

Xijg = Xmin ~ Xij2 ~ Xmin  Xi3 ~ Xmin |, o
) , ;for cost criteria
P = Xmax ~ Xmin  Xmax ~ Xmin  Xmax — Xmin (14‘11)
ij
Xmax ~Xij1  Xmax ~ Xz Xmax — Xjj3 4 o
) , ;for cost criteria
NXmax “Xmin Xmax ~ Xmin  Xmax ~ Xmin
where

Xmax = max(xij3) and x,,;, = mln(xijl)

The overall performance score (p) for each waste management plan will be calculated

using the following equation, where a;; is the normalized performance score under the jh
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optimization criteria (performance objective) for the i waste management plan, wj is the
relative importance for j" optimization criteria for the i waste management plan, and p; is
the overall performance score of the i waste management plan.

p=Y wyta, (14.12)

14.2.6 Ranking Fuzzy Numbers

The fuzzy numbers denoting the overall performance of a technology combination will be
employed in identifying the best waste management plan for the given location using a fuzzy
number ranking methodology. The maximizing set and minimizing set method is widely
used in the literature and is relatively simple to apply [17, 18]. Therefore, that method was
employed in this study to rank the fuzzy overall performance scores to identify the best
waste management plan.

Fuzzy appropriateness index (overall performance score) of the m number of alternative
waste management solutions will be defined as F, (i =1,2,...,m) . Maximizing set M can be
defined using the following equations, where fy;(x) is the membership of x to M [18].

M ={ (x,fy(x))Ix €R} (14.13)
where
X— X
—mm’xmin <x< X max
fM(X): Xmax ~ Xmin
0 , otherwise

Minimizing set G can be defined using the following equations, where f;(x) is the
membership of x to G [18].

G ={(xfs(x)x R} (14.14)
where
X— X
—max, X min <x< X max
fG(X) =1 Xmin — Xmax
0 ,otherwise
where

= sups; S:CJFi; F :{xlfF‘ (x)>0}; i=12,..,m

i
i=1

X . =infS; x__
min max

For the i waste management plan, the right utility value, left utility value, and the total
utility can be represented as Uy (F,), U;(F,),and Uy(F,) . These parameters are defined as

Uy (E) = sup(fy ()MNfy(x), i=1,2,....,m (14.15)

Ug () = sup(f, ()Nf(x)), i=1,2,...,m (14.16)
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Uy (F)+1-Ug(F)
2

UL(F)= (14.17)

Figure 14.1 represents the general form of F,, f,, , and f;, if the fuzzy appropriateness index
of the i solution is denoted as F, = {ai, b;, ci] .

fa) $
1

':cl'xmin]f[xma:'xmln}_ -

Um

(@iXmax)/ (Kmin-Xmax)— — —
Us

(3 Xmin)/ (Xmax-Xmin) — — —

{Ci“mm]/{xr\dn'xm:]_ -

P Fi(x)

Figure 14.1 Fuzzy ranking based on maximizing set and minimizing set.

The waste management plan with the maximum total utility will be selected as the best
waste management plan under the given conditions.

14.2.7 Performance of the Selected Combination of Solutions

The fuzzy extension principle is used in determining a fuzzy output based on fuzzy inputs
[16]. The Dong, Shah, and Wong (DSW) algorithm is one technique used in research to sim-
plify the application of the extension principle in fuzzy calculations using functions or
variables with continuous values.

The DSW algorithm employs a-cut representation for fuzzy extension, and uses full a-cut
intervals in standard interval analysis [16]. By using this technique, complex output mem-
bership functions for parameters made up of multiple variables can be calculated, such as
the life cycle cost (LCC) of the final combined system. The method is:

1) Variables are represented as fuzzy numbers.

2) An “o” value is selected where 0 < a < 1.

3) The intervals in the input membership functions variables (i.e. interest rate, inflation,
investment cost, O&M costs, disposal costs, salvage value) that correspond to the selected
a-cut level are identified.

4) Standard binary interval operations are used to calculate the output membership function
for the LCC at the selected a-cut level.

5) The above steps are repeated in an iterative process for different a-cut levels, at 25% inter-
vals between (0, 1) membership.

A similar process can be taken when determining the membership function for health risk,
fraction of leftover mass sent to landfill, and value generation.
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14.3 Developing the Regional Waste Management Model

The waste management model was developed to identify the optimal waste management
solutions for a given region. British Columbia (BC) in Canada was selected as the area of
interest to demonstrate the developed method through a case study.

14.3.1 Inputs to the Decision Model

The throughput and composition of the waste that needs to be processed with the developed
management model are dependent on the selected locality. The case study was conducted
for a municipality with a population of 130 000. The waste generation data for the Okanagan
region from 2010 was used to define the fuzzy number for per capita waste generation in
tonnes per annum as (610, 650, 700) [19].

Organic waste composition was defined using the information provided in a waste compo-
sition study for Metro Vancouver, BC. The hazardous waste, electronic waste, building
material, and hygiene waste components were excluded from the decision model.
Accordingly, the composition of the waste mass that will be processed through the devel-
oped waste management mechanism is given in Table 14.3. A point to note in defining a
waste management strategy is that some material components can only be processed through
certain technologies. In Table 14.3, different types of waste matter are linked to the
technologies which can process them.

Table 14.3 Waste material composition and processing technologies.

Waste matter Food Yard Plastics Paper Textile Glass Metal Rubber Wood
Composition (%) 44 4 15 20 7 4 4 1 2
Technologies Landfilling v v v v v v v v v
Incineration v v 4 4 v v 4
Windrows v v v
composting
In-vessel v v v v
composting
Anaerobic v v
digestion
Refuse- v v v v v
derived fuel
Dual stream v v v v
recycling

For the technology ranking and selection within a particular mode of waste processing,
the information on total project cost, emissions, health risk, and value generation were com-
piled. An example of the ranking process has been carried out for the WtE technologies. As
the purpose is to demonstrate the methodology for comparing technologies, the energy gen-
eration potential of each technology has been used as a representative parameter of the value
generation, and the HHR of WtE technologies has been rated on a comparative scale based
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on expert judgement. The rating scale defined based on literature is given in Table 14.4 While
this qualitative method can be used in comparative assessments, the users can input the
quantified data into the decision model, if such data is available.

Table 14.4 Fuzzy linguistic ratings for
human health risk (HHR).

Human health risk Fuzzy number
Very low (1,1,3)
Low 1,3,5)
Medium (3,57
High (5,7,9)
Very high (7,9,9)

The values given in Table 14.5 were used in ranking the thermochemical WtE technol-
ogies. The quantitative values are given on a per-tonne basis. (The disposal costs and residual
values were assumed to be zero for all technologies.) Table 14.6 presents a normalized
decision matrix.

Table 14.5 Performance of thermochemical technologies®*.

Technology Capital 0&M Emissions® HHrisk  Energy potential

Units $/annual $/tonne KgCO,; eq/tonne — MWh/annual
design tonne tonne

Incineration (387.5, 775, (45.5, 65, 84.5) (495, 550, 605) (5,7,9) (0.5,0.675,0.85)
1162.5)

Gasification (510, 850,1190) (33.55, 61, 88.45) (915.3,1017, (5,7,9) (0.4,0.6,0.8)

1118.7)

Pyrolysis (307.23, 539, (24.48,51,77.52) (915.3,1017, (5,7,9) (0.5,0.65,0.8)
770.770) 1118.7)

Refuse- (280, 400, 520) (28, 40, 52) (990, 1100, (7,9,9) (0.8,1.7,2.6)

derived fuel 1210)

Source: Adapted from [1].

After calculating the distances from the positive and negative ideal solutions and the
corresponding closeness coefficients, the technology ranking revealed RDF to be the
best-performing thermochemical WtE technology.

3 The values given here were approximated based on the literature to demonstrate the functionality of the
mathematical model [24-28]. The provided data may not be representative of the exact up-to-date costing or
the emissions factors for the given technologies.

4 The values given here were approximated based on the literature to demonstrate the functionality of the
mathematical model [22-26]. The provided data may not be representative of the exact up-to-date costing or
the emissions factors for the given technologies.

5 Some emission values were obtained from the ecoinvent 3 database using the SimaPro life cycle
assessment software.
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Table 14.6 Normalized decision matrix.

Parameter NPV of TPC Emissions HHR Energy potential
Weights (0.36,0.4, 0.44) (0.135,0.15, 0.165) (0.135,0.15,0.165) (0.27,0.3,0.33)

Incineration (0.28,0.39,0.63)  (0.82,0.9,1) (0.56,0.71, 1.0) (0.19, 0.26, 0.33)
Gasification (0.27,0.38,0.67)  (0.44,0.49,0.54)  (0.56,0.71, 1.0) (0.15,0.23,0.31)
Pyrolysis (0.35,0.52,1.0) (0.44,0.49,0.54)  (0.56,0.71,1.0) (0.19, 0.25, 0.31)

Refuse-derived (0.52,0.67,0.96)  (0.41,0.45,0.5) (0.56,0.56,0.71)  (0.31,0.65, 1.0)
fuel

NPV: net present value; TPC: total product cost.

In the next step, the top-ranking technology from each mode of treatment is considered in
defining the optimal technology combination. To demonstrate the case study, the following
technologies were selected for the optimization model:

e Landfilling.

e Material recovery and recycling (MRR): dual stream type.
e Composting: windrows.

e WtE (thermochemical): refuse-derived fuel.

e WtE (biochemical): anaerobic digestion.

The input data for the above technologies have been summarized in Table 14.7. For the WtE
technologies, the value generation was defined by the expected sales revenue of generated
renewable energy. The energy price ($/kWh) is defined as (0.042, 0.0936, 0.1872) [16]. For
the MRR and composting technologies, the value generation was evaluated based on the
market prices of produced compost and recycled material [20].

For the demonstration, the constraints were defined in the following manner. The
maximum capital budget was set at $200 000. Based on the incoming annual solid waste
mass, the size of the active area at a landfill site is limited as follows [15]. This information

Table 14.7 Input data for waste processing technologies of all modes.

Value
Technology Capital 0&M Emissions HH risk generation
$/annual design
Units tonne $/tonne KgCO, eg/tonne - $/tonne
Windrows (40, 100, 150) (25, 40, 50) (432, 480, 528) (1,1,3) (5.71,15.912,
38.188)
Dual stream (200, 260,300)  (30,40,50)  (985.5, 1095, (3,5,7)  (71.51,130.58,
recycling 1204.5) 193.84)
Refuse-derived (280,400, 520)  (28,40,52)  (990,1100,1210) (7,9,9)  (33.6,159.12,
fuel 486.72)
Anaerobic (380, 610, 853) (60, 90,110) (765, 850, 935) (7,9,9)  (5.94,24.99,
digestion 26.66)

Landfilling (40, 70, 100) (10,20,50)  (633.6,704,774.4) (3,5,7)  (0,0,0)
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was used in defining rules for the minimum area that needs to be available in compliance
with siting requirements, to set up a landfilling facility to process the corresponding waste
tonnage. If the mass of waste sent to landfill is m (in tonnes) and the required landfill area
is ARj; (in hectares), the rules are

If (m;; <10000), Then AR;; =1Ha

If (10000 < my; <20000), Then AR, =2Ha
If (20000 < m; < 50000), Then AR, = 4Ha
If (50000 < m;; <100000), Then AR = 6Ha
If (100000 < my; <200000), Then AR;; = 8Ha

If (200000 < my; < 500000), Then AR;; = 10Ha

14.3.2 Defining Combined Solutions for Optimization

In order to define the possible set of solutions from which the optimal solution is selected,
technology and waste mass combinations are defined as described in this section. This
method operates on the assumption that waste material components are subjected to full
source separation to send them to different processing technologies. In the developed
decision model, the users are afforded the flexibility to define the solutions by deciding the
resolution of partial processing for waste mass components. In partial processing, one waste
material type is sent to multiple technologies in partial mass fractions. For “m” number of
material types (j = 1, 2, ..., p) and “n” number of technologies (i = 1, 2, ..., q) the partial
processing is as defined in Eq. (14.18).°

P q
Mysw = > > my (14.18)

i=1j=1
where

Mysw = Total MSW mass processed under the developed waste management plan
m; = Mass of a particular material component processed under a given technology

m; = MygwX; (14.19)

where
m; = Total mass of a particular material component in the processed MSW

x; = Total mass fraction of a particular material component in the processed MSW

Table 14.3 links the material types to the technologies that can process them. The

minimum mass from material “j” that can be sent to be processed via one technology is
defined as

= m..Pr, (14.20)

mj.min A

6 For this case study, p=9,and q=>5.
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where
Pr; = Resolution of partial processing for a particular material component

m; i, = Minimum mass of a particular material

. (14.21)
which can be processed by one technology

This is done to avoid waste management plans where waste processing plants will be
installed to process very small amounts of waste (i.e. if the waste mass of a particular material
type is too small, it does not make practical sense to separate the waste streams and redirect
them to separate plants to be processed under different technologies, as the value addition
will be too low). Based on the same rationale, it was decided that materials that contribute
less than 10% of the total MSW mass were to be processed by only one technology in a single
combination of solutions (e.g. glass accounts for only 4% of the MSW mass, and therefore it
was assumed to be either processed via recycling or by landfilling, without using partial mass
combinations).
The resolutions of partial processing were defined using a rule-based method:

If (x; <10%), Then Pr; =1

If (10% < x; <20%), Then Pr; = 0.5
If (20% < x; < 35%), Then Pr; =03
If(35%< X; < 50%), Then Pr;=0.25
If (50%< X; < 70%), Then Pr;=0.2
If (70% < x; <100%), Then Pr; =0.1

The relationship between total possible combinations for a material (C;), the resolution of
partial processing ( Pr;), and the number of technologies capable of processing that material
(n;)is given in Eq. (14.22).

1
—+nj—1!

Prj

C. =

j (14.22)

X (n; —1!

J

The combination inputs for the case study are listed in Table 14.8. An example of how all the
possible mass combinations were defined for food waste is provided in Table 14.9.

Once the individual combinations are defined for all waste types, the total number of pos-
sible combinations can be estimated. For “m” number of material types (j = 1, 2, ..., m), total
number of solution combinations (C;) is given by Eq. (14.23).

J
Cr= ch (14.23)
i=1

For the case study, the total number of combinations (solutions) was 86 400. These combi-
nations were then screened using the previously defined maximum capital budget and land
area availability constraints. With this, the total number of viable solutions was reduced to
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Table 14.8 Waste mass combination inputs.

Waste matter Food Yard Plastics Paper Textile Glass Metal Rubber Wood
Material type number 1 2 3 4 5 6 7 8 9
(G=1,2,..,m)

Composition () 44% 4% 15% 20% 7% 4% 4% 1% 2%
Resolution of partial  0.25 1 0.5 0.5 1 1 1 1 1
processing (Prj)

Number of 3 3 3 4 2 2 2 2 2

technologies capable
of processing the
material

Number of possible 15 3 6 10 2 2 2 2 2
combinations for a
material

Table 14.9 Combination matrix for food waste vs. processing technologies.

Modes Composting MRR WLE (thermo)  WtE (bio)
Technologies Windrows Dual stream  RDF AD Landfill
Combinations 1 1 0 0 0 0
2 0 0 0 1 0
3 0 0 0 0 1
4 0.25 0 0 0.25 0.5
5 0.25 0.0 0.0 0.5 0.25
6 0.5 0.0 0.0 0.25 0.25
7 0.0 0.0 0.0 0.25 0.75
8 0.25 0.0 0.0 0.0 0.75
9 0.0 0.0 0.0 0.75 0.25
10 0.25 0.0 0.0 0.75 0.0
11 0.75 0.0 0.0 0.25 0.0
12 0.75 0.0 0.0 0.0 0.25
13 0.5 0.0 0.0 0.5 0.0
14 0.5 0.0 0.0 0.0 0.5
15 0.0 0.0 0.0 0.5 0.5

RDF: refuse-derived fuel; AD: anerobic digestion.

14 307. An overall performance score was calculated for these viable solutions. In calculating
the total discounted project cost, the project life and discount rate were assumed to be crisp
numbers (project life = 20 years; interest rate (i) = 5%; rate of inflation (f) = 2%; discount
rate,r =i-f=3%).
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14.3.3 Identifying Optimal Solutions

Fuzzy arithmetic operations were used to calculate the overall performance score by
aggregating the normalized objective function values for every solution. For the
aggregation, the weights for the optimization objectives were given as per the scheme
defined in Table 14.2. The relative importance of the performance objectives was decided
as follows: minimizing total project cost, very high; minimizing health risk, medium;
minimizing emissions, low; maximizing value generation, high. The overall aggregated
scores (for all viable solutions) are generated in the form of triangular fuzzy numbers.
These fuzzy numbers, which represent the fuzzy appropriateness index (F, ), were ranked
in the next step to find the best (optimal) solution according to the method discussed in
Section 14.2.5.

The top five solutions that define the optimal plant capacities for each mode of waste
processing are given in Table 14.10.

Table 14.10 Optimal waste management system configurations.

Per day design capacity (tonnes/day)

Composting MRR WLE (thermo)  WtE (bio)

Waste management

systems Windrows Dual stream RDF AD Landfill  U(F;)
Combination 1 408 69 6 0 123 0.61532
Combination 2 408 90 0 0 108 0.61521
Combination 3 408 93 0 0 105 0.61511
Combination 4 408 69 12 0 117 0.61471
Combination 5 408 90 6 0 102 0.61460

The top-ranked solution from Table 14.10 was selected as the proposed waste management
system, for the economic performance evaluation in the next phase.

14.3.4 Economic Evaluation of Waste Management Systems

The overall economic impact of the proposed waste management system is evaluated
through the LCC of the final combination. The membership function for the LCC is gener-
ated using the fuzzy DSW algorithm explained in Section 14.2.5. The LCC is calculated using
Eq. (14.24), considering net cash inflows and outflows during the project lifetime. The
expected revenues (NPV of value generation, or VG) from renewable energy, compost, and
recycled material were considered to be recurring annual incomes, while the project costs
were the capital and O&M expenditure

LCC=)  IC+) AOM+) DC-3  VG-) RV

The calculated LCC normalized decision matrix is given in Table 14.11, and a graphical
presentation of membership functions is shown in Figure 14.2.

(14.24)
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Table 14.11 LCCintervals for different a-cut levels.

a-cut level NPV of total project NPV of value
(membership) cost ($) generation ($)  LCC (%)
0 207 878 95492 526 013
0.25 259 569 134 885 344 423
0.5 316 826 179 682 169 652
0.75 379 891 230152 —947
1 449 008 286 565 162 443
0.75 526 921 380 838 296 769
0.5 612 026 486 477 432 344
0.25 704 603 603 992 569 718
0 804 935 733 891 709 443
MEMBERSHIP FUNCTION OF COST VALUES
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Figure 14.2 Membership function for total project cost, value generations, and LCC.

It can be seen that the LCC of the proposed waste management system varies across a
range of values from negative to positive. This means that the profitability of the proposed
project is fuzzy, and the final outcome can either be a profit or a loss based on the exact costs
and revenues during operationalization. If a deterministic method was used for analyzing
the LCC, this information would not have been captured as the LCC would be in the form of
a crisp value (indicating either a profit or a loss based on the parameter values). The data on
the whole range of possibilities captured through a fuzzy logic (FL) approach help decision-
makers to make a more informed decision in comparison to a deterministic analysis.

14.4 Discussion and Conclusions

This type of fuzzy-based framework allows the qualitative information and the variation in
human preferences, expert judgments, and imprecise data to be accounted for in the decision
making. Where data are unavailable on the exact inputs, qualitative judgments which are con-
verted to fuzzy rating scales and ruled-based methods can be used, as seen for the HHR
assessment of technologies. Using FL can help decision-makers to capture a range of variations
in different decision parameters and will help them to explore a range of possible outcomes.
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While fuzzy arithmetic operations were used for calculating and aggregating the
performance scores in the ranking and optimization steps, the fuzzy DSW algorithm was
used to calculate the final LCC of the selected system. The DSW algorithm is capable of cap-
turing the variation accurately during fuzzy calculations, due to the use of multiple a-cuts.
Depending on the expected accuracy of the output membership function, the number of
a-cuts can be increased for a higher resolution. The DSW principle can be used to apply the
fuzzy extension principle for continuous valued and complex functions [16]. The simplified
fuzzy arithmetic operations are limited to special types of fuzzy numbers, such as triangular
and trapezoidal fuzzy numbers, where the upper and lower bounds have memberships of 0
and the most likely value (or value range) has a membership of 1. Since the discounting rates
and project lifetime were taken as crisp numbers in the analysis, all parameters could be rea-
sonably represented in the form of triangular fuzzy numbers in the technology selection and
optimization analyses.

The fuzzy number ranking method based on total utility was used in this application.
However, the centroid defuzzification method can also be used for type of ranking when the
membership functions are known [21]. This method allows the entire fuzzy range to be
reflected in the final decision. It compares the whole range of values in the set of numbers to
be ranked by considering their closeness to the maximizing and minimizing set. It was
decided that the above method results in a lower loss of information compared to the defuzz-
ified ranking method, which converges the fuzzy range (in the appropriateness indices) to a
single value without comparing the number to the entire range.

In this type of decision-making problem, the final outcome is heavily influenced by the
current performance levels for technologies (i.e. cost factors, technology maturity, and
capacity to process different types of waste, value generation potential), as well as the defined
weights for performance criteria. If the values used for the above factors are changed, the
obtained results (i.e. the optimal waste management solution) will vary significantly.

Resolution in defining possible system combinations is limited by the computational time
taken for the optimization. As an example, the resolution of partial processing could have been
further increased by separating the waste stream of a particular material into smaller mass
packages. However, this would have significantly increased the computational time, and a
compromise needs to be achieved between the decision resolution and the computational
resource requirement in this type of decision model. When the resolution of partial processing
isincreased in an extreme manner (dividing waste masses into smaller and smaller blocks), the
optimization technique can approximate a continuous optimization problem.

In this problem, the optimal system configuration of the waste management plan was
defined by separating waste material types into blocks which can be separated by different
technologies. In practical engineering applications, the plant design capacities also come in
defined sizes (e.g. 50 000 or 100 000 tonnes per year of incineration facilities). These plant
capacity steps also need to be considered in defining the combinations for the optimization
algorithm to increase the practicality of the proposed waste management system planning
model.
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15.1 Introduction

A risk generally is a combination of a probability of an event and its consequence [1]. Lindhe
defined risk as uncertainty, and the severity of the consequences of an activity [2], and
Torstensson stated that risk is the combination of the probability of an event and the degree
of an injury or damage that can arise from that hazardous incident [3]. Engineered systems
pose an elevated risk to people, the environment, and physical properties. Hence, the
identification of hazards and the determination of their risk level can help an organization
prepare for hazardous events [4].

Risks can be characterized using several factors that need to be cautiously estimated for
effective risk assessment [5-7]. Three scientific approaches (i.e. qualitative, semiquantitative,
and quantitative) have been commonly adopted for risk assessment to reduce risk to an
acceptable level or as low as reasonably practicable (ALARP). In general, qualitative methods
are used for risk identification, and semiqualitative techniques are used for risk categoriza-
tion, while quantitative risk assessment is considered the best approach [8]. However, a lack
of data impels analysts to select qualitative and semiquantitative risk assessment techniques.

Many methods have been used by the engineering sector to reduce the risk to ALARP [9-
11], including quantitative risk analysis (QRA) [12-14], checklist analysis, preliminary
hazard analysis (PHA) [15], what if analysis, hazard and operability (HAZOP) studies [9, 16,
17], failure modes and effects analysis (FMEA), Bowtie analysis [10, 18, 19], fault tree anal-
ysis (FTA), event tree analysis (ETA) [20], cause-consequence analysis (CCA), human reli-
ability analysis (HRA), layer of protection analysis (LOPA) [21, 22], and risk matrix [23-26].
Data requirements for these methods depend on objectives, limitations, strengths, and level
of computational complexities. The risk analysis method is selected based on the type of
industry and level of risk associated with the industrial processes. Risk matrix has been used
by many researchers, particularly in engineering sectors.

In this study, a risk matrix model (RMM) was developed to handle uncertainties using a
semiquantitative approach to assess the level of risk effectively and precisely in process
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system engineering. All the factors used to compute the level of risk were included in the risk
matrix analysis. To increase the reliability of the decision-making process in process system
engineering, three mathematical equations were developed, and FL was used to compare the
results of the developed equations. Finally, to facilitate the computations of RMM, a
Simulink-MATLAB model was developed and implemented in a case study of a reboiler
oven in the petroleum industry.

15.2 Risk Assessment

Risk can be measured by nonlinearities or by the variance of the probability distribution of
possible gains and losses associated with particular alternatives. As well, many authors have
described and defined risk from different perspectives in different areas [1, 27-44]. Risk
assessment through the determination of risk and its potential damage likewise determines
the actions needed to control that risk. A risk matrix is commonly used for this task.

A risk matrix was developed by the Electronic System Center of the United States Airforce
in April 1995 to assess risk over the life cycle of a project. A risk matrix was also found to be
applicable for assessing operational risk in different areas (e.g. engineering projects,
commercial banks, enterprise resource planning, the weapons industry, etc.) [8]. Industries,
such as manufacturing, prefer the risk matrix approach because the method is simple to use
and easy to understand with graphical expression. A risk matrix is a qualitative risk
assessment tool that rates the risk based on two main criteria: probability and consequence
[45], where the probability and the consequence estimation are subjective [45].

The RMM is based on a 10 X 10 matrix with 100 risk cells. The rows indicate ten different
levels of probabilities; probability in this study is based on two variables: (i) frequency of con-
sequences and (ii) probability of failure on demand (PFD) of the barrier placed to decrease
the frequency of the consequence [46]. The columns imply ten different levels of severity of
consequences (impacts) on humans, the environment, properties, and reputation. In the
chemical process industry, the quantitative risk has been defined as “a ratio of hazards to
safeguards” and as “a combination of event, probability and consequences” [47]. The
likelihood is the measure of expected probability or frequency of the event occurring, which
can be qualitatively or quantitatively estimated [48, 49]. Probability is the expression of event
occurrence as a number ranging from 0 to 1 [12, 47, 50]. The PFD is the indication proba-
bility that can predict failure of a system to perform a required function on demand [51], and
impact is the severity of the effects of the undesirable event.

A risk matrix is developed to evaluate the risk following two essential steps: first, catego-
rization and scaling of the severity of consequences and corresponding frequencies as
inputs, and risk index as the output; second, establishing the risk-based rules knowledge
to determine the level of risk based on the inputs. In traditional risk models, the risk is
expressed by a crisp category based on the analysis. However, the uncertainty and impre-
cision of data produce some errors in the level of risk. In the traditional risk matrix
approach, the risk is expressed by a crisp category (e.g. [1 3], [4 6], etc.). Different forms of
risk matrix have been developed, such as 4 X 4 [52], 5 X 4 [53], and 7 X 5 [54]. Due to data
limitations and imprecision, the results of the conventional risk matrix may be somewhat
vague. For instance, the estimated level of risk is presented as a range (i.e. the scenario
range is between levels 3 and 4 without an exact value). The real value of a risk level could
be near the lower or upper probabilities. As a result, the conventional risk matrix still faces
challenges to overcoming uncertainties for prioritizing scenarios in process system engi-
neering due to the imprecision of risk level and absence of data to include all the factors
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that could affect the risk level. Therefore, different studies have been done to handle
uncertainties for risk matrix, emerging from FL applications [45, 54]. However, the risk
matrix still needs investigation in terms of the involved parameters, defined categories,
and precision of the risk level.

15.3 Methodology

The RMM was developed in this study to conduct a risk assessment for process industries.
The model had to be able to overcome the uncertainty of the risk level effectively and eval-
uate whether the risk was within the acceptable range of the industry or not. The RMM
displayed the basic properties frequency and impact. Traditionally, risk has been defined as

Risklevel, = frequency of consequence; x severity of consequence; (15.1)

where i is the number of scenarios.
The framework of the proposed RMM is presented in Figure 15.1. An RMM analysis
follows three main steps:

1) Analyze the probability of scenarios from different perspectives: event’s probability,
exposure, PFD, and vulnerability with weight.

2) Analyze the impact of scenarios on people, properties, environment, and reputation with
weights

3) Determine risk level using developed equations and FL to precise risk level. All these
steps are described in detail in this chapter.

15.3.1 Estimation of the Frequency of Risk Consequence

The frequency of risk depends on the frequency of risk events and the PFD for safeguards.
The matrix shown in Table 15.1 is developed here to determine the frequency of risk. To
determine the frequency of risk consequence in the developed matrix, the following formula
is used

Frae = Frpg - PFDg (15.2)

where Fry. is the frequency of risk consequence, Fryy is the frequency of risk events,
and PFDy is the PFD of safeguards.

The proposed categories for PFD and the frequency of occurrence of the risk event are
presented in Tables 15.2 and 15.3, and the classification of vulnerability and exposure levels
are classified in Table 15.4. All the categories are linguistically defined with small intervals
to facilitate the decision-making process for evaluating multiple scenarios and to precisely
estimate the level of risk.

The inputs (i.e. PFD and Fr) are classified into ten levels ranging from absolutely high to
absolutely low, as shown in Table 15.2, with the corresponding values of 107> and 10° respec-
tively. Impact of consequence (i.e. the second input of the RMM) distributed over ten cate-
gories is presented in Table 15.3, which helps to differentiate the levels of impact and
prioritize the consequences. Nine levels of risk as outputs are presented in Table 15.2, varying
from absolutely acceptable to absolutely not acceptable. The categories listed in Table 15.8 can
evaluate different scenarios even if the difference in risk level is extremely small.
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Step 1: Industrial process analysis. Analyze the industry from different
perspectives: social, environment, economic, and reputation

v

Step 2: Probability analysis. Analyze probability of scenarios from different
perspectives: event’s probability, exposure, PFD, and vulnerability with weight

]

Step 2.1: Identify the probability of scenarios. Use FTA,
taking threats and safeguards into account

A 4

Step 2.2: Analyze the exposure of risk events. Determine exposure
level

v

Step 2.3: Analyze probability failure on demand. Determine failure
probability of the safeguards

v

Step 2.4: Analyze vulnerability of safeguard. Analysis based on the appropriate
installation of the safeguards

A 4

Step 3: Consequence analysis. Analyze impact of scenarios on people, properties,
environment, and reputation with weights

¥

Step 3.1: People impact. Analyze the impact on people

v

Step 3.2: Environment impact. Analyze the impact on the environment

A 4

Step 3.3: Properties impact. Analyze the impact on properties

v

Step 3.4: Reputation impact. Analyze the impact on reputation

vV

Step 4: Risk level determination. Use developed equation and fuzzy logic to
precise risk level

Figure 15.1 Framework for assessing risk level in the process industry.

15.3.2 Estimation of Impact Level

Four intermediate factors were included to determine the level of impact of a failure event,
including the impacts on humans, the environment, properties, and reputation. Table 15.5
shows the matrix of risk impact developed in this study to determine the level of severity of an
impact. The classification of consequence is presented in Table 15.6. The following equation
was used to estimate the impact level in the proposed matrix using the weighted sum method

Ie=w Iy +w, Ip+wy Ip+w, I (15.3)

where I is the impact of consequences, I, is the impact on humans, I is the impact on the
environment, I, is the impact on properties, I is the impact on reputation, and w; are the
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Table 15.2 Classification of the probability of failure on demand (PFD)

and frequency (Fr).

Category Abbreviation Range of PFD and Fr
Absolutely high AH [5-10710°]
Extremely high EH [107!5.1071]
Quite high QH [5-1072107"]
High H [10725-1072]
Mildly high MH [5-107°1077]
Mildly low ML [10735-1073]
Low L [5-107*107%]
Quite low QL [107*5-107]
Extremely low EL [5-107°107]
Absolutely low AL [107°5-107%]

Table 15.3 Classification of frequency of consequences.

Category Abbreviation Range
Absolutely high AH [107 10°]
Extremely high EH [1072107Y]
Quite high QH [10731077]
High H [107*1073]
Mildly high MH [107°107%]
Mildly low ML [10761077]
Low L [1077107°]
Quite low QL [107%1077]
Extremely low EL [107°1078]
Absolutely low AL [1071°107°]

Table 15.4 Classification of vulnerability and exposure levels.

Category Abbreviation Range
Absolutely high AH [1011]
Extremely high EH [910]
Quite high QH [89]
High H [78]
Mildly high MH [67]
Mildly low ML [56]
Low L [4 5]
Quite low QL [34]
Extremely low EL [23]
Absolutely low AL [12]
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Table 15.6 Classification of consequence (impact).

Category Abbreviation Range Consequence (impact) criteria
Slightly low SLL [01] Slightly low impact
Slightly high SLH [12] Slightly high impact
Minor low MIL [23] Minor low impact

Minor high MIH [34] Minor high impact
Moderately low MOL [4 5] Moderately low impact
Moderately high MOH [56] Moderately high impact
Critically low CRL [67] Critically low impact
Critically high CRH [78] Critically high impact
Catastrophic low CAL [89] Catastrophic low impact
Catastrophic high CAH [910] Catastrophic high impact

weights for the intermediate factors used to scale the factors for the computation of impact
in the risk matrix I. Note that for the total weights the following condition holds true

n
Zwi =1i=12,..,n (15.4)
i=1

15.3.3 Estimation of Risk Level

The template of the RMM based on two inputs is presented in Table 15.7. The inputs are dis-
tributed to ten levels of (i) frequency limited by 107'° and 10° as minimum and maximum
values and (ii) impact limited by 1 as a minimum and 11 as a maximum value. Table 15.8
shows that the minimum value of frequency is 10™'°, which can be observed by multiplying
the frequency of risk events with the PFD of safeguards. The output (i.e. risk level) is divided
into nine levels ranging from 1 to 10.

To find the appropriate value of the risk level in the developed RMM, the following for-
mula is deduced

R, — %[ (log(Free) +11) + I | (15.5)

whereFrg is the frequency of risk consequence, I is the impact of consequence, and R;
is the risk level.

15.3.4 Fuzzy Sets

FL was used to incorporate uncertainties associated with risk matrix parameters. FL is used
to define specific linguistic variables for the risk that is based on the frequency and severity
of the consequences. The FL system consists of the following elements:

e Fuzzify crisp inputs for each risk matrix component. Tables 15.9-15.11 show for the fre-
quency, impact, and risk level, respectively, and Figure 15.2 depicts the structure of a typ-
ical FL set. The triangular fuzzification was considered in this study.

e The inference engine to set rules using if-then statements.

e Defuzzify outputs to one single output value.
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Table 15.8 Classification of the risk levels.

Category Abbreviation  Risk level Description

Absolutely acceptable AA [12] Absolutely no mitigation required
Extremely acceptable EA [23] Extremely no mitigation required
Quite acceptable QA [3 4] Quite no mitigation required
Mildly acceptable MA [4 5] Mildly no mitigation required
Acceptable A [56] No mitigation required

Mildly not acceptable MNA [67] Mildly mitigation required

Quite not acceptable QNA [78] Quite mitigation required
Extremely not acceptable ~ ENA [89] Extremely mitigation required
Absolutely not acceptable ~ ANA [910] Absolutely mitigation required

Table 15.9 Fuzzy sets for frequency factor.

Linguistic variables of Linguistic term (fuzzy Description range of

risk factors set) frequency

Frequency (F) Absolutely high (AH) ~ AH[5-107" 1]
Extremely high (EH) EH[107!5-107}]
Quite high (QH) QH[5-1072107}]
High (H) H[107%5-107%]
Mildly high (MH) MH][5-1072107?]
Mildly low (ML) ML[1075-107%]
Low (L) L[5107*107%]
Quite low (QL) QL[107*5-107%]
Extremely low (EL) EL[5-107°107%]

Absolutely low (AL) AL[107°5-1077]

Table 15.10 Fuzzy sets for impact of consequences factor.

Linguistic variables Description range of
of risk factors Linguistic term (fuzzy set) severity Universe of discourse (X)
Severity of Slightly low (SLL) SLL[0 1]
consequences (C) Slightly high (SLH) SLH[1 2] X €(0,10)
Minor low (MIL) MIL|[2 3]
Minor high (MIH) MIH|3 4]

Moderately low (MOL) MOL[4 5]
Moderately high (MOH) MOH]|5 6]
Critically low (CRL) CRL[6 7]
Critically high (CRH) CRH[7 8]
Catastrophic low (CAL) CAL[8 9]
Catastrophic high (CAH)  CAHJ[9 10]
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Table 15.11 Fuzzy sets for risk factor

Linguistic variables of
risk factors

Description Universe of

Linguistic term (fuzzy set) range of risk _discourse (X)

Risk category (R) Absolutely acceptable (AA) AA[1 2] Xy €
Extremely acceptable (EA) EA[2 3]
Quite acceptable (QA) QA[3 4]
Mildly acceptable (MA) MA[4 5]
Acceptable (A) A[56]
Mildly not acceptable (MNA) MNA[6 7]
Quite not acceptable (QNA) QNA[7 8]

Extremely not acceptable (ENA)  ENA[8 9]
Absolutely not Acceptable (ANA)  ANA[9 10]

Knowledge base

FUZZIFIER DEFUZZIFIER

A

Fuzzy Fuzzy
set rules

Crisp risk

parameters

Crisp risk
level

—?” INFERENCE

Figure 15.2 The structure of a typical fuzzy logic set.

15.4 Case Study of the Proposed Method

15.4.1 System Description

The production division of Sonatrach in Hassi R'Mel, Algeria is a compressor station that
recovers heavy hydrocarbons in the forms of condensate and liquefied petroleum gas (LPG).
The specific process evaluated in this research is the flow diagram of the reboiler oven H101
operating in the industry (Figure 15.3). Raw gas gathered from numerous wells is used to
produce treated gas, which is known as the sales gas. A reboiler is a heat exchanger that is
used to generate the vapor supplied to the bottom tray of a distillation column. The oven
reboiler produces lighter fuel gas (sales gas), which is essentially composed of methane and
ethane gases. The risk assessment framework developed in this study was implemented to
evaluate the practicality of the above process.

The process of producing lighter fuel gas starts with the pre-separation of the crude gas
from wells and then compression at the pump station at a pressure of 117 kg /cm? and a tem-
perature of 62°C. In the high-pressure separation section, the recovered liquid hydrocarbons
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are separated as LPG and condensate in the deethanizer C101 of the fractionation section.
Once the light components are extracted to the deethanizer C101, the accumulator separates
the LPG condensate. To prevent hydrate formation in the upper part of the column, a glycol
solution is injected. The separated liquid hydrocarbons are sent toward the C101. Part of
these hydrocarbons is sent through pump 31-P101A and B to the reboiler H101 oven for
heating at 150°C. The hydrocarbon flow rate is controlled by the motorized control valve
FICA 136. The fluid exiting the heater to about 180°C is fed to the column C101 of the light
to extract combustible gases (sales gas).

C101: Column
31-P101A: P HC908V HC907V
31- : Pump
31-P101B: Pump
31TZAH110 31TZAH111
H101: Heater 376.5°C 3IPIAHO04 376.5°C
31TI133 3.8 mmH20 31TI134
FICA 136 V: Motorized regulating valve 374.8°C 367.7°C
31TI45
31TI144 o
- 581.4°C 389.4°C
31-H101
1
i
i
:\ 31FICAL136 31TT140 3ITRAHI21-3
1 244.5T/H 294.8°C 1824°C
’ T RTINS
B il T 1 31-C101
N 31TT142 31TRAHI21-5 3ﬁ'“me 3:1.:35
— 31FICA136V 315.8°C 177.9°C 181.0°C 181.2°C
31.P101B 3IFZALIZT oo,
247.0T/H i 31TTI43 __ 31TRAH121-6
279.1°C 162.8°C
AT
M 31HV109-1010 @; ;\ ;; ;;\:/\ N .
MUZVI2S ST-UP ALM 31UZV140-1010 Rz svs
31PAH126 X
: C 31PZAH127 —31PAL126 2 31H101
s X

31UZV125 31UZV125ST-UP ALM ‘?gRC A109V
A 5 E} IPZALIZT [ 00
31PCV128 ‘H %ﬁ
31FRAL142 & 31XC921V

1314.9Nm3/H 31-K102A/B

| 30-D018

Figure 15.3  Process flow diagram of the reboiler oven H101. Source: [55]/With permission of Elsevier.

15.4.2 Simulink-MATLAB: Model for Risk Matrix Model

The Simulink-MATLAB model was used to evaluate eight possible undesirable conse-
quences, which are boiling liquid expanding vapor explosion (BLEVE), jet fire, asphyxia,
potential hazard, unconfined vapor cloud explosion (UVCE), flash fire, impacts on
population, and environmental impacts. The values of risk level are determined based on
frequency and impact of consequences with the help of Simulink. Frequency (indicated by
Up) and severity (indicated by u;) are used as two inputs for applying S-function. Eight sce-
narios are presented in Table 15.12 showing minimum, median, and maximum values
obtained from the simulations to overcome the issue of uncertainty. Figure 15.4 shows the
integration of S-Function with the Simulink model to simulate Eq. (15.5).

Four scenarios out of the eight given in Table 15.12 were selected for detailed analysis for
simplicity in the presentation of results. Figure 15.5 shows the risk level variation with 100
possible cases to show the possible level that each scenario could reach. The figure shows the
risk level for four scenarios; it can be clearly seen that the highest risk level was observed for
scenario 4 and the lowest for scenario 6. The results of 100 simulations show the range of risk
level for each scenario. For instance, for scenario 6 (i.e. flash fire) the range of risk level var-
ies between 0.98 and 8.85, whereas the figure shows that the risk level rarely approaches the
low extreme due to the use of average data. For risk managers in the process industry, the



15.4 Case Study of the Proposed Method | 293

Table 15.12 The minimum, median, and maximum values of the risk
level for eight scenarios obtained from the Simulink model.

Risk level
No. Scenario Min Median  Max
1 BLEVE 0.18 5.96 7.90
2 Jet fire 0.09 6.61 8.66
3 Asphyxia 0.0 5.75 8.55
4 Potential hazard 0.0 4.88 7.43
5 UVCE 0.54 5.81 7.57
6 Flash fire 098  6.99 8.85
7 Impacts on population 0.0 3.90 6.53
8 Impacts on environment 0.0 4.71 7.09
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Figure 15.4 Simulink-MATLAB model to determine level of risk for eight scenarios.

highest risk values are important for improving safeguards. The values of Table 15.12 are
slightly different from those in Figure 15.5, because the figure presents the entire range of
data, whereas in Table 15.12 the average of minimum, median, and maximum values are
presented.
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Figure 15.5 Simulink results showing variation of risk level for four scenarios.

Table 15.13 shows the average risk levels of eight scenarios and prioritizes the scenarios
that could happen in the reboiler oven. The colors used in Table 15.13 correspond to the
colors of the RMM (presented in Table 15.7). Simulink results of new RMM are more conser-
vative and precise than the conventional model (Table 15.13). A t-test between the median
risk values given in Table 15.13 and the mean values of risk level revealed that the p-value
was found to be much lower than 0.05. Furthermore, results revealed that the mean
difference between the mean risk values obtained from the conventional approach and
RMM ranged between 0.95 and 1.3, with a 95% confidence interval. These results show that
the risk can be underestimated using a conventional approach and that the RMM gives more
precise results for estimating the risk level in the petrochemical industry.

Figure 15.6 shows a comparison of calculated risk levels using the fuzzy-based RMM and the
classical risk model. Managers cannot make decisions based on minimum risk values to secure
their systems, while mitigation actions for maximum values can be expensive for the industry.
Results of the fuzzy-based RMM in terms of crisp risk level are certainly more desirable for
effective decision-making. Figure 15.6 also shows the robustness of the proposed RMM when
the risk levels are close to the maximum values obtained from the classical risk model and

Table 15.13 Comparison between a new RMM and a classical risk model
for eight risk scenarios in the petrochemical industry.

1 BLEVE 6.93 [67]
2 Jet fire 7.63 [7 8]
3 Asphyxia 7.15 [7 8]
4 Potential hazard 6.15 [6 7]
5 UVCE 6.69 [67]
6 Flash fire 7.92 [78]



References

close to the minimum for scenarios 3 and 4. In scenarios 2 and 5, the risk levels obtained by the
RMM are almost equal to the average values of the ranges estimated by the classical risk model.
These results show the practicality of the fuzzy-based RMM with more reliable results.

== Risk level using RRM @—=e@ Risk level using classical model

Risk Level

Classical model showing
possible range of risk level

1 2 3 4 5 6 7 8
Scenario Number

Figure 15.6 Variation of risk level using the RMM and the classical risk model.

The application of the RMM developed in this study manifests the more realistic estimation
of the process risk levels. The RMM is useful for determining the risk level of each scenario
using the frequency of risk events and the PFD of the safeguards, as well as based on the
severity of the impacts on humans, the environment, properties, and reputation. The devel-
oped model will help ensure effective risk management and minimize the cost of safeguards.
The proposed model effectively showed the level of risk for each scenario, which will help
safety managers in risk mitigation planning.

15.5 Conclusions and Recommendations

The fuzzy-based RMM more realistically estimates the risk level of process industries than
the classical risk model. The model scales and categorizes the frequency of risk events and
PFD to determine the frequency and consequence of risks, to evaluate the impacts on
humans, the environment, and properties. The fuzzy-based RMM also scales and categorizes
the level of risk and calculates the precise level of risk while handling the uncertainties. The
developed model effectively determines the level of risk for each scenario, which provides
information to prioritize and identify scenarios that need emergency analysis to avoid pos-
sible catastrophic consequences. The overall results of the fuzzy-based RMM are more pre-
cise and reliable than the traditional risk matrices models.
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16.1 Introduction

The need for modern and environmentally friendly packaging systems raises the question of
whether this is related to the development of a given industrial area. Namely, based on the
already existing mainly production factors within the given territorial boundaries, the devel-
oped and environmentally effective information and factors can be explained by the causal
relations in connection with the design of packaging systems.

Businesses in industrial parks are concentrated in one place, usually because they prefer
to be close to the right infrastructure and existing historical knowledge and experience.
However, industrial parks nowadays have to comply not only with settling-in companies but
also with society [1], as they try to operate in the spirit of sustainable development. This
includes the use of a packaging system in their logistic activities that allows them to do so.

However, the development path of industrial parks, and thus the design of a modern and
environmentally friendly packaging system, is largely determined by the unique features of
the country, region, and city in which they are based. However, in addition to the basic
economic and social conditions already known for investment, the skills, development
capacity, and willingness to innovate of the workforce are also essential in the long run.
Measuring the latter two characteristics is a more difficult task.

In this chapter, the authors attempt to analyze the role of these two subjective factors,
using fuzzy theory, to provide more accurate predictions for the engineer on the design of a
reusable packaging system that is more environmentally friendly.

16.2 Establishing the Territorial Potential for an
Environmentally Effective Packaging System

A provider of a modern packaging system must consider certain criteria when deciding
whether to relocate to a different area or develop their existing place of business.

There is a wide literature on site selection, in which researchers mainly approach the issue
from a corporate perspective and ask how a site is chosen by a company. The generally
accepted strategy is characterized by the following phases: sorting, site selection, and then
physical planning.

This method basically examines the microeconomic, macroeconomic, and social situation
of a given area (or region). Nowadays, this method is complemented by various market

Fuzzy Systems Modeling in Environmental and Health Risk Assessment, First Edition. Edited by
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estimation methods and the requirement for a skilled workforce. What has changed in
recent decades is the method of analysis [2]. However, the decision to choose the most
appropriate place to provide a pool service requires other criteria.

Such existing capabilities include, in particular, the propensity to innovate or the existence
of an environmentally friendly business philosophy, neither of which can be clearly assessed
objectively.

In order to address the problem as a whole, we need to look at existing local conditions,
such as the social, economic, and infrastructural situation in a given area. However, these
analytical methods will not be able to make more subjective judgments about a desire to
innovate or be more environmentally aware.

However, fuzzy theory [3] can be a suitable way of studying such factors. In this chapter,
the authors’ intention is to investigate a region with an objective-based potential to accom-
modate a modern packaging system and decide, using fuzzy methodologies, whether this
region has a so-called subjective-based potential for a modern packaging system.

16.3 The Model

The purpose of the model is to determine the potential of a particular region. This model can
be used as a decision-making tool for a specific installation planning task. This tool applies
multicriteria evaluation in order to analyze the suitability of different areas as locations for
new industrial parks.

The model requires three distinct phases of analysis. In the first phase, the area is geo-
graphically sorted and selected. This analysis is still widely appreciated by the region. The
purpose is to evaluate the new potential development area and to determine which location
would be best suited for geographical purposes, such as the introduction of a pool system or
the launch of a pool service. This process gives the potential of a given area to compare the
characteristic value of the two areas to one another in the future. The given region is denoted
by P;, where i denotes the ith region.

In the second phase, objective factors that have a clear impact on the potential of the
region or directly provide the most appropriate choice should be delimited. These factors are
predefined variables at hierarchical levels that can be grouped into categories and subcate-
gories. Categories and subcategories represent the intermediate level in the decision-making
and analytical work of the model. The variables test the existence of the necessary require-
ments that are essential for possible improvement. Ultimately, they can be used to evaluate
available resources. The appropriate categories must be defined and grouped in a clear,
understandable way, and then the basic potential of a given area can be determined.

For example, the following basic potential categories can be formed: social (S;), economic
(Ey), infrastructure (I;), research and development (R&D) (K;), and, for example, the local
rule set (R;) (grouping is shown in Table 16.1). Each factor can be evaluated as a parameter,
or if its mere existence is a question, we can decide whether it exists in the region.

It is easy to see that the potential of a region can be derived as a function of the various
variables described in Table 16.1. Of course, for an accurate result, it is necessary to expand
the categories as widely as possible. If the appropriate categories are considered in their
entirety, then we may assume that P; = f(S;, E;, Kj, I, R)).

It is clear that different factors can be specified with different extensions and units.
Therefore, it is necessary to examine some of their comparisons by category. Thus, for
example, one possible solution is to compare the value of the factors of the other regions to
the region with the most favorable values in some factors of the studied regions. The most



16.3 The Model

Table 16.1 Categories and some possible metrics to measure spatial potential.

Categories Some possible metrics

Social Demographic metrics (births and death rates, migration balance, etc.)
Education (proportions by education, etc.)
Labor force (rate of unemployment, etc.)

Economic Economic activity (existence of industrial and service sectors, etc.)
Costs (resources, manpower, waste disposal, etc.)

Infrastructure Transport network (road, rail, air, etc.)
Energy, water, etc.
Recycling (waste management, recycling facilities, etc.)
Communication, IT (internet, telephone, etc.)

Knowledge Number of R&D centers

Proportion of R&D expenditure in GPD
Rule set Legal framework

Taxes

State aids

favorable value may also be the minimum or maximum value within a given group, depend-
ing on whether the upper or lower limit of that value is logically the most favorable.
The following factors were selected for uploading the model:

e s;: unemployment rate in the region.

e ¢;: Gross domestic product (GDP) per capita in the region.

e k;: R&D expenditure as a percentage of GDP in the region.

e i;: the value of the motorways per square kilometer in a given region.

The rule set was omitted from the model because it was almost impossible to determine a
real, exact value without a thorough legal knowledge. So, we say that the values for the cat-
egories in a given territorial unit can be given as

A possible form of estimating the potential of a region is Eq. (16.1). This specifies how the
values defined by the independent variables are added together

P =ags; + age; + agk; + aji; (16.1)

The notation a shows the weight of the given objective parameter in the given region. It will
be appreciated that additional parameters may be added to the equation that, in some cases,
may be required for a proper comparison of two or more regions. It should be mentioned
here that the equation contains only existing possible objective parameters, without being
exhaustive, but does not provide satisfactory information on the characteristics that can be
interpreted as the subjective parameters of the region.

The third phase of the model is the delineation of subjective factors that may directly affect
the potential of the region or modify the value of the potential. Such a suitable parameter is,
for example, the willingness to innovate or the innovation environment, which may have a
direct impact on our basic potential.
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16 Application of Fuzzy Theory to Investigate the Effect of Innovation Power

In order to analyze such a parameter, we can use the logic of fuzzy theory, which extends
classical logic beyond the logic of real and false values [3]. As a result, we can interpret this
task as looking at the degree of true and false meaning. This already allows the use of
mathematical formulas to handle and analyze such information. In this way, we can inter-
pret subjective parameters and concepts that cannot be precisely defined. Fuzzy logic (FL) is
very useful for dealing with real-world phenomena, which is characterized by a great deal of
uncertainty and complexity [4].

For example, if there is a subjective factor that affects the region’s potential as a venue for
an advanced packaging system, we can use FL to analyze this as an extended function of our
base function. This is called P;* where * denotes the modified potential that has a fuzzy
exponent [5]. The exponent can influence the slope of our potential function in different
ways (Figure 16.1). This fuzzy exponent is denoted by (b).

A(b) Figure 16.1 Changing the potential curve with
) the fuzzy exponent.
4
7
/
4
4
// P
(S Ejy ki 1)

If Eq. (16.1) is extended with the fuzzy exponent presented, the next step can be deter-
mined. If P; exists, the modified potential (P;*) will show the real potential extended by the
subjective parameters. Thus, a region can be found where the potential for advanced pack-
aging may be lower or higher

p, =as” +age” +agk” +ai’ (16.2)

Equation (16.2) is a quadratic equation that is not easily solved by conventional methods
of analysis and therefore requires the use of a search engine algorithm. Also, since the value
of the exponent is uncertain, it is also advisable to include FL. In practice, the value of the
fuzzy exponent is determined by the power of the innovation effect. The appropriate
information must be collected about this. For example, we can look at how many patents
have been filed in a given region on packaging topics, or how many scientific publications
have been published in a given area on packaging topics, etc. Of course, we need to give the
appropriate weighting values for each category for each test. In the developed model, a
partially asymmetric and symmetric fuzzy solution can be applied to analyze previously pre-
sented independent variables [5]. Asymmetric and symmetric representations can handle
the uncertainty of the power of innovation. See Figure 16.2.

Thus
_ 1 ( §b ) i 1-a (sb‘ ~(1-a)b, —bn)
1+0+N1—0) 1+ +M)1-)
1—-a)A (Sbc+(l—a)(bkfbc)) (16.3)

1+Q+M)1—a)
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Figure 16.2 General A 1500
asymmetric representation of
any exponent beta with different
a-cuts.

B B Be Br Br

where 4 = 1 and P is the product of s;, e;, k;, and i;, plus the results of factors extended by the
fuzzy exponent. By choosing the value of a we can look at how the power of the innovation
effect can be modeled as a fuzzy value. The b indicates where the lower (L), middle (C),
upper (R) boundaries are. Of course, C will be different in symmetric and asymmetric cases.

16.4 Applying the Fuzzy Component Through a Numerical
Example

To test the model, the advanced packaging system discussed here is investigated in three
countries. These countries are Germany, Portugal, and Hungary. Definition of factors per
category:

e s;: unemployment rate in the given country (%), 2016.

e ¢;: GDP per capita in the given country (US dollars/capita), 2016.

e k;: R&D expenditure as a percentage of GDP in the given country, 2016.
e i value of highways per km? in the given country (km/km?), 2016.

e b: fuzzy exponent, power of innovation effect.

e a: importance of objective factor (weight).

It is readily apparent that the value of a has to be determined for each factor such that it
modifies the magnitude of each factor in the model. In our case, we concluded that the
unemployment rate is the least influential in terms of packaging technology innovation and
development (as it is almost independent of the development of packaging technology and
only indirectly in the case of a difference of 1 or 2%) and R&D costs in GDP proportion (since
the research must be highly targeted and the research subject must be significant in terms of
packaging technology), which are thus given a lower weighting. We count with the a; = 0.1,
ag = 0.2 values. It should be noted here that, since weights are involved, weights do not nec-
essarily have to be 1 in total. Per capita GDP was considered more important than the above
two factors, as it assumes a high level of industrial output in a given area, which also implies
a high demand for packaging technology. Thus, its value was taken as 0.3. The infrastructure
factor is considered the strongest indicator in this area. There are two reasons for this: on the
one hand, the density of the transport network shows a significant number of industrial
areas, thus the size of the industrial volume, and assumes that the transport demand is
significant depending on the significant freight tonne kilometers. Its value was thus deter-
mined with a weight of 0.4. The period considered is 2016, as data for this year were fully
available. Data were collected from the statistical database of the International Monetary
Fund (IMF), the Organisation for Economic Co-operation and Development (OECD), and
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16 Application of Fuzzy Theory to Investigate the Effect of Innovation Power

EUROSTAT. The values of the subjective factors of the studied area and the values of the
weights used in this study are summarized in Table 16.2.

Table 16.2 The values of the subjective factors of the studied area and the values of the weights.

as s; a e ax ki a i Si% Eicoppercapita Kiseop i kemskm’
Portugal 01 096 03 0525 0.2 032 04 0.785 7.8 18464 0.8 2.8
Germany 0.77 1.0 1.0 1.0 9.8 35203 2.5 3.5
Hungary 1.0 0.322 0.4 0.24 7.5 11340 1.0 0.8

The determination of the fuzzy exponent b also needs to be considered logically, that is
what effect the innovation has on the given factor, and if it is sufficiently strong or weak, and
how it actually influences it. Based on these, it can be concluded that, in terms of
unemployment rate or R&D expenditure, the power of innovation increases with the strength
of that innovation (Figure 16.3), whereas it increases to only a given value in the case of
infrastructure conditions and GDP, and has no effect thereafter. Therefore, the value of the
exponent b of fuzzy function is evaluated between 1.01 and 1.4 (asymmetrically), at value ag
between 1.00 and 1.5 (asymmetrically), at value ag between 0.5 and 0.9 (symmetrically), and
at value ag between 0.6 and 1.0 (symmetrically).

A A
SsisSxi J13 i
bgshy>1

bysbp<1I

»

Si, K; I, E;

v

Figure 16.3 The value and effect of choosing the fuzzy exponent.

Using Eq. (16.2), based on the data presented in Tables 16.3 and 16.4, and after correcting
for the given weights and summing up the values for each category, the following modified
potential values were obtained:

e Portugal 0.509
e Germany 0.973
e Hungary 0.502

Assuming that the power of the innovation effect is fuzzy-like, the potential for the emer-
gence of advanced packaging would be highest in Germany, while Portugal and Hungary
would have similar potential.

Assuming that the power of the innovation effect is less fuzzy-like, we get:

e Portugal 0.505
e Germany 0.974
e Hungary 0.498

Based on the results of calculations the following conclusion can be drawn. When the
strength of the innovation effect is less fuzzy-like, there is the highest potential in



16.4 Applying the Fuzzy Component Through a Numerical Example

Table 16.3 Value of certain objective factors calculated with fuzzy index supposing weak fuzzy
circumstances (low o).

s,e ki y X y-fuzzy B. PBc Pr alfa cent left right
Portugal S 0.96 0.95414 0.96 0.9527517 1.15 1.01 1.4 0.01 0.3201811 0.3187778 0.3137928
Germany  0.77 0.7404 0.77 0.7340626 1.15 1.01 1.4 0.01 0.2484552 0.2550443 0.2305631
Hungary 1.0 1.0 1.0 1.0 1.15 1.01 1.4 0.01 0.3355705 0.3322148 0.3322148
Portugal E 0.525 0.59721 0.525 0.6004444 0.8 0.6 1.0 0.01 0.2004062 0.2254005 0.1746377
Germany 1.0 1.0 1.0 1.0 0.8 0.6 1.0 0.01 0.3355705 0.3322148 0.3322148
Hungary 0.322 0.40391 0.322 0.4106939 0.8 0.6 1.0 0.01 0.1355403 0.1679377 0.1072159
Portugal K 0.32 0.25479 0.32 0.2519095 1.2 1.0 1.5 0.01 0.0854995 0.1060667 0.0603432
Germany 1.0 1.0 1.0 1.0 1.2 1.0 1.5 0.01 0.3355705 0.3322148 0.3322148
Hungary 0.4 0.33302 0.4 0.3286705 1.2 1.0 1.5 0.01 0.1117521 0.1326426 0.0842758
Portugal I 0.32 0.45041 0.32 0.4580553 0.7 0.5 0.9 0.01 0.1511432 0.1875013 0.1194108
Germany 1.0 1.0 1.0 1.0 0.7 0.5 0.9 0.01 0.3355705 0.3322148 0.3322148
Hungary 0.4 0.52655 0.4  0.5323265 0.7 0.5 0.9 0.01 0.1766956 0.2097264 0.1459045

Table 16.4 Value of certain objective factors calculated with
circumstances (high o).

fuzzy index supposing weak fuzzy

s,e, ki y X y-fuzzy BL Bc PBr alfa cent left right
Portugal S 0.96 0.95414 0.96 0.9541039 1.15 1.01 1.4 0.9 0.7951163 0.0795571 0.0794305
Germany  0.77 0.7404 0.77 0.7402208 1.15 1.01 1.4 0.9 0.6169971 0.0619259 0.0612979
Hungary 1.0 1.0 1.0 1.0 1.15 1.01 1.4 0.9 0.8333333 0.0833333 0.0833333
Portugal E 0.525 0.59721 0.525 0.5972188 0.8 0.6 1.0 0.9 0.4976754 0.0504131 0.0491303
Germany 1.0 1.0 1.0 1.0 0.8 0.6 1.0 0.9 0.8333333 0.0833333 0.0833333
Hungary 0.322 0.40391 0.322 0.4039274 0.8 0.6 1.0 0.9 0.3365917 0.0344307 0.0329049
Portugal K 0.32  0.25479 0.32 0.2545645 1.2 1.0 1.5 0.9 0.2123238 0.0217218 0.0205189
Germany 1.0 1.0 1.0 1.0 1.2 1.0 1.5 0.9 0.8333333 0.0833333 0.0833333
Hungary 0.4 0.33302 0.4 0.3327821 1.2 1.0 1.5 0.9 0.2775177 0.028265 0.0269993
Portugal 1 0.32 0.45041 0.32 0.4504263 0.7 0.5 0.9 0.9 0.375339 0.0383991 0.0366882
Germany 1.0 1.0 1.0 1.0 0.7 0.5 0.9 0.9 0.8333333 0.0833333 0.0833333
Hungary 0.4 0.52655 0.4  0.5265676 0.7 0.5 0.9 0.9 0.4387941 0.0446909 0.0430826

Germany for the design of the advanced packaging. Furthermore, Portugal and Hungary
would also have nearly the same potential. The conclusion can also be drawn from calcu-
lations that, while the final result is strongly determined by the objective influencing
factors, a fuzzy index (force of innovation effect) cannot be considered a strong influ-
encing factor.
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16 Application of Fuzzy Theory to Investigate the Effect of Innovation Power

16.5 Example of the CHEP Packaging System

If we want to check the control of the introduced model in respect of the packaging system
occurring in real life, too, the CHEP multi-way packaging system would be a very good
example to use. Currently, the CHEP system is available in more than 45 countries on var-
ious continents (Figure 16.4). It includes the different number of warehouses and service
centers in various areas (regions/countries) of the world.

Figure 16.4 Availability of the CHEP system in the world.

The examined countries have the following number of centers within the given country: 6
in Portugal, 16 in Germany, 1 in Hungary. Result of the model relative to Hungary, further
corrected by the number of inhabitants is shown in Table 16.5.

Table 16.5 Results of the model corrected by the number of inhabitants.

Result of the model Corrected by the number of inhabitants
Portugal (0.509); 1.01 Portugal (10.5 million people); 1.06
Germany (0.973); 1.93 Germany (82.0 million people); 15.82
Hungary (0.502); 1.00 Hungary (10.0 million people); 1.00

By comparing the preliminary data obtained as the final result of the model with the data
occurring in real life, we can see that data are only roughly correlate. While in the model
Germany had the highest potential value, it was the same in industrial practice, too, yet prac-
tically the moduli are the same. At the same time, in the case of Portugal and Hungary, the
model generated nearly the same results, although real values showed significant deviations.
The reason for this could be that in the model several objective factors should have been
taken into account, like the transport of goods by sea and the impact of transit, which can
have a significant impact in Portugal.

Certainly, it cannot be unequivocally stated that the selected objective factors and the
applied weighted numbers accurately reflect the reality. Obviously, that was not the aim of
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the model. The aim was to provide a proposal for a possible solution and offer the opportu-
nity for the packaging experts to be interested in advanced packaging and be able to make
reliable decisions considering a given time horizon.

16.6 Conclusion

In summary, it can be stated that an innovative milieu is an indispensable requirement for
the introduction and design of advanced packaging, but most of the time the decisions
depend on the synergic effect of local production factors and regional peculiarities. Modeling
it is not as easy as it seems at first sight. That is determining certain subjective factors and
interpreting their interrelations is practically impossible using traditional analytical
methods. The model discussed in this chapter goes beyond the traditional method of basing
the choice of a region on macroeconomic and microeconomic factors alone. And it also goes
along way to show that knowledge and the innovation that it generates both play a significant
role in the creation and development of commercial systems.
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