
ABSTRACT 

BASNET, LOCHAN. A Comprehensive Leak Localization Framework for Water Distribution 

Systems. (Under the direction of Dr. Kumar Mahinthakumar and Dr. Ranji Ranjithan). 

 

Pipe leaks and breaks are significant challenges for water distribution 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 strategies. Computational approaches for identifying leak locationsð

known as leak localizationðcan serve as invaluable tools in the mitigation process. Studies 

leveraging both traditional optimization-based methods and emerging machine learning (ML) 

models have 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 fail to capture the 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, and leak solution resolution. The advancement achieved through this 

research represents a meaningful step towards the practical implementation of computational leak 

localization in real-world settings. 

The research adopts four key objectives. The first objective is to develop a robust 

localization framework, leveraging deep neural network (DNN)-based ML models. The second 

objective compares the proposed DNN-based localization approaches with 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 quality and localization accuracy by devising sensor 

placement strategies. 



The findings of this study underscore the substantial impact of leak complexities and 

uncertaintiesðoften overlooked in existing researchðon leak localization outcomes. Despite the 

challenges posed by these complexities, the proposed ML-based approach demonstrates superior 

localization accuracy compared to existing methods, in both simulated and real-world leak 

scenarios. Additionally, this research illuminates the distinct effects of uncertainties on pressure 

and flow inputs, offering insights that is especially 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 

localization performance, a critical contribution given the sensor scarcity in WDSs. 
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CHAPTER 

ONE 

CHAPTER 1. INTRODUCTION  

Access to drinking water is a fundamental 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 issues for WDSs worldwide is the substantial loss of treated water due to pipe leakages 

and breakages, which worsens the imbalance between water supply and demandða problem 

further complicated by water scarcity and climate change. In the United States alone, an estimated 

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., 2015), property damage, and traffic disruptions.  

Mitigating water loss in WDSs requires the timely and accurate characterization of leaks. 

Within leak characterizationðencompassing leak detection and localizationðthe task of leak 

localization is particularly challenging, as it requires pinpointing the precise 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 methods, 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 simulations (Hu et al. 2021). Traditional computational techniques, including optimization-

based methods like genetic algorithms, quadratic programming, and linear programming, address 
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leak localization as an inverse problem, aiming to minimize the discrepancy between observed and 

simulated data. More recent approaches have turned to data-driven machine learning (ML) models, 

designed to iteratively minimize the differences between real and predicted leaks (Zaman et al., 

2020). 

Despite substantial research, the practical effectiveness and scalability of these methods in 

real-world WDSs remain uncertain. Many studies rely on simplifying assumptions that may not 

hold in complex, real-world systems, which limits the applicability of their 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 (including multiple 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 uncertainties (Blesa and Pérez 2018), and (3) the resolution 

of leak characterization solutions, ranging from detailed node or pipe levels to broader sub-regions 

or clusters within a WDS. A comprehensive leak localization framework that addresses these 

dimensions and their interdependencies offers the greatest potential for practical application to 

solve real-world leak characterization problems. 

1.1 RESEARCH OBJECTIVES 

This research explores and develops a comprehensive leak localization framework that 

utilizes deep learning-based machine learning models to address the multidimensional leak 

characterization problem in WDSs. The objectives of this research are to: 

1. Develop a comprehensive leak localization approach based on deep neural 

networks (DNNs). 
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2. Compare the efficacy of the proposed machine learning approaches with traditional 

optimization-based approaches and other non-neural network machine learning 

models, such as Random Forest. 

3. Examine the impact of uncertainties on two key localization inputs and their leak 

localization performance with the proposed framework. 

4. Develop multiple types of sensor placement strategies, aimed at improving input 

quality, to enhance the performance of the leak characterization models. 

1.2 METHODS 

The proposed comprehensive leak localization framework, as illustrated in Figure 1.1, is 

structured around two principal components: leak localization and sensor placement. The 

methodologies for these components are developed across five chapters, with the first three 

focusing on various aspects of localization approach and the final two geared towards sensor 

placement. The leak localization approach employs deep neural network-based machine learning 

models. Sensor placement approaches integrate the proposed leak localization approach within the 

sensor placement framework as well as operate independent of it utilizing statistical 

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 networks (DNNs) for leak localization, 

namely the Multilayer Perceptron (MLP) and Convolutional Neural Network (CNN). The 

Transformer models are also briefly introduced; these models recently have garnered significant 

interest and application across a broad spectrum of research. The selection of MLP and CNN is 

primarily motivated by the nature of our problem ï framing leak localization as a regression 
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challenge aimed at identifying both the positions and magnitudes of leaks simultaneously. 

Additionally, the effectiveness of DNN models, particularly CNNs, in capturing spatiotemporal 

patterns from input data such as pressure and flow rates, underscores their suitability. Moreover, 

compared to traditional optimization-based methods, DNN-based machine learning models excel 

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

back-propagation to filter out irrelevant data while focusing on pertinent information. 

 

Figure 1.1  Comprehensive Leak Localization Framework. 
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1.3 KNOWLEDGE 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 dissertation, detailing the components, 

objectives, and knowledge gaps each one addresses. Chapters submitted or intended for journal 

submission are formatted as journal articles, with distinct sections for title, abstract, introduction, 

methods, results and discussion, and conclusions. 

1.3.1 Supervised Machine Learning Approaches for Leak Localization in Water 

Distribution Systems: Impact of Complexities of Leak Characteristics (Chapter 2) 

Chapter 2 centers on developing and assessing DNN-based machine learning (ML) models 

for leak localization, while considering its multifaceted dimensions. This chapter is pivotal to the 

research, as the ML approach established here is applied across subsequent chapters. Alongside 

introducing the ML-based localization technique, this chapter makes a substantial contribution by 

formalizing key complexities associated with leak characteristics and uncertaintiesðfactors often 

overlooked in existing research yet crucial for enhancing real-world applicability. Additionally, 

the proposed approach demonstrates adaptability by effectively utilizing pressure and flow inputs, 

both independently and simultaneously, marking, to the best of our knowledge, the first known 

instance of such simultaneous input use within DNN-type ML-based leak localization. 

1.3.2 Comparison of Proposed NN-based Approaches to other Traditional and Non-NN 

type Approaches (Chapter 3) 

Building on Chapter 2, this chapter situates the developed ML-based approach within the 

broader range of localization techniques. Through comparison based on localization experiments 

encompassing both simulated and real leak scenarios, this chapter differentiates our approach from 
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the traditional and non-ML methods. Unlike previous studies, this comparison extends beyond the 

typical limitations due to inconsistencies of tested networks and assumptions about leak 

characteristics, incorporating a real-world network and the realistic leak complexities and 

uncertainties established in the previous chapter. While underscoring ML-based techniques as a 

forward-looking solution, this chapter also acknowledges that traditional methods may offer 

complementary value for specific scenarios. 

1.3.3 Impact of Demand Uncertainties on Pressure and Flow Inputs of Hybrid Data -Driven 

Leak Localization Approaches in Water Distribution Systems (Chapter 4) 

Chapters 2 and 3 examine our ML-based 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 robustness of our approach, 

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 data-driven localization methods, including our ML-based 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 methodsðan area where existing studies show limited successðthis chapter shifts 

focus to understanding uncertainties at their origin, specifically in the input data used by 

localization models. In particular, this chapter delves into how two key inputsðpressure and 

flowðperform under varying levels of demand uncertainty, analyzing data monitored over 

different time periods. The core hypothesis of this chapter is that flow input is generally more 

resilient to demand uncertainty than pressure input, particularly during periods of low demand. 
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Validating this hypothesis has significant practical implications, as it can enhance the reliability of 

leak localization performance for utilities that have limited monitoring capabilities. 

1.3.4 Pressure Sensor Placement in Water Distribution Systems using Leak Resolution 

Specific Surrogates for 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 across water 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 the leak localization model directly, making it suitable for large-scale 

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. 

1.3.5 Integration of DNN-Based Leak Localization Method into 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 ML-based approach. While model-independent methods, such as the one 

proposed in Chapter 5, are effective in identifying suitable sensor locations with computational 

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 model-independent approaches. To address this gap, Chapter 6 presents a sensor 

placement approach that directly incorporates our DNN-based localization model to identify 

optimal sensor locations. The chapter introduces a single general model (SGM) that acts as a 

representative for all possible localization models specific to different sensor configurations. The 
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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 a DNN-based leak 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.  
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CHAPTER 

TWO 

CHAPTER 2. SUPERVISED MACHINE  LEARNING APPROACHES 

FOR LEAK LOCALIZATION IN WATER DISTRIBUTION SYSTEMS: 

IMPACT OF COMPLEXITIES OF LEAK CHARACTERISTICS 1 

2.1 ABSTRACT 

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 contamination risks. What makes 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 to locate leaks are expensive, intrusive, and heavily localized. 

Computational approaches such as data-driven machine learning models provide an economical 

alternative to physical methods. Machine learning models are readily available and easily 

customizable 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 have yet to thoroughly test these models 

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

 

 

 

 

 
1 This sub-chapter was published in the Journal of Water Resources Planning and Management (Basnet et al. 2023) 

and follows a paper format. 
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real-world 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 proposed approaches questionable to 

real-world WDSs. Our study addresses this issue by devising four study cases of different 

complexity that account for realistic leak characteristics and model- and measuring device-related 

uncertainties. Two established machine learning 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 learning models. Further, the impact of 

single and multiple time point input in leak localization is also investigated. The results for the L-

Town network indicate good accuracies for both the models for all study cases, with CNN 

consistently outperforming MLP. 

2.2 INTRODUCTION  

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 yearly (Liemberger and Wyatt 2019) which 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. 2015), property 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 discernible (Yu 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 service (Rajeswaran et al. 2018). 

Computational approaches provide an economical alternative to field methods; an extensive 

review of the computational approaches for leak characterization is provided by Hu et al. (2021). 

Machine learning approaches are one of the data-driven computational approaches that have 

gathered increasing interest in the last two decades in leak characterization studies (Zaman 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 localization (Abdulla and Herzallah 

2015). 

While many research studies on applying machine learning approaches for leak 

characterization (i.e., detection and localization) in pipes have been conducted (Wu and 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 real-world WDSs unclear. One of the complexities of leak characterization problems 

involves the size of the WDS, which dictates the scalability of the applied models to real-world 

WDSs. Zhou et al. (2019a) and Shukla and Piratla (2020) used 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, respectively. Pérez-Pérez et al. (2021) used a 

Multilayer Perceptron (MLP) model with a cascade-forward back-propagation 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 the field as 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 real-world WDSs are infeasible. Beyond single-pipe analyses, several studies have 

considered complete or partial hydraulic systems. Bohorquez et al. (2020) used an MLP to predict 

leaks in a simple hydraulic system using numerically obtained fluid transient waves as input. 

Mashford et al. (2012) used a support vector machine (SVM) to predict leak size and location for 

an isolated section of a WDS based on simulated pressure data. Soldevila et al. (2016) used a 

model-based k-Nearest Neighbors (k-NN) classifier to identify leak events and locations. Luļin et 

al. (2021) used a random forest model to locate leaks in two small-sized networks. These studies 

still face the challenge of scalability since extrapolating their results and, therefore, application to 

larger WDS networks typical of real-world systems is very challenging. 

Another key complexity of the leak localization problem is associated with the 

characteristics of pipe leaks. In real-world WDSs, multiple leaks of varying sizes can occur 

simultaneously at different locations within the WDS, making leak localization very challenging. 

Furthermore, the uncertainties associated with hydraulic simulation models and the imprecision of 

measurement devices in real-world WDSs add more complexity to the leak localization problem. 

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

in the hydraulic models have associated uncertainties (Blesa and Pérez 2018). These uncertainties 

affect the accuracy of the simulated pressure and flow data. Zhou et al. (2019b) account 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 sensors and flow meters of the real-world 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 by Soldevila et al. (2017), Mohammed et al. (2021), and Santos-Ruiz et al. (2020). 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 together at once. Therefore, any selective analyses that 

assume the presence of one complexity and the absence of another is inadequate. Soldevila et al. 

(2017) and Santos-Ruiz et al. (2020) are limited to the analysis of single leaks only; they fail to 

provide any understanding of how their approach would perform for multiple leaks. Mohammed 

et al. (2021) considers 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 small-sized network in their analysis, therefore, suffer from scalability, 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 pressures or flows (e.g., Berglund et 

al., 2017; Ponce et al., 2014; Steffelbauer and Fuchs-hanusch, 2016; Wu et al., 2010). However, 

this is an inverse problem and can suffer from ill-posedness under noisy conditions if the leak 

signature is weak or non-existent at one or more sensors. In contrast, machine learning models are 

trained to minimize the difference between actual and 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 to the 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 problems. A comparison 
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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 concerning machine learning 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 inputs. For example, pressure and flow can be used as two inputs 

as they have been used widely in leak localization studies. Mohammed et al. (2021) used 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 pressure and 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 learning-based 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 available and widely used neural 

network-based 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 imprecision. The key contributions of this study with respect to 

previous studies include the following: 

¶ 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 state-of-the-art techniques (Soldevila et al. 

2017) by generalizing it to multi-leak 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. 

¶ Analysis of the interplay of the complexities of the leak localization problem with 

the different ML models. 

¶ Research on the implication of simultaneous use of multiple hydraulic data and the 

impact of additional time points on leak localization. 

¶ Simultaneous prediction of location as well as the size of the leaks. Leak size 

information can be beneficial for decision-making 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 real-world measurements as long as the hydraulic model 

reasonably represents the actual WDS. However, if the existing hydraulic model is 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 abundant real-world pressure and flow sensor 

measurements, these models can easily be fine-tuned and tested using real data. 
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2.3 METHODS 

2.3.1 General Framework 

Figure 2.1 illustrates the 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 a leak-free scenario by simulating the 

hydraulic model using the EPANET simulator (Eliades 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 leak-free scenarios are then computed and stored as pressure and 

flow data, respectively. The corresponding leak 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 and testing 

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 localizing the leaks. 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. 

 

Figure 2.1  General framework for detecting leaks in WDS. 
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2.3.2 Machine Learning Models 

Multilayer Perceptron (MLP) 

Multilayer Perceptron models are supervised-learning 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 (Figure 2.2). Each unit of a hidden layer 

consists of an activation sub-unit that activates or deactivates the received signals (Figure 2.3). 

Multiple activation functions are available to be used within these activation sub-units. 

 

Figure 2.2  Multilayer Perceptron. 

 

 

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 supervised-learning-based 

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 convolutional layers 

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 one-dimensional (1-D) CNN model uses filters that only 

vary in depth (i.e., one dimension). Like MLP models, 1-D CNN models also consist of an input 

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

 

Figure 2.4  Convolutional Neural Network. 

Multiple input models 

Deep neural network-type machine learning models are generally built using a sequential 

architecture where one hidden layer is built on top of another (i.e., linear). Sequential-type 

architectures limit the data flow into the models and restrict these models to only a single input. 

However, some machine learning model packages provide additional non-linear type architectures. 

For example, the Keras package of TensorFlow (Abadi et al. 2015) in Python used in this study 

provides a different functional-type 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 developed for this 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 models such 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 through 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. 

 

Figure 2.5  Modified architecture for input data consisting of multiple types: (a) CNN; (b) MLP. 
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2.3.3 Hyperparameters 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 regression-type problem to solve 

simultaneously for both leak locations and sizes. Therefore, the mean 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 shown in Equation (2.1). 

ὓὛὉ ὢ ὢ  (2.1) 

where ὢ  = model predicted leak size for Ὥ-th candidate leak region of Ὦ-th leak scenario, 

and ὢ  = actual leak size for Ὥ-th candidate leak region of Ὦ-th leak scenario. 

Activation function 

A trial-and-error evaluation of multiple activation functions identified the Leaky Rectified 

Linear Unit (L-ReLU) (Maas et al. 2013) as a suitable activation function for this study. L-ReLU 

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) is used as the optimizer in this study. 
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2.3.4 Study Network 

In this study, the leak localization models are applied to a standard test network called the 

L-Town water network (Figure 2.6). The L-Town network is a city-scale model based on a coastal 

city in Cyprus. This network has been previously used in several modeling and simulation-related 

researches. For example, this network was also used in the Leakage Detection and Isolation 

Methods (BattLeDIM 2020) (Vrachimis et al. 2020) competition to evaluate the performances of 

different machine learning and computational models for leak detection. The L-Town network 

consists of 905 pipes and 782 junctions and is primarily a tank-regulated model network. 

 

Figure 2.6  L-Town water network. 

2.3.5 Candidate Leak Regions 

Localizing leaks to the pipe- or junction-level requires a large amount of data, which is 

infeasible to obtain from real-world WDSs. Therefore, a lesser resolution needs to be adopted for 

leak localization. This study divided the entire L-Town water network into several sub-areas 

considered candidate leak regions. The L-Town network is divided into 33 candidate leak regions 

(Figure 2.7a) using a k-means clustering technique (Lloyd 1982) based on Euclidean distances. A 

hydraulic distance-based clustering, applied by Zhang et al. (2016), is not used in this study 

because it resulted in non-contiguous ununiformly-sized clusters. For practitioners, such non-

contiguous and ununiform clusters are impractical to be used in the field. Further, the clusters 
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obtained using Euclidean distance-based 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 Morph package in 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 using the k-nearest neighbor search 

algorithm. For any given leak scenario, this region defines a leak located anywhere 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 sensors in real-world 

WDSs. The locations of the pressure nodes are based on the locations used in 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. 

 

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

Four study cases are considered to represent the complexities associated with real leak 

characteristics and the uncertainties in input data due to water network model inaccuracies and 

measuring device imprecision. 

Case A: No-noise 

Input pressure and flow difference data are free of noise. The no-noise case 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: Demand-noise 

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 exponential-type noise can better capture the pulsed nature of demand, the gaussian 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 the centroid of each leak region. 

Case C: Mixed-noise 

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 leak-free scenarios after the hydraulic 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 parameter uncertainty (10%), pipe roughness coefficient uncertainty (+/- 



   

24 

 

1), and node elevation uncertainty (+/- 0.15m) in addition to any anticipated measurement errors. 

Moser et al. (2018) analyzed 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 region are labeled identically. No 

additional noise is imposed on the hydraulic inputs (flow and pressure). 

2.3.7 Data 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: 

¶ A leak scenario must consist of at least one leak.  

¶ A leak scenario can include a maximum of 3 leaks. 

¶ A leak can be located in any of the 33 candidate leak regions. 

¶ The leak size ranges from 0 to 5 as compared to the 0 to 3 range used in BattLeDIM 

2020. 

¶ The leak size is the discharge/emitter coefficient in the leak Equation (2.2). 

ή ὅ ὴ (2.2) 

where q = flow rate, p = pressure, C = 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 1 ï For a leak scenario, the total number of leaks is determined by randomly drawing a number 

n from the set {1, 2, 3}. 

Step 2 ï Based on the outcome n of the previous draw, n candidate leak regions are drawn 

randomly out of the 33 candidate leak regions. 

Step 3 ï For each of the n candidate leak regions, the leak size is randomly drawn from the 0 to 5 

range. 

Step 4 ï 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 assigned a value equal to zero.  

Step 5 ï Repeat steps 1 ï 4 for 100,000 times to generate 100,000 leak scenarios. 

Step 6 ï Store the resulting 100,000 leak scenarios as a leak scenario dataset (a matrix of size = 

100,000 x 33). 

Pressure and flow data generation 

Simulated pressure data are generated by the following procedure: 

Step 1 ï Simulate a leak-free 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 2 ï 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 sensor nodes, respectively. 

Step 3 ï Repeat Step 3 for all the 100,000 leak scenarios in the leak scenario dataset. 
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Step 4 ï Compute the pressure and flow differences between the leak scenarios (100,000 scenarios) 

and the leak-free scenario to generate the pressure difference dataset (matrix of size = 100,000 x 

33) and the flow difference dataset (matrix of size = 100,000 x 10), respectively. 

Step 5 ï Add noise to the pressure and flow datasets if needed for the study case. 

2.3.8 Model 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 F1-score is also calculated. 
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where, TP = True Positives; FP = False Positives; and FN = 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 the dataset predicted correctly by our models. 

In this study, the problem of leak localization is formulated as a regression-type problem 

to solve simultaneously for both leak locations and sizes. Post-processing of model outputs is 

required to calculate precision and recall. This post-processing involves 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 measuring devices for real-world systems. For example, a 

threshold of 0.1 means that the leaks smaller than 0.1 in the dataset are considered no-leaks, and 

only the predictions within 0.1 units of the actual leak values are considered correct classifications. 

A model prediction 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. 

2.3.9 Software and Tools 

The following software and tools were used in this study: 

¶ EPANET Simulator 2.0 version ï Hydraulic simulations are performed using 

EPANET simulator. 

¶ WNTR Morph package ï For splitting the network to add junction nodes at the 

middle of each pipe. 

¶ Matlab 2019b version ï Input data generation is done by running the EPANET 

simulator in Matlab. Matlab is also used to generate candidate leak regions and 

nodes. 

¶ Python version 3.7 ï Model training, testing, and validation is done in Python. 

¶ Tensorflow version 2.1.6 ï Machine learning models are built using the Tensorflow 

package. 
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2.4 RESULTS 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 of using multiple hydraulic 

properties as simultaneous inputs is investigated by comparing the model accuracies for a single 

input (pressure data) to two simultaneous inputs (pressure and flow data). Table 2.1 summarizes 

the architecture and hyperparameters for the optimal MLP and CNN models for the single and 

multiple input cases. Figure 2.5 shows the architecture of the optimal multiple-input CNN and 

MLP models. All models use L-ReLU 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 optimizer performed better than other activation functions (e.g., sigmoid and 

ReLU) and optimizers (e.g., RMSprop, SGD) and their various combinations. Figure 2.8 shows 

the trend of the training and validation mean squared errors for the no-noise 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. Therefore, the required number of iterations for all model training was 

set to 100 epochs. 

Table 2.1  Machine learning model details 

Model Architecture Hidden 

Layers 

Convolution 

Layers 

Activation 

Functions 

Learning 

Rate 

Optimizer 

CNN ï Single input 33-256-128-

500-100-33 

2 2 L-ReLU 0.05 Adam 

CNN ï Two inputs Fig. 4(a) 2 4 L-ReLU 0.05 Adam 

MLP ï Single input 33-64-128-

33 

2 - L-ReLU 0.05 Adam 

MLP ï Two inputs Fig. 4(b) 3 - L-ReLU 0.05 Adam 
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Figure 2.8  Training and validation error dynamics. 

2.4.1 Problem Complexity Due to Real-World 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 to real-world leak characteristics. 

The complete model performances for the MLP and CNN models for the four study cases (no-

noise, demand-noise, mixed-noise, and random leaks) are summarized in Tables 2.2 and 2.3. The 

no-noise study case represents the ideal but unrealistic condition where the input data is noiseless 

and perfect. Both precision and recall at all thresholds for the no-noise case 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) for the no-noise case. 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 noise. The demand-noise case 

considers the possibility of uncertainty in the demand parameters of hydraulic 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 large and minimally affects the leak signatures. For the mixed-noise 

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 

mixed-noise case are considerably low compared to no-noise and demand-noise cases. The leak 

signatures are affected to the highest degree for the random leaks case, 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 introduces the 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. The degree of 

dissimilarity of the different leak signatures for identically labeled leak scenarios is widened 

further because the candidate regions are Euclidean distance-based clusters and not hydraulically 

similar clusters. Therefore, the random leaks case presents the most challenging task for machine 

learning models to learn. Consequently, the precision and recall accuracies for the random leaks 

case are the lowest. The effect of the complexity of the mixed-noise and the random leaks cases 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 Demand-noise Mixed-noise Random leaks 

  P R F1 P R F1 P R F1 P R F1 

0.1 50.8 43.6 46.9 31.9 35.1 33.4 16.3 23.6 19.3 3.5 8.2 4.9 

0.2 82.2 70.1 75.7 69.5 59.8 64.3 44.1 42.0 43.0 11.7 16.1 13.6 

0.3 91.1 82.8 86.8 83.8 73.8 78.5 62.9 55.2 58.8 21.3 23.7 22.4 

0.4 94.8 89.6 92.1 89.9 82.4 86.0 73.4 64.4 68.6 31.2 31.1 31.1 

0.5 96.5 93.2 94.8 93.0 87.8 90.3 79.9 71.2 75.3 40.0 37.7 38.8 

0.6 97.4 95.4 96.4 94.9 91.2 93.0 84.1 76.4 80.1 48.1 44.1 46.0 

0.7 98.0 96.8 97.4 96.0 93.4 94.7 87.1 80.4 83.6 54.9 49.6 52.1 

0.8 98.4 97.5 97.9 97.0 95.0 96.0 89.3 83.4 86.2 60.7 54.5 57.4 

0.9 98.7 98.0 98.3 97.6 96.2 96.9 91.0 85.9 88.4 65.8 58.9 62.2 

P = Precision; R=Recall; F1 = F1-score 

Table 2.3  CNN model performance for the four study cases 

Threshold No-noise Demand-noise Mixed-noise Random leaks 

  P R F1 P R F1 P R F1 P R F1 

0.1 82.1 65.5 72.9 69.6 55.0 61.4 28.6 28.1 28.3 6.8 13.4 9.0 

0.2 94.2 86.1 90.0 89.9 78.3 83.7 61.6 49.1 54.6 24.0 25.1 24.5 

0.3 96.6 92.7 94.6 94.4 87.7 90.9 75.2 62.9 68.5 40.4 35.5 37.8 

0.4 97.8 95.5 96.6 96.4 92.3 94.3 82.2 71.6 76.5 52.2 44.3 47.9 

0.5 98.3 97.0 97.6 97.4 94.8 96.1 86.2 77.7 81.7 60.7 51.4 55.7 

0.6 98.7 97.8 98.2 98.1 96.2 97.1 88.9 81.9 85.3 66.9 57.5 61.8 

0.7 98.9 98.3 98.6 98.5 97.2 97.8 90.8 85.2 87.9 71.7 62.6 66.8 

0.8 99.1 98.7 98.9 98.7 97.8 98.2 92.3 87.6 89.9 75.4 66.8 70.8 

0.9 99.2 98.9 99.0 99.0 98.3 98.6 93.4 89.5 91.4 78.5 70.5 74.3 

P = Precision; R=Recall; F1 = F1-score 

2.4.2 Comparison of CNN and MLP Model Performance 

Tables 2.2 and 2.3 summarize the model performances of the MLP and the CNN model for 

the four study cases at all nine thresholds considered in this study. Figures 2.9ï2.12 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 most-, the mild-, and the least-stringent 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 the no-noise and demand-noise cases, 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 comparatively less complex. 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 present in the 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 in precision. At the less stringent 

thresholds, particularly at 0.9, the difference in recall for the two models is almost negligible for 

the simple no-noise and the less complex demand-noise cases. However, the difference is greater 

(5 to 12%) for the challenging mixed-noise case and even more so for the most challenging random 

leaks case at all thresholds, with the CNN model outperforming the MLP model. Overall, the recall 

results are consistent with the precision results, implying the superior performance of the CNN 

model over the MLP for leak localization for the L-Town network. 
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Figure 2.9  Comparative model performance (CNN vs MLP) for no-noise case: (a) Precision; (b) Recall. 

 
Figure 2.10  Comparative model performance (CNN vs MLP) for demand-noise case: (a) Precision; (b) 

Recall. 
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Figure 2.11  Comparative model performance (CNN vs MLP) for mixed-noise case: (a) Precision; (b) 

Recall. 

 
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 the data (Lecun 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, any relationship 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 induce leak 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 and the MLP model for the random leaks case, 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 studies by Lan et al. (2021) and Kvist 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 the demand-noise and mixed-noise cases. 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 rapidly (Lecun 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 sharing (Lecun et al., 1998; Cun et al., 1990; 

Krizhevsky et al., 2017). In this study, when the input increases 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 the lowest threshold (0.1), where overfitting has a high impact on the 

accuracies, the CNN accuracies are vastly superior to the MLP accuracies. 
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2.4.3 Single Time Input vs Multi-Time Input  

In real-world 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 one or multiple time 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 precision and recall for a single time point pressure input and a 24-time 

points (muti-time) pressure input for the four study cases (with both CNN and MLP). 

Little to no improvements in precision and recall are observed for the no-noise study case 

with the 24-time points pressure data (Figure 2.13). Since the single time point data for the no-

noise case are noiseless pressure readings recorded at the 33 pressure nodes one hour after the 

leaks are introduced, there is ample unaltered leak signature in the first-hour pressure data itself, 

which is evident by the high precision and recall values with single time point data. Therefore, 

incorporating additional time points data does not improve the precision or recall further. 

Similarly, the accuracy of the demand-noise case (Figure 2.14) is 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 carries as much information as the 24-time point data for the demand-noise case. 
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Figure 2.13  Comparative model performance (1- vs 24-time points) for no-noise case: (a) Precision; (b) 

Recall. 

 
Figure 2.14  Comparative model performance (1- vs 24-time points) for demand-noise case: (a) 

Precision; (b) Recall. 

In contrast to the first two cases, considerable improvements (> 10%) in the precision and 

recall are observed for the mixed-noise case with the 24-time point data with both models (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 24-time points compared to a single time point. These approximate pressure 

signals can contain sufficient information, especially when the actual signatures are prominent. 
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Therefore, machine learning models can learn better with 24-time points compared to a single time 

point. Hence, the accuracies improve when multiple time points data are incorporated. For the 

random leaks case (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 the random leaks case is due to the ambiguity caused by the possibility of a multitude (all 

unique) of leak signatures (pressure signals) 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 24-time 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, using 24-time points pressure data induces minimal improvement in 

the accuracies, if any. 

 
Figure 2.15  Comparative model performance (1- vs 24-time points) for mixed-noise case: (a) Precision; 

(b) Recall. 
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Figure 2.16  Comparative model performance (1- vs 24-time points) for random leaks case: (a) Precision; 

(b) Recall. 

2.4.4 Single 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 are no-noise, mixed-noise, and random leaks. The results for the demand-

noise case are highly similar to the no-noise as 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 one or all thresholds are observed 

for all study cases with both CNN and MLP models (Figures 2.17ï2.19). The critical difference 

between the no-noise and the other cases is the thresholds where the improvements occur due to 

the additional flow data. For the no-noise case, 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 thresholds. This difference between the no-noise and the other cases can be 
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attributed to two main reasons. First, the precision and recall at the higher thresholds for the no-

noise case 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. The no-noise case, 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 flow data, additional flow input can proportionally improve the leak localization 

performance. The mixed-noise and random leaks cases 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 are trying to pinpoint the size of the leaks (in addition to the location) within such low 

tolerances. With pressure data only, the precision and recall for the mixed-noise and random leaks 

cases are less than 10% at the 0.1 thresholds (Figures 2.18 and 2.19). With additional flow data, 

minor improvements, less than 10% for mixed-noise and less than 5% for random leaks, are 

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 model 

for all cases with the additional flow input. 



   

41 

 

 
Figure 2.17  Comparative model performance (Pressure vs Pressure & Flow) for no-noise case: (a) 

Precision; (b) Recall. 

 
Figure 2.18  Comparative model performance (Pressure vs Pressure & Flow) for mixed-noise case: (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. 

2.5 SUMMARY AND CONCLUSIONS 

In this study, a machine learning-based 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 occurrences, and random 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 performance 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 real-world leaks in creating leak scenarios to properly understand the 

applicability and effectiveness of the leak localization models. Simplistic and unrealistic leak 

scenarios, such as the no-noise case, overestimate the performance of the models, as seen in this 

study. Models trained with only such scenarios can severely underperform 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 potential for application to real-world leak localization problems. This 
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study also found that the effectiveness of the machine learning-based leak localization method is 

model-dependent; the level of challenge posed by the same complexity of the leak localization 

problem affects the performance of varying ML models differently. In this 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 the data, 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 accuracies of the 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 complex leak 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 and leak-information is necessary. One 

potential limitation of any simulated data-based approaches, including this study, is associated 

with the calibration conditions of the hydraulic model representing the actual WDS. For cases 

where the calibration is conducted in the presence of background 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 additional real-world leak 

complexity. Next, the findings of the simultaneous use of pressure and flow data also open the 



   

44 

 

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 real-world WDSs to truly understand their potential. 
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CHAPTER 

THREE 

CHAPTER 3. COMPARISON OF PROPOSED NN-BASED 

APPROACHES TO OTHER TRADITIONAL AND NON-NN TYPE 

APPROACHES 

3.1 INTRODUCTION  

Hybrid model-based data-driven approaches (hybrid approaches) are one of the widely 

researched leak localization approaches as they can be modeled and tested using hydraulic 

simulation-based data, and applied to real-world leak localization problems in water distribution 

systems (WDSs) using real data (Hu et al. 2021). Numerous studies (Mashford et al., 2012; 

Soldevila et al., 2016; Zhou et al., 2019b; Shukla and Piratla 2020) have 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 inconsistencies across studies regarding the tested networks and 

assumptions about leak conditions. Thus, a comparison of these hybrid approaches using a 

standardized evaluation frameworkðcommon network and leak conditionsðis essential to clarify 

their relative strengths 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 under varying leak 

conditions (e.g., noise, uncertainties, and leak characteristics). For instance, optimization-based 

approaches like Mixed Integer Linear Programming (MILP) rely on an assumption of linearity in 
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the leak response to leak size (Berglund et al. 2017). Consequently, these methods perform well 

for scenarios with strong linearity. In contrast, deep neural network (DNN)-based machine 

learning (ML) localization methods avoid such limiting assumptions. However, their accuracy 

depends heavily on the effectiveness 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), Convolutional Neural Network 

(CNN), and Transformers. Each of these approaches is unique in its algorithmic design and 

underlying assumptions, representing optimization-based, tree-based, and DNN-based strategies, 

thus providing a diverse foundation for this comparative analysis. Additionally, while MILP and 

Random Forest approaches represent the traditional state of research, DNN-based methods, 

particularly Transformers, signify the advancement towards AI-empowered leak localization 

research. This comparison also aims to identify the condition-specific strengths and weaknesses 

of each approach, which can assist practitioners and researchers in tailoring their leak localization 

strategies to their specific network applications and anticipated leak conditions. 

Our study spans a complex real-world 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 scenarios used in this comparison 

include both simulated and real leak instances. 
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3.2 METHODS 

3.2.1 Localization Models 

In this study, five models that represent three broad categories of hybrid localization 

approachesðtraditional optimization models, non-NN type tree-based models, and deep neural 

network (DNN)-based ML modelsðare selected for a comparative analysis of the model type-

specific localization performance under a set of varying leak conditions for both simulated and 

real leak cases. Each model is discussed in the sections below. 

Mixed Integer Linear Programming (MILP) 

The MILP model applied here is based on the method proposed by (Berglund et al. 2017). 

This optimization-based 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 between observed and 

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 combination serve as the MILPôs predicted leak locations. 

Random Forest 

The Random Forest model used in this study is a tree-based 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 leak locations. This recursive splitting 

process generates multiple "trees" within the model; the final prediction is the averaged result of 

all these trees. Random Forest uses bootstrappingðrandom sampling with replacementðto 

expose each tree to slightly different subsets 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 Scikit-learn library. 

Multilayer Perceptron (MLP) 

Multilayer Perceptron models, as discussed in the previous chapter, are supervised-learning 

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 activation sub-unit that activates or deactivates the received signals. 

Multiple activation functions are available to be used within these activation sub-units. 

Convolutional Neural Networks (CNNs) 

Similar to MLPs, Convolutional Neural Network models are supervised-learning-based 

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, dense hidden layers, 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 encoder-decoder structure. In addition to this structure, Transformers 

apply positional encoding to input data and employ a unique self-attention mechanism. This self-

attention component calculates relationships among data points, focusing on relevant parts of the 

data. This self-attention mechanism is what distinguishes Transformers from other DNNs, 

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

Leak Scenarios 

The five hybrid localization models are evaluated on leak scenarios for both simulated 

cases and a real-world leak incident. For the simulated case, leak scenarios representing three 

levels of complexityðno-noise, mixed-noise, and random leaksðare generated as outlined in the 

previous chapter. The no-noise condition represents an ideal environment free of noise, while the 

mixed-noise condition, or simply noise, incorporates model and measurement uncertainties, 

adding complexity. The highly complex random leak condition allows leaks to occur at any 

location within the WDS. Each of these three conditions 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 real-world leak scenario used for comparison reflects a major, isolated leak incident. 

This incidentôs location was mapped to a representative node and surrounding clusters to model 

the real-world scenario under each of the three leak conditions. 

Localization Comparison 

The localization procedure for comparing the five hybrid approaches for the simulated case 

follows the approach described in the previous chapter. First, two sets of leak scenariosðsmall-

sized and large-sized leaksðare generated for each of the three complexity conditions. All six 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 DNN-based 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 using the F1-score metric (Equations 

3.1, 3.2, and 3.3). 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 evaluated at different levels of stringency, represented by 

threshold values. A prediction is considered correct if it falls within the threshold value (+/-) of 

the actual leak size. 

For the real-leak case, pressure residuals recorded during the leak event at three sensors are 

provided to each model to generate leak predictions. The trained DNN models trained under the 

three conditions and the two traditional models are applied to the sensor data to produce 

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 Positives; FP = False Positives; and FN = False Negatives. 

Study Network 

The real-world system used in this study a WDS of a mid-size city located in the western 

region of the United States (Figure 3.1). This WDS is a pump-driven 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 developed using 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. 

 

Figure 3.1  Real-world WDS. 

3.3 RESULTS AND DISCUSSION 

3.3.1 Simulated Case 

Leak Size 0 ï 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 ranging from 0 to 50, 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 Tables 3.1ï3.3. 

 

Figure 3.2  Leak regions and candidate nodes for the nine-cluster case. 
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Figure 3.3  Pressure sensor locations for the nine-cluster case. 

As shown in Figure 3.4, the DNN-based localization models outperform the optimization-

based MILP and tree-based Random Forest models across all three leak complexity conditions. 

Specifically, the DNN models achieve over 35% higher accuracy in the ideal no-noise condition 

and more than 25% higher accuracy in the two complex conditions. The poorer performance of 

the MILP and Random Forest models can be attributed to their limited ability to handle noise and 

uncertainties in the predictors (residuals and leaks). This 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 highly non-linear responses typically 

associated with large leaks. 

In contrast, the DNN models demonstrate a robust ability 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 conditions due 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 its self-attention 

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

 

Figure 3.4  Localization performance comparison for leak size range 0 ï 50. 
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Table 3.1  Localization accuracies for no-noise (0 ï 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 1.6 5.2 2.5 52.9 42.1 46.9 86.5 81.9 84.2 99.8 97.8 98.8 99.8 98.0 98.9 

2 4.7 10.2 6.4 60.9 50.0 54.9 96.6 92.5 94.5 100.0 99.5 99.7 100.0 99.5 99.7 

3 8.4 14.5 10.6 66.1 54.2 59.5 98.4 96.1 97.3 100.0 99.7 99.8 100.0 99.7 99.9 

4 14.2 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 18.8 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 32.4 75.1 60.7 67.2 99.6 99.1 99.3 100.0 99.7 99.8 100.0 99.8 99.9 

8 44.7 32.3 37.5 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 35.4 41.6 77.7 62.1 69.0 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.=Threshold; P = Precision; R=Recall; F1 = F1-score 

  



   

56 

 

Table 3.2  Localization accuracies for noise (0 ï 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 1.7 5.2 2.6 4.4 4.1 4.2 12.8 13.0 12.9 19.8 19.1 19.4 26.0 21.9 23.8 

2 4.3 9.9 6.0 7.6 6.9 7.3 33.7 28.4 30.8 43.6 35.3 39.1 51.4 39.5 44.6 

3 7.6 14.0 9.9 10.9 9.7 10.2 46.7 38.3 42.1 58.9 47.4 52.5 65.2 51.4 57.5 

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 17.6 21.5 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 25.1 25.5 16.9 14.5 15.6 65.4 55.6 60.1 78.8 67.4 72.7 81.6 70.3 75.5 

7 34.3 28.4 31.1 18.4 15.6 16.9 68.6 59.2 63.5 82.0 71.4 76.3 84.2 74.0 78.8 

8 42.1 31.6 36.1 20.3 17.0 18.5 71.0 62.3 66.4 84.4 74.7 79.2 86.3 76.9 81.3 

9 47.1 34.9 40.1 21.7 18.0 19.7 72.9 64.8 68.6 86.4 77.4 81.6 88.0 79.5 83.5 

10 53.5 37.8 44.3 23.3 19.3 21.1 74.4 66.9 70.5 88.0 79.7 83.6 89.4 81.7 85.4 

Th.=Threshold; P = Precision; R=Recall; F1 = F1-score 

  



   

57 

 

Table 3.3  Localization accuracies for random leaks (0 ï 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 1.4 4.8 2.2 10.4 9.1 9.7 10.6 13.1 11.7 19.4 20.2 19.8 21.0 20.2 20.6 

2 3.9 9.2 5.4 16.8 13.9 15.2 27.7 25.4 26.5 41.9 34.8 38.0 44.5 35.7 39.6 

3 7.6 13.1 9.6 22.6 18.0 20.1 40.6 34.6 37.4 56.9 45.6 50.6 58.6 46.6 51.9 

4 12.3 16.7 14.2 27.6 21.5 24.1 50.2 42.2 45.9 66.4 54.1 59.6 68.0 54.9 60.8 

5 19.0 20.0 19.5 31.9 24.3 27.6 57.6 48.4 52.6 72.7 60.3 66.0 74.3 61.2 67.1 

6 24.5 23.1 23.8 35.3 26.7 30.4 63.2 53.8 58.1 77.6 65.4 71.0 78.9 66.3 72.1 

7 30.3 26.2 28.1 38.8 29.1 33.2 67.7 58.4 62.7 81.0 69.5 74.8 82.5 70.5 76.0 

8 37.0 29.3 32.7 42.1 31.2 35.8 71.4 62.4 66.6 83.8 73.1 78.0 85.1 74.1 79.2 

9 44.4 32.5 37.6 44.8 33.1 38.1 74.6 66.3 70.2 85.9 76.1 80.7 87.4 77.2 82.0 

10 51.1 35.5 41.9 47.3 34.6 40.0 77.2 69.5 73.2 87.7 78.6 82.9 89.2 79.7 84.2 

Th.=Threshold; P = Precision; R=Recall; F1 = F1-score 
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Leak Size 0 ï 10 

Within the simulated leak context, the next set of comparisons evaluated the five models 

with a fixed leak size range of 0ï10. The results for a threshold of 1.0 (10% of maximum leak 

size), shown in Figure 3.5 (complete results are in Tables 3.4ï3.6), align with those in Figure 3.4 

in highlighting the overall superior performance of DNN-based localization models over the two 

non-DNN models. 

 

Figure 3.5  Localization performance comparison for leak size range 0 ï 10. 

While the Random Forest model continues to perform poorly (< 25% accuracy), the 

performance of the MILP model shows notable improvement compared to the previous case 

involving larger leaks. Under the no-noise condition, MILP performance improves significantly 

(accuracy = 98.7% at threshold of 1) in the 0ï10 leak size range, compared to its performance in 

the 0ï50 range, where accuracy was only 33.3%. This improved performance can be attributed to 
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the validity of MILPôs assumption of a linear relationship between leak response and leak size, 

which holds for smaller leaks. This assumption, however, is less applicable, even for the small 

leak sizes, under complex conditions involving noise and uncertainties, resulting in lower 

accuracies for MILP (21.4% and 35.9% for the noise and random leak cases, respectively). The 

relatively high accuracy of MILP under the no-noise condition for 0ï10 leak size range is 

comparable to that of the DNN models, and at times (lower thresholds), even better, especially 

when compared to MLP. This suggests that MILP could be a feasible alternative to DNNs in 

scenarios where small leaks are expected and computational resources for DNNs are limited. 

Table 3.4  Localization accuracies for no-noise (0 ï 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 

0.1 0.8 2.8 1.3 95.6 78.4 86.2 76.5 66.9 71.4 98.8 91.3 94.9 99.8 97.5 98.6 

0.2 1.7 5.7 2.6 96.4 90.9 93.6 93.4 85.6 89.3 99.8 98.3 99.0 100.0 99.7 99.8 

0.3 3.0 8.4 4.4 98.3 94.3 96.3 97.4 92.3 94.8 99.9 99.3 99.6 100.0 99.8 99.9 

0.4 4.4 10.9 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 

0.5 6.4 13.3 8.7 99.2 96.5 97.9 99.2 97.0 98.1 100.0 99.7 99.8 100.0 99.8 99.9 

0.6 8.6 15.5 11.0 99.4 97.0 98.2 99.5 97.9 98.7 100.0 99.7 99.8 100.0 99.8 99.9 

0.7 11.8 17.6 14.1 99.5 97.5 98.5 99.6 98.4 99.0 100.0 99.7 99.8 100.0 99.9 99.9 

0.8 16.0 19.6 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 19.5 21.5 20.4 99.7 97.7 98.7 99.8 98.9 99.4 100.0 99.7 99.8 100.0 99.9 99.9 

1.0 25.4 23.5 24.4 99.7 97.7 98.7 99.8 99.1 99.5 100.0 99.7 99.8 100.0 99.9 99.9 

Th.=Threshold; P = Precision; R=Recall; F1 = F1-score 
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Table 3.5  Localization accuracies for noise (0 ï 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 

0.1 0.8 2.7 1.2 3.9 3.3 3.6 6.0 10.0 7.5 10.1 13.6 11.6 11.3 13.4 12.2 

0.2 1.7 5.3 2.6 6.6 5.7 6.1 15.6 19.0 17.1 24.5 25.2 24.9 27.2 24.8 26.0 

0.3 3.0 7.6 4.3 8.8 7.5 8.1 27.0 27.3 27.2 37.1 34.2 35.6 39.1 35.1 37.0 

0.4 4.6 9.9 6.3 11.4 9.5 10.4 37.4 34.5 35.9 47.2 41.4 44.1 49.6 43.3 46.2 

0.5 6.4 12.1 8.4 13.8 11.4 12.5 46.0 40.5 43.1 54.8 47.0 50.6 57.5 49.2 53.0 

0.6 8.0 14.2 10.2 15.9 12.9 14.2 52.9 45.7 49.0 61.1 51.8 56.1 63.7 55.0 59.0 

0.7 10.3 16.2 12.6 18.7 14.9 16.6 58.8 50.2 54.2 66.3 56.0 60.7 68.6 60.2 64.1 

0.8 12.1 18.1 14.5 21.0 16.5 18.5 63.5 54.1 58.4 70.4 59.6 64.6 72.3 64.4 68.1 

0.9 14.4 20.0 16.7 23.1 18.0 20.2 67.4 57.6 62.1 73.9 62.6 67.8 75.5 67.9 71.5 

1.0 17.6 21.9 19.5 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.=Threshold; P = Precision; R=Recall; F1 = F1-score 
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Table 3.6  Localization accuracies for random leaks (0 ï 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 

0.1 0.8 2.6 1.2 7.3 7.2 7.2 10.4 12.4 11.3 11.8 14.7 13.1 13.5 18.4 15.6 

0.2 1.7 5.0 2.6 11.0 11.2 11.1 25.7 23.0 24.3 30.2 27.5 28.8 33.2 33.5 33.4 

0.3 2.9 7.3 4.2 14.9 14.7 14.8 40.5 32.0 35.8 47.7 38.7 42.7 51.5 44.9 48.0 

0.4 4.6 9.4 6.2 18.8 18.0 18.4 52.5 40.0 45.4 60.5 47.5 53.2 65.1 53.4 58.7 

0.5 6.2 11.4 8.1 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 8.0 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 10.9 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 13.0 16.8 14.7 32.4 28.7 30.4 76.0 61.4 67.9 81.8 67.2 73.8 85.6 72.7 78.7 

0.9 14.9 18.6 16.6 35.5 30.9 33.1 78.9 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 35.9 81.3 68.2 74.1 85.9 72.8 78.8 89.0 77.9 83.1 

Th.=Threshold; P = Precision; R=Recall; F1 = F1-score 

3.3.2 Real Leak Case 

The comparison for the real leak case assesses the ability of the five localization models to 

accurately identify the location of an actual leak. The real leakôs position was assigned to the 

cluster it resides in (Figure 3.6). Unlike the nine-cluster resolution used for simulated cases, a four-

cluster resolution was adopted here due to the limited number of available pressure sensors in the 

system. The real-world water distribution system (WDS) is monitored by only three pressure 

sensors placed at various points within the system (Figure 3.6). For the no-noise and noise cases, 

the candidate leak locations 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 the four-cluster 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 on actual pressure values recorded 

at the sensors during the leak event, by subtracting the observed leak-free pressure (obtained from 

a no-leak simulation) from the actual recorded pressure. 

The results for the real leak case under the no-noise 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 the no-noise condition. 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 cases. However, this discrepancy arises because MILP, 
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unlike MLP, is not pre-trained 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 for MILP, 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 performance in the simulated cases. 

Table 3.7  Real-leak case predictions for the no-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  Real-leak case predictions for the random leak condition 

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 leak location 
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3.4 SUMMARY AND CONCLUSIONS  

In this chapter, the differences in localization performance between our DNN-based 

localization methods and traditional non-neural network methods were studied through 

localization experiments involving both simulated and real leak scenarios. The use of a complex, 

real-world WDS and realistic leak characteristics in the comparison framework mitigated the 

inconsistencies and oversimplifications present in existing research, ensuring the reliability of the 

results observed. 

The results demonstrated that our DNN-based localization approach consistently excelled 

in identifying leaks under both ideal and non-ideal conditions for simulated and real leak scenarios. 

The particularly high 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 condition-specific successes of traditional methods, such as MILP, 

highlight their potential complementary or supplemental value in leak localization. 
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CHAPTER 

FOUR 

CHAPTER 4. IMPACT OF UNCERTAINTIES IN INPUTS ON HYBRID 

DATA -DRIVEN LEAK LOCALIZATION IN WATER DISTRIBUTION 

SYSTEMS 

4.1 INTRODUCTION  

Hybrid model-based data-driven methods have gained significant attention for leak 

localization in water distribution systems (WDSs), leveraging common operational data such as 

pressure and flow (Hu et al. 2021). These data are typically generated by simulating a wide range 

of leak scenarios using calibrated hydraulic models that represent real-world WDSs. However, 

hydraulic models are inherently prone to uncertainties arising from measurement errors, model 

simplifications, missing information, and inaccuracies during model construction (Mohan Doss et 

al. 2023). Such uncertainties can significantly impact the effectiveness of model-based 

methodologies, including hybrid leak localization methods (Sanz et al. 2016). Despite efforts to 

improve sensors and hydraulic models (Hutton et al., 2014; Xie et al., 2017; Ormsbee & 

Lingireddy, 2024), it is virtually impossible to eliminate all sources of uncertainty. Therefore, 

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 models (Mohan 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 methods. Since different input types 

may be affected differently by uncertainties, the success of leak localization methods can vary 
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significantly depending on the input, even under identical uncertainty conditions. However, 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 types of inputs used in leak localization methods (Puust 

et al., 2010; Wan et al., 2022). Among the two, pressure data is more widely utilized, primarily 

due to the relative ease and cost-effectiveness of installing and operating pressure sensors. Several 

studies that employ pressure data for leak localization have explored the impact of uncertainties 

on localization performance (Soldevila et al., 2016; Sanz et al., 2016; Blesa and Pérez 2018; 

Quiñones-Grueiro et al., 2021; Luļin et al., 2021). However, these studies are often limited in 

scope and make simplistic assumptions about leak scenarios that do not fully reflect real-world 

conditions. For example, some studies (Sanz et al., 2016; Quiñones-Grueiro et al., 2021) focus 

only on single-leak scenarios, while others (Blesa and Pérez 2018) assume minimal demand 

uncertainty. Moreover, many of these analyses are based on oversimplified water networks, such 

as the steady-state Hanoi network. While these studies consistently report a significant decline in 

leak localization performance in the presence of uncertainties, they often fail to fully explain the 

underlying reasons. Given the prominence of pressure inputs in these studies, it is likely that 

pressure data is particularly sensitive to uncertainties. Moreover, 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). This leads us to hypothesize that flow data, especially when measured 

during low-demand periods, may be less susceptible to uncertainties and therefore more suitable 

for leak localization under uncertain conditions. 

In this study, we propose a leak localization approach that compares the performance of 

two different types of inputsðpressure and flowðunder varying demand uncertainties, one of the 



   

67 

 

most significant uncertainty conditions (Kang et al., 2009; Goulet et al., 2013; Hutton et al., 2014; 

Quiñones-Grueiro et al., 2021). We test our hypothesis that flow data is less affected by demand 

uncertainty than pressure data, particularly during low-demand periods, and is therefore better 

suited for leak localization. To conduct this comparison, we subject both pressure and flow data to 

a robust deep learning-based Convolutional Neural Network (CNN) model, as proposed by Basnet 

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 well-established L-Town network, specifically DMA-C. The 

novelty of this work lies in the comparisons that present a new way to mitigating the uncertainties 

facing hybrid model-based data-driven leak localization methods, thus enhancing their potential 

for real-world applications. 

4.2 METHODS 

4.2.1 Study 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 the L-Town water network. This 

network has been widely used in various modeling and simulation research, including the 

BattLeDIM 2020 competition (Vrachimis et al. 2020). The L-Town network comprises three 

DMAs, and this study focuses on the extensively researched DMA-C, depicted in Figure 4.1. 

DMA-C consists of 92 junctions and 110 pipes, regulated by a single tank. DMA-C has an average 

base demand of 19 cubic meters per hour (cmh). 
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Figure 4.1  DMA-C of L-Town network. 

Six nodes and six pipes, representing pressure sensors and flowmeters respectively, 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. Notably, three of the pressure sensor locations were also 

utilized in the BattLeDIM 2020 competition. 
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Figure 4.2  Locations of the pressure sensors (large circles) and flow meters (triangles) within the DMA. 

4.2.2 Leak Scenarios 

In this study, leaks are modeled as emitters using EPANET, with the emitter coefficient 

reflecting the size of the leaks (see Equation 4.1). 

ή ὅὴ (4.1) 

where, ή = flow rate, ὴ = pressure, ὅ = emitter coefficient, and ‎ (=0.5) = pressure exponent 

The leak sizes are variable, with the maximum leak size set to 8 cmh (0.4 times the average 

base demand), represented 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 with real-world 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 relatively sparse distribution of sensors and 

flowmeters across the expansive Water Distribution Systems (WDSs) (Li et al., 2021; Basnet et 

al., 2023). A geographic-type clustering based on Euclidean distance of the nodes using k-means 

clustering technique (Lloyd 1982) is used to divide the network into six sub-regions (or clusters), 

as shown in Figure 4.3. These sub-regions are represented as a six-element vector, populated by 

the leak sizes and their region-specific locations to construct each leak scenario. For this study, a 

total of 100,000 unique leak scenarios were generated. 

 

Figure 4.3  DMA clusters as leak resolution. 
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4.2.3 Demand 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 prescribed level of uncertainty and 

the nominal demand. These noise values are then added to the nominal demands, as shown in 

Equation 4.2. 

Ὀᶻ Ὀρ ὺ ὔ‘ πȟ„ ρ  (4.2) 

where, Ὀᶻ = the adjusted demand at node Ὥ, Ὀ = nominal demand at node Ὥ, ὺ = level of uncertainty 

(0%, 10%, or 20%) and ὔ‘ πȟ„ ρ represents the standard normal distribution. 

Three levels of demand uncertaintiesð0%, 10%, and 20%ðare considered in the study. 

The 0% noise condition, i.e., no-noise, serves as a baseline for comparison, although it is 

unattainable in practice. The higher noise levels (10% and 20%) represent more realistic 

conditions, capturing a broad range of variability that can arise in the hydraulic model during data 

collection and model calibration. Additionally, all three noise conditions are exposed to leak 

scenarios with unconstrained leak locations, a major uncertainty that adds significant complexity 

to the leak localization problem, even in the no-noise condition. 

4.2.4 Input Data Generation 

The leak scenario dataset, and the pressure and the flow input datasets were generated using 

the stepwise general procedure describe below: 

Step 1 ï 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), with leak sizes (represented by emitter coefficient values) ranging 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 × 6). This dataset serves as the response variable during the training and testing of the 

leak localization model. 

Step 2 ï To generate the pressure and flow datasets, a leak-free scenario 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 recorded as the baseline (or base case) 

pressure and flow values, respectively. 

Step 3 ï 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, as described in 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 4 ï The residuals (differences in pressure and flow) between each leak case (100,000 

scenarios) and the base (leak-free) case were computed, generating the pressure residual datasets 

(matrices of size 100,000 × 6) and flow residual datasets (matrices of size 100,000 × 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 ï 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 DMA-C. 

4.2.5 Leak Localization Approach for Comparison of Inputs 

As previously discussed, pressure and flow input data were generated for three levels of 

demand uncertainty: 0%, 10%, and 20%. Each of these six datasetsðthree for pressure and three 

for flowðcontains leak residual values recorded over a 24-hour period (24 time points) for 

100,000 leak scenarios. In line with our hypothesis, the main objective of this study is to compare 

the localization accuracy of pressure and flow inputs across three time-settings: all 24 time points, 

the low demand period, and the high demand 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 

accuracies 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 windows helps 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) model-based methodology presented by Basnet et al. (2023). 

Specifically, a high-performing deep learning-based Convolutional Neural Network (CNN) model 

is employed. Following the work of Basnet et al. (2023), the optimal architecture for the CNN 

model was identified through a grid search, as shown in Table 4.1. The 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 scenario matrix) were regressed against the residual input matrices, using 

mean squared error (MSE) as the loss function, Leaky Rectified Linear Unit (L-ReLU) (Maas et 

al. 2013) as the activation function, and the Adam optimizer (Kingma 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, and F1-score 

(Equations 4.3ï4.5). 

ὖὶὩὧὭίὭέὲ ὖ
Ὕὖ

Ὕὖ Ὂὖ
  ρππ (4.3) 

ὙὩὧὥὰὰ Ὑ
Ὕὖ

Ὕὖ Ὂὔ
  ρππ (4.4) 

Ὂρ ίὧέὶὩ Ὂρ
ς ὖ Ὑ

ὖ Ὑ
  (4.5) 

where, TP = True Positives; FP = False Positives; and FN = 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. In this study, precision and recall are 
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analyzed at five different levels of stringency, represented by threshold values 0.1 to 0.5 (measured 

in units of emitter coefficient). A correct model prediction is one that falls within the threshold 

(+/-) of the true leak size. 

Table 4.1  CNN model details 

Architecture Hidden 

Layers 

Convolution 

Layers 

Activation 

Functions 

Learning 

Rate 

Optimizer 

6-256-256-500-

500-6 

2 2 L-ReLU 0.05 Adam 

 

4.3 RESULTS 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 during low demand periods. Leak 

localization performance is assessed under three noise conditions: no noise, 10% demand noise, 

and 20% demand noise. Before presenting the results, it is important to reiterate that the "no-noise" 

condition refers to noiseless demand data. 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 performance. For such fixed leak 

location scenarios, the localization accuracies are extremely high: 24-timepoint pressure and flow 

inputs achieve 90% and 99% accuracy (F1-score), respectively, when leaks are constrained to six 

candidate nodes. These accuracies stand in stark contrast to the generally moderate localization 

accuracies for the realistic unconstrained leak scenarios considered in this study. 

The first part of the hypothesis testing involves comparing the leak localization 

performance of the two input types (flow and pressure) using all available timepoints (i.e., 24-hour 
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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 in Table 4.2), we focus on the 

leak localization accuracies (F1-score) at a threshold of 0.5 (= 0.8 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 higherð6.5% greater 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 

further to 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. 

 
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 24-timepoint data 

Condition Threshold Pressure Flow 

P R F1 P R F1 

No-noise 

0.1 23.5 19.0 21.0 27.9 22.8 25.1 

0.2 45.1 33.9 38.7 53.4 40.4 46.0 

0.3 60.2 45.7 51.9 68.2 52.3 59.2 

0.4 69.4 54.3 60.9 76.8 61.1 68.0 

0.5 75.9 60.9 67.6 81.8 67.7 74.1 

        

10% noise 

0.1 18.4 16.6 17.4 25.5 21.4 23.3 

0.2 39.8 30.8 34.7 50.0 38.8 43.7 

0.3 54.7 41.6 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 63.5 78.9 65.6 71.7 

        

20% noise 

0.1 16.5 14.3 15.3 22.9 20.2 21.4 

0.2 36.9 27.1 31.2 46.8 37.3 41.5 

0.3 52.7 38.5 44.5 61.1 49.0 54.4 

0.4 63.2 47.6 54.3 70.7 57.8 63.6 

0.5 70.2 54.9 61.6 77.3 64.0 70.0 

P = Precision; R=Recall; F1 = F1-score 

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 time-settings: all timepoints, 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 Tables 4.2ï4.4 for complete results), with the 0.5 

threshold serving as the primary basis 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 

No-noise 

0.1 16.4 14.7 15.5 23.2 22.6 22.9 

0.2 36.0 27.4 31.2 52.4 39.5 45.1 

0.3 52.5 38.7 44.6 73.3 52.4 61.1 

0.4 64.6 48.6 55.5 80.4 62.3 70.2 

0.5 73.1 56.4 63.6 81.0 64.1 71.5 

        

10% noise 

0.1 15.5 13.8 14.6 22.8 22.0 22.4 

0.2 33.3 25.1 28.6 44.7 37.7 40.9 

0.3 47.1 34.6 39.9 62.0 48.5 54.4 

0.4 57.4 42.7 48.9 72.3 56.8 63.6 

0.5 64.8 49.6 56.2 77.9 63.2 69.8 

        

20% noise 

0.1 12.0 11.5 11.7 22.1 18.7 20.2 

0.2 28.6 21.9 24.8 44.1 34.1 38.4 

0.3 43.0 30.9 36.0 60.5 45.5 52.0 

0.4 54.3 39.4 45.7 71.1 54.2 61.5 

0.5 62.6 46.7 53.5 77.4 61.2 68.3 

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

Condition Threshold Pressure Flow 

P R F1 P R F1 

No-noise 

0.1 15.1 13.5 14.3 14.2 15.8 15.0 

0.2 32.1 24.7 27.9 35.7 29.5 32.3 

0.3 46.8 34.8 39.9 53.2 40.8 46.2 

0.4 57.5 43.2 49.3 65.4 49.9 56.6 

0.5 65.4 50.4 56.9 72.8 57.4 64.2 

        

10% noise 

0.1 12.2 11.7 11.9 14.6 15.1 14.8 

0.2 27.4 22.1 24.5 35.2 27.9 31.1 

0.3 41.1 31.1 35.4 51.9 38.9 44.4 

0.4 51.8 38.9 44.4 62.6 47.6 54.1 

0.5 59.8 45.4 51.6 70.0 54.7 61.4 

        

20% noise 

0.1 12.9 11.5 12.2 13.7 12.8 13.2 

0.2 27.8 21.3 24.1 31.4 24.5 27.5 

0.3 40.7 29.7 34.4 48.0 34.9 40.4 

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; F1 = F1-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 

24-timepoints 

No-noise 75.9 60.9 67.6 81.8 67.7 74.1 

10% noise 71.7 57.0 63.5 78.9 65.6 71.7 

20% noise 70.2 54.9 61.6 77.3 64.0 70.0 

        

Low demand 

No-noise 73.1 56.4 63.6 81.0 64.1 71.5 

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 

        

High demand 

No-noise 65.4 50.4 56.9 72.8 57.4 64.2 

10% noise 59.8 45.4 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 = F1-score 
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Figure 4.6  Impact of noise on pressure input-based leak localization performance for different time 

settings. 
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Figure 4.7  Impact of noise on flow input-based leak localization performance for different time settings. 

In these figures, the accuracy under the no-noise 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 localization accuracy degradation due to noise 

differs across the three time-settings. 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 period is 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 4.1%, while 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 during the low demand 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 well-suited for 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 (Tables 4.2ï

4.4), reinforcing 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 the 24-timepoint 

flow input consistently performs the best across all noise conditions, despite its greater degradation 

in localization performance from the no-noise to noisy conditions 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 numerous unique 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 all 24-hour responses increases 

the likelihood of distinguishing between these similar yet distinct leak scenarios, in contrast to the 

more limited responses from low and high demand periods. 



   

84 

 

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 constrained to a specific 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 conditions is comparable to, or even better than, the 24-timepoint 

input under the two noisy conditions. 

Table 4.6  Localization accuracies using flow for constrained leak scenarios 

Condition Threshold 24 TP Low demand 

P R F1 P R F1 

20% noise 

0.1 64.5 48.5 55.4 70.8 53.2 60.8 

0.2 85.7 69.6 76.8 86.0 72.3 78.6 

0.3 91.1 80.1 85.3 91.6 81.8 86.4 

0.4 93.9 85.7 89.6 94.3 86.6 90.3 

0.5 95.3 89.1 92.1 96.1 89.5 92.7 

P = Precision; R=Recall; F1 = F1-score 

4.4 SUMMARY AND CONCLUSIONS 

In this study, we evaluated the hypothesis that different input typesðpressure and flowð

are differentially impacted by uncertainties, and thus, their suitability for hybrid model-based, 

data-driven leak localization approaches can vary. Using a robust deep learning-based 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 realistic leak 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 

real-world applications toward flow inputs, as current efforts predominantly focus on pressure 

inputs. Although flowmeters are more expensive to install than pressure 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 time-specific robustness. Our results show that flow data collected during 

low demand periods is the least susceptible to demand-related noise, 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 significance, 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 requires 

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 types such as acoustics, water quality, 

and more. Ultimately, the goal is to apply these findings to real-world systems, therefore, the 

analysis can be extended to other networks representing real-world WDSs to get a more refined 

understanding.  
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CHAPTER 

FIVE  

CHAPTER 5. PRESSURE SENSOR PLACEMENT  IN WATER 

DISTRIBUTION SYSTEMS USING LEAK RESOLUTION SPECIFIC 

SURROGATES FOR LEAK LOCALIZATION 2 

5.1 ABSTRACT 

The effectiveness of model-based leak localization methods in water distribution systems 

(WDSs), including optimization-based and machine learning approaches, significantly depends on 

the quality and quantity of input data. Pressure data, easily accessible due to non-intrusive 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, method-independent sensor placement strategy that integrates 

cluster definitions (leak resolution) with intuitive surrogates for localization performance, 

addressing the limitations of existing methods reliant on complex, non-intuitive metrics. 

We propose the Euclidean Cluster-based Optimal Placement of Sensors (ECOPS) 

approach, which employs Sensitivity and Uniqueness as fundamental signal properties to guide 

sensor placement. Validation tests within a comprehensive real-world WDS demonstrate that 

ECOPS outperforms existing surrogate-based approaches and improves the performance of current 

 

 

 

 

 
2 This sub-chapter was submitted to the Journal of Water Resources Planning and Management and follows 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. 

5.2 INTRODUCTION  

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, 2019; Fontanazza et al., 2015). Consequently, timely and 

accurate leak characterization (detection and localization) has been underscored in studies by 

numerous researchers who have proposed a variety of leak characterization solutions (El-Zahab 

and Zayed 2019). Among these, hybrid model-based data-driven leak localization methods, such 

as optimization-based and machine learning model-based methods that utilize readily available 

data like pressure, flow, and water quality, are gaining more attention (Hu et al. 2021). Pressure 

measurements are particularly accessible due to the less-intrusive installation and straightforward 

operation and maintenance of pressure sensors (Xie et al. 2018). The efficacy of the model-based 

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 algorithms and less on enhancing the quality of pressure data. The 

quality 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 

sensors 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 every node in expansive 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 based on their locations within 

a WDS. Therefore, sensor placement approaches presented in previous studies (Zecchin et al., 

2022; Cheng et al., 2020a; Jung & Kim, 2018; López & Alfonso, 2022) focusing 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 approaches (Blesa et al., 2016; Casillas et al., 2013; Casillas 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 not directly 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 

performance (Xie et al., 2018; Santos-Ruiz et al., 2022; López & Alfonso, 2022). These metrics 

act as surrogates for actual localization accuracy metrics, a similar approach has been adopted in 

water quality sensor placement studies (Khorshidi et al. 2018). 

For pressure sensor placement in WDSs, Xie et al. (2018) used mutual coherence from 

linear algebra to minimize average mutual coherence values in sensor combinations. Santos-Ruiz 

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 signal processing 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 distinctiveness) (Council 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 represent 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 leak scenarios is commonly used (Cheng et al., 2020; Zhao et al., 2020). While this 

coverage metric may suffice for leak detectionða relatively simpler taskðit 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 define sensitivity 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 as mutual coherence and mutual information proposed in the studies 

by Xie et al. (2018), Hu et al. (2022), and Santos-Ruiz et al. (2022) utilize complex mathematical 

functions that yield values that are non-intuitive 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 additional research. 

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 a direct, intuitive 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 defined as clusters of nodes (Luis et al., 2022; 

Li et al., 2021; Qingzhou et al., 2016; Basnet et al., 2023), we 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, as in Blesa et al. (2016), and Sarrate et al. (2014). Our 

surrogatesðsensitivity and uniquenessðcapture 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 sensors can collectively 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 localization method used. 

The key contributions of this study compared to previous ones include: 

¶ Development of direct, intuitive pressure data-based metrics serving as surrogates 

for leak localization performance within the pressure sensor placement approach. 

¶ Integration of clusters into the sensor placement approach for leak localization, 

using them to define the sensitivity and the uniqueness metrics. 

¶ Validation of our proposed approach's sensor solution through detailed comparative 

analysis of leak localization accuracies in the context of a large, real-world 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 coverage-based metrics 

and the sensor placement strategy of an existing method (Santos-Ruiz et al. 
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2022), which relies on non-intuitive 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 sensor configurations employed in the real-

world WDS. 

This paper focuses on addressing pressure sensor placement, specifically in the context of 

leak localization for moderate-sized leaks within water distribution systems. Pressure sensors are 

versatile tools with applications in model calibration (Savic et al. 2009), network state estimation 

(Kang and Lansey 2010), pressure monitoring, and infrastructure rehabilitation. However, these 

applications can have conflicting requirements compared to leak localization (Hu et 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. 

5.3 METHODS  

5.3.1 Leak 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 approach to address this limitation 

involves segmenting the water network into sub-regions, 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 practicality, regional leak localization presents significant challenges, 

necessitating in-depth 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 hydraulically homogeneous and thus ideal for high 

accuracy in leak localization models, suffer from practical limitations due to their non-uniform 

size and non-contiguous nature. Conversely, clusters defined by geographic properties, preferred 

for their uniformity and contiguity, pose greater challenges for leak localization models due to 

reduced hydraulic homogeneity. 

To balance real-world applicability and rigor in our approach, this study employs 

geographic property-based cluster definitions. Specifically, we utilized a k-means clustering 

technique (Lloyd 1982) based on Euclidean distances, computed from the x- and y-coordinates of 

each network node. The Euclidean distance-based clustering is chosen for its simplicity compared 

to other more complex geographic clustering approaches such as graph clustering. 

5.3.2 Leak Model 

In this study, leaks are modeled as emitters using EPANET, with the emitter coefficient 

reflecting the size of the leaks (see Equation 5.1). 

ή ὅὴ (5.1) 

where, ή = flow rate, ὴ = pressure, ὅ = discharge/emitter coefficient, and ‎ (=0.5) = pressure 

exponent. 

5.3.3 Pressure Residuals as Input 

Hybrid model-based data-driven leak localization methods utilize pressure residuals as 

inputs. These residuals, defined as the difference between pressure values in no-leak and leaky 

conditions, are recorded at designated pressure sensor locations as described in Equation 5.2. The 

values are derived from simulations of the WDSôs hydraulic model using EPANET. 
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Ўȟ ὖ ὖȟ , for ὭȟὮ = 1, 2, é, ὔ (5.2) 

where, Ўȟ is the pressure residual at node Ὥ due to a leak at node Ὦ, ὔ is the total number of nodes 

in the WDS, ὖ  is the pressure at node Ὥ for the no-leak (base case), and ὖȟ  is the pressure 

at node Ὥ when there is a leak at node Ὦ. 

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 various sets, each associated with a single 

cluster. These sets of pressure residuals are detailed in Equation 5.3. 

ὅ ЎȟȿὮɴ ὧὰόίὸὩὶ Ὧ, for Ὧ = 1, 2, é, ὑ (5.3) 

where, ὅ is the set of pressure residuals at all nodes Ὥ due to leaks Ὦ located in cluster Ὧ, and ὑ is 

the total number of clusters of the WDS. 

5.3.4 Cumulative Frequency Distributions of the Residuals 

Cumulative Frequency Distributions (CFDs) serve as a statistical tool that aggregates 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 rare leak-induced 

pressure variations in the WDS. Therefore, CFDs are pivotal in developing leak localization 

surrogates for this study. We define two primary types of CFDs: 

Cluster-specific 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 cluster-specific approach allows for a more targeted analysis, revealing how leak 

scenarios located in different regions manifest at different points (nodes) within the WDS. These 

cluster-specific 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 certain residual value (æ), resulting from leaks within that cluster, as shown in 

Equation 5.4. 

Ὂ Ў
ὔόάὦὩὶ έὪ έὧὧόὶὩὲὧὩί ύὬὩὶὩ Ў Ў ὥὲὨ Ὦ ɴ  ὅὰόίὸὩὶ Ὧ

Ὕέὸὥὰ ὲόάὦὩὶ έὪ ὶὩίὭὨόὥὰί ὨόὩ ὸέ ὥὰὰ ὰὩὥὯί Ὥὲ ὅὰόίὸὩὶ Ὧ
 

for Ὥ = 1, 2, é, ὔ and Ὧ = 1, 2, é, ὑ 

(5.4) 

 

 

where, Ὂ Ў is the cumulative frequency distribution of pressure residuals for all leaks 

corresponding to cluster Ὧ. 

To further analyze these distributions, we calculate two sets of percentiles: an upper 

percentile and a lower percentile. The upper percentile residual (Equation 5.5) demarcates a cutoff, 

distinguishing highly sensitive residuals. Conversely, the lower percentile residual (Equation 5.6) 

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 the cluster-specific CFDs 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.  

Ὂ Ў Ὄ, for Ὧ = 1, 2, é, ὑ (5.5) 

Ὂ Ў ὒ, for Ὧ = 1, 2, é, ὑ (5.6) 

where, Ў  and Ў  are residual values below which H% and L% of the residuals for each cluster Ὧ 

fall, respectively. 
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Cumulative Frequency Distribution for Each Node-Cluster 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 in Equation 5.7. By examining the frequency distribution of these 

cluster-specific 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 effective sensor placement and leak localization strategies. 

Ὂȟ Ў
ὔόάὦὩὶ έὪ έὧὧόὶὩὲὧὩί ύὬὩὶὩ Ў Ў ὥὲὨ Ὦ ɴ  ὅὰόίὸὩὶ Ὧ

Ὕέὸὥὰ ὲόάὦὩὶ έὪ ὶὩίὭὨόὥὰί ὥὸ ὲέὨὩ Ὥ ὨόὩ ὸέ ὥὰὰ ὰὩὥὯί Ὥὲ ὅὰόίὸὩὶ Ὧ
 

for Ὥ = 1, 2, é, ὔ and Ὧ = 1, 2, é, ὑ 

(5.7) 

where, Ὂȟ Ў is the cumulative frequency distribution of pressure residuals at node Ὥ due to leaks 

in cluster Ὧ. 

5.3.5 Leak Localization Surrogates 

Sensitivity and 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 surrogates are derived 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 to a cluster. The sensitivity and uniqueness surrogates are defined as follows: 

Sensitivity (S) 

In signal processing, sensitivity is typically defined in terms of the signal-to-noise 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 localization, 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 cluster's CFD. This measure indicates the likelihood of the 

node experiencing very high residuals (exceeding Ў ) due to leaks within that cluster. The 

sensitivity metric is detailed in Equation 5.8. 

Ὓȟ ρȢπ Ὂȟ Ў  

for Ὥ = 1, 2, é, ὔ and Ὧ = 1, 2, é, ὑ 

(5.8) 

where, Ὓȟ is the sensitivity of node Ὥ to cluster Ὧ and Ὂȟ Ў  is the cumulative frequency for 

node Ὥ with respect to cluster Ὧ up to residual value Ў . Ὓȟ indicates how likely is node Ὥ to 

experience higher residuals than Ў  due to leaks in cluster Ὧ. 

Uniqueness (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 leak localization 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 detailed in Equation 5.9). Ideally, 

a node that is highly sensitive to leaks in one cluster and less sensitive (or non-responsive) to leaks 

in other clusters exhibits unique sensitivity to that specific cluster. 

Ὗȟ
ВὊȟЎ

ὑ ρ
 

for Ὥ = 1, 2, é, ὔ; Ὧ = 1, 2, é, ὑ; ὰ = 1, 2, é, ὑ, ὰ Ὧ 

(5.9) 

where, Ὗȟ is the uniqueness of node Ὥ to cluster Ὧ, ὰ represents all clusters except cluster Ὧ, and 

ὊȟЎ  is the cumulative frequency for node Ὥ with respect to all other clusters ὰ up to residual 

value Ў. Ὗȟ indicates how uniquely sensitive is node Ὥ towards leak in cluster Ὧ in comparison 

to leaks in all other clusters ὰ. 
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5.3.6 Euclidean Cluster-based Optimal Placement of Sensors (ECOPS) 

The proposed ECOPS approach for sensor placement, as outlined in Figure 5.1, consists of 

two main parts. The first part starts with dividing the WDS network, comprising N nodes, into K 

clusters using k-means clustering based on Euclidean distances for each node. For each cluster, 

two datasets are created: one with cluster-specific pressure residuals and another with node-cluster 

pair-specific residuals. These datasets are based on pressure residuals recorded at all N nodes for 

leak scenarios of varying magnitudes within each cluster. The cluster-specific dataset aggregates 

all N pressure residual vectors into one, while the node-cluster pair-specific dataset consists of N 

individual vectors, each labeled after the current cluster. Using these datasets, cluster-specific and 

node-cluster pair cumulative distributions are constructed. The percentile thresholds (Ў  and Ў) 

are then calculated from the cluster-specific CFD using Equations 5.5 and 5.6. The upper percentile 

threshold (Ў ) is applied to each node-cluster pair CFD as per Equation 5.8 to determine the 

sensitivity (Ὓȟ) of each node to the cluster. An additional threshold, as delineated in Equation 

5.10, serves to exclude nodes with lower sensitivity. This threshold, primarily set at 0.50 in 

Equation 5.10, 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 markedly non-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 

(ὅὔ) 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 set (ὅὔ) is calculated using Equation 5.9. The sum of 

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

solution. 

ὝὬ
πȢυπȟ ὭὪ Ὓȟ πȢυπ

ÍÁØὛȟ πȢπυȟ έὸὬὩὶύὭίὩ
 (5.10) 

where, ὝὬ is the threshold for sensitivity for cluster Ὧ. 
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Figure 5.1  Euclidean Cluster-based Optimal Placement of Sensors (ECOPS). 
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5.3.7 Post-validation of Solution using Leak Localization 

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 analyses involving leak localization 

in a large, real-world WDS. The initial set comprises two specific sub-comparisons, each serving 

a distinct purpose to validate the proposed metrics' efficacy in leak localization. Firstly, we 

compare our ECOPS-derived sensor solution 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 coverage-based metric's 

narrower perspective. The sensor solution based on coverage metric employed in this paper utilizes 

a greedy approach that ranks the nodes based on their total coverage calculated using Equations 

5.11 and 5.12; the top ranked nodes (M sensors) are selected to form the coverage-based sensor 

solution. 

ὅȟ
ρȟ ὭὪ Ўȟ ὝὬ

πȟ έὸὬὩὶύὭίὩ
 (5.11) 

Ὕέὸὥὰ ὅέὺὩὶὥὫὩ ὅȟ (5.12) 

where, Ўȟ is the pressure residual value at node Ὥ due to a leaky flow of 35 gallons per minute 

(gpm) at node Ὦ, ὝὬ πȢυπ ὴίὭ is the minimum pressure threshold, ὅȟ is the binary indicator 

for coverage of leak at Ὦ by node Ὥ and Ὕέὸὥὰ ὅέὺὩὶὥὫὩ is the total coverage provided by node Ὥ 

with respect to the entire WDS. 

The second sub-comparison within the initial set is against the Maximum Relevance 

Minimum Redundancy (MRMR) solution, as proposed by Santos-Ruiz 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 uniqueness (redundancy) 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 strong negative 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 low redundancy 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 distribution but different 

marginal distributions. This can be non-intuitive 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 independence 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 to a cluster consistently 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 nature of our 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 pre-existing pressure sensor placements within the real-world WDS. This 

comparison is also extended to the coverage-based sensors and the MRMR sensors to validate the 

findings of the initial set of comparisons. 

Leak Localization Approach 

The leak localization approach used for the post-validation of ECOPSôs sensor solution 

adopts the machine learning (ML) model-based approach presented in Basnet et al. (2023). Their 

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 employs the CNN model for leak 

localization. As per Basnet et al. (2023), the 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 squared error (MSE) as the loss function, Leaky Rectified Linear Unit (L-ReLU) (Maas et 

al. 2013) as the activation function, and the Adam (Kingma and Ba 2014) as the optimizer. 

The CNN-based 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 multi-leak scenarios and their associated pressure residuals obtained via 
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simulation, resulting in matrices of shape (100,000, M, 24) for pressure residuals and (100,000, K) 

for leak values, where M represents the number of sensors, and K denotes 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 datasets, 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: no-noise, mixed-noise (or noise), and random leaks, each representing different levels 

of real-world leak complexity as detailed in Basnet et al. (2023). The no-noise condition represents 

an ideal, noise-free environment. The noise condition introduces more complexity by 

incorporating model and measurement uncertainties. The noise condition introduces additional 

complexity by incorporating model and measurement uncertainties, with magnitudes reaching up 

to 3.4 psi (average = 0.3 psi). The 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 leak 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 extensively described in 

Basnet et al. (2023). 

Leak Localization Performance Metrics 

In this study, leak localization performance is assessed following the methodology detailed 

in Basnet et al. (2023), utilizing precision, recall, and F1-score (Equations 5.13ï5.15). 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 threshold values. A correct model prediction is one that falls 

within the threshold (+/-) of the true leak size. 

ὖὶὩὧὭίὭέὲ ὖ
Ὕὖ

Ὕὖ Ὂὖ
  ρππ (5.13) 

ὙὩὧὥὰὰ Ὑ
Ὕὖ

Ὕὖ Ὂὔ
  ρππ (5.14) 

Ὂρ ίὧέὶὩ Ὂρ
ς ὖ Ὑ

ὖ Ὑ
  (5.15) 

where, TP = True Positives; FP = False Positives; and FN = False Negatives. 

5.4 RESULTS AND DISCUSSION  

5.4.1 Study Network 

In this study, the proposed sensor placement approach is tested using a hydraulic model of 

a real-world WDS of a mid-size city located in the western region of the United States. This WDS 

is a pump-driven 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 developed using previous models updated 

with the recent Automated Metering Infrastructure (AMI) information. This hydraulic model 

consists of 1,381 junction nodes and 2,015 pipes (Figure 5.2). 

While test networks such as Hanoi and L-Town were also analyzed, the results and 

discussion in this study focus solely on the real-world WDS. Hanoi and L-Town are simpler 

networks in comparison to the real-world WDS, and their results are consistent with the 

observations discussed in the latter sections. 
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Figure 5.2  Study network based on a real-world Water Distribution System (WDS). 

5.4.2 Sensor Location Solution 

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 5.3 and 5.4). 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 

comparisonðbetween the ECOPS-derived sensors and the existing onesðwas a logical step. For 

the initial set of comparisons, which involved contrasting the ECOPS sensors with both the 
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coverage-based and MRMR-based sensors, a more granular leak localization challenge was 

introduced through the adoption of nine clusters. This nine-cluster setup, facilitating a nine-sensor 

configuration for each of the three approaches (ECOPS, MRMR, and Maximum Coverage), was 

chosen in anticipation of the WDS utility's capacity to incorporate six additional sensors into the 

system in the future. 

 
Figure 5.3  ECOPS sensors for the nine-cluster case. 
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Figure 5.4  ECOPS sensors for the three-cluster case. 

The sensor placement 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 hydraulic simulations in 

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, cluster-specific CFDs and 

node-cluster pair CFDs were calculated as described in the Methods section. The upper and lower 

percentile thresholds were set to the 90th and 60th percentiles, respectively, as trial-and-error 

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 uniqueness metrics for 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 highest-ranked sensor 

location from each cluster (as 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 requirement within 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) are situated beyond their respective cluster boundary. Nevertheless, the 

intrinsic requirement for cluster-specific sensitivity and uniqueness in selecting sensor nodes 

naturally induces a spatial variety. 

5.4.3 Post-validation Comparison Set 1 

ECOPS vs Coverage 

The first of two sub-comparisons 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 ECOPS-identified sensors against those selected for 

maximum coverage. A key difference between these two sensor-sets, as 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 spatial diversity. 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. 

 
Figure 5.5  Sensor location comparison for the nine-cluster case. 

This comparison delves into the qualitative differences in pressure data provided by the 

two sensor sets under three varying leak conditions: no-noise, noise, and random. The pressure 

data feeds into a CNN model (details in Table 5.1) for leak localization. The 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, indicative 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 performance), with complete model performance 

detailed in Tables 5.2ï5.4. Under ideal no-noise conditions, ECOPS sensors nearly achieve perfect 

leak localization (recall = 99.67%) without any false positives (precision = 100%). In contrast, the 

maximum coverage sensors 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 maximum coverage sensors 

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 sensors holds for all thresholds. 

 
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 

Layers 

Convolution 

Layers 

Activation 

Functions 

Learning 

Rate 

Optimizer 

CNN ï Nine 

clusters 

9-256-256-

500-500-9 

2 2 L-ReLU 0.05 Adam 

CNN ï Three 

clusters 

3-128-128-

300-300-3 

2 2 L-ReLU 0.05 Adam 

 
Table 5.2  Accuracies for the no-noise condition for the nine-cluster case 

Threshold ECOPS MRMR  Coverage 

P R F1 P R F1 P R F1 

1.0 99.5 97.1 98.3 27.4 27.2 27.3 32.9 32.4 32.7 

2.0 99.9 99.1 99.5 50.4 44.9 47.5 57.5 51.4 54.2 

3.0 100.0 99.5 99.7 63.1 55.4 59.0 70.6 61.4 65.7 

4.0 100.0 99.6 99.8 70.5 62.1 66.1 78.1 67.9 72.6 

5.0 100.0 99.7 99.8 75.4 66.9 70.9 82.8 72.5 77.3 

6.0 100.0 99.7 99.8 78.7 70.2 74.2 85.9 76.1 80.7 

7.0 100.0 99.7 99.9 81.2 72.8 76.8 88.1 78.8 83.2 

8.0 100.0 99.7 99.8 83.2 75.0 78.9 89.7 80.8 85.0 

9.0 100.0 99.7 99.8 84.9 76.9 80.7 90.9 82.4 86.4 

10.0 100.0 99.8 99.9 86.3 78.4 82.2 91.8 83.8 87.6 

P = Precision; R=Recall; F1 = F1-score 
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Table 5.3  Accuracies for the noise condition for the nine-cluster case 

Threshold ECOPS MRMR  Coverage 

P R F1 P R F1 P R F1 

1.0 19.4 19.3 19.4 5.2 8.0 6.3 3.5 6.4 4.5 

2.0 41.9 34.4 37.7 11.5 14.5 12.8 7.0 10.5 8.4 

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 23.9 14.5 17.0 15.6 

5.0 70.6 57.3 63.3 28.0 28.3 28.1 18.5 19.8 19.1 

6.0 74.6 61.5 67.4 32.6 31.5 32.0 22.7 22.4 22.6 

7.0 77.8 64.9 70.8 36.5 34.0 35.2 26.6 24.5 25.5 

8.0 80.3 67.9 73.5 40.1 36.1 38.0 30.4 26.2 28.2 

9.0 82.3 70.1 75.7 43.8 38.2 40.8 34.4 28.0 30.9 

10.0 83.9 72.1 77.5 47.3 40.0 43.3 38.2 29.7 33.4 

P = Precision; R=Recall; F1 = F1-score 

Table 5.4  Accuracies for the random condition for the nine-cluster case 

Threshold ECOPS MRMR  Coverage 

P R F1 P R F1 P R F1 

1.0 17.4 18.4 17.9 7.6 10.1 8.7 4.5 7.3 5.6 

2.0 37.6 31.9 34.5 17.0 18.0 17.5 10.3 13.0 11.5 

3.0 52.0 42.2 46.6 25.7 24.6 25.1 16.5 18.0 17.2 

4.0 61.1 49.3 54.5 33.1 30.0 31.5 22.5 22.4 22.4 

5.0 67.4 55.0 60.6 39.5 34.5 36.8 27.8 26.0 26.9 

6.0 72.1 59.6 65.3 44.8 38.2 41.2 32.8 29.3 30.9 

7.0 75.6 63.2 68.8 49.4 41.5 45.1 37.4 32.2 34.6 

8.0 78.4 66.3 71.9 53.3 44.1 48.2 41.5 34.6 37.7 

9.0 80.4 68.7 74.1 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 48.9 38.9 43.3 

P = Precision; R=Recall; F1 = F1-score 
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ECOPS vs MRMR 

The second sub-comparison 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 non-intuitive values used in the MRMR approach by Santos-Ruiz 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 outlined in Santos-Ruiz 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 are depicted in Figure 5.5. Although 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 sensors cluster in the central right area 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% of leaks with nearly 25% 

false positives (precision = 75%) in the ideal no-noise scenario (as shown in Figures 5.6a and 

5.6b). This performance is on par with the maximum coverage sensors but is significantly lowerð

by approximately 30%ðthan that achieved with the ECOPS 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 30%). The stark differences in accuracyðranging from 20% to 41%ð

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 Tables 5.2ï5.4 and are consistent in highlighting the 

effectiveness of the ECOPS sensors. 

5.4.4 Post-validation Comparison Set 2 

ECOPS vs Existing Pressure Sensors 

The final comparison aims to further solidify the effectiveness of the ECOPS-derived 

sensors by contrasting them with the existing sensors in the real-world WDS under investigation. 

The locations of these three pre-existing sensors are illustrated in Figure 5.7. 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 are typically 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 Figure 5.7) for completeness and to validate the findings of the previous 

comparisons. 



   

115 

 

 
Figure 5.7  Sensor location comparison for the three-cluster 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 complex realistic noise and random leak 

cases, is notably lower (10 - 17% lower F1-score) 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 the three-cluster case 

Sensors No-noise Noise Random 

P R F1 P R F1 P R F1 

ECOPS 100.0 99.9 99.9 98.4 85.3 91.4 92.1 72.8 81.3 

Existing 100.0 99.9 99.9 96.0 65.2 77.7 88.6 60.8 72.2 

Maximum Coverage 100.0 99.7 99.8 78.0 54.9 64.4 81.1 50.4 62.1 

MRMR 100.0 99.5 99.7 73.4 51.9 60.8 79.7 51.5 62.6 

P = Precision; R=Recall; F1 = F1-score 

A focused comparison between ECOPS and the existing sensors depicted in Figure 5.8(a) 

and 5.8(b), reveals that the existing sensors perform comparably to the ECOPS sensors in the 

simpler, no-noise scenario; both sets of sensors nearly achieve perfect leak localization (recall ~ 

100%) without generating any false positives (precision = 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 disparity becomes 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 

attributed to the simplified problem scope (lower leak resolution). Nonetheless, this comparison 

underscores the effectiveness of ECOPS sensors in delivering high-quality pressure data for 

accurate leak localization. The comprehensive results across all ten thresholds are compiled in 

Tables 5.6 and 5.7. 
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Figure 5.8  Localization performance of sensors (Existing vs ECOPS) for the three-cluster case: (a) 

Precision; (b) Recall. 

Table 5.6  Accuracies for the ECOPS sensors for the three-cluster case 

Threshold No-noise Noise Random 

P R F1 P R F1 P R F1 

1.0 100.0 99.9 100.0 75.9 33.3 46.3 76.2 42.9 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 81.5 88.8 61.8 72.9 

4.0 100.0 99.9 100.0 97.6 79.6 87.7 90.8 68.1 77.8 

5.0 100.0 99.9 100.0 98.4 85.3 91.4 92.1 72.8 81.3 

6.0 100.0 100.0 100.0 98.9 89.2 93.8 92.9 76.5 83.9 

7.0 100.0 100.0 100.0 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 94.5 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 = F1-score 
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Table 5.7  Accuracies for the existing sensors for the three-cluster case 

Threshold No-noise Noise Random 

P R F1 P R F1 P R F1 

1.0 100.0 99.9 99.9 66.9 19.9 30.7 49.5 24.1 32.4 

2.0 100.0 99.9 99.9 80.0 28.5 42.0 53.2 26.0 34.9 

3.0 100.0 99.9 99.9 82.7 31.3 45.4 75.9 41.8 53.9 

4.0 100.0 99.9 99.9 93.1 51.8 66.6 84.5 52.8 65.0 

5.0 100.0 99.9 99.9 96.0 65.2 77.7 88.6 60.8 72.2 

6.0 100.0 99.9 99.9 97.3 74.6 84.5 90.8 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 = F1-score 

5.5 SUMMARY AND CONCLUSIONS 

In this study, ECOPS, a cluster-based 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 model-based leak localization methods. We formulated 

the two desirable properties of input signalsñsensitivity and uniquenessñas surrogates, using 

simple definitions that intuitively connect to the leak localization performance. These surrogates 

when used in conjunction with the clusters (leak resolution) yielded spatially 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, real-world WDS, shows that integrating uniqueness with sensitivity is crucial for 

identifying optimal sensor locations compared to metrics that only focus on leak-related 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. Moreover, our findings 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 disciplines 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 localization accuracies 

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 real-world WDS, which were installed at strategic locations for leak 

characterization. These results provide tangible proof and reinforce the potential of ECOPS for 

optimal pressure sensor placement in leak localization applications. However, it is important to 

note that the other sensor setsðparticularly the existing sensors in the study networkðwere not 

tuned to the cluster-based 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 locations. Second, 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 challenges for leak 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 real-world WDSs could provide further confidence and strengthen its 

applicability to real systems. 
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CHAPTER 

SIX 

CHAPTER 6. 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 water distribution systems (WDSs) 

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 directly link sensor locations to leak localization performance 

provide a reliable means to identify optimal sensor placements. Among these, optimization-based 

approaches that incorporate deep neural networks (DNNs)ðknown for their high localization 

accuracyðare 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 sensor-specific DNNs. The SGM, integrated into an 

optimization-based framework, forms the core of the hybrid integrated sensor placement approach 

 

 

 

 

 
3 This sub-chapter will be submitted to the Journal of Water Resources Planning and Management and follows a 

paper format. 
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presented in this work. The framework is validated on both a small-scale standard test network 

and a large, real-world WDS. Results demonstrate that the SGM effectively approximates the 

performance of sensor-specific DNNs and, when incorporated into the optimization framework, 

identifies sensor locations that achieve high leak localization accuracy. 

6.2 INTRODUCTION  

Sensor locations within water distribution systems (WDSs) are critical in determining the 

quality of leak information collected. Due to the sparsity of 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 and those integrated with them. Approaches that do not rely on specific 

localization methods are computationally efficient and suitable for large-scale WDSs. However, 

they lack a direct connection to actual localization performance. While these methods use 

surrogate metrics that logically correlate sensor placement with localization accuracy (Xie et al., 

2018; Santos-Ruiz et al., 2022; López & Alfonso, 2022; Basnet et al., 2024, under review), the 

absence of a measurable foundation makes it challenging to assess the true optimality of these 

sensor solutions for leak localization. 

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 components: the sensor placement 

strategy and the leak localization model. Given the vast number of potential sensor configurations 

in large WDSs, optimization-based search methods are more practical than exhaustive or heuristic 

search mechanisms, which often have prohibitive computational costs. Optimization-based 

placement strategies can integrate various localization models. While statistical modelsðsuch as 
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projection-based or linear programming modelsðhave been used in this context (Casillas et al., 

2013; Casillas et al., 2015; Blesa et al., 2016), machine learning (ML) models, particularly deep 

neural networks (DNNs), have rarely been integrated. This is despite DNNs demonstrating high 

accuracy across numerous applications, including leak localization in WDSs (Hu et al. 2021), 

making them a desirable candidate for integration into optimization-based sensor placement. 

However, integrating DNNs into sensor placement poses significant computational 

challenge. This challenge primarily stems from the need to develop and evaluate a unique DNN 

model (dedicated model) for each possible sensor configurationðresulting in an extensive number 

of models given the vast number of potential sensor combinations. 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 presents a 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 localization accuracy 

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 techniques (Cho et 

al., 2014; Sutskever et al., 2014; Cheng et al., 2016), which assume a fixed subset of inactive 

features. In the context of sensor placement, where active and inactive nodes in a sensor 

combination constantly vary, traditional masking falls short. Dynamic masking resolves this by 
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establishing a fixed input layer that includes all potential sensor nodes and selectively masking, 

preserving data for active nodes and imputing data for 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 accuracy. Once trained, the SGM is integrated into the optimization-based 

sensor placement framework as the objective function, with localization accuracy serving as the 

objective value. This hybrid optimization framework employs a genetic algorithm (GA)-based 

search to identify the optimal sensor placement for the WDS. 

The key novelty of this study lies in the development and integration of a single general 

DNN-based modelðthe SGMðinto an optimization-based sensor placement approach, 

complemented by a dynamic masking technique that adapts to variable sensor configurations. The 

generalizability of the SGM is validated through localization tests on a standard test network. The 

complete SGM-integrated optimization framework is applied to a real-world WDS, and its 

performance is evaluated by comparing the localization accuracy of its final sensor solution against 

two existing methods: ECOPS by Basnet et al. (2024, under review) and Maximum Relevance 

Minimum Redundancy (MRMR) by Santos-Ruiz et al. (2022). 

6.3 METHODS 

6.3.1 Sensor Placement Problem 

The degree of leak localization accuracy that can be achieved with any localization models 

is determined by the quality of leak residuals recorded by the sensors, which is directly influenced 

by their spatial locations. Consequently, the primary objective of the sensor placement problem is 

to select optimal sensor locations that maximize the localization performance of leak localization 

models. This task is framed as a node selection problem, where network nodes serve as the 
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potential locations for sensor placement. Solving 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 networks. Therefore, the sensor placement problem is restructured as an optimization 

problem, allowing it to be addressed with efficient search algorithms tailored for such tasks. 

6.3.2 SGM Integrated Optimization-based Sensor Placement Approach 

The localization-integrated sensor placement approach in this study is formulated as an 

optimization problem (Equation 6.1). The objective is to maximize leak localization performance, 

represented by Ὂὢ, based on the selected sensor configuration, denoted by the decision variable 

ὢ. Configuration ὢ consists of sensors chosen from the search space Ὓ, includes all possible sensor 

locations in the WDS, represented by integers. Each element in ὢ specifies a unique sensor 

location, ensuring that each sensor position is assigned to a distinct node. 

maximize Ὂὢ 

(6.1) subject to ȿὢȿ Ὧ, 

ὢṖὛ, ȿὢȿ Ὧ, ὼ ὼ, ᶅ Ὥ Ὦ 

where, Ὂὢ = leak localization accuracy for sensor configuration ὼ, ὼ = ὼȟὼȟȣȟὼ  is the set 

of sensor locations chosen from the set Ὓ, ȿὢȿ Ὧ ensures exactly Ὧ unique sensors in ὼ. 

In this study, we adopt a DNN-based leak localization approach as the localization method 

for integration. Consequently, the objective function value Ὂὢ for a given sensor configuration 

ὢ 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 

sensor-specific DNNs. Once trained, the SGM serves as the objective function ὊȢ, the F1-score 
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of each sensor configuration measured on a validation set of leak scenarios, calculated using 

Equations 6.3ï6.5, serving as the objective function value. When optimized, this SGM-integrated 

framework yields the optimal sensor configuration that maximizes leak localization accuracy (F1-

score). 

The detailed implementation of the complete SGM-integrated optimization-based sensor 

placement approach, including the post-validation step is illustrated in Figure 6.1. The three key 

phasesðsingle general model (SGM) development, optimization search, and post-validation of 

optimal sensor solutionðare discussed in detail in the following sections. 
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Figure 6.1  Integrated Sensor Placement Approach. 

Single General Model (SGM) Development using Dynamic Input Masking 

The initial phase of our integrated sensor placement methodology focuses on developing a 

Single General Model (SGM), a Convolutional Neural Network (CNN)-based model, designed to 

accurately represent the performance and characteristics of individual, sensor-specific models. The 

choice of a CNN for the SGM is supported by findings from Basnet 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 SGM, however, 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, residual data specific to each leak scenarioðeither pressure or flow, depending 

on the sensor typeðis recorded at all potential sensor locations. These scenarios, generated as 

described in Basnet et al. (2023), reflect realistic leak complexities, including varying leak sizes, 

multiple simultaneous leaks, and unrestricted leak locations within the Water Distribution System 

(WDS). The leaks in these scenarios are modeled as emitters (Equation 6.2) with the emitter 

coefficient values representing the leak size. The residual data generated by simulating these leak 

scenarios are then divided into training and validation sets for SGM training, and during each 

training iteration (epoch), both sets undergo dynamic masking, with input data provided to a pre-

defined, fixed-shaped input layer in batches of consistent size. 

ή ὅὴ (6.2) 

where, ή = flow rate, ὴ = pressure, ὅ = emitter coefficient, and ‎ (=0.5) = pressure exponent. 

To adapt the fixed input layer to different sensor configurations, we define it to encompass 

all possible sensor locations. Each 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). In 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 representative variety of sensor configurations. 
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The trained SGM is then integrated into the optimization-based sensor placement approach to 

identify the optimal sensor locations. 

Optimization Search Algorithm 

The second phase integrates 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 this case introduces 

non-differentiability, therefore, precludes any gradient-based algorithms. Among the various 

gradient-free search algorithms, a Genetic Algorithm-based search was selected for this study. 

Genetic algorithms (GAs) are well-suited to handle the complexity, non-linearity, and non-

analytical objective of our sensor placement problemðnamely, the localization accuracy of a 

trained SGM. The GA's ability to navigate discrete, combinatorial search spaces makes it 

preferable over traditional optimization methods, which often fail under these conditions. 

Furthermore, the population-based nature of the GA supports a balanced approach between 

exploration (searching new areas of the solution space) and exploitation (refining promising 

solutions) (Goldberg and Holland 1988). 

6.3.3 Validation of the Integrated Sensor Placement Approach 

To establish the reliability of the final sensor solution from the SGM-integrated, 

optimization-based 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 sensor-specific models is evaluated. Second, the optimality of the final 

sensor solution produced by the integrated sensor placement approachðSGM coupled with GA-

based optimizationðis assessed. Both steps involve comparing leak localization performance 

across a comprehensive set of unique leak scenarios with complex characteristics. 
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As described in Basnet et al. (2023), the leak localization models map input residuals 

(pressure or flow) to corresponding leak scenarios, predicting both the location and size of leaks. 

Localization performance is assessed by comparing model predictions (location and size) with the 

actual values in the leak scenarios. The F1-Score metric, the geometric mean of precision and 

recall (Equations 6.3ï6.5), is used to assess localization accuracy. Precision measures the 

proportion of true leaks among all leaks predicted by the model, while recall quantifies the 

proportion of actual leaks correctly identified by the model among all true leaks. In this study, F1-

Scores are analyzed at varying levels of stringency, defined by distinct threshold values expressed 

in the same unit as the leak size, i.e., unit of the emitter coefficient. A prediction is deemed correct 

if it falls within this threshold range (+/-) of the actual leak size. 

ὖὶὩὧὭίὭέὲ ὖ
Ὕὖ

Ὕὖ Ὂὖ
  ρππ (6.3) 

ὙὩὧὥὰὰ Ὑ
Ὕὖ

Ὕὖ Ὂὔ
  ρππ (6.4) 

Ὂρ ίὧέὶὩ Ὂρ
ς ὖ Ὑ

ὖ Ὑ
  (6.5) 

where, TP = True Positives; FP = False Positives; and FN = False Negatives.  

Testing SGMôs Generalizability of Sensor-related Localization 

The accuracy of the SGM in representing the localization performance of sensor-specific, 

dedicated DNNs across all possible sensor configurations is crucial for its application in the 

integrated sensor placement approach. To evaluate the generalizability of the SGM, 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 exponential increase in possible sensor combinations. For this study, 

the Hanoi networkða standard test network with a manageable size of 31 nodes (Figure 6.2)ð 



   

131 

 

was selected, enabling comprehensive analysis of all possible sensor configurations using the 

SGM. 

 

Figure 6.2  Hanoi network. 

A pressure-sensor-focused SGM, trained on pressure 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 performance (F1-score) of each possible 

sensor configuration individually. Sensor combinations were then ranked in descending order 

based on their F1-scores, with the highest-performing configuration assigned the top rank. 

To validate the rankings and F1-scores derived from the SGM, spot evaluations were 

conducted. Sensor combinations from key ranking positions (top, middle, and bottom) were 

selected, and dedicated sensor-specific leak localization models were developed for each 

configuration. These individual models were tested on the same leak scenarios as the SGM, and 
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their F1-scores were calculated. A new ranking was generated based on the F1-scores of the sensor-

specific models, which was then compared to the SGM-based ranking. If the rankings align and 

the F1-scores are approximately proportional, the validity of the SGM is confirmed. 

Application and Post-validation of the Integrated Approach 

With the SGMôs validity established, the next step is to evaluate the effectiveness and 

accuracy of the complete sensor placement approach, specifically the SGM-integrated 

optimization framework. For this evaluation, we applied the framework to a real-world WDS from 

a mid-sized city in the western United States, previously studied by Basnet et al. (2024, under 

review). This pump-driven system has an average demand of 3.5 gallons per minute (gpm) and 

features a hydraulic network comprising 1,381 junction nodes and 2,015 pipes (Figure 6.3). 

 

Figure 6.3  Real-world WDS. 
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The first stage of this evaluation focused on assessing the functional accuracy of the 

optimization algorithm. We analyzed the progression of the objective function values, solution 

convergence and robustness, and 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 using the Hanoi 

network, spot checks were performed by selecting top solutions from different generations. For 

these selected solutions, dedicated localization models were developed, and their leak localization 

performance (F1-score) was computed. If these F1-scores demonstrated consistent improvements 

in sensor solutions across successive generations, it would confirm the functional accuracy of the 

SGM-integrated optimization framework. 

While this analysis establishes the functional reliability of the integrated approach, it does not 

address the effectiveness of our approach relative to existing sensor placement methods. To 

benchmark the integrated approach, we compared its final (optimal) sensor solution against two 

established, non-integrated pressure sensor placement methods. The first benchmark was the 

ECOPS method by Basnet et al. (2024, under review), and the second was the Maximum 

Relevance Minimum Redundancy (MRMR) method by Santos-Ruiz et al. (2022). These 

benchmarks provided a 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 performance (F1-

Score) of the three solutions was then compared on a test set of leak scenarios. 
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6.3.4 Software and Tools 

The following software and tools were used in this study: 

¶ EPANET Simulator 2.0 version ï Hydraulic simulations are performed using 

EPANET simulator. 

¶ Matlab 2019b version ï Pressure residuals for leak scenarios are generated by 

running the EPANET simulator in Matlab. 

¶ Python version 3.9 ï Model training, testing, and validation is done in Python. 

¶ Tensorflow version 2.1.6 ï Machine learning models are built using the Tensorflow 

package. 

¶ PyGAD version 3.3.1 ï Optimization problem is solved using the PyGAD package. 

6.4 RESULTS AND DISCUSSION 

6.4.1 Test of SGMôs Generalizability 

As described in the methods, the accuracy of the SGM in replicating the leak localization 

performance of sensor-specific dedicated DNNs across various sensor configurations was 

evaluated through an exhaustive analysis of the Hanoi network. The analysis focused on 

identifying the optimal four-node sensor combination from a total of 31,465 possible 

configurations, calculated as C(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 batch, the corresponding nodesô 

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 pressure residuals, 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 four-node sensor combination. Similar to the training dataset, the 

test scenarios involved up to three simultaneous leaks occurring randomly within the WDS, with 

leak sizes ranging up to an emitter coefficient of 10 (equivalent to 100 gpm, or 12.5% of the 

systemôs 800 gpm 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 predict leak locations and 

sizes. F1-scores were calculated for each combination to quantify its SGM-based localization 

performance. This exhaustive testing produced a complete performance ranking of all possible 

sensor combinations, ordered by descending F1-score. Table 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, 30] 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 sensor combinations 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 combinations, closely ranked, exhibited high F1-scores, while the 

remaining three, situated in progressively lower ranking quartiles, displayed more distinct 

differences in F1-scores. For each of these combinations, dedicated CNN models were developed 

with input layers configured specifically for the nodes in the selected sensor combination. These 

sensor-specific models were trained and tested on the same datasets used for evaluating the SGM. 

The performance (F1-scores) at five different thresholds is summarized in Table 6.2. 

The F1-scores, compared at a threshold of 0.2, facilitated a re-ranking of these five sensor 

combinations (Table 6.2), which aligned with the SGM-based rankings. Furthermore, the F1-

scores of the dedicated CNN models were reasonably proportional to those of the SGM across the 

different sensor combinations. This consistency between the SGM and the sensor-specific CNN 
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models reinforces the accuracy of the SGM in ranking sensor combinations based on localization 

performance. 

Table 6.2  SGM ranking vs Sensor-specific model ranking 

Sensor 

Combinations 
F1-Score Rank 

 Dedicated CNN SGM Dedicated CNN SGM**  

[17, 21, 27, 31] 63.9 49.8 1 1 

[17, 21, 27, 30] 63.3 48.9 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 

6.4.2 Application of the Integrated Sensor Placement Approach to the Real-world WDS 

Following the validation of the SGMôs accuracy on the test network, the next phase applied 

the complete SGM-integrated optimization framework to identify optimal pressure sensor 

locations for a real-world WDS. The objective was to determine the best nine-node sensor 

combination, enabling a fair comparison during post-validation against the ECOPS approach 

proposed by Basnet et al. (2024, under review). To streamline the SGM development and 

optimization process, the WDS was divided into nine leak regions (clusters) (Figure 6.4), with 

each cluster representing the leaks located anywhere within its boundaries. Additionally, the search 

space for sensor placement was restricted to 200 nodes, chosen for their broad coverage across 

various leak scenarios. From the 1,381 total nodes, the 200 nodes that registered high-pressure 

residuals (>0.5 psi) for the largest number of simulated leaks across the network were selected. 

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 substantial high-performance 

computing resources with advanced graphical processing units for SGM training. 



   

138 

 

 

Figure 6.4  Leak resolution (nine clusters) for real-world 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 varying sizes (maximum 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 (batch size = 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 the nine-node 

sensor combination that maximized the F1-score. Within the GA, the 200 nodes were represented 

as integers (1 to 200). The GA was executed over 400 generations with a population size of 100, 

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
































