ABSTRACT

BASNET, LOCHAN. A Comprehensive LedkocalizationFramework for Water Distribution
Systems(Under the directionf Dr. Kumar Mahinthakumar and DRanji Ranjithai

Pipe leaks and breaks are significant challenges for wagibution systems (WDSs)
worldwide, leading to substantial water loss, revenue declines, and potential risks such as water
contamination, property damage, and traffic disruptions. These issues underscore the urgent need
for effective leak mitigation séitegies. Computational approaches for identifying leak loc&tions
known as leak localizatiencan serve as invaluable tools in the mitigation process. Studies
leveraging both traditional optimizatidsased methods and emerging machine learning (ML)
models hae showcased the leak localization potential of these approaches using simulations and
test networks. However, the practical applicability and effectiveness of these methods in real
world WDSs remain uncertain due to simplifying assumptions that faiptomeathe complex leak
characteristics and multidimensional nature of actual leak localization problem. This dissertation
presents a leak localization approach that addresses three critical dimensions: leak characteristics,
input data uncertainties, andale solution resolution. The advancement achieved through this
research represents a meaningful step towards the practical implementation of computational leak
localization in realworld settings

The research adopts four key objectives. The first objective is to develop a robust
localization framework, leveraging deep neural network (D&d9ed ML models. The second
objective compares the proposed Didhksed localization approashwith traditional and non
DNN methods across varying levels of leak complexity. The third objective examines how input
uncertainties (in pressure and flow measurements) influence localization performance. The final
objective focuses on enhancing input gyabnd localizatbn accuracy by devising sensor

placement strategies



The findings of this study underscore the substantial impact of leak complexities and
uncertaintied often overlooked in existing reseaéclon leak localization outcomes. Despite the
challenges posed by these complexities, the proposetdddéd approach demsirates superior
localization accuracy compared to existing methods, in both simulated andor&hlleak
scenarios. Additionally, this research illuminates the distinct effects of uncertainties on pressure
and flow inputs, offeringnsightsthat is espaally valuable in contexts with limited monitoring.
Finally, two novel sensor placement strategies developed in this research outperform existing
methods by identifying optimal sensor locations, significantly improving input data quality and

localizationperformance, a critical contrbion given the sensor scarcity in WDSs
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CHAPTER

ONE

INTRODUCTION

Access to drinking water is fandamental human necessity. Modern water conveyance
systems, specifically water distribution systems (WDSs), have advanced significantly over time,
yet they continue to face critical challenges in efficiently delivering water. One of the most
pressing isues for WDSs worldwide is the substantial loss of treated water due to pipe leakages
and breakages, which worsens the imbalance between water supply and damaotlem
further complicated by water scarcity and climate change. In the United Statesalestmated
six billion gallons of treated water are lost daily, leading to considerable revenue losses, as
highlighted in the ASCE Report Card 2021. Moreover, leakages pose risks of water contamination
(Fontanazza et al., 201 %roperty damage, and traffic disruptions.

Mitigating water loss in WDSs requires the timely and accurate characterization of leaks.
Within leak characterizatiénencompassing leak detection and localizatidime task of leak
localization is particularly challenging, as it requires pinpointing teeipe location (and size) of
leaks. Leak localization is further complicated by the subterranean placement of most pipes. While
field methods for leak localization can be effective, they are often costly and disruptive to water
services. Computational meiths, by contrast, offer a more economical alternative. Much of the
research on leak localization has focused on computational approaches using readily available
data, such as pressure, flow, and water quality, derived from sensor measurements or hydraulic
model simulationgHu et al. 2021)Traditional computational techniques, including optimization

based methods like genetic algorithms, quadratic programming, and linear programming, address



leak localization as an inverse problem, aimingninimizethe discrepancy between observed and
simulated dataViore recent approaches have turned to-daten machine learning (ML) models,
designedo iterativelyminimize the differencesbetween real and predicted Isgkaman et al.,
2020)

Despite substantial research, the practical effectiveness and scalability of these methods in
realworld WDSs remain uncertain. Many studies rely on simplifying assumptions that may not
hold in complex, realvorld systems, which limits the applicability thfeir results. Furthermore,
existing methods often overlook the inherent complexity and multidimensionality of leak
localization. Effective leak localization requires considering three interrelated dimensions: (1) the
characteristics of leaks (includinguitiple leak occurrences, variable leak sizes, and random leak
locations), (2) the model inputs (e.g., pressure, flow, water quality, and other WDS features such
as acoustics), along with their inherent uncertairiBéssa and Pérez 2018nd (3) the resolution
of leak characterization solutions, ranging from detailed node or pipe levels to broackegisnb
or clusters within a WDSA comprehensive leak localization framework that addresses these
dimensions and their interdependencies offers the greatest potential for peguplozdtion to
solverealworld leak characterizatioproblems
1.1 RESEARCH OBJECTIVES

This research explores and develops a comprehensivdolegkzationframework that
utilizes deep learnindpasedmachine learning models taddressthe multidimensional leak
characterization problem MWDSs The objectives of this research are to:

1. Develop a comprehensivdeak localization approach based on desgural

networks(DNNSs).



2. Compare the efficacy of the proposed machine learning approaches with traditional
optimizationbased approaches and other -nearral network machine learning
models, such as Random Forest.

3. Examine the impact aincertaintieson two key localization inputs anither leak
localizationperformancevith the proposed framework.

4. Developmultiple types ofsensor placement strategies, aimed at improving input
guality, to enhance the performance of the leak characterization models.

1.2METHODS

The proposed comprehensive leak localization framevasrkljustrated in Figure 1,1s
structured around two principal componenksak localization and sensor placementThe
methodologiesfor these components are developmtoss five chapters, with the first three
focusing on various aspects of localization approach and the final two geared towards sensor
placementThe leak localizatiorapproackemploysdeep neural networkasedmachine learning
models Sensor placemeapproaches integrate the proposed leak localization approach within the
sensor placement framework as well as operate independent of it utiktaiggtical
methodologies, incorporating frequency distribution analysis and mathematical principles

Machine learning models have gained immense popularity and utility in contemporary
research due to their adaptability to a broad range of issues and proven effectiveness across various
domains. Specifically, our framework employs deep neural nesfDNNS) for leak localization,
namely the Multilayer Perceptron (MLP) and Convolutional Neural Network (CNINg
Transformer models are also briefly introduced; these models recently have garnered significant
interest and application across a broad spectrurasgfarchThe selection of MLP and CNN is

primarily motivated by the nature of our problénframing leak localization as a regression



challenge aimed at identifying both the positions and magnitudes of leaks simultaneously.
Additionally, the effectiveness @NN models, particularly CNNs, in capturing spétimporal
patterns from input data such as pressure and flow rates, underscores their suitability. Moreover,
compared to traditional optimizatidrased method§NN-based machine learning models excel

in handling input noise and uncertainties, leveraging their iterative learning cycles of forward and

backpropagation to filter out irrevant data while focusing on pertinent information

Integrated Sensor Leak / Input
Placement Characteristics

| l

Optimal Sensor Improve
Placement Accuracy

Deep NN
Methods

> Leak Localization

A

Non-integrated Lea!(
Sensor Placement Location
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Characterized
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Sensor Placement Leak Localization

Figure 1.1 Comprehensive LedkocalizationFramework



1.3KNOWLEDGE GAPS AND CONTRIBUTION OF DISSERTATION CHAPTERS

The core of this dissertation comprises five chapters, each addressing distinct aspects of
leak localization and sensor placement using varied methodologies. Below, summaries of these
chapters are presented in the sequence they appear in the disseleiting the components,
objectives, and knowledge gaps each one addreSkapterssubmittedor intended foljournal
submissiorare formatted as journal articlesith distinct sections for title, abstract, introduction,
methods, results and discussiand conclusions
1.3.1Supervised Machine Learning Approachegor Leak Localization in Water
Distribution Systems: Impact of Complexities of Leak Characteristics (Chapter 2)

Chapter 2 centers on developing and assessing-Bd$d machine learning (ML) models
for leak localizationyvhile consideringts multifaceted dimensiong his chapter is pivotal to the
research, as the ML approach established here is applied across subsequent chapters. Alongside
introducing the MLbased localization technique, this chapter makes a substantial contribution by
formalizing key complexitiesssociated with leak characteristics and uncertaitfastors often
overlooked in existing research yet crucial for enhancingwedd applicability. Additionally,
the proposed approach demonstrates adaptability by effectivigtingtipressure and flow inputs,
both independently and simultaneously, markitmgthe best of our knowledgthe first known
instance of such simultaneous input use wibiNiN-type ML -based leak localization
1.3.2Comparison of Proposed NN-based Approachego other Traditional and Non-NN
type Approaches(Chapter 3)

Building on Chapter 2his chapter situates the developed-bsed approach within the
broader range of localization technigu&hrough comparisohased orocalization experiments

encompassing bolimulated and real leak scenaritss chapter differentias®our approach from



the traditional and neML methodsUnlike previous studies, this comparisextends beyond the
typical limitations due to inconsistenciesof tesed networks and assumptions about leak
characteristics incorporatinga reatworld network and the realistic leak complexities and
uncertainties established in the previous chaprle underscoring Mibased techniques as a
forwardlooking solution, this chapter also acknowledges that traditional methods may offer
complementary value for specific scenarios

1.3.3Impact of Demand Uncertaintieson Pressureand Flow Inputs of Hybrid Data -Driven

Leak Localization Approachesin Water Distribution Systems(Chapter 4)

Chapters 2 and &amine our Mkbased leak localization approach both on its own and in
comparison with existing methods, especially in relation to the complexities and uncertainties
surrounding leak characteristics. While these chapters demonstrate the robustnegspobacin a
they also highlight a marked reduction in localization performance under uncertainties. A primary
form of such uncertainty stems from demand uncertainties in hydraulic models, which affect
hybrid datadriven localization methods, including our Miased approach. Despite various
efforts to mitigate uncertainties in hydraulic models through improved calibration, completely
eliminating these uncertainties remains infeasible. Rather than developing new, more robust
localization method$ an area where &ting studies show limited succésthis chapter shifts
focus to understanding uncertainties at their origin, specifically in the input data used by
localization modelsin particular this chapter delves into how two key inpltgressure and
flowd perform under varying levels of demand uncertainty, analyzing dateitored over
different time periodsThe core hypothesis of this chapter is thatv input is generally more

resilient to demand uncertainty than pressure input, particularly during periods of low demand



Validating this hypothesis has significant practical implicatiasstcan enhance the reliability of
leaklocalization performanctr utilities that have limited monitoring capabilities.
1.3.4Pressure Sensor Placemenih Water Distribution Systemsusing Leak Resolution
Specific Surrogatedor Leak Localization (Chapter 5)

Like Chapter 4, Chapter 5 aims to boost localization accuracy by improving input quality.
However, this chapter addresses input quality from a spatial perspective, given the typical scarcity
of sensors and the spatial variability in leak sensitivity acvester distribution systems. To
maximize leak localization accuracy, this chapter proposes a novel sensor placement strategy using
surrogates for leak localization. By employing surrogates, this approach avoids the computational
demands of integrating tHeak localization model directly, making it suitable for lasgale
WDSs. The primary innovation lies in the surrogate design, which links leak residuals with leak
resolution to strengthen the connection between surrogates and localization accuracy
1.3.5Integration of DNN-Based Leak Localization Methodinto Sensor Placement
Approach in Water Distribution Systems(Chapter 6)

Chapter 6 builds on the theme of sensor placement to optimize the leak localization
performance of our Mibased approach. While modetlependent methods, such as the one
proposed in Chapter 5, are effective in identifying suitable sensor locations witfutadional
efficiency, they lack a quantitative connection to the actual leak localization performance. This
absence of a direct quantitative basis raises questions about the optimality of sensor solutions
derived from modeindependent approaches. To eskd this gap, Chapter 6 presents a sensor
placement approach that directly incorporates our Bidbled localization model to identify
optimal sensor locations. The chapter introduces a single general model (SGM) that acts as a

representative for all poss$gblocalization models specific to different sensor configurations. The



SGM assisted by a dynamic masking technique makes it computationally feasible to integrate
DNN-based localization within the sensor placement framework. To the best of our knowledge,
this approach represents the first successful integration of atizidédeak localization model

into a sensor placement strategy. This integration provides a more theoretically grounded basis for
selecting sensor locations, enhancing the effectiveness of leak localization in water distribution

systems



CHAPTER

TWO

SUPERVISED MACHINE LEARNING APPROACHES
FOR LEAK LOCALIZATION IN WATER DISTRIBUTION SYSTEMS:

IMPACT OF COMPLEXITIES OF LEAK CHARACTERISTICS !

2.1ABSTRACT

Localizing pipe leaks is a significant challenge for water utilities worldwide. Pipe leaks in
water distribution systems (WDSs) can cause the loss of a large amount of treated water, leading
to pressure loss, increased energy costs, and contaminatioNisksmakes localizing pipe leaks
challenging is the underground location of the water pipes and the similarity in impact on hydraulic
properties (e.g., pressure, flow) due to leaks as compared to the effects of WDS operational
changes. Physical methods tocate leaks are expensive, intrusive, and heavily localized.
Computational approaches such as -diabgen machine learning models provide an economical
alternative to physical methods. Machine learning models are readily available and easily
customizal® to most problems; therefore, there is an increasing trend in their application for leak
localization in WDSs. While several studies have applied machine learning models to localize
leaks in single pipes and small test networks, these studies havéwebtghly test these models

against the different complexities of leak localization problems, and hence their applicability to

1 This subchapter was published the Journal ofWaterResource$lanning andMlanagementBasnet et al. 2023)
and follows a paper format



reatworld WDSs is still unclear. The simplicity of the WDSs, the oversimplification of leak
characteristics, and the lack of consideration of modeling and measuring device uncertainties
adopted in most of these studies make the scalability of their gdppproaches questionable to
reatworld WDSs. Our study addresses this issue by devising four study cases of different
complexity that account for realistic leak characteristics and maddimeasuring devieelated
uncertainties. Two established maahitearning models: Multilayer Perceptron (MLP) and
Convolutional Neural Network (CNN), are trained and tested for their ability to localize the leaks
and predict their sizes for each of the four study cases using different simulated hydraulic inputs.
Additionally, the potential benefit of combining different types of hydraulic data as inputs to the
machine learning models in localizing leaks is also explored. Pressure and flow, two common
hydraulic measurements, are used as inputs to the machine leardielg.rrorther, the impact of
single and multiple time point input in leak localization is also investigated. The results fer the L
Town network indicate good accuracies for both the models for all study cases, with CNN
consistently outperforming MLP.
2.2INTRODUCTION

Localizing pipe leaks is a significant challenge for water utilities worldwide. An estimated
126 billion cubic meters of water is lost worldwide through water distribution systems (WDSs)
due to pipe leaks and breaks yedtlgmberger and Wyatt 2019hich causes billions of dollars
in revenue loss. Further, it jeopardizes the growing imbalance between water supply and demand,
especially in the face of water scarcity and climate change. Pipe leaks can also pose risks of water
contamination(Fontanazza et al. 2015property damage, and traffic disruptions. Therefore,
timely localization and prevention of pipe leaks are paramount. However, pipe leaks are

challenging to locate as their impact on hydraulic properties such as flow and pressure are not
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easily discernibléYu et al. 2021)and can be similar to the effects of WDS operational changes.
In addition, the pipes being underground makes it even harder to locate leaks. Field methods to
locate leaks are expensive and can cause interruption to water ¢Bajeswaran et al. 2018)
Computational approaches provide an economical alternative to field metrodxtensive
review of the computational approaches for leak characterization is providéa dyal. (2021)
Machine learning approaches are one of the-dat@n computational approaches that have
gathered increasing interest in the last two decades in leak characterization(Zutias et al.
2020) Data related to the hydraulic properties of WDSs, such as pressure, flow, acoustics, optics,
or temperature, can be used to localize leaks. Pressure and flow are the most common
measurements used with machine learning approaches for leak localiaatiotia and Herzallah
2015)

While many research studies on applying machine learning approaches for leak
characterization (i.e., detection and localization) in pipes have been con@atadd Liu 2017)
their applicability and effectiveness towards the different complexities of leak characterization
problems are yet to be fully tested. This lack of thorough testing makes the applicability of these
approaches to reaforld WDSs unclear. One of the comxitées of leak characterization problems
involves the size of the WDS, which dictates the scalability of the applied models-toorthl
WDSs. Zhou et al. (2019aand Shukla and Piratla (202@sed Convolutional Neural Network
(CNN) models for leak detection in a single pipe using simulated negative pressure wave and
scalogram images of vibration signals as inputs, respectiPérezPérez et al. (2021)sed a
Multilayer Perceptron (MLP) model with a cascddevard backpropagation to detect leaks in a
single pipe using simulated pressure data. However, analyzing leaks by isolating individual pipes

in complex interconnected WDSs is not viable in thielfas it is difficult to isolate specific pipes.
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Further, the tools and resources required to collect some of these input data for individual pipes in
large realworld WDSs are infeasible. Beyond singlpe analyses, several studies have
considered complete or partial hydraulic systddmhorquez et al. (202@)sed an MLP to predict

leaks in a simple hydraulic system using numerically obtained fluid transient waves as input.
Mashford et al. (2012)sed a support vector machine (SVM) to predict leak size and location for
an isolated section of a WDS based on simulated pressureSdédavila et al. (2016)ised a
modetbased kNearest Neighbors {KIN) classifier to identify leak events and locatidnau | i n et
al. (2021)used a random forest model to locate leaks in two ssimdt networks. These studies

still face the challenge of scalability since extrapolating their results and, therefore, application to
larger WDS networks typical of realorld systems is very challgimg.

Another key complexity of the leak localization problem is associated with the
characteristics of pipe leaks. In reabrld WDSs, multiple leaks of varying sizes can occur
simultaneously at different locations within the WDS, making leak localizationchetienging.
Furthermore, the uncertainties associated with hydraulic simulation models and the imprecision of
measurement devices in reebrld WDSs add more complexity to the leak localization problem.

For example, the parameters such as demands, pigkress, pipe diameters, and lengths used

in the hydraulic models have associated uncertaifBiesa and Pérez 2018)hese uncertainties

affect the accuracy of the simulated pressure and flow dhta et al. (2019baccount for the
hydraulic model parameter uncertainties by adding noise to these parameters prior to simulation.
However, their approach does not account for the uncertainties related to the imprecision of
measurement devices such as pressure sensoflewndeters of the realvorld WDSs. If some
knowledge about the anticipated uncertainties is available, we can train machine learning

approaches using simulated data corrupted with noise that takes into account these uncertainties,
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as shown bysoldevila et al. (2017Mohammed et al. (202,1andSantosRuiz et al. (202Q)While

these studies have successfully identified the different forms of the leak localization problem
complexities, they failed to analyze them comprehensively. These complexities are not mutually
exclusive and are highly likely to manifest togetherrateo Therefore, any selective analyses that
assume the presence of one complexity and the absence of another is inaSetfiatida et al.
(2017)and SantosRuiz et al. (2020are limited to the analysis of single leaks only; they fail to
provide any understanding of how their approach would perform for multiple Makemmed

et al. (2021)onsiders single leak only for cases with uncertainties and implicitly assumes the
absence of any form of uncertainties for multiple leak scenarios. Furthermore, all of these studies
use a smalsized network in their analysis, therefore, suffer fromedabty, as pointed out earlier.

Leak characterization studies that rely on a hydraulic model use conventional optimization
approaches (i.e., genetic algorithms, quadratic programming, linear programming, etc.) that seek
to minimize the differences between measured and simulated pressilogss (e.g.Berglund et
al., 2017 Ponce et al., 2014teffelbauer and Fuchsnusch, 2016/Nu et al., 201 However,
this is an inverse problem and can suffer froapdsedness under noisy conditions if the leak
signature is weak or neexistent at one or more sensors. In contrast, machine learning models are
trained to minimize the difference between actaradl predicted leak values and can learn to
disregard false pressure and flow responses that do not correlate with leaks. This ability to learn
under noisy conditions is a significant advantage of ML methods over conventional approaches.
When it comes tohie choice of ML models, depending on their architecture, way of handling
different inputs, and ability to learn spatial and temporal patterns, different ML models may

perform differently for the same level of complexities of leak localization problemamfs&rison
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of the performance of ML models that vary in architecture, input handling, and learning ability for
the different problem complexities can provide clarity.

Different hydraulic measurements can provide different information regarding leaks;
therefore, there is a possibility to improve leak localization performance if multiple hydraulic data
are used. However, to the authors' knowledge, studies concerninghenéadrining approaches
have yet to explore this possibility. A quick way to test this possibility is by analyzing the leak
localization performance of machine learning models trained with a single input to the models
trained with two simultaneous inputsorexample, pressure and flow can be used as two inputs
as they have been used widely in leak localization studiesammed et al. (2021lised pressure
and flow inputs in their statistical approach for leak localization. However, their study did not
analyze the impact of additional flow data on the accuracies obtained using pressured data only.
Finally, for time series inputs such as pressand flow, the number of time points can also impact
the performance of machine learning models in localizing leaks. Therefore, investigation of leak
localization performances for single and multiple time point data is also necessary.

This study proposes a machine leardraged approach to evaluate the impact of the
different complexities of leak localization problems on the applicability and effectiveness of the
prediction models. This approach compares two different readily avasiatieidely used neural
networkbased models, examines the benefit of combining different types of hydraulic data (i.e.,
pressure and flow), considers multiple realistic leak scenarios, and accounts for hydraulic model
uncertainties and instrument imprecis The key contributions of this study with respect to
previous studies include the following:

1 Comprehensively analyzing the various complexities of leak localization problem

by:
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o Overcoming the unrealistic simplification, i.e., the occurrence of a single
leak at a time assumed in most staft¢he-art technique¢Soldevila et al.
2017)by generalizing it to mukieak problems.

o Considering leaks of varying sizes to represent more realistic leak scenarios.

o Accounting for the realistic nature of leak locations by considering the
possibility of random leak locations anywhere within a WDS.

o Consideration of the most common and impactful hydraulic model
uncertainty, i.e., demand uncertainty, as well as measuring instrument
imprecision through the addition of noise to the input data.

1 Analysis of the interplay of the complexities of the leak localization problem with
the different ML models.

1 Research on the implication of simultaneous use of multiple hydraulic data and the
impact of additional time points on leak localization.

1 Simultaneous prediction of location as well as the size of the leaks. Leak size
information can be beneficial for decistamaking on repairs and replacement,
especially when considering budgeting and resource constraints.

Even though the data used to train the machine learning models are simulated data, they
are applicable to localize leaks using re@alrld measurements as long as the hydraulic model
reasonably represents the actual WDS. However, if the existing hydrauel s calibrated with
background leaks, any approach based on the simulated hydraulic data can only be used to locate
new leaks. On the other hand, for WDSs that have abundawaddl pressure and flow sensor

measurements, these models can easilynkaudned and tested using real data.
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2.3METHODS
2.3.1General Framework

Figure 2.1 illustratethe general framework proposed in this study to localize leaks in WDS
pipes. The framework starts with a WDS hydraulic model that generates simulated pressure and
flow data. First, pressure and flow data are generated for drimakcenario by simulatnthe
hydraulic model using the EPANET simulat(iliades et al. 2016)It is then followed by
generating pressure and flow data for multiple different leak scenarios. Pressure and flow
differences between the leak and kade scenarios are then computed and stored as pressure and
flow data, respectively. The correspondiegk scenarios are stored as a leak values dataset. Next,
noise is added to the pressure and flow datasets as required by the case under study described in
the Study Cases section. The datasets are then randomly shuffled and split into training gnd testin
sets. The training datasets consist of the pressure and flow data (covariates) and the leak values
(response). These data are scaled and fed to the machine learning (ML) models for training and
tuning, and the optimized models are selected for localittiageaks. As a final step, the leak
prediction (location and size of the leaks) and model evaluation are performed on the test datasets
using the optimized models; predicted model outputs are compared with the corresponding true

leak values.

Multiple Inputs

Pressure Leak Location
Difference .

Hydraulic Flow Train-Test [ ML Model Trained Performance
Simulator Difference Split Training Model Evaluation

Study Network (L-Town)

Leak
Values —

Leak Scenario

Figure 2.1 General framework for detecting leaks in WDS.
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2.3.2Machine Learning Models
Multilayer Perceptron (MLP)

Multilayer Perceptron models are supervidesining models based on deep neural
networks. MLPmodels consist of an input layer, an output layer, and a selected number of dense
hidden layers between the input and the output layers (Figure 2.2). Each unit of a hidden layer
consists of an activation sulmit that activates or deactivates the receisigthals (Figure 2.3).

Multiple activation functions are available to be used within these activatienrsish
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Figure 2.2 Multilayer Perceptron.
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Figure 2.3 Individual unit of a hidden layer.
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1-D Convolutional Neural Network (CNN)

Like MLP models, Convolutional Neural Network models are supenlesthingbased
deep neural networks. The key difference between CNN and MLP models is the presence of
convolutional and pooling layers in CNN models. As shown in Figure 2.4, the connaluéigers
produce convolved feature maps, which allow for contextual learning, and the pooling layers
downsample these maps to extract abstract features from the data. The convolutional layers use
kernels or filters to extract the features. A-almmensiamal (1-D) CNN model uses filters that only
vary in depth (i.e., one dimension). Like MLP models) CNN models also consist of an input

layer, an output layer, dense hidden layers, and activation layers

Input: Convolutional Layers Hidden Layers Output:
Pressure Response o Leak Magnitude
. ’r’ \\\\:-. -~
- < Convolution e R _‘_\—;‘O Output Node 1
E £
[= [=

Sensor 1

/

Output Node 2

Sensor 2 h

Output Node 33

Sensor 33

Feature Extraction Classification
Figure 2.4 Convolutional Neural Network.

Multiple input models

Deep neural networkype machine learning models are generally built using a sequential
architecture where one hidden layer is built on top of another (i.e., linear). Segtygatial
architectures limit the data flow into the models and restrict theselsnodenly a single input.
However, some machine learning model packages provide additiontheantype architectures.
For example, the Keras package of TensorHlabadi et al. 2015)n Python used in this study

provides a different functiondype architecture where multiple sets of hidden layers can be built
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independently and combined later, as required. This flexibility of functional type architecture
means multiple types of inputs can be used simultaneously to train machine learning models.
Figure 2.5 shows the architecture of the CNN and MLP models dedefopehis study; the

models use pressure and flow as two simultaneous inputs. The two inputs train the models
independently before being combined into a single training construct. This model construct is
particularly advantageous for fully connected medaich as the multilayer perceptron (MLP),
where one perceptron can affect the learning of all other perceptrons and in cases where one input
may be uninformative or noisy compared to the other. In the latter case, as the uninformative/noisy
data goes thrgh a set of layers, the uninformative data fails to activate the perceptrons and dies

out, thus preventing any carryover that might adulterate the other informative input data

Input 1: Pressure Response
Shape =33 x1

Input 2: Flow Response
Shape =10 x 1

Convolutional Layer 1.1 Convolutional Layer 2.1
(256 units) (128 units)

Leaky ReLU 1.1 Leaky ReLU 2.1

Convolutional Layer 1.2 Convolutional Layer 2.2
(128 units) (64 units)

Leaky ReLU 1.2 Leaky ReLU 22

Average Pooling 1 Average Pooling 2
(15x 128) (4 % B4)

| Input 1: Pressure Response

| Input Layer 2: Flow Response |

(33 units) (10 units})
Flatten 1 Flatten 2
(1920 units}) (256 units)
Dense Hidden Layer 1 Dense Hidden Layer 2
{128 units) (64 units)
Goncatenate
(2,176 units) Leaky ReLU 1 Leaky RelLU 2

Concatenate
(192 units)

Dense Hidden Layer 3
(256 units)

Dense Hidden Layer 1
(500 units)

Leaky ReLU 3

Dense Hidden Layer 2
(100 units)

Leaky RelLU 4 Leaky RelLU 3

Qutput: Leak Magnitude Output: Leak Magnitude
(33 units) (33 units)

a) b)

Figure 2.5 Modified architecture for input data consisting of multiple types: (a) CNN; (b) MLP.
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2.3.3Hyperparameters and Model Tuning
Total number of iterations (Epochs)

MLP and CNN models are trained for several iterations (epochs) to ensure stability in the
training process. The optimal model and its corresponding weights are determined by monitoring
the training and validation errors over the entire number of epochs.

Loss function

The functions to calculate the training and validation errors are chosen based on the nature
of the problem. In this study, leak localization is formulated as a regragpemproblem to solve
simultaneously for both leak locations and sizes. Therefbee,ntean squared error (MSE)
function is used; mean absolute error (MAE) can be used as an alternative to MSE. The MSE loss

function minimized during training to determine the optimal model is shokiqumtion(2.1).

0 "YO ® (21)

where® = model predicted leak size f&&h candidate leak region &th leak scenario,
and® = actual leak size fofth candidate leak region &th leak scenario.

Activation function

A trial-anderror evaluation of multiple activation functions identified the Leaky Rectified
Linear Unit (L-ReLU) (Maas et al. 2013s a suitable activation function for this studyReLU
prevents the problem of vanishing gradients during forward propagation like the regular rectified
linear unit (ReLU) and has the added advantage of preventing vanishing gradients during backward
propagation(Goodfellow et al. 2016)
Optimizer

Adam algorithm(Kingma and Ba 2014%¥ used as the optimizer in this study.
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2.3.4Study Network

In this study, the leak localization models are applied to a standard test network called the
L-Town water network (Figure 2.6)he L-Town network is a cityscale model based on a coastal
city in Cyprus. This network has been previously used in several modeling and simdktied
researches. For example, this network was also used in the Leakage Detection and Isolation
Methods(BattLeDIM 2020)(Vrachimis et al. 2020¢ompetition to evaluate the performances of
different machine learning and computational models for leak detection. -Tlogvhh network

consists of 905 pipes and 782 junctions and is primarily aregikated model network.

T~ + Junctions (782)

Figure 2.6 L-Town water network.

2.3.5Candidate Leak Regions

Localizing leaks to the pipeor junctionlevel requires a large amount of data, which is
infeasible to obtain from reaborld WDSs. Therefore, a lesser resolution needs to be adopted for
leak localization. This study divided the entireThwn water netwde into several sulareas
considered candidate leak regions. Thédwn network is divided into 33 candidate leak regions
(Figure 2.7a) using aknean<slustering techniqué_loyd 1982)based on Euclidean distances. A
hydraulic distancédased clustering, applied Bhang et al. (2016)is not used in this study
because it resulted in n@ontiguous ununiformhgized clusters. For practitioners, such nhon

contiguous and ununiform clusters are impractical to be used in the field. Further, the clusters
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obtained using Euclidean distadoased measures are hydraulically less homogeneous and pose a
more significant challenge for the leak localization models. Therefore, the Euclidean distance
based clustering used here is a more conservative approach.

In this study, leaks are modeled as emitters using EPANET and are assumed to occur at
the center of the pipes. Since EPANET supports emitters only on nodes, new junction nodes are
inserted in the middle of the leaky pipe in the network using the Morplagaék WNTR(Klise
et al. 2017)Candidate leak nodes representing each leak region are assumed to be at the centroid
of each leak region. Centroids of leak regions are estimated usingnterdst neighbor search
algorithm. For any given leak scenario, this region defines a lealetbeatywhere within the
boundaries of a candidate leak region.

A pressure node is assigned to each of the 33 candidate regions to track the pressure
changes due to a leak in that region. These pressure nodes represent pressure sensarddn real
WDSs. The locations of the pressure nodes are based on the locagdna BattLeDIM 2020
and are shown in Figure 2.7(b). Only ten flow meters are assumed to be located in the WDS. Figure

2.7(b) shows the location of these flow meter nodes

pressure sensors (33)
A flow meters (10)

Figure 2.7 Candidate leak regions: (a) 33 Leak regions; (b) Pressure (red) and flow (yellow) sensors.
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2.3.6Study Cases

Four study cases are considered to represent the complessiesiated with real leak
characteristics and the uncertainties in input data due to water network model inaccuracies and
measuring device imprecision.
CaseA: No-noise

Input pressure and flow difference data are free of noisendneisecase represents the
ideal but unrealistic case with accurate WDS models and precise measuring devices. Leaks are
assumed to occur at the centroid of each leak region.
Case B: Deman¢hoise

Input data accounts for the WDS model inaccuracies. Random Gaussian noise is added to
the demands prior to simulation to mimic the inaccuracies in demand values in the WDS model.
While exponentiatype noise can better capture the pulsed nature of derfendaussian type
noise was found to affect the model performance more. Simulated pressure and flow data are then
generated using the modified WDS model. A ten percent Gaussian noise is added to the demand
parameters. Leaks are assumed to occur at theowkaof each leak region.
Case C: Mixednoise

Input data accounts for the WDS model inaccuracies and the measuring device imprecision.
Leaks are assumed to occur at the centroid of each leak region. Noise is added to the pressure and
flow differences between the leak and ldade scenarios after theydraulic simulations. A ten
percent Gaussian noise is added to the pressure and flow differences. An analysis of the coverage
of error residuals due to a ten Gaussian noise indicated that it accounts for error residuals due to a

combination of demand pareeter uncertainty (10%), pipe roughness coefficient uncertainty (+/
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1), and node elevation uncertainty-(®/15m) in addition to any anticipated measurement errors.
Moser et al. (2018analyzed these three model parameter uncertainties individually.
Case D: Random leaks
Unlike the previous three cases, the leaks are not fixed at the centroid of the leak regions.
Instead, the leaks can be located anywhere within the boundaries of the candidate leak regions.
Two or more leaks located anywhere within the same leak regiolalzeked identically. No
additional noise is imposed on the hydraulic inputs (flow and pressure).
2.3.7Data Generation
The input datasets used in this study constitute the leak scenario and the pressure difference
datasets, which are generated sequentially in the following order.
Leak scenario generation
The following four assumptions are considered for the generation of realistic leak scenarios
in this study:
1 A leak scenario must consist of at least one leak.
1 A leak scenario can include a maximum of 3 leaks.
1 A leak can be located in any of the 33 candidate leak regions.
1 The leak size ranges from 0 to 5 as compared to the 0 to 3 range used in BattLeDIM
2020.

1 The leak size is the discharge/emitter coefficient in the Eeplation(2.2).
A8 (22)
whereq = flow rate,p = pressureC = discharge/emitter coefficient, and(=0.5) = pressure

exponent.
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Applying the above assumptions, leak scenarios are generated using the following general
procedure:
Step Il For a leak scenario, the total number of leaks is determined by randomly drawing a number
n from the set {1, 2, 3}.
Step 21 Based on the outcome of the previous drawn candidate leak regions are drawn
randomly out of the 33 candidate leak regions.
Step 3i For each of the candidate leak regions, the leak size is randomly drawn from the 0 to 5
range.
Step 41 Store these leak sizes in a vector (size = 33 x 1) at locations corresponding to their
candidate leak region number. For example, the leak size for candidate region 1 is stored at vector
position (1, 1). Candidate regions with no leak are assignadue equal to zero.
Step 5 Repeat stepsil4 for 100,000 times to generate 100,000 leak scenarios.
Step 6/ Store the resulting 100,000 leak scenarios as a leak scenario dataset (a matrix of size =
100,000 x 33).
Pressureand flow data generation
Simulated pressure data are generated by the following procedure:
Step 1i Simulate a leaffree scenario for the specified study case by running the base model with
the EPANET simulator. Then, store the resulting pressure and flow at the 33 pressure nodes and
the 10 flow sensor nodes, respectively.
Step 2i Pick a leak scenario from the leak scenario dataset and add the associated leaks to the
base model. Then, run this modified model with the EPANET simulator and store the resulting
pressure and flow at the 33 pressure nodes and the 10 flow sedesy respectively.

Step 3 Repeat Step 3 for all the 100,000 leak scenarios in the leak scenario dataset.
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Step 4 Compute the pressure and flow differences between the leak scenarios (100,000 scenarios)
and the lealree scenario to generate the pressure difference dataset (matrix of size = 100,000 x
33) and the flow difference dataset (matrix of size = 1@®)010), respectively.
Step 5 Add noise to th@ressure and flow datasets if needed for the study case.
2.3.8Model Validation and Testing
Train-test split

The pressure, flow, and leak datasets are divided into training and test data. A training to
test ratio of 80 to 20 is used to split the data. The two models are validated using the test datasets.
Metrics and thresholds

The performance of the two machine learning models in localizing the leaks is evaluated
using the two standard classification metrics: precision and recall. Additionally, their harmonic

mean referred to as the{store is also calculated.
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where, TP = True PositivesEP = False Positives; arfeN = False Negatives.

In the context of this study, precision is the percentage of actual leaks predicted correctly
out of all leak predictions of the models. Recall is the percentage of actual leaks out of all the leaks
in thedataset predicted correctly by our models.

In this study, the problem of leak localization is formulated as a regrelypiermproblem
to solve simultaneously for both leak locations and sizes-gPosessing of model outputs is

required to calculate precision and recall. This jpostessing invales using thresholds to
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determine correct/incorrect location and size classifications. A set of nine thresholds ranging from
0.1 to 0.9, increasing incrementally by 0.1, are used. The thresholds are in the same unit as leak
sizes and represent the precision of the measuringedefac realworld systems. For example, a
threshold of 0.1 means that the leaks smaller than 0.1 in the dataset are consitkaks, rrmd

only the predictions within 0.1 units of the actual leak values are considered correct classifications.
A model preliction is assumed to be correct in both location and size if the position of the predicted
leak size (within the 33 x 1 vector) is correct and the absolute difference between the predicted
and the actual value is within the threshold.

2.3.9Software and Tools

The following software and tools were used in this study:

1 EPANET Simulator 2.0 versioil Hydraulic simulations are performed using
EPANET simulator.

1 WNTR Morph packagé For splitting the network to add junction nodes at the
middle of each pipe.

1 Matlab 2019b versiofi Input data generation is done by running the EPANET
simulator in Matlab. Matlab is also used to generate candidate leak regions and
nodes.

1 Python version 3.Y Model training, testing, and validation is done in Python.

1 Tensorflow version 2.1.6Machine learning models are built using the Tensorflow

package.
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2.4RESULTS AND DISCUSSIONS

The leak prediction performances of the MLP and CNN models are evaluated for the four
study cases. The two models are compared by calculating precision and recall accuracies for the
test dataset. Additionally, with both models, the potential benefit oigusiultiple hydraulic
properties as simultaneous inputs is investigated by comparing the model accuracies for a single
input (pressure data) to two simultaneous inputs (pressure and flowTddike).2.1 summarizes
the architecture and hyperparameterstiigr optimal MLP and CNN models for the single and
multiple input cases. Figure 2.5 shows thehdecture of the optimal multiplmput CNN and
MLP models. All models use-RelLU as the activation function and Adam algorithm as the
optimizer. This is because our preliminary experimentation indicated that the combination of L
ReLU and Adam optimizeperformed better than other activation functions (e.g., sigmoid and
ReLU) and optimizers (e.g., RMSprop, SGD) and their various combinakansge 2.8shows
the trend of the training and validation mean squared errors fondrise case for the two
models. The validation errors show a general decreasing trend that stops after the 100th epoch,
indicative of model overfitting beyond 100 epochs. The same is true for the validation errors for
the other three study cases. Thereforereaired number of iterations for all model training was
set to 100 epochs.

Table 2.1 Machine learning model details

Model Architecture | Hidden | Convolution | Activation | Learning [ Optimizer
Layers | Layers Functions | Rate
CNN Single input| 33-256128 | 2 2 L-ReLU 0.05 Adam
500-100-33
CNNT Two inputs | Fig. 4(a) 2 4 L-RelLU 0.05 Adam
MLP i Single input| 33-64-128 2 - L-ReLU 0.05 Adam
33
MLP 1 Two inputs | Fig. 4(b) 3 - L-RelLU 0.05 Adam
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Figure 2.8 Training and validation error dynamics.

2.4.1Problem Complexity Due to RealWorld Leak Characteristics

The precision and recall for the four study cases (with both CNN and MLP) were compared
to understand the complexity of the leak localization task due tavieréd leak characteristics.
The complete model performances for the MLP and CNN models for tinestiady casean@-
noise demanenoise mixednoise andrandom leaksaresummarized in Tables 2.2 and 2The
no-noisestudy case represents the ideal but unrealistic condition where the input data is noiseless
and perfect. Both precision and recalhththresholds for theo-noisecase rank highest compared
to the other three study cases for both MLP and CNN models. Precision and recall are
comparatively high (> 40%) even at the most stringent threshold (0.1) foo-tiwsecase. These
high accuracies can be attributed to the fact that the leak signatures in the input pressure difference
data that are key to locating leaks are unaffected in the absence of noidenfmehoisecase
considers the possibility of uncertainty in the demand paramdténgdoaulic models. It ranks
second among the four study cases based on precision and recall values. While the uncertainty in
demand parameters in the hydraulic model can generate noise in the simulated pressure data, the
noise is not comparatively largadaminimally affects the leak signatures. For thizednoise

case, a 10% Gaussian noise is added to the input pressure differences to account for measurement
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imprecision and model uncertainties. The noise introduces randomness in the data, affecting the
leak signatures to a higher degree. Therefore, the precision and recall of the two models for the
mixednoisecase are considerably low comparedtenoiseanddemandnoisecases. The leak
signatures are affected to the highest degree faatislom leak€ase, i.e., the fourth study case.
While no direct noise is added to the input data, the randomness in leak locations within a candidate
leak region introducethe possibility of a multitude of unique leak signatures for multiple leak
scenarios considered the same (i.e., labeled identically); as defined previously, leaks located
differently within the same candidate leak region are labeled identically. Theedefjre
dissimilarity of the different leak signatures for identically labeled leak scenarios is widened
further because the candidate regions are Euclidean didiared clusters and not hydraulically
similar clusters. Therefore, thandom leak€ase preses the most challenging task for machine
learning models to learn. Consequently, the precision and recall accuraciesréordbi@ leaks

case are the lowest. The effect of the complexity ofrt@dnoiseand therandom leakgases is
profound at the lower thresholds, especially at 0.1, because the noise and randomness in the input
data drown out the leak signature in the pressure input resulting from such small leak sizes or leak

size differences.
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Table 2.2 MLP model performance for the four study cases

Threshold No-noise Demandnoise Mixed-noise Random leaks
P R F1 P R F1 P R F1 P R F1
0.1 50.8 ( 43.6 | 469 | 319 | 35.1 | 334 | 163 | 236 | 193 35 | 82 | 4.9
0.2 822 | 70.1| 75.7| 695 | 59.8 | 64.3| 441 | 420 | 43.0| 11.7| 16.1 | 13.6
0.3 91.1| 82.8| 86.8| 83.8| 73.8| 785 | 629 | 55.2 | 58.8 | 21.3| 23.7| 224
0.4 948 89.6 | 9211 89.9| 824 | 86.0| 734 | 644 | 686 | 31.2| 31.1| 311
0.5 96.5( 932 948 | 93.0| 87.8 | 90.3 | 79.9 | 71.2| 753 | 40.0 | 37.7 | 38.8
0.6 974 954 | 964 | 949 | 91.2| 93.0| 84.1| 764 | 80.1 | 48.1 | 44.1| 46.0
0.7 98.0| 96.8| 974 | 96.0| 934 | 94.7| 87.1| 80.4 | 83.6 | 549 | 49.6 | 521
0.8 984 | 975 979 | 97.0| 950 96.0| 89.3| 834 | 86.2 | 60.7 | 545 | 574
0.9 98.7] 98.0| 983 | 976 | 96.2 | 969 | 91.0| 859 | 88.4 | 65.8| 58.9| 62.2

P =Precision; R=Recall; F1 = Fdcore

Table 2.3 CNN model performance for the four study cases

Threshold No-noise Demandnoise Mixed-noise Random leaks
P R F1 P R F1 P R F1 P R F1
0.1 82.1| 655| 7291 69.6 | 55.0| 614 | 286 | 281 | 283 | 6.8 | 134 | 9.0
0.2 9421 86.1| 90.0| 89.9| 783 | 83.7| 61.6 | 49.1| 546 | 24.0| 25.1| 245
0.3 96.6 | 92.7 | 946 | 944 | 87.7| 90.9 | 75.2| 629 | 685 | 404 | 355 | 37.8
0.4 97.8| 955 | 96.6 | 96.4 | 92.3 | 943 | 822 | 71.6 | 76.5 | 52.2 | 44.3 | 47.9
0.5 98.3| 97.0| 976 | 974 | 948 | 96.1 | 86.2 | 77.7 | 81.7 | 60.7 | 51.4 | 55.7
0.6 98.7| 978 982 98.1| 96.2| 971 | 889 | 819 | 853 | 66.9| 57.5| 61.8
0.7 989 98.3| 986 | 985 | 972 | 97.8| 90.8 | 852 | 879 | 71.7 | 62.6 | 66.8
0.8 99.1| 98.7| 989 | 98.7| 97.8| 98.2 | 923 | 87.6 | 89.9| 754 | 66.8 | 70.8
0.9 99.2 1 989 99.0| 99.0| 98.3| 986 | 934 | 895 | 914 | 785 | 705 | 743

P = Precision; R=Recall; F1 = Istore

2.4.2Comparison of CNN and MLP Model Performance
Tables 2.2 and 28ummarize the model performances of the MLP and the CNN model for
the four study cases at all nine thresholds considered in this $ligdyes 2.92.12 compare

precision and recall for the two models at three selected thresholds (0.1, 0.5, and 0.9) for the four
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study cases. The results at these three thresholds represent all nine thresholds, with 0.1, 0.5, and
0.9 indicating the mostthe mild, and the leasstringent conditions, respectively.

The figures show that precision for the CNN model is higher than the MLP model at all
thresholds for all four study cases. At the 0.1 threshold, the precision for CNN is almost twice the
precision for MLP for all study cases. For tii@noiseanddemandnoisecases, the precision for
CNN is more than 30% higher than the precision for MLP. The difference, however, starts to
diminish as the threshold becomes less stringent (0.5 and higher thresholds) and the leak
localization problem becomes comparativelysleemplex. The higher precision for the CNN
model compared to the MLP model for all four study cases indicates its superiority in minimizing
false leak predictions and hence better reliability in its predictions even when noise and
randomness are presentthe input data.

Like precision, recall for the CNN model is higher than the MLP model at all thresholds
for all four study cases. However, while recall for CNN is considerably higher than for MLP at the
0.1 threshold, the difference is not as high as the difference disiore At the less stringent
thresholds, particularly at 0.9, the difference in recall for the two models is almost negligible for
the simpleno-noiseand the less complademanednoisecases. However, the difference is greater
(5 to 12%) for the challengg mixednoisecase and even more so for the most challengindom
leakscase at all thresholds, with the CNN model outperforming the MLP model. Overall, the recall
results are consistent with the precision resuttplying the superior performance of the CNN

model over the MLP for leak localization for theTlown network.
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Figure 2.9 Comparative model performance (CNN vs MLP) fornaise case: (a) Precision; (b) Recall.
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Figure 2.10 Comparative model performance (CNN vs MLP) for dermanide case: (a) Precision; (b)

Recall.
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Figure 2.11 Comparative model performance (CNN vs MLP) for mixailse case: (a) Precision; (b)
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Figure 2.12 Comparative model performance (CNN vs MLP) for random leaks case: (a) Precision; (b)

Recall.
The superiority of the CNN model to the MLP model can be attributed to several reasons.
First, CNN models can account for any spatial relationships present in ti{eatata et al. 1998)
MLP models cannot do so because the inputs to MLP models are required to be flattened into
vectors. Each vector element is then fed to a different perceptron (single unit). The model weight
of one perceptron is independent of the other; therefore, &tionship within the input data is

lost. CNN models treat inputs as tensors, allowing the CNN filters (learning units) to look for
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specific patterns anywhere in the data. In this study, the 33 pressure sensors are spatially related
to each other with respect to leak scenarios. In most instances, spatially similar leak scenarios (leak
scenarios with similar leak locations) tend to iceldeak signatures at some common set of
pressure sensors. CNN models can learn this spatial relationship, while MLP models cannot. This
difference in spatial awareness of the two models is evident in the higher difference in performance
between the CNN ahthe MLP model for theandom leaksase, which has a higher number of
spatially similar leak scenarios compared to the other three cases.

The second reason for the superior performance of CNN models is related to their ability
to handle noise in the data. As shown in studielsdmyet al. (2021andKvist and Rhodin (2019)
models that are based on CNN architecture are better at reducing noise in the data. Consequently,
the CNN model performs better for tdHemanenoiseand mixednoisecases. Finally, due to the
fully connected nature of MLP models and their need for an additional perceptron for each
additional input data, the number of parameters of MLP models increases (apitly et al.,
1998 Cun et al., 1990 forming a redundant and inefficient web structure. This structure is
difficult to train and suffers from overfitting. CNN models do not face this problem as they treat
the input as tensors, which enables parameter shérewun et al., 1998Cun et al., 1990
Krizhevsky et al., 2017 In this study, when the inpiricreases from a single time point to-24
time points, the number of MLP parameters increases by 329% compared to a mere 1% for the
CNN model. Such a high increase in the number of parameters makes the MLP model susceptible
to overfitting. Therefore, at tHewest threshold (0.1), where overfitting has a high impact on the

accuracies, the CNN accuracies are vastly superior to the MLP accuracies.

35



2.4.3Single Time Input vs Multi-Time Input

In realworld systems, the pressure sensors are programmed to record pressure readings at
a particular time interval, which are transferred back to the central control unit or SCADA. The
leak localization algorithm, therefore, has a choice to use oneltpletime point pressure data.
The general assumption is that multiple time point pressure data contains more leak information
than single time point data, which can improve leak localization accuracies. This assumption is
tested by comparing the precsiand recall for a single time point pressure input andtart
points (mutitime) pressure input for the four study cases (with both CNN and MLP).

Little to no improvements in precision and recall are observed forcheisestudy case
with the 24time points pressure dafkigure 2.13) Since the single time point data for e
noisecase are noiseless pressure readings recorded at the 33 pressure nodes one hour after the
leaks are introduced, there is ample unaltered leak signature in tHeofirgbressure data itself,
which is evident by the high precision and recall values wiithles time point data. Therefore,
incorporating additional timgooints data does not improve the precision or recall further.
Similarly, the accuracy of treeemanenoisecasg(Figure 2.14)s almost unaltered when additional
time point data are incorporated. Since the noise added to the demand parameters of the hydraulic
model prior to simulation induces comparatively small resultant noise in the pressure readings, the

single point data caes as much information as the-fdhe point data for thdemandnoisecase.
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Figure 2.13 Comparative model performance (b 24time points) for nenoise case: (a) Precision; (b)
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Figure 2.14 Comparative model performance (& 24time points) for demandoise case: (a)

Precision; (b) Recall.
In contrast to the first two cases, considerable improvements (> 10%) in the precision and
recall are observed for tleixednoisecase with the 24ime point data with botmodels (Figure
2.15) Even though 10% gaussian noise is added to the pressure data, the noisy pressure data are
still distributed around the actual pressure signal. A better approximation of the actual pressure
signal is possible with 2dme points compared to a single tip@nt. These approximate pressure

signals can contain sufficie information, especially when the actual signatures are prominent.
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Therefore, machine learning models can learn better witm&4points compared to a single time
point. Hence, the accuracies improve when multiple time points data are incorporated. For the
random leaksase(Figure 2.16) precision and recall improve for both MLP and CNN models;
however, the improvement is comparatively less (< 4%). As discussed previously, the complexity
of therandom leakscase is due to the ambiguity caused by the possibility of a multitude (all
unique) of leak signatures (pressugnsils) for multiple leak scenarios considered the same (leaks

in the same candidate region but located differently within the candidate region). This ambiguity
would be removed if the pressure signals for the multiple leak scenarios (considered the same)
shared similarity at most of the available-4e points. Even though there exists a possibility that

a few of the time points may share some similarity, the chances that most or all time points will be

the same are rare. Therefore, usingii¥e points pessure data induces minimal improvement in

the accuracies, if any.
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Figure 2.15 Comparative model performance (b 24time points) for mixeehoise case: (a) Precision;

(b) Recall.
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2.4.4Single Input (Pressure Data) vs Multiple Input (Pressure and Flow Data)

Precision and recall for three selected study cases (with both CNN and MLP) are compared
to understand the potential of using multiple types of inputs simultaneously for leak localization.
The three study cases arenoise mixednoise andrandom leaksThe results for thdemand
noisecase are highly similar to the-noiseas observed in the previous sections; therefore, they
are not presented.

Flow data are fed simultaneously along with the pressure data to train the models and
localize the leaks. The flow data consists of the flow from the ten sensors recorded for the first
hour after the leaks. Improvements in both precision and recall at ali¢hresholds are observed
for all study cases with both CNN and MLP modg@igures 2.17¥2.19) The critical difference
between theno-noiseand the other cases is the thresholds where the improvements occur due to
the additional flow data. For theo-noisecase, considerably large (>25%) improvements are
observed at the lower thresholds and slight improvements (<2%) are observed at the higher
thresholds. For the remaining cases, the improvements are low (<10%) at the lower and high

(>20%) at the higher ths&olds. This difference between thenoiseand the other cases can be
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attributed to two main reasons. First, the precision and recall at the higher thresholdsiter the
noisecase are very high (> 80%) compared to the lower thresholds (< 45%), leaving less room for
improvement at the higher thresholds. The other reason is associated with the data quality and the
problem complexity. Th@o-noisecase, as discussed previously, is an ideal simplistic problem
assisted by the lack of noise in any available data. Therefore, depending upon the quality of leak
information in the flov data, additional flow input can proportionally improve the leak localization
performance. Theixednoiseandrandom leakgases are challenging due to noise and ambiguity
in the data. Even with additional flow input data, these challenges still exist, and affect the model
accuracies. The impact of this noise and ambiguity is especially more at the lower thresholds where
we ae trying to pinpoint the size of the leaks (in addition to the location) within such low
tolerances. With pressure data only, thecgsion and recall for thmixednoiseandrandom leaks
cases are less than 10% at the 0.1 threslibldares 2.18 and 2.19)Vith additional flow data,
minor improvements, less than 10% foixednoiseand less than 5% falandom leaksare
observed at the 0.1 thresholds. Considerably high improvements (>20%) are observed at higher
thresholds as the problem comparatively simplifies.

Similar results are observed for CNN and MLP models. Precision and recall improve for
both models due to additional flow data, but the amount of improvement is more for the MLP
model compared to the CNN model. The CNN model, however, still outperforms the MLP mode

for all cases with the additional flow input.
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Figure 2.17 Comparative model performance (Pressure vs Pressure & Flow)-fmismcase: (a)

Precision; (b) Recall.
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Figure 2.18 Comparative model performance (Pressure vs Pressure & Flow) for-mii@eicase: (a)

Precision; (b) Recall.
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Figure 2.19 Comparative model performance (Pressure vs Pressure & Flow) for random leaks case: (a)
Precision; (b) Recall.
2.5SUMMARY AND CONCLUSIONS
In this study, a machine learnibgised approach is proposed for localizing leaks in WDSs

that evaluates the impact of the different complexities of leak localization problems. The impact
of WDS leak characteristics (varying size, multiple occurrencesyarabm location) and the
uncertainties associated with the hydraulic model parameter and measuring devices, the possible
benefit of multiple time points data, and the potential of multiple different simultaneous input data
are studied by analyzing the pmmance of two different readily available and widely used
machine learning models. The results of this study highlight the necessity of considering the
various characteristics of reaforld leaks in creating leak scenarios to properly understand the
appicability and effectiveness of the leak localization models. Simplistic and unrealistic leak
scenarios, such as the-noise case, overestimate the performance of the models, as seen in this
study. Models trained with only such scenarios can severelyperfierm and be deemed useless
for real WDSs. However, the high accuracies of the CNN and the MLP models trained and tested
with the three realistic study cases involving data noise, random leaks, and model and instrument

uncertainties prove their potenti@r application to reaorld leak localization problems. This
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study also found that the effectiveness of the machine leabaisgd leak localization method is
modeldependent; the level of challenge posed by the same complexity of the leak localization
problem affects the performance of varying ML models differeimtlyhis study, the CNN model

is more effective than the MLP model in localizing leaks. The CNN model's superior architecture,
input handling, and learning ability enable it to learn the spatial relationship in the input data, better
tackle noise in theata, and share parameters to produce more generalizable results than the MLP
model. Future researchers can take guidance from these results when faced with the task of
selecting ML models for their leak localization studies.

It is also important to point out that the locations of the pressure sensors used to generate
the input data in this study are not based on hydraulic analysis and, therefore, are not optimal.
Optimally located pressure nodes can further improve the agesiaicthe models. The results
from this study also concur with the general understanding that additional time point data improves
leak localization accuracies. However, the improvements are not always comparable or substantial
due to noisy data and complieak characteristics. Finally, this study shows that it is feasible to
simultaneously use multiple types of input data to improve the localization of leaks. However,
ensuring that these inputs are reliable in terms of quality andréaknation is necessary. One
potential limitation of any simulated dab@sed approaches, including this study, is associated
with the calibration conditions of the hydraulic model representing the actual WDS. For cases
where the calibration is conductiedthe presence dfackground leaks in the system, the resulting
models can characterize new leaks only.

Several possibilities remain open for extending this study further. First, various other types
of noise can be considered in the input data to account for any additionralor&hlleak

complexity. Next, the findings of the simultaneous use of pressurdamdiata also open the
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possibility of using other types of information, such as acoustics, water quality, and more.
Ultimately, the goal is to use these models in practice. Therefore, the final step will test these leak

detection models to realorld WDSs to truly understand tih@otential.
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CHAPTER

THREE

COMPARISON OF PROPOSEDNN-BASED
APPROACHES TO OTHER TRADITIONAL AND NON-NN TYPE

APPROACHES

3.1INTRODUCTION

Hybrid modetbased datdriven approaches (hybrid approaches) are one of the widely
researched leak localizaticmpproaches as they can be modeled and tested using hydraulic
simulationbased dataand applied to realorld leak localization problems in water distribution
systems (WDSs) using real ddtdu et al. 2021) Numerousstudies(Mashford et al., 2012;
Soldevila et al., 201&hou et al., 20195hukla and Piratla 202@grve explored various hybrid
localization approaches, many of which show promise based on their reported localization
performance. However, determining the most effective approaches is challenging due to similarly
high localization accuracies and inconsigties across studies regarding the tested networks and
assumptions about leak conditions. Thus, a comparison of these hybrid approaches using a
standardized evaluation framewdrikcommonnetwork and leak conditiofsis essential to clarify
their relative sengths and applicability. Such a comparison is, however, currently lacking

The need for this standardized comparison is further emphasized by the differing
algorithmic structures and assumptions underlying these localization approaches, which can lead
to significant differences in localization accuracy for the same system uadgng/ leak
conditions (e.g., noise, uncertainties, and leak characteristics). For instance, optirvaséion

approaches like Mixed Integer Linear Programming (MILP) rely on an assumption of linearity in
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the leak response to leak si&erglund et al. 2017)Consequently, these methods perform well
for scenarios with strong linearity. In contrast, deep neural network (EddBd machine
learning (ML) localization methods avoid such limiting assumptions. However, their accuracy
depends heavily on the effeaivess of their underlying learning algorithms to recognize and
differentiate various leak scenarios based on the given inputs, which can vary significantly across
ML architectures

Recognizing the variations in leak localization accuracy across different hybrid approaches
and the need for a standardized comparison, we propose a comparative study of five distinct hybrid
methods: MILP, Random Forest, Multilayer Perceptron (MLP), Cartimial Neural Network
(CNN), and Transformers. Each of these approaches is unique in its algorithmic design and
underlying assumptions, representing optimizabased, tredased, and DNNvased strategies,
thus providing a diverse foundation for this quarative analysis. Additionally, while MILP and
Random Forest approachespresent the traditionadtate of research, DNNased methods,
particularly Transformers, signify the advancement towardempowered leak localization
research. This comparison also aims to identify the conebpecific strengths and weaknesses
of each approach, which can asgractitioners and researchers in tailoring their leak localization
strategies to their specific network applications and anticipated leak conditions

Our study spans a complex re@abrld WDS and evaluates three different leak complexity
conditions. Within these conditions, the performance of the five approaches is also examined
across various leak categories based on leak size. The leak scenarias tisedomparison

include both simulated and real leaktances

46



3.2METHODS
3.2.1Localization Models

In this study, five models that represent three broad categoribgbofd localization
approaches traditional optimization models, neXN type treebased models, and deep neural
network (DNN}based ML modefs are selected foa comparative analysis of the modgbe-
specificlocalizationperformanceunder a set of varying leak conditions for both simulated and
real leak case&€achmodelis discussed in theections below
Mixed Integer Linear Programming (MILP)

The MILP model applied here is based on the method propog@&klglund et al. 2017)
This optimizationbased approach uses successive linear approximations within a simulation
optimization framework to locate leaks in water distribution systems (WDSs) using pressure
measurements. The MILP aims to minimize the absolute differences betweenedbards
simulated pressure values at sensor locations, identifying a combination of leak positions and sizes
that best approximates the observed pressure patterns. The nodal location and magnitude of leaks
in this combinati on seaklocationms t he MILPG6s predi
Random Forest

The Random Forest model used in this study is altased regression model. It performs
recursive splits on feature values (such as pressure residuals from different sensors) to minimize
the squared error difference between predicted and actual lealkhascdthis recursive splitting
process generates multiple "trees" within the model; the final prediction is the averaged result of
all these trees. Random Forest uses bootstrappi@gdom sampling with replaceménto

expose each tree to slightly differentbsets of the data (pressure residuals and leak scenarios),
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adding diversity to the model and enhancing accuracy. The model is implemented in Python using
the Scikitlearn library
Multilayer Perceptron (MLP)

Multilayer Perceptromodels, as discussed in the previous chaptersupervisetearning
models based on deep neural networks. MLP models consist of an input layer, an output layer, and
a selected number of dense hidden layers between the input and the output layers. Each unit of a
hidden layer consists of an activatisubunit that activates or deactivates the received signals.
Multiple activation functions are available to be used within these activatienrsish
Convolutional Neural Network (CNNS)

Similar to MLPs, Convolutional Neural Network models are supervisagningbased
DNNs. The primary distinction is that CNNs include convolutional and pooling layers that enable
them to learn contextual patterns by extracting abstract features from the input data. Like MLPs,
CNN models also contain an input layer, an output layer, densenhidgers, and activation
layers
Transformers

Transformers represent a recent advancement in DNN models, demonstrating exceptional
performance across numerous applications, including large language models. The core of a
Transformer model is its encoda@ecoder structure. In addition to this structuregnsformers
apply positional encoding to input data and employ a uniquatelition mechanism. This self
attention component calculates relationships among data points, focusing on relevant parts of the
data. This selhttention mechanism is what digjuishes Transformers from other DNNSs,

enabling them to effectively capture dependencies within the data
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3.2.2Comparison Bench
Leak Scenarios

The five hybrid localization models are evaluated on leak scenarios for both simulated
cases and a realorld leak incident. For the simulated case, leak scenarios represtmgeg
levels of complexit$ no-noise, mixeehoise, and random leaksare generated as outlined in the
previous chapter. The nmoise condition represents an ideal environnfrexa of noisewhile the
mixed-noise condition, or simply noise, incorporates model and measurement uncertainties,
adding complexity. Théighly complexrandom lak condition allows leaks to occur at any
location within the WDS. Each of thed@eeconditions includes multiple simultaneous leaks of
varying sizes. To enable comparison based on leak size, two sets of scenarios are generated for
each condition, with maximum leak sizes capped at 10 and 50, respectively

The realworld leak scenario used for comparison reflects a major, isolated leak incident.
This incidentdés | ocation was mapped to a repr
the realworld scenario under each of ttieeeleak conditions
LocalizationComparison

The localization procedure for comparing the five hybrid approdohéise simulated case
follows theapproach described the previous chapteFirst, two sets of leak scenar@smalt
sized and largsized leak8 are generated for each of tieeecomplexity conditions. Alkix sets
contain 100,000 unique leak scenarios, each with up to three simultaneous leaks. These scenarios
are then simulated using hydraulic models of the study networks to generate pressure residual
datasets

Next, the leak residuals and scenarios are split into training and test sets with an 80:20 split.

The DNNbased models are trained on 80,000 leak scenarios, while the test set (20,000 scenarios)
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is used to assess the performance of all models, including the traditional optimization -and tree
based models. Model accuracies are computed and compared usingtoeeHhetriclEquatiors
3.1,3.2, and3.3). Precision measures the proportion of true leaks among all leaks predicted by the
model, while recall measures the proportion of actual leaks correctly identified by the model. In
this study, precision and recall are evaluatediitierent levels of stringency, represented by
threshold values. A prection is considered correct if it falls withinglhresholdvalue (+/-) of

the actual leak size

For the realeak casepressure residuals recorded during the leak event at three sensors are
provided to each model to generate leak predictions. The trained DNN nradtedsl under the

three conditions and the two traditional modale applied tothe sensor data tproduce
predictions. The five models are then compared for their accuracy in identifying the actual leak

location under each leak condition
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where, TP = True PositivesEFP = False Positives; arfeN = False Negatives.
Study Network
Therealworld system used in this study a WD$%a midsize city located in the western
region of the United State@~igure 3.1) This WDS is a pumyriven system that serves
approximately 80,000 customers with about 20,000 service connections. The total base demand of

the WDS is 3,500 gpm, with an average demand of 3.5 gpm. The skeletonized hydraulic model of

the WDS was developeaking previous models updated with the recent Automated Metering
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Infrastructure (AMI) information. This hydraulic model consists of 1,381 junction nodes and 2,015

pipes.
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Figure 3.1 Realworld WDS
3.3RESULTS AND DISCUSSION
3.3.1Simulated Case

Leak Size O 50

The five hybrid localization models were initially compared using simulated leak

scenarios. For this analysis, the water distribution system (WDS) was divided into nine leak
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clusters(Figure 3.2) based on Euclidean distance, as described in the previous chapter, with
pressure residuals recorded at nine sensors (Figure 3.3). The localization performance of the five
models on the test set of 20,000 leak scenarios, with leaks rangin@ t@®0, is illustrated in

Figure 3.4 for a threshold of 5 (10% of maximum leak size); complete results for all ten thresholds

are presented in Talsl8.1i 3.3,
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Figure 3.2 Leak regions and candidate nodes for the-oloster case.
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Figure 3.3 Pressure sensor locations for the rihester case.

As shown inFigure 3.4 the DNNbased localization models outperform the optimization
based MILP and trebased Random Forest models across all three leak complexity conditions.
Specifically, the DNN models achieve 0\85% higher accuracy in the ideal-noise condition
and more thar25% higher accuracy in the two complex conditiohse poorer performance of
the MILP and Random Forest models can be attributed to their limited ability to handle noise and
uncertainties in thpredictorqresiduals and leaksThis is particularly evident in the MILP model,
whose loss function aims to minimize the differences between predicted and observed residuals

caused by leaks. Furthermore, MILP's reliance on the assumption of linear leak response leads to
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substantial performance degradation when dealing with the highHirmear responses typically
associated with large leaks

In contrast, the DNN models demonstrate a robbsity to extract relevant information
from the residual datasets corresponding to the leak scenarios, leading to superior performance.
Among the three DNN models, CNN and Transformer models show an additional advantage over
MLP under uncertain conditiortkie to their enhanced ability to learn in these environments. As a
result, CNN and Transformer models outperform the MLP model in the noise and random leaks
conditions. The Transformer model holds a slight advantage over CNN due to-agesgibn

mechanism, which further improves the extraction of relevant information for leak localization

98.9 99.8 99.9 ElA Random Forest [ CNN
B=a MILP I Transformer
B MLP
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Figure 3.4 Localization performance comparison for leak size rangé@
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Table 3.1 Localization accuracig®r no-noise (0i 50 leak range)

Random Forest MIL P MLP CNN Transformer

Th. | P R F1 P R F1 P R F1 P R F1 P R F1

1 16 |52 |25 |529]142.1]|46.9|86.5 |81.9)|84.2199.8 | 97.8|98.8]99.8 | 98.0] 98.9
2 47 [10.2(6.4 | 609 (50.0(54.9]96.6 [92.5(94.5| 100.0( 99.5| 99.7| 100.0( 99.5] 99.7
3 84 |[145]|10.6]|66.1 | 54.2|59.5]198.4 | 96.1| 97.3| 100.0| 99.7| 99.8] 100.0| 99.7] 99.9
4 14.21 18.6] 16.1]| 69.0 | 56.8| 62.3] 99.0 | 97.8] 98.4] 100.0| 99.7] 99.8] 100.0| 99.8] 99.9
5 18.81 22.3] 20.4| 71.5 | 58.3| 64.2] 99.3 | 98.5]| 98.9] 100.0| 99.7] 99.8] 100.0| 99.8] 99.9
6 26.7 25.8| 26.3| 73.7 | 59.7| 66.0] 99.5 | 98.9] 99.2] 100.0| 99.7| 99.8] 100.0| 99.8] 99.9
7 36.4(29.2|1 3241 75.1|160.7| 67.2] 99.6 | 99.1]| 99.3| 100.0| 99.7| 99.8] 100.0| 99.8] 99.9
8 4471323375 76.5 | 61.5(68.2] 99.7 [ 99.2(99.4| 100.0( 99.7| 99.8| 100.0( 99.8| 99.9
9 50.4(354|41.6|77.7162.1| 69.0]1 99.8 | 99.3| 99.5| 100.0| 99.7| 99.8] 100.0| 99.8] 99.9
10 | 57.3|38.4(46.0| 78.8 | 62.7( 69.8| 99.8 | 99.3( 99.6 100.0( 99.7| 99.8 100.0( 99.8| 99.9

Th.=ThresholdP = Precision; R=Recall; F1El-score
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Table 3.2 Localization accuracies for noisei(®0 leak range)

Random Forest MIL P MLP CNN Transformer
Th. | P R F1 P R F1 P R F1 P R F1 P R F1
1 17 (52 |26 (44 |41 |42 |128 |13.0(129|19.8 (19.1]|19.4|26.0|21.9]23.8
2 43 199 (60 |76 |69 |73 [33.7284]30.8(43.6 |353(39.1|51.4(39.5]|44.6
3 76 |140199 109 ]9.7 [10.2|46.7 | 38.3(42.1|58.9 (47.4]|525]|65.2|51.4]|575
4 13.2(18.0|15.2| 13.0| 11.4| 12.2| 55.2 | 45.8( 50.1| 68.3 [ 56.0| 61.6| 73.1 | 59.7| 65.7
5 1762151 19.3(15.2|13.2|14.1| 61.2 | 51.3(55.8| 74.3 [ 62.3| 67.8| 78.0| 65.7] 71.3
6 26.0]12511255]16.9]145(156| 654 | 55.6(60.1|78.8 |67.4]|72.7]|81.6|70.3] 755
7 343|1284131.1|184]15.6(16.9|68.6 |59.2(63.5|82.0 (71.4]|76.3|84.2|74.0]|78.8
8 42.1131.6(36.1|20.3|117.0|185(71.0 | 62.3]|66.4(84.4 |74.7|79.2|86.3|76.9]81.3
9 47.11349(40.1|121.7118.0|19.7( 729 | 64.8| 68.6(86.4 | 77.4|81.6|88.079.5]| 83.5
10 | 535|37.8(44.3|12331193|211(744 |669]|705(88.0]79.7(83.6|89.4|81.7|854

Th.=ThresholdP =Precision; R=Recall; F1 = F4core

56



Table 3.3 Localization accuracies for random leaks ®0 leak range)

Random Forest MIL P MLP CNN Transformer
Th. | P R F1 P R F1 P R F1 P R F1 P R F1
1 14 (48 |22 (10491 |97 |10.6 |13.1(11.7|119.4 (20.2]|19.8|21.0| 20.2] 20.6
2 39 |92 |54 |16.8]13.9(152|27.7 | 254265419 (34.8]|38.0|445|35.7] 39.6
3 76 |13.1196 |22.6|18.0(20.1|40.6 | 34.6(37.4|156.9 [45.6|50.6|58.646.6]51.9
4 12.3(16.7|1 142|276 | 21.5|1 24.1| 50.2 | 422 459| 66.4 | 54.1| 59.6 | 68.0 | 54.9] 60.8
5 19.0(20.0|1195(31.9|24.3|27.6|57.6 |48.452.6|72.7 [ 60.3]|66.0| 74.3|61.2]67.1
6 245123.1123.8]35.3|26.7(30.4]|63.2 |53.8(581|77.6 [654]|71.0]|78.9]|66.3|72.1
7 30.3]126.2128.1|38.8]29.1(33.2|67.7 |584(62.7|81.0 (69.5|74.8]|825|70.5]76.0
8 37.0]129.3|132.7]|42.1)131.2(358|71.4 |624(66.6|838 (73.1|78.0|851|74.1]79.2
9 4441 325(376|44.8|133.1|38.1(74.6 |66.3]70.2(859|76.1|80.7|87.4|77.2]82.0
10 | 51.1|355(419|47.3|34.6|40.0(77.2 | 69.5]|73.2(87.7|78.6(829]|89.279.7| 84.2

Th.=ThresholdP = Precision; R=Recall; F1 = fstore
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Leak Size O 10

Within the simulated leak context, the next set of comparisons evaluated the five models
with a fixed leak size range of 0. The results for a threshold of 1.0 (10%@ximum leak
size), shown in Figure 3.5 (complete results are in Tablé8.8) align with those in Figure 3.4

in highlighting the overall superior performance of Dikiised localization models over the two

non-DNN models
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Figure 3.5 Localization performance comparison for leak size rangé@

While the Random Forest model continues to perform po@rl25% accuracy)the
performance of the MILP model shows notable improvement compared to the previous case
involving larger leaks. Under the smwise condition, MILPperformance improvesignificantly
(accuracy = 8.7% at threshold of JLin the 010 leak size range, compared to its performance in

the 0 50 range, where accuracy was 08By3%. This improved performance can be attributed to
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the validity of MILPG6s assumption of a I|linear
which holds for smaller leaks. This assumption, however, is less applieable for the small

leak sizes,under complex conditions involving noise and uncertainties, resulting in lower
accuracies for MILPJ1.4% and35.9%for the noise and random leak cases, respecjivEhe

relatively high accuracy of MILP under the -noise conditionfor Oi 10 leak size ranges

comparable to that of the DNN modedsd at imes (lower thresholds)evenbetter especially

when compared to MLP. Thisuggests that MILP could be a feasible alternative to DNNs in
scenarios where small leaks are expectedccantputational resources for DNNs are limited

Table 3.4 Localization accuracies for nmise (0i 10 leak range)

Random Forest MIL P MLP CNN Transformer

Th. | P R F1 | P R F1 [P R F1 (P R F1 [P R F1

01108 |28 |13 [95.6|78.4]|86.2(76.5 |66.9(71.4(98.8 |91.3|194.9(199.8 |97.5|98.6

02117 |57 |26 [96.4]90.9]|93.6(93.4 |85.6(89.3[99.8 |98.3|99.0(100.0]99.7] 99.8

0330 |84 |44 [983]194.3]|96.3(97.4 |92.3(94.8(99.9 |99.3|99.6(100.0]99.8]99.9

04144 |1109|6.2 [98.9]95.6]|97.3(98.7 |95.4(97.0( 100.0| 99.6] 99.8| 100.0] 99.8] 99.9

05164 |133|8.7 [99.2]196.5]|97.9(99.2 | 97.0(98.1( 100.0| 99.7] 99.8| 100.0] 99.8] 99.9

0.6 186 |155|11.0(99.4|97.0]198.2(99.5 | 97.9(98.7( 100.0| 99.7| 99.8| 100.0] 99.8] 99.9

0.7111.8|17.6|14.1(99.5|97.5|985(99.6 | 98.4( 99.0( 100.0| 99.7| 99.8| 100.0] 99.9] 99.9

0.8 116.0|119.6|17.6(99.6 | 97.6| 98.6( 99.7 | 98.7( 99.2( 100.0| 99.7 99.8| 100.0] 99.9] 99.9

0.9 1195|2151 20.4(99.7 | 97.7]1 98.7( 99.8 | 98.9( 99.4( 100.0| 99.7 99.8| 100.0] 99.9] 99.9

1.0 |254(235|24.4199.7 [97.7]98.7]199.8 |99.1| 99.5( 100.0| 99.7] 99.8| 100.0( 99.9( 99.9

Th.=ThresholdP = Precision; R=Recall; F1 = fstore
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Table 3.5 Localization accuracies for noisei(@0 leak range)

Random Forest MIL P MLP CNN Transformer

Th. | P R F1 P R F1 P R F1 P R F1 P R F1

0108 (27 |12 |39 |33 |36 |6.0 10.0( 7.5 | 10.1 | 13.6]11.6|11.3 |13.4|12.2
02|17 |53 |26 |66 [57 |[6.1 |156 |19.0|(17.1(24.5 |25.2]1249]|27.2 |24.8]26.0
03|30 |76 |43 |88 |75 |81 |27.0 |27.3|27.2(37.1 [34.2]1356]39.1 |35.1]37.0
04146 |99 |63 |11.4|95 104|374 |345(359(47.2 [41.4|44.1)|49.6 | 43.3] 46.2
05(164 |121|184 |13.8|11.4|125]|46.0 | 40.5|43.1(54.8 [47.0]150.6|57.5 | 49.2]53.0
0.6 |8.0 |14.2]10.2] 159|129 14.2|52.9 | 45.7| 49.0( 61.1 | 51.8| 56.1| 63.7 | 55.0] 59.0
0.7 110.3|16.2| 12.6] 18.7 | 149 16.6| 58.8 | 50.2| 54.2| 66.3 | 56.0| 60.7| 68.6 | 60.2| 64.1
0.8 1121(118.1|1145]21.016.5( 185|635 | 54.1(58.4(70.4 [59.6|64.6| 72.3 | 64.4] 68.1
091|144 20.0|16.7]23.1 | 18.0(20.2| 67.4 | 57.6(62.1(73.9 |[62.6|67.8| 755 | 67.9]| 715
1.0]|176]21.9(195|24.8 |18.9| 21.4( 70.8 | 60.7| 65.3]| 76.6 | 65.3| 70.5( 78.0 | 70.9| 74.3

Th.=ThresholdP = Precision; R=Recall; F1 = fstore
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Table 3.6 Localization accuracies for random leaks (00 leak range)

Random Forest MIL P MLP CNN Transformer

Th. | P R F1 (P R F1 (P R F1 [P R F1 [P R F1

01)08 |26 (12 (73 |72 (72 (104 (12.4]| 113118 |14.7]113.1| 135 |18.4]| 15.6

02117 |50 (26 |(11.0|11.2|11.1|25.7 [23.0]|24.3|30.2 |27.5|28.8(33.2 |33.5|334

03129 |73 (42 (149 |14.7|14.8|40.5 | 32.0| 35.8|47.7 | 38.7| 42.7( 51.5 | 44.9]| 48.0

04146 |94 |6.2 [18.8]18.0(18.4( 525 [40.0|45.4]60.5 | 475]|53.2(65.1 | 53.4| 58.7

05]16.2 114|181 (22.0]20.7|21.3(61.0 [ 46.6| 52.9]69.0 | 54.3| 60.8( 73.9 | 60.1| 66.3

0.6 180 |13.4|10.0(25.6 |23.4(24.4(67.5 [52.4]59.0| 74.7 | 59.5|66.3|79.3 | 65.3| 71.6

0.7 110.9]15.2|12.7( 28.8 | 25.9( 27.3| 72.3 | 57.2| 63.9]| 78.9 | 63.8| 70.6| 83.0 | 69.4| 75.6

0.8 113.0|16.8(14.7(32.4|28.7|30.4(76.0 [ 61.4]|67.9]|818 | 67.2|73.8(85.6 | 72.7| 78.7

091149]|18.6( 16.6( 355 | 30.9(33.1| 789 [65.0| 71.3|84.1 | 70.1| 76.5( 87.5 | 75.4] 81.0

1.0]18.8|20.3|19.5/38.8|33.5|359|81.3 |68.2|74.1(859 |728]78.8|89.0 [77.9(83.1

Th.=ThresholdP = Precision; R=Recall; F1 = fstore

3.3.2Real Leak Case

The comparison for the real leak case assesses the ability of the five localization models to
accurately i1dentify the | ocation of an actual
cluster it resides in (Figure 3.6). Unlike the nolester resolution used for simulated cases, a four
cluster resolution was adopted here due to the linmtgaber of available pressure sensors in the
system. The reakorld water distribution system (WDS) is monitored by only three pressure
sensors placed at various points within the system (Figure 3.6). For-tlt@seoand noise cases,
the candidate leak lations include the centroids of the three clusters and the node representing

the actual leak location
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Figure 3.6 Leak regions, candidate nodes, leak node, and sensors for tiubufster case

The DNNs were trained for this reduced resolution in the same manner as the simulated
cases, using simulated pressure residuals at nodes corresponding to the actual sensor locations. For
testing, however, the pressure residuals were calculated based ompeessate values recorded
at the sensors during the leak event, by subtracting the observédelegkessure (obtained from
a noleak simulation) from the actual recorded pressure

The results for the real leak case under th@siee and noise conditions are summarized
in Table 3.7, and for the random leak condition in Table 3.8. As shown, all models, except the
Random Forest model, successfully localize the leak under #mmisecondition. In noisy
conditions, the MILP, CNN, and Transformer models perform well, whereas the MLP and Random
Forest models fail. The failure of the MLP model in noisy conditions may seem inconsistent with

its superior performance in the simulated callesvever, this discrepancy arises because MILP,
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unlike MLP, is not prearained on noisy data. MILP is only exposed to noise when significant noise

is present in the actual sensor measurements. For the isolated leak incident analyzed here, the no
noise and noise conditions are effectively identical foL®] resulting in the same predictions

under both scenarios. Under the random leak condition, only the Transformer model accurately
localizes the leak. This result highlights the superiority of the Transformer model, which is
consistent with its performaadn the simulated cases

Table 3.7 Realleak case predictions for the-noise and noise conditions

Condition Model Node 1 Node 2 Node 3 Node 4

No-noise Random Forest | 142 88 121 11
MILP 0 0 267 0
MLP 0 0 130 0
CNN 0 0 149 0
Transformer 0 0 145 0

Noise Random Forest | 182 131 161 211
MILP 0 0 267 0
MLP 3 30 148 0
CNN 0 1 130 0
Transformer 0 0 140 0

*True leak location

Table 3.8 Realleak case predictions for thendom lealcondition

Condition Model Cluster 1 Cluster 2 Cluster 3* Cluster 4
Random Leak | Random Forest| 230 160 171 108
MILP 0 244 0 0
MLP 110 25 190 4
CNN 38 0 220 0
Transformer 0 0 114 0

*True leaklocation
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3.4SUMMARY AND CONCLUSIONS

In this chapter, the differences in localization performance between our-takidd
localization methods and traditional noaural network methods were studied through
localization experiments involving both simulated and real leak scenarios. The usengblax,
reatworld WDS and realistic leak characteristics in the comparison framemiigated the
inconsistencies and oversimplifications present in existing research, ensuring the reliability of the
results observed

The results demonstrated that our Didaked localization approach consistently excelled
in identifying leaks under both ideal and rideal conditions for simulated and real leak scenarios.
The particularlyhigh performance of the Transformer model in this study aligns with its notable
success and popularity in other fields, indicating a promising direction for future leak localization
research. Nonetheless, the condismecific successes of traditional methosigch as MILP,

highlight their potential coplementary or supplemental value in leak localization

64



CHAPTER

FOUR

IMPACT OF UNCERTAINTIES IN INPUTS ON HYBRID
DATA-DRIVEN LEAK LOCALIZATION IN WATER DISTRIBUTION

SYSTEMS

4.1INTRODUCTION

Hybrid modeibased datdlriven methods have gainesignificant attention for leak
localization in water distribution systems (WDSs), leveraging common operational data such as
pressure and flofHu et al. 2021)These data are typically generated by simulating a wide range
of leak scenarios using calibrated hydraulic models that representoed/ WDSs However,
hydraulic models are inherently prone to uncertairdigsing from measurement errors, model
simplifications, missing information, and inaccuracies during model constrMmman Doss et
al. 2023) Such uncertainties can significantly impact the effectiveness of rbaded
methodologies, including hybrid leak localization meth@siznz et al. 2016Pespite efforts to
improve sensors and hydraulimodels (Hutton et al., 2014 Xie et al., 2017 Ormsbee &
Lingireddy, 2024, it is virtually impossible to eliminate all sources of uncertaiiityerefore,
understanding and mitigating these uncertainties is crucial in the context of leak localization

Existing research on leak localization has predominantly focused on improving the
robustness of localization methods against uncertainties in hydraulic nibtidlan Doss et al.
2023) Although ensuring robustness is important, it is equally critical to first comprehend how
these uncertainties in the input data impact the localization metBoat® different input types

may be affected differently by uncertainties, the success of leak localization methods can vary

65



significantly depending on the input, even under identical uncertainty condiiongver, there
is a gap in the literature regarding the specific impact of uncertainties on different types of inputs
in the context of leak localization

Pressure and flow are two common typkinputs used in leak localization meth@Bsiust
et al., 2010Wan et al., 2022 Among thetwo, pressure dats more widely utilized, primarily
due to the relative ease and eeffectiveness of installing and operating pressure sensors. Several
studies that employ pressure data for leak localization have explored the impact of uncertainties
on localization performnce(Soldevila et al., 2016Sanz et al., 201@8lesa and Pérez 2018
QuifionesGrueiro et al., 2021L u | i n e t). Hawever, thegeOstidies are often limited in
scope and make simplistic assumptions about leak scenarios that do not fully reflectrictal
conditions For examplesomestudies(Sanz et al., 2018QuifionesGrueiro et al., 2021focus
only on singleleak scenarios, whilethers(Blesa and Pérez 201&ssumeminimal demand
uncertainty. Moreover, many of these analyasesbased on oversimplified water networks, such
as the steadgtate Hanoi networRNhile these studies consistently report a significant decline in
leak localization performance in the presence of uncertainties, they often fail to fully explain the
underlying reasongGiven the prominence of pressure inputs in these studies, it is likely that
pressure data is particularly sensitive to uncertainkiegeover, pressure data have been shown
to be less responsive to system changes during periods of low demand compared to flow data
(Sumer and Lansey 2009)his leads us to hypothesize that flow data, especially when measured
during lowrdemand periods, may be less susceptible to uncertainties and therefore more suitable
for leak localizatiorunderuncertainconditions.

In this study, we propose a leak localizatiapproachthat compares the performance of

two different types of inpués pressure and flo@& under varying demand uncertainties, one of the

66



most significant uncertainty conditiofisang et al., 2009Goulet et al., 20L3Hutton et al., 2014
QuifionesGrueiro et al., 2021 We testour hypothesis that flow data is less affected by demand
uncertainty than pressure data, particularly during-demwand periods, and is therefore better
suited for leak localizatiariTo conduct this comparison, webjectboth pressure and flow data
a robust deep learnidgased Convolutional Neural Network (CNN) model, as propos@&hbget
et al. (2023) The model is tested under complex leak scenarios, involving multiple simultaneous
leaks of varying sizes, located anywhere within the network. Our study is based on a district
metered area (DMA) from the wadtablished tTown network, specifically DMAC. The
novelty of this work lies in the comparisons that present a new way to mitigating the uncertainties
facing hybrid modebased datariven leak localization methods, thus enhancing their potential
for reatworld applications
4.2METHODS
4.2.1Study Network

In this study, leak localization comparisons of two inputs are conducted based on a District
Metered Area (DMA) of a standard test network known as #ie@wn water network. This
network has been widely used in various modeling and simulation researthlingcthe
BattLeDIM 2020 competitior(Vrachimis et al. 2020)The L-Town network comprises three
DMAs, and this study focuses on the extensively researched-DM#kepicted in Figure 4.1.
DMA-C consists of 92 junctions and 110 pipes, regulated by a single tank-MMA& an average

base demand of 19 cubic meters per hour (cmh)
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*  Junctions (92)
O Tanks (1)
© Reservoirs (1)

Figure 4.1 DMA-C of L-Town network.
Six nodes and six pipes, representing pressure sensors and flowssgtecsively, provide
the pressure and flow inputs for this study (Figure 4.2). The locations of the pressure sensors and
flowmeters were strategically chosen to ensure adequate coverage of the network, with each type
of sensor operating independently. &lady, three of the pressure sensor locations were also

utilized in the BattLeDIM 2020 competition
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@ Pressure sensors (8)
A Flow meters (6)

Figure 4.2 Locations of the pressure sensors (large circles) and flow meters (triangles) within the DMA.

4.2.2Leak Scenarios

In this study, leaks are modeled as emitters using EPANET, with the emitter coefficient
reflecting the size of the leaks (dequation4.1).

o 6N (4.1)

where ] = flow rate,n = pressure) = emitter coefficient, and (=0.5) = pressure exponent

The leak sizes are variable, with the maximum leak size 8airtin 0.4times the average
base demandyepresented by an emitter coefficient value of 5. Unlike previous studies, the leak
scenarios here consist of multiple simultaneous leaks (up to three per scenario) that can occur

anywhere within the network. This approach aligns more closely witlhwaéd conditions.
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A regional localization resolution is adopted, meaning that leaks are localized at a regional
level. While leaks can occur anywhere in the network, they are assigned to the regions where they
are located. This approach is practical, given the relativedysepdistribution of sensors and
flowmeters across the expansive Water Distribution Systems (WDiSs) al., 2021 Basnet et
al., 2023) A geographigype clustering based on Euclidean distance of the nodes usieguhks
clustering techniqué_loyd 1982)is used to divide the network into six stdgions (or clusters),
asshown in Figure 4.3These suegions are represented as aallment vector, populated by
the leak sizes and their regispecific locations to construct each leak scenario. For this study, a

total of 100,000 unique leak scenarios were generated.
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Figure 4.3 DMA clusters as leak resolution.
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4.2.3Demand Uncertainty

To model demand uncertainties, the demand parameters of the base hydraulic model are
adjusted from their nominal values. For each demand node, random noise values are drawn from
a standard Gaussian distribution and scaled according to the prescribeaf l@vetrtainty and
the nominal demand. These noise values are then added to the nominal demands, as shown in
Equation4.2.

o Op 0O O M p 4.2

where,O" = the adjusted demand at nd@® = nominal demand at nod@) = level of uncertainty
(0%, 10%, or 20%) andl * mh, p represents the standard normal distribution

Three levels of demand uncertain&e@%, 10%, and 20% are considered ithe study.
The 0% noisecondition i.e., nenoise, serves as a baseline for comparisdthnough it is
unattainable in practiceThe higler noise levels(10% and 20%)representmore realistic
conditions,capturing a broad range of variability that can arise in the hydraulic model during data
collection and model calibratiorAdditionally, all three noise conditions are exposed to leak
scenarios with unconstrained leak locatia)ajoruncertainty that adds significant complexity
to the leak localization problem, even in thenmise condition
4.2 4Input Data Generation

The leak scenario dataset, and the pressure and the flow input datasets were generated using
the stepwise general procedure describe below:

Step 17 Consistent with the description of leak scenarios provided earlier, a total of
100,000 distinct leak scenarios were created. Each scenario can include multiple simultaneous
leaks (up to three), witleak sizes (represented by emitter coefficient valteeg)ing from 0 to 5,

located anywhere within the network. The number, location, and size of the leaks were determined
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using a random process. The leak scenarios were first arranged into a vector of length six,
corresponding to the leak clusters, and then combined into a leak scenario dataset (a matrix of size
100,000 x 6). This dataset serves as the response varialrlg theitraining and testing of the

leak localization model.

Step 2i To generate the pressure and flow datasets, afleakscenario was initially
simulated by running the hydraulic model with the EPANET simulator. The resulting pressure and
flow at the six pressure sensors and six flowmeters were recordedlzsétiee (or base case)
pressure and flow values, respectively.

Step 3i For each leak scenario from the leak scenario dataset, the associated leaks were
added to the base model. Additionally, the demand parameters of the model were modified using
random Gaussian noise to reflect the defined uncertainty levels, atheeéso the previous
section. This modified model was then simulated with EPANET, and the resulting pressure and
flow at the six pressure nodes and six flow sensor nodes were recorded. This process was repeated
for all 100,000 leak scenarios.

Step 4i The residuals (differences in pressure and flow) between each leak case (100,000
scenarios) and the base (Idade) case were computed, generating the pressure residual datasets
(matrices of size 100,000 x 6) and flow residual datasets (mabficgze 100,000 x 6) for each
of the three uncertainty levels. These residual datasets act as predictors for the leak localization
model during training and testing.

Step 5 The residuals at the low demand period (3, 4, and 5 AM) and the high demand
period (8, 9, and 10 AM), determined based on the demand pattern for the DMA (Figure 4.4), were

extracted to create the low and high demand pressure and flow residual datasets
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Figure 4.4 24-hr demand pattern for DM&.

4.2.5Leak Localization Approach for Comparison of Inputs

As previously discussed, pressure and flow input data were generated for three levels of
demand uncertainty: 0%, 10%, a2@P6. Each of these six datasetthree for pressure and three
for flowd contains leak residual values recorded over d@4 period (24 time points) for
100,000 leak scenarios. In line with our hypothesis, the main objective of this study is to compare
thelocalizationaccuracy of pressure and flow inputs across threegattengs: all 24 time points,
the low demand period, and the higemand period, at each of the three levels of demand
uncertainty. Evaluating leak localization accuracy across all 24 time points demonstrates the
overall potential of the two inputs under varying levels of uncertainty. Additionally, assessing the
accuraces during the low and high demand periods reveals any differential impact of demand
uncertainty on the performance of pressure and flow inputs during distinct operational periods of

the WDS. Moreover, comparing performance during these specific time wsritelps determine
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the suitability of each input for leak localization, particularly when monitoring opportunities are
limited.

The leak localization approach used to compare the performance of the two inputs adopts
the machine learning (ML) modblsed methodology presented Bwsnet et al. (2023)
Specifically, a higkperforming deep learningased Convolutional Neural Network (CNN) model
is employed. Following the work dasnet et al. (2023}he optimal architecture for the CNN
model was identified through a grid searchslaswn in Table 4.1The CNN models were trained
separately using the training datasets for each time setting, uncertainty level, and input type over
several iterations (epochs) to ensure stability. During the CNN model training, the leak scenarios
(represented as a leak sago matrix) were regressed against the residual input matrices, using
mean squared error (MSE) as the loss function, Leaky Rectified Linear URdL{ll) (Maas et
al. 2013)as the activation function, and the Adam optim{zéngma and Ba 2014)

The trained models for each setting were tested using corresponding test datasets, and the
model predictions were evaluated using three key metrics: precision, recall, ssuwbrél

(Equatiors 4.3i 4.5).

0i Q& Qb QW YV (4.3
01 Q00D Védr—sy P TT .
. YO
] ® ¥ 1] \ _ 4.
Y 'Q ¢ M Oyg—op P (4.9
o ¢ 0 Y
”n WV _ 4.
@ | 0T w0 (4.9

where, TP = True PositivesE-P = False Positives; arfeN = False Negatives
Precision represents the proportion of correctly predicted actual leaks relative to all leak
predictions made by the model. Recall quantifies the fraction of actual leaks correctly predicted

by the model out of all the leaks present in the dataset. Irstilnily, precision and recall are
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analyzed at five different levels of stringency, represented by threshold values 0.(hrtedks6red
in units of emitter coefficieft A correct model prediction is one that falls within the threshold

(+/-) of the true leak size.

Table 4.1 CNN model details

Architecture Hidden | Convolution | Activation Learning Optimizer
Layers Layers Functions Rate

6-256-256-500- | 2 2 L-ReLU 0.05 Adam

5006

4.3RESULTS AND DISCUSSION

In this section, we evaluate the accuracy of our hypothesis that flow is a superior input for
leak localization compared to pressure, particularly under conditions of uncertainty (demand
noise) due to its lower susceptibility to noise, especially durimg demand periods. Leak
localization performance is assessed under three noise conditions: no noise, 10% demand noise,
and 20% demand noise. Befamesentinghe results, it is important to reiterate that the fiotse”
condition refers to noiseless demaadta. However, even in this condition, there remains a
significant source of uncertainty due to the presence of unrestricted leak locations. Unlike the
unrealistic, fixed leak location scenarios considered in previous studies, unrestricted leak scenarios
are more complex and have a major impact on leak localization perfornrranceich fixed leak
location scenarios, the localization accuracies are extremely higim@doint pressure and flow
inputs achieve 90% and 99% accuréi€éy-score) respectivelyywhen leaks are constrained to six
candidate nodesThese accuracies stand in stark contrast to the generally moderate localization
accuracies for the realistic unconstrained leak scenarios considered in this study.

The first part ofthe hypothesis testing involves comparing the leak localization

performance of the two input types (flow and pressure) using all available timepoints {heur24
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timepoints) at the three noise levels (Figure 4.5). This comparison is intended to illustrate the
overall difference in performance between flow and pressure inputs. While localization
performance is computed at five different thresholds (summarized Ia #&), we focus on the

leak localization accuracies (fstore) at a threshold of 0.5 (=8 cmh), representing 10% of the
maximum leak size. As shown in Figure 4.5, the localization performance for the flow input (plain
bars) is notably highér6.5% greagr than the pressure input (bars with line hatches) under no
noise conditions. When 10% demand noise is introduced, the difference increases to 8.2%, with
flow maintaining its superior performance over pressure. At 20% demand noise, the gap widens
furtherto 8.5%. This consistent advantage of flow over pressure, as outlined in Table 4.2, holds

across all thresholds and supports our hypothesis that flow is a better input for leak localization

Localization Performance with 24-hr Timepoints

100
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I Flow
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Figure 4.5 Overall leak localization performance comparison of pressure and flow using all 24
timepoints.
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Table 4.2 Localization accuracies using all-Bfepoint data

Condition Threshold Pressure Flow
P R F1 P R F1
0.1 235 19.0| 21.0| 279 | 228 | 25.1
0.2 45.1 33.9| 38.7| 534 | 404 | 46.0
No-noise 0.3 60.2 457 | 51.9| 68.2 | 52.3 | 59.2
0.4 69.4 543 | 609 | 76.8 | 61.1 | 68.0
0.5 75.9 609 | 67.6 | 81.8 | 67.7 | 74.1
0.1 18.4 166 | 174 | 255 | 21.4 | 23.3
0.2 39.8 30.8 | 34.7| 50.0 | 38.8 | 43.7
10% noise 0.3 54.7 416 | 47.3| 66.3 | 51.3 | 57.8
0.4 64.8 50.2 | 56.6 | 76.3 | 60.3 | 67.3
0.5 71.7 57.0| 635 | 789 | 65.6 | 71.7
0.1 16.5 143 | 153 | 229 | 20.2| 214
0.2 36.9 271 | 31.2 | 46.8 | 37.3 | 415
20% noise 0.3 52.7 385 | 445 | 61.1 | 49.0( 544
0.4 63.2 476 | 54.3| 70.7 | 57.8 | 63.6
0.5 70.2 549 | 616 | 77.3 | 64.0 ( 70.0

P =Precision; R=Recall; F1 = Ficore
The final part of the hypothesis testing involves analyzing the differential impact of noise
across various time settings. We compare leak localization performance for both inputs (pressure
and flow) at three noise levels across three-gettings: all tnepoints, low demand period (3, 4,
and 5 AM), and high demand period (8, 9, and 10 AM). As in previous analyses, localization
performance is evaluated at five thresholds (see Tablg4.4.fbr complete results), with the 0.5
threshold serving as the pringebasis for discussion, as summarized in Table 4.5. Figures 4.6 and

4.7 illustrate the performance of pressure and flow inputs, respectively
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Table 4.3 Localization accuracies using low demand period data

Condition Threshold Pressure Flow
P R F1 P R F1
0.1 16.4 147 | 155 | 23.2 | 226 | 22.9
0.2 36.0 274 31.2 | 524 | 395| 45.1
No-noise 0.3 52.5 38.7| 446 | 73.3| 524 | 61.1
04 64.6 48.6 | 55.5| 804 | 62.3 | 70.2
0.5 73.1 564 | 63.6 | 81.0( 64.1( 715
0.1 15.5 138 | 146 | 228 | 220 | 224
0.2 33.3 251 | 28.6 | 44.7 | 37.7 | 40.9
10% noise 0.3 47.1 346 | 39.9| 62.0 | 485 544
0.4 57.4 42,7 | 489 | 72.3 | 56.8 | 63.6
0.5 64.8 496 | 56.2 | 779 | 63.2 | 69.8
0.1 12.0 11.5| 11.7 | 22.1 | 18.7 | 20.2
0.2 28.6 219 | 248 | 441 | 341 384
20% noise 0.3 43.0 30.9 | 36.0| 60.5 | 455 52.0
0.4 54.3 394 | 457 | 71.1 | 54.2 | 61.5
0.5 62.6 46.7 | 535 | 77.4 | 61.2 | 68.3

P = Precision; R=Recall; F1 = Istore
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Table 4.4 Localization accuracies using high demand period data

Condition Threshold Pressure Flow
P R F1 P R F1
0.1 15.1 135 | 143 | 142 | 15.8 | 15.0
0.2 32.1 24.7 | 279 | 35.7 | 29.5 | 32.3
No-noise 0.3 46.8 348 | 39.9 | 53.2 | 40.8 | 46.2
04 57.5 432 | 49.3| 654 | 499 | 56.6
0.5 65.4 504 | 56.9| 72.8 | 57.4 | 64.2
0.1 12.2 11.7 | 119 | 146 | 151 | 14.8
0.2 27.4 221 | 245 352 | 279 | 31.1
10% noise 0.3 41.1 31.1| 354 | 519 389 | 444
0.4 51.8 389 | 444 | 626 | 47.6 | 54.1
0.5 59.8 4541 51.6 | 70.0 | 54.7 | 614
0.1 12.9 11.5| 12.2 | 13.7 | 12.8 | 13.2
0.2 27.8 21.3| 241 | 314 | 245 | 27.5
20% noise 0.3 40.7 29.7| 344 | 48.0 | 349 404
0.4 50.8 37.3 | 43.0| 59.9 | 43.7 | 50.5
0.5 57.6 43.7 | 49.7 | 68.2 | 51.2 | 58.5

P = Precision; R=Recall; F1El-score
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Table 4.5 Localization accuracy summary at threshold = 0.5

Time Condition Pressure Flow
P R F1 P R F1
No-noise | 759 | 609 | 67.6 | 81.8 | 67.7 | 74.1
24-timepoints | 10% noise| 71.7 | 57.0 | 63.5| 789 | 65.6 | 71.7
20% noise| 70.2 | 549 | 616 | 77.3 | 64.0 | 70.0
No-noise | 73.1 | 56.4 | 63.6 | 81.0 | 64.1| 715
Low demand | 10% noise| 64.8 | 49.6 | 56.2 | 77.9 | 63.2 | 69.8
20% noise| 62.6 | 46.7 | 53.5 | 77.4 | 61.2 | 68.3
No-noise | 65.4 | 50.4 | 56.9 | 72.8 | 57.4 | 64.2
High demand | 10% noise| 59.8 | 454 | 51.6 | 70.0 | 54.7 | 61.4
20% noise| 57.6 | 43.7 | 49.7 | 68.2 | 51.2 | 58.5

P = Precision; R=Recall; F1 = fstore
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Figure 4.6 Impact of noise on pressure inghdsed leakocalization performance for different time

settings.
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Figure 4.7 Impact of noise on flow inpthhased leak localization performance for different time settings.

In these figures, the accuracy under thenoise condition is represented by bars with line
hatches, the 10% demand noise condition by plain bars, and the 20% demand noise condition by
bars with circular hatches. As shown, the degree of localizationeamycdegradation due to noise
differs across the three tinsettings. For pressure input, the "all timepoints” setting is the least
affected by noise, with accuracy declining by 4.1% and 6% for the 10% and 20% noise levels,
respectively. The high demand jgeris moderately affected, with declines of 5.1% and 7%, while

the low demand period experiences the greatest decline, with reductions of 7.4% and 10.1%,

respectively.
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In contrast, for flow input, the low demand period is the least affected by noise, with
accuracy declines of 1.7% and 3.2%, respectively, for the 10% and 20% noise levels. The "all
timepoints"” setting is moderately affected, with declines of 2.4% and Whi,the high demand
period is the most sensitive to noise, with declines of 2.8% and 5.7%.

This contrast between flow and pressure inputs is notable not only in the order of impact
across time settings but also in the magnitude of the impact, particularly for the shorter time
periods. Flow input demonstrates high robustness to noise duringvihdemand period, with
declines of only 1.7% and 3.2%, compared to pressure input, where even the least affected high
demand period sees declines of 5.1% and 7%. This suggests that flow measurements during low
demand periods are particularly wsllited fa leak localization under noisy conditions, especially
when monitoring opportunities are limited. Furthermore, localization accuracy for flow input
consistently exceeds that for pressure input across all noise levels and time settings (Trables 4.2
4.4), renforcing the conclusion that flow is a superior input for leak localization.

An additional observation from the figures (Figures 4.6 and 4.7) is that ttim@doint
flow input consistently performs the best across all noise conditions, despite its greater degradation
in localization performance from the smoise to noisy conditits compared to the low demand
flow input, which is the least affected. The reason for this lies in the added uncertainty, beyond
noise, introduced by the unconstrained leak locations. Due to the high number of possible leak
locations, there are numerousiaure leak scenarios, many of which can produce very similar
hydraulic responses (both pressure and flow). The differences between these responses may only
become apparent at specific time points. Therefore, incorporating-atil#desponses increases
thelikelihood of distinguishing between these similar yet distinct leak scenarios, in contrast to the

more limited responses from low and high demand periods
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Although leak scenarios that assume a fixed set of candidate leak locations are unrealistic,
as we have previously noted, they can provide an ideal basis for testing this argument. Table 4.6
presents a comparison in which the leak locations were constitairrespecific set of candidate
nodes and a demand noise of 20% was considered, while all other parameters followed the
approach discussed in this study. As shown in the table, the localization performance of the low
demand flow input under noisy conditi®is comparable to, or even better than, thérddpoint
input under the two noisy conditions

Table 4.6 Localizationaccuracieausing flow for constrained leak scenarios

Condition | Threshold 24 TP Low demand

P R F1 P R F1
0.1 645 | 485 | 554 | 70.8 | 53.2| 60.8
0.2 85.7 | 69.6 | 76.8| 86.0 | 72.3| 78.6
20% noise 0.3 91.1( 80.1| 853 | 916 | 818 86.4
0.4 939 | 85.7| 89.6| 943 | 86.6 | 90.3
0.5 9531] 89.1| 921 96.1 89.5 | 92.7

P = Precision; R=Recall; F1 = istore

4.4SUMMARY AND CONCLUSIONS

In this study, we evaluated the hypothesis that different inputdypesssure and floé
are differentially impacted by uncertainties, and thus, their suitability for hybrid Fbaged,
datadriven leak localization approaches can vary. Using a robust léeepingbased leak
localization model, we compared these two common input types under three levels of demand
parameter noise, a key source of uncertainty associated with hydraulic models. To ensure the
generalizability of the results, we considered stiglieak scenarios that did not impose constraints
on leak sizes, numbers, or locations.

The results demonstrate that flow input is more robust to demand uncertainties compared
to pressure input, consistently yielding higher leak localization accuracy for complex and realistic
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leak scenarios. This finding suggests a need to shift the focus of leak localization research and
realworld applications toward flow inputs, as current efforts predominantly focus on pressure
inputs. Although flowmeters are more expensive to install grassure sensors, the improved
localization accuracy with flow data could significantly reduce water loss, benefiting utilities in
the long term.

In addition to investigating the general robustness of these inputs to demand uncertainties,
we also analyzed their tirrspecific robustness. Our results show that flow data collected during
low demand periods is the least susceptible to dermeated nase, maintaining high leak
localization accuracy even under noisy conditions. For pressure, high demand period data is more
robust than low demand period data, but it remains more susceptible to noise than flow input.
These findings have practical signifieze, especially for water distribution systems (WDSs) that
lack the resources to continuously monitor pressure and flow. Since monitoring and data collection
are often restricted to short time periods, optimizing leak localization with limited data sequire
knowledge of the most robust time periods. Based on our results, WDSs with limited resources
could improve leak localization by using flow data collected during low demand periods.

Several opportunities remain open for extending this study. First, other hydraulic model
parameters and their associated noise can be considered in addition to the demand parameter noise.
Next, similar comparisons can be conducted for other input typhsasuacoustics, water quality,
and more. Ultimately, the goal is to apply these findings toweald systems, therefore, the
analysis can be extended to other networks representingieddl WDSs to get a more refined

understanding.

85



CHAPTER

FIVE

PRESSURE SENSORPLACEMENT IN WATER
DISTRIBUTION SYSTEMS USING LEAK RESOLUTION SPECIFIC

SURROGATESFOR LEAK LOCALIZATION 2

5.1ABSTRACT

The effectivenes®f modetbased leak localization methods in water distribution systems
(WDSs), including optimizatioibased and machine learning approaches, significantly depends on
the quality and quantity of input data. Pressure data, easily accessible duertwusore sensor
installation and maintenance, is commonly used. However, economic constraints limit the number
of sensors in WDSs, highlighting the need for strategic sensor placement to enhance data quality.
This study introduces a novel, rhettindependent sensor placement strategy that integrates
cluster definitions (leak resolution) with intuitive surrogates for localization performance,
addressing the limitations of existing methods reliant on complexintoitive metrics.

We proposethe Euclidean Clustdrased Optimal Placement of Sensors (ECOPS)
approach, which employs Sensitivity and Uniqueness as fundamental signal properties to guide
sensor placement. Validation tests within a comprehensiveveeld WDS demonstrate that

ECOPS atperforms existing surrogateased approaches and improves the performance of current

2 This subchaptemwassubmitted tahe Journal of Water Resources Planning and Manageamehfollows a paper
format.
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sensors installed for leak characterization. These findings provide compelling evidence of
ECOPS's potential for enhancing pressure sensor placement, thereby improving leak localization
in WDS applications
5.2INTRODUCTION

One of the most significant problems water utilities globally face is leakages, which result
in substantial water and revenue loss, water contamination, property damage, and service
disruptions(Liemberger & Wyatt, 2019Fontanazza et al., 2015onsequently, timely and
accurate leak characterization (detection and localization) has been underscored in studies by
numerous researchers who have proposed a variety of leak characterization s(l#@ab
and Zayed 2019)Among these, hybrid modélased datariven leak localization methods, such
as optimizatiorbased and machine learning metlaked methods that utilize readily available
data like pressure, flow, and water quality, are gaining more attdiitioet al. 2021)Pressure
measurements are particularly accessible due to thntegsive installation and straightforward
operation and maintenance of pressure seri¥aeset al. 2018) The efficacy of the modddased
leak localization approaches that employ pressure data is dependent on the quality and quantity of
the pressure information. However, most published research have predominantly focused on
improving or developing new algtiims and less on enhancing the quality of pressure data. The
guality of the pressure data for water distribution systems (WDSs) depends on the number and
location of pressure sensors. Identifying the optimal sensor locations (i.e., the least number of
sengrs in the most effective locations) can enhance the quality of the pressure data and leak
localization performance. The need for research on sensor placement is underscored by the

economic impracticality of installing and maintaining sensors at everyin@gansive WDSs.
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Sensor placement aimed for leak localization is a more complex problem compared to leak
detection. Leak detection only requires knowledge of leak occurrences. Leak localization,
however, necessitates a distinction among various leak occurrences basadiocetions within
a WDS. Therefore, sensor placement approaches presented in previous(Zemibm et al.,

2022 Cheng et al., 2020dung & Kim, 2018L06pez & Alfonso, 2022jocusing primarily for leak
detection purposes are not adequate to address the intricate nature of leak localization. Conversely,
solutions designed for localization often encompass detection capabilities.

Pressure sensor placement approaches for leak localization fall into two broad categories
depending on whether they are directly or indirectly integrated or coupled with leak localization
methods. Integrated approach&ega et al., 2016Casillas et al., 201 3asillas et al., 2015
directly evaluate sensor combinations in terms of leak localization accuracy; however, they are
constrained by the assumptions and simplifications, limiting the generalizability of their findings.
Alternatively, the decoupled approaches, which do netdir involve leak localization methods,
require a mechanism to link sensor placement to leak localization performance. This can be
achieved through defining quantitative metrics with a logical relationship to localization
performancegXie et al., 2018SantosRuiz et al., 2022L6pez & Alfonso, 2022) These metrics
act as surrogates for actual localization accuracy metrics, a similar approach has been adopted in
water quality sensor placement studi€borshidi et al. 2018)

For pressure sensor placement in WDSs, et al. (2018used mutual coherence from
linear algebra to minimize average mutual coherence values in sensor combiSaitaskuiz
et al. (2022)employed mutual information from information theory and statistics to develop
relevance and redundancy metrics. While these surrogate metrics are based on different concepts,

their relevance to actual leak localization performance is rooted in signalspnog principles.
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The success of any signal differentiation task depends on the properties of the input signals,
specifically their sensitivity and uniqueness (or distinctiven@siincil 1995) Leak localization,

being a signal differentiation challenge, aims to distinguish between different leak scenarios using
signal data (e.g., pressure). Hence, surrogates that quantify the sensitivity and uniqueness of
pressure signals can effectively reqast leak localization performance and guide the effective
placement of sensors. The uniqueness of pressure signals, crucial to this process, is often
overlooked in leak characterization studies. The strategy of employing sensors to maximize
coverage of lak scenarios is commonly us@dheng et al., 202@hao et al., 2020)While this
coverage metric may suffice for leak detecfiom relatively simpler tagk it falls short for the

more complex challenge of leak localization.

Consideration of the sensitivity and uniqueness of pressure residuals into surrogate
definitions is a necessary step, but it is not sufficient. The effectiveness of these surrogates relies
primarily on their formulation and how well these metrics defimsis@ity and uniqueness in the
context of leak localization. Surrogate representations are inherently limited, particularly due to
the lack of a clear quantitative link between the surrogates and actual leak localization
performance. Surrogates such agualicoherence and mutual information proposed in the studies
by Xie et al. (2018)Hu et al. (2022)andSantosRuiz et al. (2022)tilize complex mathematical
functions that yield values that are notuitive in the context of pressure data and leak
localization. As such, the effectiveness of sensor placement solution of these approaches is unclear,
setting the stage for additionasearch.

In this paper, a heuristic approach independent of leak localization methods for effective
placement of pressure sensors is proposed. Our approach, while using surrogates for leak

localization performance, differentiates itself by defining these in atdingtitive manner
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relevant to pressure data and the associated signal differentiation task. Additionally, we integrate
clusters into our sensor placement approach. Recognizing that effective leak localization in large,
complex WDSs is feasible only at a regional level aefias clusters of nod€@suis et al., 2022
Li et al., 2021 Qingzhou et al., 20t@asnet et al., 2023yve incorporate these clusters directly
into our approach and leverage them to define key surrogates. This novel use of clusters goes
beyond merely reducing the solution space, &lesa et al. (2016pandSarrate et al. (2014Dur
surrogated sensitivity and uniquenedscapture the essence of desirable signal properties for
differentiation tasks. We hypothesize that if each sensor in a combination is highly sensitive and
unique to a specific cluster, this ensemble of sensorsatiactively generate pressure signals that
are both highly sensitive and uniquely discernible across a range of leak scenarios in the WDS.
Such a combination of sensor locations is likely to be effective for leak localization, regardless of
the localizaibn method used.
The key contributions of this study compared to previous ones include:
1 Development of direct, intuitive pressure datsed metrics serving as surrogates
for leak localization performance within the pressure sensor placement approach.
1 Integration of clusters into the sensor placement approach for leak localization,
using them to define the sensitivity and the uniqueness metrics.
1 Validation of our proposed approach's sensor solution through detailed comparative
analysis of leak localization accuracies in the context of a largeywoell WDS.
This validation is carried out via two distinct sets of comparative analyses:
o Demonstrating the relative superiority of our proposed surrogate metrics by
comparing against sensor solutions derived from covervaged metrics

and the sensor placement strategy of an existing mefamddsRuiz et al.
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20232, which relies on noimtuitive surrogate definitions for sensitivity and
distinctiveness. This comparison underscores the benefits of our direct,
more intuitive surrogates.

o Reinforcing the effectiveness of our sensor placement strategy by
comparing it with the current sensaonfigurations employed in the real
world WDS.

This paper focuses on addressing pressure sensor placement, specifically in the context of
leak localization for moderatgized leaks within water distribution systerRsessure sensors are
versatile tools with applications in model calibrat{@avic et al. 2009)network state estimation
(Kang and Lansey 2010pressure monitoring, and infrastructure rehabilitation. However, these
applications can have conflicting requirements compared to leak localiZbtioet al. 2022)
Therefore, this paper deliberately narrows its scope to focus on the effective placement of pressure
sensors for leak localization, setting aside the consideration of these multiple, and sometimes
competing, objectives
5.3METHODS
5.3.1Leak Regions (Clusters)

In expansive WDSs, the high costs associated with installing, operating, and maintaining
pressure sensors at every node render comprehensive data collection unfeasible. Consequently,
leak localization is limited to a lower resolution. A common approacutivess this limitation
involves segmenting the water network into-segions, or clusters. This method attributes the
occurrence of leaks to the clusters in which they are located, rather than pinpointing individual
pipes or nodes. Despite its practitgliregional leak localization presents significant challenges,

necessitating hdepth research and analysis. A critical factor in this process is the definition of
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clusters, which depends on various characteristics like shape, size, contiguity, and homogeneity.
These characteristics are influenced by the specific WDS properties used for cluster formation.
Clusters based on hydraulic properties, while hydraulicaligdgeneous and thus ideal for high
accuracy in leak localization models, suffer from practical limitations due to theinmform

size and noitontiguous nature. Conversely, clusters defined by geographic properties, preferred
for their uniformity and cotiguity, pose greater challenges for leak localization models due to
reduced hydraulic homogeneity.

To balance realorld applicability and rigor in our approach, this study employs
geographic propertpased cluster definitions. Specifically, we utilized -an&ans clustering
techniqugLloyd 1982)based on Euclidean distances, computed from-thad ycoordinates of
each network node. The Euclidean distabased clustering is chosen for its simplicity compared
to other more complex geographic clustering approaches such as graph clustering
5.3.2Leak Model

In this study, leaks are modeled as emitters using EPANET, with the emitter coefficient
reflecting the size of the leaks (deguation5.1).

n on (5.1)
where, | = flow rate,n| = pressurep = discharge/emitter coefficient, and(=0.5) = pressure
exponent.
5.3.3Pressure Residuals as Input

Hybrid modelbased datariven leak localization methods utilize pressure residuals as
inputs. These residuals, defined as the difference between pressure valuésai arad leaky
conditions, are recorded at designated pressure sensor locations iaed@sEquation5.2. The

values are derived from simul ations of t he WD
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Yi O Oy ,fordx 1, 62, é, (5.2)
where,Y j is the pressure residual at nd@kue to a leak at nod@u is the total number of nodes
in the WDS,0 is the pressure at noddor the noleak (base case), afid, is the pressure

at nodeQuhen there is a leak at no@2

Since pressure residuals are often the direct and sole input to the leak localization model,
this study naturally defines leak localization surrogates based on these residuals. To integrate the
WDS clusters, the pressure residuals are organized into ya&ets; each associated with a single
cluster. These sets of pressure residuals are detategliation5.3.

6 Yisowoaoid@i= 1, v2, é, (5.3)

where,6 is the set of pressure residuals at all né@kse to leakXdocated in clustelQ andy is
the total number of clusters of the WDS.
5.3.4Cumulative Frequency Distributions of the Residuals

Cumulative Frequency Distributions (CFDs) serve as a statisticalh@ohggregates the
frequency of pressure residuals across the entire range of observed values. This aggregation
enables a holistic analysis of the residual data, capturing both common and ranelueak
pressure variations in the WDS. Therefore, CFBs @ivotal in developing leak localization
surrogates for this study. We define two primary types of CFDs:
Clusterspecific Cumulative Frequency Distributions

For each cluster, we formulate a specific cumulative frequency distribution. By applying
CFDs to individual clusters, we can discern unique patterns and trends specific to each area of the
WDS. This clustespecific approach allows for a more targeted y®is| revealing how leak
scenarios located in different regions manifest at different points (nodes) within the WDS. These

clusterspecific CFDs are, therefore, vital in the derivation of the leak localization surrogates and
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assessing the effectiveness of network nodes as potential sensor locations tailored to each cluster.
The CFD for a cluster compiles frequency counts of residuals observed at all potential sensor
nodes, up to a certai n r asswithdnuteat clusteg hsuskowr( ie) |,
Equation5 4.

g D000RBOOOI QIS YHir daoiBRl (59
"YE OEAG QRO Q1 QDO o0tQ (B & 6 { @ Qi

forex 1, 02pdQ2, 1, 02, ¢é,
where, 'O ¥ is the cumulative frequency distribution of pressure residuals for all leaks
corresponding to clusté®
To further analyze these distributions, we calculate two sets of percentiles: an upper

percentile and a lower percentile. The upper percentile reskegaéfion5.5) demarcates a cutoff,
distinguishing highly sensitive residuals. Conversely, the lower percentile re$tduaition5.6)
sets a boundary for the less sensitive residuals. These percentile thresholds are essential in defining
leak localization surrogates and filtering out undesirable nodes. Therefore, it is important to
meticulously study thelusterspecific CBDs and carefully select the percentiles through trial and
error. This process ensures an adequate gap between the upper and lower percentiles, effectively
separating highly sensitive residuals from less sensitive ones while maintaining a sufficiently large
pool of potential sensors for evaluation in subsequent steps.

oYy Ofor'’®= 1, 02, é, (55)

o 0, for'Q= 1, 02, é, (5.6)
where,Y andY are residual values below which H% and L% of the residuals for each duster

fall, respectively
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Cumulative Frequency Distribution for Each Nod€luster Pair

The second type of CFDs formulated in this study include the ones specific to each node
cluster pair. These distributions comprise the residuals recorded at a node due to leaks within a
particular cluster, as defined Equation5.7. By examining the frequency distribution of these
clusterspecific residuals at each node, it is possible to identify nodes more susceptible to
significant pressure changes caused by leaks in that cluster. This analysis aids in the development
of more eféctive sensor placemeand leak localization strategies.

o v VOGO O®OoT QKNI Ydhe QY 6 a06i@ Qi (5.7)
& "YE 08OAE QN Qi "QADEENAN 6 &L GQ SAH ¢ 6 1 D

forex 1, 02pndQ2, 1, 02, &,

where, '@, Y isthecumulative frequency distribution of pressure residuals at i@de to leaks
in clusterQ
5.3.5Leak Localization Surrogates

Sensitivityand Uniqueness are two key signal properties that are influential for achieving
high success in differentiation tasks. In this context, sensitivity and uniqueness are defined for each
node as surrogates of leak localization performance. These surrogatdsri@ed from the
cumulative distributions of pressure residuals and the percentile thresholds previously established.
These surrogate measures assist in identifying nodes that register pressure residuals that are highly
sensitive and unique & cluster. The sensitivity and uniqueness surrogates are defined as follows:
Sensitivity (S)

In signal processing, sensitivity is typically defined in terms of the sigrabise ratio,
where any signal exceeding the expected noise level is deemed significant. However, the definition
of sensitivity in this paper, within the context of leak lazation, adopts a more stringent criterion.

Here, a node's sensitivity (as a potential sensor location) to a cluster is quantified based on the
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upper percentile residual value of that clusteF®CThis measure indicates the likelihood of the
node experiencing very high residuals (exceeding due to leaks within that cluster. The
sensitivity metric is detailed iBquation5.8.
Y, p8t QY (5.8

forx 1, 02apde, 1, 02, é,
where,"Y; is the sensitivity of nod&lo clusterQand"Q, ¥ is the cumulative frequency for
node"Qwith respect to clustéup to residual valu¥ . "Y; indicates how likely is nod&o
experience higher residuals th#n due to leaks in clusté®
Unigueness (U)

While sensitivity ensures that sensor locations are highly responsive to leaks, uniqueness
ensures that sensors in these locations collectively generate distinct patterns for different leak
scenarios. This distinction enhances the effectiveness of ledizliton methods. The uniqueness
of a node to a cluster is defined by its lack of sensitivity to other clusters. Consequently, it is
measured against all clusters except the one being considered (as dejleation5.9). Ideally,

a node that is highilsensitive to leaks in one cluster and less sensitive (erasponsive) to leaks
in other clusters exhibits unique sensitivity to that specific cluster.

«, B 5.9
Ve DQa (5.9)

y
P
forex 1, 02Q= é1,, 020= &, U020 &,
where 7Y}, is the uniqueness of nodo clusterQ arepresents all clusters except clusteand
"Q, Y is the cumulative frequency for nod@vith respect to all other clustetsip to residual

valueY .Y} indicates how uniquely sensitive is no@ewards leak in clustéfin comparison

to leaks in all other clusterst.
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5.3.6Euclidean Cluster-based Optimal Placement of Senso&COPS)

Theproposed ECOPS approach for sensor placeragwt,tlined in Figure 5,tonsists of
two main parts. The first part starts with dividing the WDS network, comprising N nodes, into K
clusters using kneans clustering based on Euclidean distances for each node. For each cluster,
two datasets are created: one with cluspecifc pressure residuals and another with rddster
pair-specific residuals. These datasets are based on pressure residuals recorded at all N nodes for
leak scenarios of varying matpudes within each cluster. The clussgrecific dataset aggregates
all N pressure residual vectors into one, while the rabaster pairspecific dataset consists of N
individual vectors, each labeled after the current cluster. Using these datasetssphgfic and
nodecluster pair cumulative distributions are constructed. The percentile thres¥ioldady )
are then calculated from the clusggrecific D usingEquatiors 5.5 and5.6. The upper percentile
threshold ¥ ) is applied to each nodsuster pair €D as perEquation5.8 to determine the
sensitivity (Y; ) of each node to the cluster. An additional threshold, as delineategluation
5.10, serves to exclude nodes with lower sensitivity. This threshold, primarily set at 0.50 in
Equation5.10, ensures the inclusion of only those nodes demonstrating high sensitivity to leaks
within a cluster at least half of the time. The secondary threshold value option caters to the
variability seen in clusters that are markedbn-homogeneous (hydraulically), which may not
consistently generate highly sensitive pressure residuals at any of the network nodes. This filtering
mechanism is methodically applied across all clusters, ultimately yielding a collection of nodes
(0 0) characterized by high sensitivity within each respective cluster.

The second part involves a ranking scheme. For each cluster, the uniqueness value of the
filtered nodes in the candidate node setl() is calculated usingquation5.9. The sum of

sensitivity and unigueness for each node is computed, and nodes are ranked based on these sums,
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with the highest sum ranked first. The 4@mked node from each cluster forms the final sensor set

solution.

™h QW T m

W Ao e @i 000

(5.10)

where "YQ is thethresholdfor sensitivity for clustefQ
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5.3.7Postvalidation of Solution using L eak L ocalization

While our ECOPS approach is grounded in established signal processing principles,
verifying its solution's validity is crucial. The effectiveness of the sensor locations identified by
ECOPS is confirmed through two distinct sets of comparative analysdgingleak localization
in a large, realvorld WDS. The initial set comprises two specific submparisons, each serving
a distinct purpose to validate the proposed metrics' efficacy in leak localization. Firstly, we
compare our ECOR8erived sensor solian with one based solely on a coverage metric. This
comparison is designed to demonstrate the enhanced effectiveness of our approach by leveraging
a combined focus on sensitivity and uniqueness metrics, as opposed to the ebaseagmetric's
narrower grspective. The sensor solution based on coverage metric employed in this paper utilizes
a greedy approach that ranks the nodes based on their total coverage calculateduatios

5.11 and5.12; the top ranked nodes (M sensors) are selected to farootreragéased sensor

solution
. ph QB W
°F R £ERI 0 QI O (5.11)
“YE OG%AD Q1 H'QQ 6 (5.12)

where,Y ; is the pressure residual value at n&@kie to a leaky flow of 35 gallons per minute
(gpm) at nodéQ'YQ 1@ m) i 1@ the minimum pressure threshotd; is the binary indicator
for coverage of leak &by node’@nd Y¢ o0&x¥ad Qi iéfkEQotal coverage provided by ndge
with respect to the entire WDS.

The second subomparison within the initial set is against the Maximum Relevance
Minimum Redundancy (MRMR) solution, as proposed ®gntosRuiz et al. (2022) This

comparison is intended to highlight the effectiveness of our approach's direct and more intuitive
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definitions of sensitivity and uniqueness. This contrast is critical, as it illustrates the benefits of
our surrogate formulations over the MRMR's less intuitive surrogate metrics for sensitivity and
uniqueness

In the MRMR approach, sensitivity and uniqueness of sensor nodes are referred to as
relevance and redundancy, respectively, defined using mutual information formulation. Sensitivity
(relevance) is computed with respect to leaky nodes, while uniquenessdaedy) is computed
with respect to other sensors. However, sensitivity based on mutual information can be
confounding since mutual information values are high for both strong positive and negative
correlations. In leak localization, a sensor with a gfno@gative correlation to leaky nodes should
exhibit low sensitivity. Moreover, interpreting the magnitudes of mutual information is
challenging due to its lack of an upper bound. This ambiguity makes it difficult to discern whether
high relevance and lovedundancy of sensor nodes result from a few extreme outliers or average
behavior. Additionally, mutual information is influenced by the marginal distributions of variables,
leading to differing values for pairs of variables with the same joint distribitid different
marginal distributions. This can be noruitive when selecting sensors. The assumption of sensor
uniqueness based on low redundancy (mutual information) values is also problematic. A low
mutual information value does not guarantee inddpeoe between variables, as complex
dependencies not captured by mutual information estimation can yield zero values. Any erroneous
inclusion of sensor nodes in the MRMR approach is costly since the selected sensors significantly
impact future selections.

In contrast, our sensitivity and uniqueness definitions avoid these challenges as they are
directly based on actual pressure residual (leak response) values and their distributions. In our

approach, a high sensitivity value of a sensor with respect tasteclconsistently indicates
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significant pressure residuals at the sensor due to leaks in that cluster. Similarly, a high uniqueness
value of a sensor with respect to a cluster signifies its relatively high responsiveness to leaks within
that specific cluster. The intuitive natureafr surrogate metrics makes them more suitable for
selecting sensors for leak localization.

The final set of comparisons reinforces the effectiveness of the proposed ECOPS approach.
We highlight the relative superiority of the ECOPS solution by comparing its leak localization
capability with that of prexisting pressure sensor placements withnrealworld WDS. This
comparison is also extended to the covefaaged sensors and the MRMR sensors to validate the
findings of the initial set of comparisans
Leak Localization Approach

The leak localization approach used forthe posa | i dati on of ECOPS®&s
adopts the machine learning (ML) modbelsed approach presentedBasnet et al. (2023 heir
study demonstrated high localization accuracies using two deep learning models: the Multilayer
Perceptron (MLP) and the Convolutional Neural Network (CNN), with the CNN consistently
outperforming the MLP. Consequently, our analysis exclusively@mphe CNN model for leak
localization. As pemBasnet et al. (2023%he CNN models' optimal architecture is identified
through a grid search. These models undergo several training iterations (epochs) to ensure their
stability. In this context, leak localization with CNN is approached as a regression problem, using
mean guared error (MSE) as the loss function, Leaky Rectified Linear UrRglLU) (Maas et
al. 2013)as the activation function, and the Adétingma and Ba 20145s the optimizer.

The CNNbased leak localization approach predicts leak values (responses) by regressing
pressure residuals (predictors), which are defined according to Equation 2. The dataset comprises

100,000 unique muHeak scenarios and their associated pressureluadsi obtained via
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simulation, resulting in matrices of shape (100,00024) for pressure residuals and (100,000,

for leak values, wherbl represents the number of sensors, ldrdenotes the leak resolution or

the number of clusters. Each vector within the leak value matrix represents a leak scenario, with
the position and magnitude of a leak value in the vector corresponding to the location and size of
the leaks. Of the two datts, 80% is allocated for training the CNN, while the remaining 20% is
reserved for testing.

To verify the robustness of our results, we compare the leak localization performance of
different sensor solutions across various complexities of leak characteristics. Three conditions are
considered: nmoise, mixeehoise (or noise), and random leaks;reeepresenting different levels
of realworld leak complexity as detailed Basnet et al. (2023 he nenoise condition represents
an ideal, noisdéree environment. The noise condition introduces more complexity by
incorporating model and measurement uncertainfigs. noise condition introduces additional
complexity by incorporating model and measurement uncertainties, with magnitudes reaching up
to 3.4 psi (average = 0.3 psilhe random leak condition, the most challenging, allows leak
locations to vary anywhere within the WDS clusters. Additionally, each of the three conditions
included 20,000 k&k scenarios, with each scenario consisting of multiple simultaneous leaks (up
to three leaks) of varying leak sizes (up to 100 times of the average base demand). The
methodologies for data and leak scenario generation for each case are extensivelyddescrib
Basnet et al. (2023)

Leak Localization Performance Metrics

In this study, leak localization performance is assessed followingetieodology detailed

in Basnet et al. (2023), utilizing precision, recall, anegsEdre Equatiors 5.13i 5.15). Precision

represents the proportion of correctly predicted actual leaks relative to all leak predictions made
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by the model. Recall quantifies the fraction of actual leaks correctly predicted by the model out of
all the leaks present in the dataset. In this study, precision and recall are analyzed at ten different
levels of stringency, represented by thresholdeslé correct model prediction is one that falls

within the threshold (+) of the true leak size
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where, TP = True PositivesEP = False Positives; arfeN = False Negatives.
5.4RESULTS AND DISCUSSION
5.4.1Study Network

In this study, the proposed sensor placement approach is tested using a hydraulic model of
a realworld WDS of a midsize city located in the western region of the United States. This WDS
is a pumpdriven system that serves approximately 80,000 custonidrsatbout 20,000 service
connections. The total base demand of the WDS is 3,500 gpm, with an average demand of 3.5
gpm. The skeletonized hydraulic model of the WDS was developed using previous models updated
with the recent Automated Metering Infrastruet(AMI) information. This hydraulic model
consists of 1,381 junction nodes and 2,015 pipes (Figure 5.2).

While test networks such as Hanoi andlfawn were also analyzed, the results and
discussion in this study focus solely on the +«gafld WDS. Hanoi and {Town are simpler
networks in comparison to the reabrld WDS, and their results are consistent wille t

observations discussed in the latter sections
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Figure 5.2 Study network based on a reebrld Water Distribution System (WDS)

5.4.2Sensor LocationSolution

To facilitate the two distinct sets of comparisons previously discussed, the entire WDS was
divided in two different ways: into nine clusters for the first set of comparisons and into three
clusters for the final set of comparisons (refer to Figures ©®Ha¥). The ECOPS methodology
inherently determines the number of sensor locations based on the number of clusters. Given that
there are three existing sensors in the WDS, dividing the system into three clusters for the final
comparisod between the ECOR&erived sensors and the existing ahegas a logical step. For
the initial set of comparisons, which involved contrasting the ECOPS sensors with both the
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coveragebased and MRMmased sensors, a more granular leak localization challenge was
introduced through the adoption of nine clusters. This-diaster setup, facilitating a nirsensor
configuration for each of the three approaches (ECOPS, MRMR, aridnMia Coverage), was
chosen in anticipation of the WDS utility's capacity to incorporate six additional sensors into the

system in the future
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Figure 5.3 ECOPS sensors for the niokister case.
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Figure 5.4 ECOPS sensors for the threleister case.

Thesensoplacement solutions for the two distinct leak location resolutions were identified
using the ECOPS approach, as detailed in earlier sections. The hydraulic model and cluster
definitions were first used to generate pressure residuals through hydrauliatisinguin
EPANET, where ten leak scenarios were simulated at each node in the WDS with leak sizes
ranging from 7 gpm to 70 gpm in 7 gpm increments. Subsequently, edpsteific CFDs and
nodecluster pair CFDs were calculated as described in the Mesieation. The upper and lower
percentile thresholds were set to the 90th and 60th percentiles, respectively -asd&rabr
showed that the gap between the two percentiles was substantial, effectively separating highly
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sensitive residuals from their less sensitive counterparts while retaining a sufficient number of
viable options (~ 20 nodes per cluster) for subsequent analysis. These CFDs and percentiles were
then leveraged to calculate the sensitivity and uniquendsssrfer each node within the network
(potential sensor locations). Following this, the ranking mechanism of the ECOPS algorithm was
applied to identify the final pressure sensor placements by selecting the ‘nagikest sensor
location from each clustéas illustrated in Figures 5.3 and 5.4).

One of the notable observations, as illustrated in Figure 5.3, regarding the sensor locations
identified by ECOPS is their spatial diversity. Unlike other approaches that impose geographic
constraints, this spatial diversity is not an explicit requiremeétiin the ECOPS framework. In
ECOPS, potential sensor locations for each cluster may include nodes both inside and outside the
cluster boundaries; for instance, sensor locations for clusters 5, 6, and 7 (nodes J 1302, J 005 _,
and J16780, respectively) aituated beyond their respective cluster boundary. Nevertheless, the
intrinsic requirement for clustapecific sensitivity and uniqueness in selecting sensor nodes
naturally induces a spatial variety
5.4.3Postvalidation Comparison Set 1
ECOPS vs Coverage

The first of two subcomparisons within the initial set aims to showcase the superior
effectiveness in leak localization achieved by integrating uniqueness with sensitivity. This
comparison assesses the performance of EG@#hified sensors against thoselected for
maximum coverage. A key difference between these two ssetgras visually demonstrated in
Figure 5.5, is their spatial distribution. The maximum coverage sensors are clustered in a specific

area of the WDS, displaying a lack of spatialedsity. Although spatial diversity does not
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inherently ensure signal distinctiveness, the absence of such diversity often suggests redundancy

in the pressure data collected
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Figure 5.5 Sensor location comparison for the ntilaster case.

This comparison delves into the qualitative differences in pressure data provided by the
two sensor sets under three varying leak conditionsiane, noise, and random. The pressure
data feeds into a CNN model (details in Table 5.1) for leak localizalibe performance
comparison spans ten thresholds, ranging from 1 to 10, corresponding to leak flow rates from 7 to
70 gpm. However, the focus of our discussion, consistent across this and other comparisons in the
study, centers on a threshold of 5, intiica of a significant leak flow of 35 gpm (10% of the
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maximum leak size of 350 gpm). Figures 5.6(a) and 5.6(b) illustrate the precision and recall metrics
at this threshold for both sensor sets (bars with angled hatches represent ECOPS performance and
the bars with circular hatches represent Coverage pemicehavith complete model performance
detailed in Tables 5i5%.4. Under ideal nmoise conditions, ECOPS sensors nearly achieve perfect

leak localization (recall = 99.67%) without any false positives (precision = 100%). In contrast, the
maximum coverage Bsors manage to localize only 72% of leaks (i.e., recall = 72%), while
yielding an approximate false positives of 18% (precision = 82%).

The differences in performance under noise and random conditions further underscore the
advantages of ECOPS sensors. They maintain a leak localization rate of 55% or higher with
relatively low false positives in both scenarios. Conversely, the maximunrageveensors
perform poorly under these complex conditions, with a low localization rate (<30%) and a drastic
increase in false positives (>80%), as evidenced by their reduced precision (<20%). This
superiority of ECOPS sensors over maximum coverage sehshuls for all thresholds

mms ECOPS s MRMR m=m COVERAGE

a) Precision b) Recall

100.00

99.67

Percent
Percent

0 4
No Noise Noise Random No Noise Naise Random

Figure 5.6. Localization performance of sensors (ECOPS vs MRMR vs Maximum Coverage) for the

nine-cluster case: (a) Precision; (b) Recall
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Table 5.1 Machine learning model details

Model Architecture | Hidden | Convolution | Activation | Learning Optimizer
Layers | Layers Functions | Rate
CNN 1 Nine| 9-256256- 2 2 L-ReLU 0.05 Adam
clusters 5005009
CNN 71 Three| 3-128128 2 2 L-RelLU 0.05 Adam
clusters 3003003
Table 5.2 Accuracies for the naoise condition for the nireluster case
Threshold ECOPS MRMR Coverage
P R F1 P R F1 R F1
1.0 995 | 971 | 983 | 274 | 27.2 | 27.3 | 329 | 324 | 32.7
2.0 99.9 | 99.1| 995 | 504 | 449 | 475 | 575 51.4 | 54.2
3.0 100.0 [ 99.5| 99.7 | 63.1 | 55.4 | 59.0 | 70.6 | 61.4 | 65.7
4.0 1000 996 [ 99.8 | 705 ]| 621 | 66.1 | 78.1| 679 | 72.6
5.0 100.0 | 99.7 | 99.8 | 754 | 669 | 709 | 828 | 725 | 77.3
6.0 100.0( 99.7 | 99.8 | 78.7 | 70.2 | 742 | 859 | 76.1 | 80.7
7.0 100.0 | 99.7 | 999 | 81.2 | 728 | 76.8 | 88.1 | 78.8 | 83.2
8.0 100.0 [ 99.7 | 99.8 | 83.2 | 75.0 | 789 | 89.7 | 80.8 | 85.0
9.0 100.0 [ 99.7 | 99.8 | 849 | 769 | 80.7 | 90.9 | 824 | 86.4
10.0 100.0 [ 99.8 | 999 | 86.3 | 784 | 82.2 | 91.8 | 83.8 | 87.6

P = PrecisionR=Recall; F1 = Fiscore
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Table 5.3 Accuracies for the noise condition for the nitlaster case

Threshold ECOPS MRMR Coverage

P R F1 P R F1 P R F1
1.0 194 | 193 194 | 52 | 80 | 63 | 35 | 6.4 | 45
2.0 419 | 344 | 37.7| 115| 145 128 | 7.0 | 105 84
3.0 56.2 | 45.0| 50.0| 17.6 | 20.1 | 18.8 | 10.5 | 13.8 | 11.9
4.0 64.8 | 52.0 | 57.7 | 23.2 | 24.7 | 239 | 145 17.0 | 15.6
5.0 70.6 | 57.3 | 63.3| 28.0 | 283 28.1 | 185 19.8 | 19.1
6.0 746 | 61.5| 674 | 326 | 31.5| 32.0 | 22.7 | 224 | 22.6
7.0 77.8 | 649 | 70.8 | 365 34.0( 352 26.6 | 245 25.5
8.0 80.3 | 679 | 735| 40.1 | 36.1 | 38.0( 304 | 26.2 | 28.2
9.0 823 | 70.1 | 75.7 | 43.8 | 38.2 | 40.8 | 34.4 | 28.0 | 30.9
10.0 839 | 721 | 775 | 47.3 | 40.0 | 43.3 | 38.2 | 29.7 | 334

Table 5.4 Accuracies for the random condition for the nalester case

P = Precision; R=Recall; F1 = Istore

Threshold ECOPS MRMR Coverage

P R F1 P R F1 P R F1
1.0 174 | 184 | 179 | 7.6 10.1 | 8.7 4.5 7.3 5.6
2.0 376 | 31.9| 345| 170 180 175 10.3 | 13.0( 115
3.0 52.0 | 422 | 46.6 | 25.7 | 246 | 25.1 | 16,5 18.0 | 17.2
4.0 61.1 | 493 | 545 | 331 30.0( 315 225 224 | 22.4
5.0 674 | 55.0| 60.6 | 395 345 36.8 | 27.8 | 26.0 | 26.9
6.0 72.1 | 59.6 | 65.3 | 448 | 38.2 | 41.2 | 32.8 | 29.3 | 30.9
7.0 75.6 | 63.2 | 68.8| 494 | 415 451 374 | 322 | 34.6
8.0 784 | 66.3 | 71.9 | 53.3 | 44.1 | 48.2 | 415 34.6 | 37.7
9.0 804 | 68.7| 741 | 56.8 | 46.5 | 51.2 | 45.2 | 36.9 | 40.6
10.0 82.2 | 70.8| 76.1 | 60.0 | 49.0 | 53.9 | 489 | 389 | 43.3

P = Precision; R=Recall; F1 = Istore
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ECOPS vs MRMR

The second subomparison within the initial set is intended to highlight the superiority of
our simpler and more intuitive surrogate definitions of sensitivity and uniqueness over the complex
surrogates that yield nentuitive values used in the MRMR aach bySantosRuiz et al.
(2022) This comparison is pivotal as it underscores the importance of clarity between the surrogate
values and the leak localization inputs and accuracies.

For this comparison, we employed the MRMR approach as outlingdritosRuiz et al.
(2022) to the best of our understanding using the standard MRMR library function available
through the Statistics and Machine Learning toolbox in MATLAB. The sensor locations
determined via the MRMR method adepicted in Figure 5.5Although the MRMR strategy
results in a greater spatial variation of sensor placements compared to the maximum coverage
approach, it falls short of achieving the spatial distinctiveness observed with ECOPS sensors;
notably, four of the nine MRMR sensanisister in the central right@a of the WDS

Similar to the previous comparison, we evaluated the leak localization accuracies using
both ECOPS and MRMR sensors to assess the quality of pressure data provided by each set. At a
leak threshold of 5 (35 gpm), the MRMR sensors located about 67% ofvihksearly 25%
false positives (precision = 75%) in the ideatmmse scenario (as shown in Figures 5.6a and
5.6b). This performance is on par with the maximum coverage sensors but is significanthy lower
by approximately 30% than that achieved with the(®PS sensors. In more challenging
conditions, characterized by noise and randomness, the MRMR sensors' effectiveness further
diminishes, locating less than 40% of leaks (recall) while incurring a high false positive rate (over
70%, with precision below 30p4The stark differences in accurécyanging from 20% to 41%

between the MRMR and ECOPS sensors underscore the superior performance of the latter
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affirming the effectiveness of the surrogate definitions proposed in our study. The complete results
for all ten thresholds are detailed in Tablesi 5.2 and are consistent in highlighting the
effectiveness of the ECOPS sensors
5.4.4Postvalidation Comparison Set 2
ECOPS vs Existing Pressure Sensors

The final comparison aims to further solidify the effectiveness of the EQ@R&d
sensors by contrasting them with the existing sensors in thevoglal WDS under investigation.
The locations of these three gristing sensors are illustrated in Figs.7. It's crucial to note
that these sensors were strategically placed for leak characterization purposes by the utility,
following an analysis by the sensor manufacturer. This contrasts with the common practice in other
WDSs where pressure sensors arpichlly installed to monitor system pressure balance.
Therefore, this comparison is particularly valuable in elucidating the ECOPS approach's
effectiveness. Additionally, the comparison extends to the coverage and MRMR sensors (sensor
locations shown in igure 5.7) for completeness and to validate the findings of the previous

comparisons
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Figure 5.7 Sensor location comparison for the thohester case

The leak localization performance results (at threshold = 5), as summarized in Table 5.5,
indicate that the coverage sensors and the MRMR sensors cannot achieve the localization accuracy
of the existing sensors. Their performance, especially in complestiecaoise and random leak
cases, is notably lower (£QL7% lower Fiscore) compared to the existing sensors. In contrast,

the ECOPS sensors achieve much higher accuracies compared to the existing sensors
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Table 5.5 Comparison of accuracies for the four sensor sets for thedhrgter case

Sensors No-noise Noise Random

P R F1 P R F1 P R F1
ECOPS 100.0| 999 | 999 | 984 | 853 | 914 | 921 | 72.8 | 81.3
Existing 100.0] 999 | 999 | 96.0 | 65.2 | 77.7 | 88.6 | 60.8 | 72.2
MaximumCoverage| 100.0| 99.7 | 99.8 | 78.0 [ 549 | 644 | 81.1 | 504 | 62.1
MRMR 100.0| 995 | 99.7 | 734 | 519 | 60.8 | 79.7 | 51.5 | 62.6

P = Precision; R=Recall; F1 = Istore

A focused comparison between ECOPS and the existing sensors depletpdens.8(a)
and 5.8(b), reveals that the existing sensors perform comparably to the ECOPS sensors in the
simpler, nenoise scenario; both sets of sensors nearly achieve perfect leak localization (recall ~
100%) without generating any false positives ¢mien = 100%). In the more challenging noise
and random conditions, both sensor sets yield low false positives (< 15%), as reflected by high
precision scores (> 88%), with ECOPS sensors having a slight advantage (2 to 4% higher
precision). The disparitydzeomes more pronounced in terms of recall, where ECOPS sensors
identify 20% and 12% more leaks in the noise and random conditions, respectively. The relatively
high accuracies for these complex conditions compared to earlier comparisons can also be
attribued to the simplified problem scope (lower leak resolution). Nonetheless, this comparison
underscores the effectiveness of ECOPS sensors in deliveringjuagity pressure data for
accurate leak localization. The comprehensive results across all temottiseare compiled in

Tables 5.6 and 5.7
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Figure 5.8 Localization performance of sensors (Existing vs ECOPS3h#&threecluster case: (a)

Table 5.6 Accuracies for the ECOPS sensors for the tolaster case

Precision; (b) Recall.

Threshold No-noise Noise Random

P R F1 P R F1 P R F1
1.0 100.0 [ 99.9 | 100.0| 759 | 33.3 | 46.3 | 76.2 | 429 | 54.9
2.0 100.0 [ 99.9 | 100.0| 91.9 | 57.6 | 70.8 | 84.8 | 54.0 | 66.0
3.0 100.0 [ 99.9 | 100.0| 95.8 | 70.9 | 815 88.8 | 61.8 | 72.9
4.0 100.0 [ 99.9 | 100.0( 976 | 79.6 | 87.7 ] 90.8 | 68.1 | 77.8
5.0 100.0 [ 99.9 [ 100.0( 98.4 | 85.3 | 914 | 92.1| 72.8 | 81.3
6.0 100.0 | 100.0( 100.0f 989 | 89.2 | 93.8 | 929 | 76.5| 83.9
7.0 100.0 | 100.0( 100.0f 99.1 | 91.7 | 95.3 | 93.6 | 79.4 | 85.9
8.0 100.0 | 100.0| 100.0| 99.3 | 93.6 | 96.3 | 94.2 | 81.9 | 87.6
9.0 100.0 | 100.0| 100.0| 99.4 | 94.8 | 97.1 | 945 | 83.7 | 88.8
10.0 100.0 | 100.0| 100.0| 99.6 | 95.6 | 97.6 | 94.9 | 85.4 | 89.9

P = Precision; R=Recall; F1 = Istore
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Table 5.7 Accuracies for the existing sensors for the tholester case

Threshold No-noise Noise Random

P R F1 P R F1 P R F1
1.0 100.0 [ 99.9 | 999 | 66.9 | 199 | 30.7 | 495 | 241 | 324
2.0 100.0 [ 99.9 | 999 | 80.0 | 285 | 42.0 | 53.2 | 26.0 | 34.9
3.0 100.0 [ 99.9 | 999 | 82.7 | 31.3 | 454 | 759 | 418 | 53.9
4.0 100.0 [ 99.9 | 999 | 93.1 | 51.8 | 66.6 | 845 | 52.8 | 65.0
5.0 100.0 [ 99.9 | 999 | 96.0 | 65.2 | 77.7 | 88.6 | 60.8 | 72.2
6.0 1000 999 999 | 973 | 746 | 845 ] 908 | 67.0| 77.1
7.0 100.0 [ 99.9 | 100.0( 98.0 | 81.0| 88.7 | 92.2 | 72.0 | 80.8
8.0 100.0 [ 99.9 | 100.0( 98.4 | 85.6 | 91.6 | 93.0| 75.8 | 83.5
9.0 100.0 [ 99.9 [ 100.0( 98.8 | 88.6 | 93.4 | 93.6 | 78.9 | 85.6
10.0 100.0 | 100.0| 100.0( 99.0 [ 90.8 | 94.7 | 94.1 | 81.5| 87.4

P = Precision; R=Recall; F1 = Istore

5.5SUMMARY AND CONCLUSIONS

In this study, ECOPS, dusterbased approach that utilizes leak localization surrogates is
proposed for identifying the optimal locations for pressure sensors in WDSs. This approach
enhances the localization performance of mdidesled leak localization methods. We formulated

the two desirable properties of input sigmalsensitivity and uniquene$sas surrogates, using

simple definitions that intuitively connect to the leak localization performance. These surrogates
when used in conjunction with the clusters (leak resolution)dgtklspatially diverse and
hydraulically optimal pressure sensors locations, as demonstrated by our results, without the need
for any additional geographic or hydraulic constraints.

Our results validate the effectiveness of the proposed sensitivity and uniqueness surrogates
over existing metrics. The validation, conducted through a comparative leak localization analysis
within a large, realvorld WDS, shows that integrating uniquenesth sensitivity is crucial for

identifying optimal sensor locations compared to metrics that only focus creledééd coverage.
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While a singular focus, using coverage only, might benefit simpler, unidimensional problems such
as leak detection, it is suboptimal for addressing the complex issue of leak localization, which may
encompass a diverse set of possible scenarios. Moreavdmaings indicate that the proposed
simpler surrogate definitions are more desirable than existing complex formulations, due to their
clarity and direct relevance to leak localization performance. Complex definitions, though logical
and derived from da@plines such as information theory, can be confusing and, therefore, less
effective. These observations and the conclusions drawn are robust, as the results were consistent
across three different complexity levels of leak characteristics, with locatizatiouracies
assessed over several thresholds.

This study also highlights the potential for ECOPS for real system application. The leak
localization results demonstrated that sensors identified by ECOPS outperform existing pressure
sensors in an expansive reabrld WDS, which were installed at stratedocations for leak
characterization. These results provide tangible proof and reinforce the potential of ECOPS for
optimal pressure sensor placement in leak localization applicatiawgever, it is important to
note that the other sensor €egarticulaly the existing sensors in the study netwibrkere not
tuned to the clustdrased localization approach, which may have placed them at a slight
disadvantage compared to the ECOPS solution

Three key opportunities for further extending this study remain open. First, the current
ECOPS approach limits the number of sensor locations to the number of clusters. An improvement
could involve allowing flexibility in the number of sensor locationddel, the definition of leak
resolution, i.e., the clusters, is integral to ECOPS. In its current form, these clusters are based on
Euclidean distances calculated based on the geographic locations, which may lack hydraulic

homogeneity, posing challengesr fteak localization. Introducing a degree of hydraulic
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homogeneity into the clusters could further enhance leak localization performance. Finally, testing
ECOPS with other realborld WDSs could provide further confidence and strengthen its

applicability to real systems.
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CHAPTER

SIX

HYBRID GA -DNN INTEGRATED SENSOR
PLACEMENT APPROACH FOR LEAK LOCALIZATION IN WATER

DISTRIBUTION SYSTEMS 3

6.1 ABSTRACT

The spatial placement of sparsely available sensors in diatabution systems (WDSSs)
plays a critical role in determining the quality of leak information and, consequently, the
effectiveness of computational leak localization methods reliant on these sensor data. Integrated
sensor placement approaches that dirdimk sensor locations to leak localization performance
provide a reliable means to identify optimal sensor placements. Among these, optinbbaagdn
approaches that incorporate deep neural networks (CNK®)wn for their high localization
accuracy are particularly promising. However, the computational infeasibility of developing
individual DNNs for each of the vast number of possible sensor configurations has hindered such
integration.

This study proposes a novel solution: a single general model (SGM) that utilizes dynamic
input masking to replace the need for sersgmcific DNNs. The SGM, integrated into an

optimizationbased framework, forms the core of tiyrid integrated sensor placement approach

3 This subchapter will be submitted to tllwurnal of Water Resources Planning and Manageamehfollows a
paper format.
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presented in this work. The framework is validated on both a swal standard test network
and a large, reakorld WDS. Results demonstrate that the SGM effectively approximates the
performance of sens@pecific DNNs and, when incorporated into theiraation framework,
identifies sensor locations that achieve high leak localization accuracy.

6.2INTRODUCTION

Sensor locations within water distribution systems (WDSs) are critical in determining the
quality of leak information collected. Due to thgarsityof sensors in WDSs, optimal placement
is essential for achieving high leak localization accuracy when using computational localization
methods. Sensor placement strategies fall into two main categories: those independent of leak
localization methods andhdse integrated with them. Approaches that do not rely on specific
localization methods are computationally efficient and suitable for-Eogle WDSs. However,
they lack a direct connection to actual localization performance. While these methods use
surmgate metrics that logically correlate sensor placement with localization ac¢Mraat al.,

2018 SantosRuiz et al., 2022L6pez & Alfonso, 2022Basnet et al., 2024, under revigwhe
absence of a measurable foundation makes it challenging to assess the true optimality of these
sensor solutions for led&calization.

In contrast, integrated approaches incorporate leak localization models directly into the
sensor placement process, enabling a more rigorous evaluation of placement optimality based on
localization accuracy. These approaches involve two key componentseriBer placement
strategy and the leak localization model. Given the vast number of potential sensor configurations
in large WDSs, optimizatiocbased search methods are more practical than exhaustive or heuristic
search mechanisms, which often have pritikdd computational costs. Optimizatidrased

placement strategies can integrate various localization models. While statisticaldmsugisas
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projectiorbased or linear programming modelsave been used in this conté&iasillas et al.,
2013 Casillas et al., 2013Blesa et al., 2006 machine learning (ML) models, particularly deep
neural networks (DNNSs), have rarely baetegrated This is despite DNNs demonstrating high
accuracy across numerous applications, including leak localization in {HSset al. 2021)
making them a desirable candidate for integration into optimiza@sed sensor placement

However, integrating DNNs into sensor placemepbses significant computational
challenge This challengeprimarily stemsrom the needo develop and evaluate a uniqgue DNN
model(dedicated modefpr each possible sensor configuratioresulting in an extensive number
of models given the vastumberof potential sensocombinations This process is resource
intensive and impractical at scale. A feasible solution to reduce this computational load is to
employ a single, representative DNN model. However, creating a DNN that can effectively adapt
to different sensor configurations pretea significant challenge, as DNNs are typically designed
to work with fixed input shapes

To overcome this limitation, we introduce a single general model (SGM) that leverages a
dynamic input masking approach to handle variable sensor configurations. By dynamically
adjusting active sensors for each configuration, the SGM approximates looaliaatiuracy
across all potential sensor placements. This approach requires only a single round of training and
testing, enabling the model to generalize effectively to any sensor arrangement without
necessitating dedicated models for each combination

Our dynamic input masking approach improves on traditional masking tech(@hest
al., 2014 Sutskever et al., 201€heng et al., 2016Wwhich assume a fixed subset of inactive
features. In the context of sensor placement, where active and inactive nodes in a sensor

combination constantlyary, traditional maskindalls short Dynamic masking resolves this by
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establishing a fixed input layer that includes all potential sensor raodeselectively masking
preserving data for active nodes and imputatafor inactive ones

Training the SGM on a range of masked inputs allows it to generalize across
configurations, eliminating the need for multiple models and enhancing computational efficiency
without compromising accurac@nce trained, the SGM is integrated into the optimizaltiased
sensor placement framework as the objective function, with localization accuracy serving as the
objective value. Tis hybrid optimization framework employs a genetic algorithm (h&ked
search to identify the optimal sensor placement for the&SWD

The key novelty of this study lies in the development and integration of a single general
DNN-based modél the SGM into an optimizatiorbased sensor placement approach,
complemented by a dynamic masking technique that adapts to variable sensor confgyUia¢ion
generalizability of the SGM is validated through localization tests on a standard test network. The
complete SGMntegrated optimization framework is applied to a #eatld WDS, and its
performance is evaluated by comparing the localization agcofidts final sensor solution against
two existing methodd€ECOPS byBasnet et al. (2024, under revieand Maximum Relevance
Minimum Redundancy (MRMR) bypantosRuiz et al. (2022)
6.3METHODS
6.3.1Sensor PlacemenProblem

The degree dkaklocalization accuracy that can be achieved with any localization models
is determinedy the quality of leak residuals recorded by the sensdrih is directlyinfluenced
by their spatial locatios Consequentlythe primary objective of theensor placement problam
to selectoptimal sensorlocationsthat maximize théocalizationperformance of leak localization

models. This taskis framedas a node selection problemvhere network nodesserve ashe
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potentiallocations for sensgrlacementSolving this problem involves selecting an optimal subset
of nodes from all possible candidates to maximize localization performance. While an exhaustive
search could theoretically identify the best placement, it is computationally impractical for all but
the smallest network3 herefore, the sensor placement problem is restructured as an optimization
problem, allowing it to be addressed with efficient search algorithms tailored for such tasks
6.3.2SGM Integrated Optimization-based Sensor Placement Approach

The localizatioAntegrated sensor placement approach in this study is formulated as an
optimization problem (Equation 6.1). The objective is to maximize leak localization performance,
represented bYO& , based on the selected sensor configuration, denoted by the decision variable
Q. Configurationt consists of sensors chosen from the search Sgaugludes all possible sensor
locations in the WDS, represented by integ&achelement in® specifies a unique sensor
location, ensuring that each sensor position is assigned to a distinct node

maximize’O®
subject tagds Q (6.1)
OPYEs Qo ®,)0Q Q

where,”O® = leak localization accuracy feensor configuratioty w= @ fw B o is the set
of sensor locations chosen from the'¥etds  "Qensures exactfRunique sensors it

In this study, we adopt a DNbased leak localization approach as the localization method
for integration. Consequently, the objective function vali@ for a givensensor configuration
& corresponds to the localization accuracy of a DNN specifically tailored to that configuration
Given the impracticality of generating a unique DNN for each possible configuration, this study
introduces a single general model (SGM) capable of representing the performance of individual

sensorspecific DNNs. Once trained, the SGM serves as the olgeftinction’O8, the Fiscore
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of each sensor configuration measured on a validation set of leak scenarios, calculated using
Equatiors 6.3 6.5, serving as the objective function valhen optimized, this SGNhtegrated
framework yields the optimal sensor configuration that maximizes leak localization accuracy (F1
score)

The detailed implementation of the complete S@®kégrated optimizatioiased sensor
placement approach, including the pealidation step is illustrated in Figure 6.1. The three key
phased single general model (SGM) development, optimization searchpaskvalidation of

optimal sensor solutidgnhare discussed in detail in the following sections
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Figure 6.1 Integrated Sensor Placement Approach.
Single General Model (SGM) Developmemsing Dynamic Input Masking
The initial phase of ountegratedsensomplacement methodology focuses on developing a
Single General Model (SGM), a Convolutional Neural Network (Glid§ed model, designed to
accurately represent the performance and characteristics of individual; spesific models. The
choice of a CNN forthe SGM is supported by findings froBasnet et al. (2023)which

demonstrate that CNNs exhibit superior learning capabilities over other DNN models, such as
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Multilayer Perceptrons (MLPs), offering robust performance across varied leak scenarios and
input conditions

Developing the SGMhowever necessitates addressing the challenge of creating a fixed
shaped input layer required by CNNs (or any DNN models) while accommodating variable input
configurations across different sensor combinations. To achieve this, we employ dynamic
masking

Initially, residualdata specific to each leak scendrieither pressure or flow, depending
on the sensor tydeis recorded at all potential sensor locations. These scenarios, generated as
described irBasnet et al. (2023)eflect realistideak complexities, including varying leak sizes,
multiple simultaneous leaks, and unrestricted leak locations within the Water Distribution System
(WDS). The leaksin these scenarioare modeled as emitterEquation6.2) with the emitter
coefficient values representing the leak sidee residual datgenerated by simulating these leak
scenariosare then divided into training and validation sets for SGM training, and during each
training iteration époch, both sets undergo dynamic megk with input data provided to a pre
defined, fixedshaped input layer in batches of consistent size.

n on (6.2)

where 1] = flow rate,n = pressure) = emittercoefficient and’ (=0.5) = pressure exponent

To adapt the fixethputlayer to different sensor configurations, we define it to encompass
all possible sensor locationsach batch is masked to represent a specific, randomly selected
sensor combination: residuals from included nodes are retained, while those from excluded nodes
are imputed(replaced with zero values)h subsequent batches, a new sensor combination is
chosen, repeating the masking process across training epochs. Over a substantial number of epochs

and diverse leak scenarios, the SGM is exposed to a reptasevaiety of sensor configurations.
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The trained SGM is then integrated into the optimizabased sensor placement approtzh
identify the optimal sensor locatians
Optimization Search Algorithm

The second phasetegrates the trained SGM to the optimization framework and conducts
the search for the optimal sensor configuration. While multiple types of algorithms are available
to solve optimization problems, the use of a DNN as the objective function in thisttadaces
nondifferentiability, therefore, precludes any gradibased algorithmsAmong the various
gradientfree search algorithms, Genetic Algorithrrbased searctvas selected for this study.
Genetic algorithms (GAs) arevell-suited to handle the complexity, ndmearity, and non
analytical objective of our sensor placement prodlemmely, the localization accuracy of a
trained SGM. The GA's ability to navigate discrete, combinatorial search spaces makes it
preferable over traditial optimization methods, which often fail under these conditions.
Furthermore, the populatidmased nature of the GA supports a balanced approach between
exploration (searching new areas of the solution space) and exploitation (refining promising
solution3 (Goldberg and Holland 1988)
6.3.3Validation of the Integrated SensorPlacement Approach

To establish the reliability of the final sensor solution from the S@iegrated,
optimizationbased sensor placement approach, its accuracy and effectiveness must be.validated
The validation process consists of two steps. First, the SGM's ability to replicate the leak
localization performance of sensgpecific models is evaluated. Second, the optimality of the final
sensor solution produced by the integrated sensor placamemtach SGM coupled with GA
based optimizatioh is assessed. Both steps invok@mparing leak localization performance

across a comprehensive set of unique leak scenarios with complex characteristics
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As describedn Basnet et al. (2023the leak localization models map input residuals
(pressure or flow) to corresponding leak scenarios, predicting both the location and size of leaks.
Localization performance sssesselly comparing model predictions (location and size) with the
actual values in the leak scenarioseTHFLScore metric, the geometric mean of precision and
recall (Equatiors 6.36.5), is used to assess localization accuracy. Precision measures the
proportion of true leaks among all leaks predicted by the model, while mpeatitifies the
proportion of actual leaks correctly identified by the model among all true leaks. In thisFstudy,
Scoresare analyzed ataryinglevels of stringencydefinedby distinctthreshold valuesxpressed
in the same unit as the leak size, i.e., unit of the emitter coeffiéigrediction is deemed correct

if it falls within this threshold range (4/of the actual leak size
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where, TP = True PositivesEFP = False Positives; arfeN = False Negatives.
TestingS G M &eneralizability ofSensorrelated Localization

The accuracy of the SGM in representing the localization performance of-spesdic,
dedicated DNNs across all possible sensor configurations is crucial for its application in the
integrated sensor placement approach. To evaluate the generalizabigys&G M, it is decoupled
from the optimization algorithm and subjected to an exhaustive analysis of all potential sensor
configurations. This exhaustive analysis is feasible only for smaller WDSs, as larger networks with
numerous nodes result in an expotial increase in possible sensor combinations. For this study,

the Hanoi networ@ a standard test network with a manageable size of 31 nodes (Figure 6.2)
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was selected, enabling comprehensive analysis of all possible sensor configurations using the

SGM.
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Figure 6.2 Hanoi network.

A pressuresensoffocused SGM, trained opressure residuals, was developed for the
Hanoi network as detailed in the previous section. This trained SGM was applied to a series of
leak scenarios (test data) to evaluate the leak localization performarseofE) of each possible
sensor configuratn individually. Sensor combinations were then ranked in descending order
based on their F&cores, with the highegerforming configuration assigned the top rank

To validate the rankings and fstores derived from the SGM, spot evaluations were
conducted. Sensor combinations from key ranking positions (top, middle, and bottom) were
selected, and dedicated senspecific leak localization models were developed éach

configuration. These individual models were tested on the same leak scenarios as the SGM, and
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their Ftscores were calculated. A new ranking was generated based orsitar €4 of the sensor
specific models, which was then compared to the Sfabktd ranking. If the rankingdign and
the Flscores are approximatgbyoportional, the validity of the SGM is confirmed
Application and Postvalidation of the Integrated Approach

With the SGM6s wvalidity established, t he
accuracy of the complete sensor placement approach, specifically theinBsgkated
optimization framework. For this evaluation, we applied the framework to-avozld WDS from
a midsized city in the western United States, previously studieBdsnet et al. (2024, under
review) This pumpdriven system has an average demand of 3.5 gallons per minute (gpm) and

features a hydraulic network comprising 1,381 junction nodes and Riffd$ (Figure 6.3)

—— Pipes
Junctions
Tanks
Reservoirs

+ Pumps

+ \alves

Figure 6.3 Reatworld WDS.
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The first stage of this evaluation focused assessing the functional accuracy of the
optimization algorithm. We analyzed the progression of the objective function values, solution
convergencand robustnes&nd solution quality across iterations (generations). Specifically, the
average and maximum fitness values at each generation were examined to confirm whether the
GA was effectively improving solutions over time. Similar to the SGM validation usingaheiH
network, spot checks were performed by selecting top solutions from different geneiations
these selected solutions, dedicated localization models were developed, and their leak localization
performance (Fkcore) was computed. If these-§dores demonstrated consistent improvements
in sensor solutions across successive generations, lid woafirm the functional accuracy of the
SGMintegrated optimization framewark
While this analysis establishes the functional reliability of the integrated appilibaldes not
addressthe effectivenessof our approactrelative to existing sensor placemanethods To
benchmark the integrated approach, we compared its final (optimal) sensor solution against two
established, nomtegrated pressure sensor placement methods. The first benchmark was the
ECOPS method byasnet et al. (2024, under revievgnd the second was thdaximum
Relevance Minimum Redundancy (MRMR) method byantosRuiz et al. (2022) These
benchmarks providka basis for assessing the effectiveness of our integrated approach- Sensor
specific localization models were developed for the final sensor solution from our integrated
approach, as well as for the ECOPS and MRMR solutions. The leak localization pede¢Rian

Score)of the three solutions was then compared on a test set of leak scenarios
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6.3.4Software and Tools
The following software and tools were used in this study:
1 EPANET Simulator 2.0 versioil Hydraulic simulations are performed using
EPANET simulator.
1 Matlab 2019b versiori Pressure residuals for leak scenarios are gestebat
running the EPANET simulator in Matlab.
1 Python version 3.9 Model training, testing, and validation is done in Python.
1 Tensorflow version 2.1.6Machine learning models are built using the Tensorflow
package.
1 PyGAD version 3.3.1 Optimizationproblem is solved using the PyGAD package.
6.4RESULTS AND DISCUSSION
6.4.1T e st o fGere@lidabitity

As described in the methods, the accuracy of the SGM in replicating the leak localization
performance of sensapecific dedicated DNNs across various sensor configurations was
evaluated through an exhaustive analysis of the Hanoi network. The analyssedoon
identifying the optimal founode sensor combination from a total of 31,465 possible
configurations, calculated &%31,4).

During SGM training, as previously outlined, random sensor combinations were selected
from the entire set, determining the nodes for which masking would be applied to each batch of
pressure residual data. For the selected sensor combination in a batclo, the e spondi ng n
pressure residuals were left unmasked, while all other nodes were masked by imputing their values
with 0. In each training iteration (epoch), batches of size 32 were randomly drawn from a training

dataset of 100,000 unique pressurgdeals, each corresponding to a distinct leak scenario. This
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approach exposed the SGM to approximately 3,125 unique sensor combinations per epoch. The
training process spanned 1,000 epochs, ensuring that each possible sensor combination was
encountered multiple times during training

After training, the SGM was tested on a dataset of 20,000 distinct leak scenarios to evaluate
its localization accuracy for each femode sensor combination. Similar to the training dataset, the
test scenarios involved up to three simultaneous leaksrouguandomly within the WDS, with
leak sizes ranging up to an emitter coefficient of @équivalent to100 gpm, or12.3% of the
s y s t &0hyprs average demand

Unlike during training, testing involved applying each sensor combination across all
20,000 leak scenarios. Pressure residuals were masked based on the nodes in the sensor
combination, and the resulting data were processed through the SGM to predmtd¢iaks and
sizes. Fiscores were calculated for each combination to quantify its -B@&ddd localization
performance. This exhaustive testing produced a complete performance ranking of all possible
sensor combinations, ordered by descendingsdete. Tal# 6.1 summarizes the results,

highlighting key portions of the ranking, including the top and bottom sensor combinations
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Table 6.1 SGM-based ranking of sensors for Hanoi network

Actual SGM Rank* Sensor Combination F1-Score SGM Rank**
1 [17, 21, 27, 31] 49.8 1

2 [17, 21,27, 3D 48.8 2

é é é

819 [5, 14, 18, 21] 43.1 3

é é é

15921 [3, 4,10, 20 36.6 4

é é é

31465 [7, 10, 13, 29 28.4 5

* Rank based on the exhaustive list; ** Rank based on the selected subset

To enable further analysis, five representative setmobinations were selected from the
rankings: those ranked 1, 2, 819, 15,921, and 31,465. This strategic selection allowed for a
comparative evaluation across sensor combinations with both similar and differing localization
accuracies. The top two combimmais, closely ranked, exhibited high -B&ores, while the
remaining three, situated in progressively lower ranking quartiles, displayed more distinct
differences in Fiscores. For each of these combinations, dedicated CNN models were developed
with input layers configured specifically for the nodes in the selected sensor combination. These
sensoispecific models were trained and tested on the same datasets used for evaluating the SGM.
The performance (F&cores) at five different thresholds is summarizetahble 6.2.

The Flscores, compared at a threshold of 0.2, facilitatedrameng of these five sensor
combinations (Table 6.2), which aligned with the S®&&ed rankings. Furthermore, the- F1
scores of the dedicated CNN models were reasonably proportional to thiose&SGM across the

different sensor combinations. This consistency between the SGM and thesgerwioc CNN

136



models reinforces the accuracy of the SGM in ranking sensor combinations based on localization

performance
Table 6.2 SGM ranking vs Sensapecific model ranking
Senso_r : F1-Score Rank
Combinations
DedicatedCNN SGM DedicatedCNN SGM**
[17, 21, 27, 31] 639 49.8 1 1
[17,21,27,3D 63.3 489 2 2
[5, 14, 18, 21] 55.7 43.1 3 3
[3, 4,10, 20] 47.3 36.6 4 4
[7, 10, 13, 29] 43.8 29.9 5 5

** Rank based on the selected subset

6.4.2Application of the Integrated Sensor Placement Approacho the Realworld WDS

Fol l

owi ng t

he

v al

dat i

on of

t

h e

SGMb6 s

accur

the complete SGMntegrated optimization framework to identify optimal pressure sensor

locations for a realvorld WDS. The objective was to determine the best-node sensor
combination, enabling a fair comparison during padidation against the ECOPS approach
proposed byBasnet et al. (2024, under review)o streamline the SGM development and
optimization process, the WDS was divided into nine leak regions (clusters) (Figurevith4),
each cluster representing the leaks located anywhere within its boundlddiggnally, the search
space for sensor placement was restricted to 200 noldesen for theibroadcoverage across
various leak scenariofrom the 1,381 total nodes, the 200 nodes that registereepteghure

residuals (>0.5 psi) for the largest number of simulated leaks across the neewidelected

This reduction was essential to mitigate resource constraints, as using all 1,381 nodes would have

required an exponentially larger dataset of leak scenarios and substantigetigginance

computing resources with advanced graphical processing ung&hdrtraining

137



Figure 6.4 Leak resolution (nine clusters) for reabrld WDS.

The SGM was configured to handle the 200 selected nodes and trained using pressure
residual data from 200,000 unique leak scenarios in the training set. Similar to the Hanoi network
case, these scenarios included up to three simultaneous leaks of vagsngmximum leak size
=50, equivalent to 350 gpm) occurring throughout the WDS. Training spanned 1,000 epochs, with
masking applied as previously described, where a randomly selected sensor combination
determined the unmasked nodes in each batch (bt 32) per epoch

As outlined in the methods, the trained SGM was integrated into a genetic algorithm (GA)
based optimization framework to serve as the objective function, aiming to identify thsodiee
sensor combination that maximized thedebre. Within the GA, the 20nodes were represented
as integers (1 to 200). The GA was executed over 400 generations with a population size of 100,

using singlepoint crossover and randomized mutations (mutation rate = 5%). Parent selection was
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