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Abstract 

Every household, industry, institution, organization needs clean water for existence. In 

Kenya, water is used for human consumption, production, and agriculture. The 

consumption of water, therefore, contributes to the overall growth of the economy 

through water bills.  

The term non-revenue water (NRW) is defined as water produced and 'lost' before it 

reaches the customers. NRW is also described as the difference in volume reaching the 

final consumer for billing and the initial volume released into the distribution network. 

Based on the assessment of the Public-Private Infrastructure Advisory Facility (PPIF), 

an organization that fosters inter-agency cooperation to curbing NRW, physical losses 

are the main causes of NRW.  As per PPIF, most NRW emanates from physical losses, 

including burst pipes that are often a result of poor maintenance. Besides physical 

losses, PPIF notes other numerous sources of NRW, especially commercial losses 

arising from the manner billing data is handled throughout the billing process. The main 

issues related to this cause include under-registration of customers' meters’ reading, data 

handling errors, theft, and illegal connections. Other causes of NRW include unbilled 

authorized consumption such as water used for firefighting, utilities for operational 

purposes, and water provided to specific groups for free. Therefore, non-revenue water 

risks the country's revenue collection, which can lead to slow economic growth. 

This research proposes development of a machine learning model that will be used by 

water service providers. The model will be able to assist the WSP companies to reduce 

non-revenue water by predicting water consumption of different customers. To achieve 

these objectives, we intend to focus on providing tools and methods that will guide the 

WSPs on reducing the non-revenue water. Our model was trained with 2 years 

consumption dataset of Nairobi County. 

The model developed was able to predict customer monthly consumption with 

percentage accuracy of 95%.  
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Chapter 1: Introduction 

1.1 Background 

Every household, industry, institution, organization needs clean water for existence. In 

Kenya, water is used in human consumption in production and agriculture. The 

consumption of water, therefore, contributes to the overall growth of the economy 

through water bills.  

NRW ranks significantly high as one of the main challenges facing water service 

providers in Kenya. More than a third of all water service providers lost nearly half their 

volume of water to commercial and physical losses as of 2015(U.N. Habitat, 2015).  

Based on WASREB estimates, the target for Non-Revenue Water stands below thirty 

percent, and only eight of eighty-six WSPs met the said target.  A simple comparison 

between the years 2014 and 2015 indicates an increase in NRW, which outweighs a 

concurrent marginal increase in water production during the same period. Such results 

indicate less volume of consumption water despite the increase in production, which 

amplifies the imminent threat of NRW to water services providers and water consumers. 

 Current statistics indicate that 45% of the water produced in the urban sector is lost 

through NRW, translating to losses over KES 10 billion annually (U.N. Habitat, 2015). 

Such crippling losses have continued to mar the operations and sustainability of most 

water service providers in the country. In the large cities, the astronomical losses have 

made it hard for WASREB to meet the consumer demands by crippling the board's 

ability to repair, operate, expand and set up a new water supply network. Effectively, 

this raises the tally of people without access to clean water, with the current number 

standing at 16 million people (Ng’etich, 2015). In Nairobi, the local water utility Nairobi 

City Water and Sewerage Company (hereafter called the water utility) struggles to 

distribute scarce water resources and meet a rapidly increasing demand. 

Common methods applied in detecting non-revenue water by utility companies include 

manual methods that include physical investigation teams by utility companies and 

police, transient test-based methods, and pressure sensor placement algorithm. These 

methods are less effective in developing countries like Kenya.  
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Utility losses remain a key challenge in the utility industry. Utility losses pose a 

significant threat to the operations of the utility and the overall long-term sustainability 

and profitability. As a result, Barandouzi et al. (2012) argue that utility companies have 

turned towards machine learning algorithms and advanced analytics to monitor 

consumption patterns that allow easy identification of utility theft. However, this shift is 

not without its share of problems. In the quest for advanced utility consumption 

management, one key challenge that arises is the vast array of data produced and the 

vastness of its distribution. However, when properly adopted and used, ML algorithms 

can significantly cut on the above challenge by cutting on fraudulent transactions to 

around 1-2% of the total number of observations, thereby reducing data imbalances. ML 

algorithms also reign on sudden changes in the normal transactions, such as sudden 

drop/increase in consumption amount, according to Soldevila et al. (2017). Nonetheless, 

ML algorithms tend to produce unsatisfactory classifiers when faced with imbalanced 

data sets and sudden drop/increase in consumption.  

1.2. Problem Statement 

On a site visit in Nairobi water, the non-revenue water department manager made it clear 

that NRW was a menace that was causing over 40% revenue loss in Nairobi County 

only. Nairobi water was using manual excel computation to compare between the 

forecasted consumption with the actual consumption. This thesis proposed a better and 

accurate way to carry out the comparison.  

Besides the manual methods applied by the water utility companies in Kenya, many 

computational techniques can be used in NRW detection, for example, Bayesian system 

identification and machine learning. However, they are less effective since they highly 

depend on how balanced the data is, for they learn by example though most of the real-

world problems have imbalanced data classes. An imbalanced data in this context refers 

to a classification problem where classes lack equal representation. 

In machine learning, imbalanced classification implies a predictive modeling problem 

where for each class label; the number of examples in the training dataset is not 

balanced.  Therefore, as Soldevila et al. (2017), states, it means that class distributions 

are never close to equal but rather skewed and biased.  For instance, we can talk about a 
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few theft cases in water utility consumption compared to authorize water consumption. 

A limitation can also cause an imbalance in data collection, such as cost, privacy, and 

the effort required in data collection and representation. The proposed ML approach 

solves this problem through the identification of the rare minority data class therefore, 

achieving higher overall accuracy and solves missed classification due to sudden 

changes in the consumption patterns of the water utility. 

1.3.Objectives 

1.3.1. General Objectives 

The main objective is to develop a deep learning model using a convolutional neural 

network used by water utility companies to cub the NRW. 

1.3.2 Specific Objectives 

1) To critique non-revenue water detection techniques. 

2) To design and implement an ML model using Logistic regression (L.R.). 

3) To evaluate the performance of the Model. 

4) To provide an accurate process of comparing between the actual consumption 

and the forecasted consumption. 

1.4.Research Questions 

1) What are the methods used to forecast consumer consumption volumes? 

2)  What are the means of collecting and processing utility consumption data to be used 

in the analysis and detection on NRW? 

3) Which are the ways applied to reduce the non-revenue water? 

 

1.5. Justification 

The problem of NRW detection in a utility company has been studied over the past 

decades, and different researchers have sought several solutions. However, there is no 

direct and cheap method to control the increasing rate of water loss, especially in 

developing countries due to poor water distribution networks and imbalanced data in 

most real-world problem cases. 
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In this study, many benefits will arise from the NRW detection model; water utility 

companies will reduce the non-revenue water hence expanding and improving their 

services. This study provides a better and affordable solution that can be used across the 

world. Compared to other methods that have been used in the detection of apparent 

water loss, using machine learning is better because: 

1) The tool is reliable and affordable by any utility company because its 

independent of the distribution network, which is the biggest challenge in NRW 

detection of developing countries (Most developing countries have disorganized 

distribution network) 

2) The study pays attention to the losses at the side of the consumers that is leakages 

after the meter. 

3) The tool reduces the time for information access to utility companies since they 

don't have to wait for reports from investigation teams and well-wishers. 

4) The tool is independent of data imbalances as compared to Bayesian system 

identification. 

The study will provide policy makers and management of water service providers with a 

viable option to curb NRW. It will significantly change how NRW is viewed as well as 

measures to adopt to reduce it and thus protect the overall viability and sustainability of 

such enterprises. In The study will focus on apparent water losses, which have not been 

looked at in most research in the last decade, particularly in the Kenya. 

1.6. Scope and Limitation 

Detection of NRW is an extremely challenging problem in today's water distribution 

network and utility companies' everyday operations. NRW comprises physical and 

apparent water losses, both of which greatly affect the revenue of utility companies 

worldwide. NRW losses have also made it difficult for utility companies to meet their 

consumer demands and keep water tariffs reasonable. This dissertation presents a 

generalized machine learning approach focused on using customer water consumption 

data patterns to detect illegal water consumers, malfunctioning meters, and leakages 

after the meter. The scope of this study will be limited to NRW. 
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Chapter 2: Literature Review 

2.1. Introduction 

Many approaches have been done in an attempt to solve the problems of NRW losses 

faced by many of the utility companies all over the world. Review of previous research 

conducted on reducing non-revenue water is done on this chapter, the methods and 

approaches adopted by WSPs, and how this knowledge will be used in the development 

of a deep learning model using a convolutional neural network that water utility 

companies can use to cub NRW. The chapter will be divided into four sections namely 

theoretical framework, empirical framework, conceptual framework, and research gap. 

2.2 The Water Balance Theory 

According to Mastaller and Klingel (2017), understanding the concept of NRW calls for 

a purposeful and objective view of the water system. Over the years, different countries 

have come up with various strategies to help achieve this clarity.  In the US, the concept 

of a water audit is used to understand the cost source and magnitude of NRW 

(Radivojević et al., 2020). The International Water Association (IWA) has developed the 

water balance concept and which has become adopted by many national water 

associations across the world. 

The water balance theory is based on the concept of water balance developed by IWA.  

According to Charalambous and Hamilton (2015), understanding the concept of water 

balance is the foundation on which water losses management techniques are based. 

Based on this theory, water consumption in a utility system comprises water losses and 

authorized consumption. Authorized consumption is further broken down into unbilled 

authorized consumption and billed authorized consumption. 

 Water losses according to the theory are also categorized as commercial (apparent 

losses) and real losses.  As Mastaller and Klingel (2017) point out, the theory thus holds 

that non-revenue water is the sum of real losses, commercial losses, and unbilled 

authorized consumption while revenue water comprises only billed authorized 

consumption. Therefore, according to IWA, the calculation for NRW can be achieved as 

follows: 
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NRW= System Input Volume- Billed Authorized Consumption 

 

Figure 2.1. Diagrammatical explanation of NRW, its causes, and the estimated value loss 

globally per year (Liemberger et al., 2006) 

 2.2.1 Determining System Input Volume 

 Liemberger et al., (2007) opine that system input volume is equal to the total value of 

metered system input recorded in the entire system. Meter accuracy should be 

thoroughly verified by ensuring that discrepancies between temporary measurements and 

meter readings are addressed and adjustments made to reflect the real situation.  

2.2.2 Determining Authorized Consumption 

 Based on IWA, authorized consumption is defined to include water used in flushing of 

mains and sewers, filling water tankers, firefighting, and water taken from hydrants. 

Based on the local practices, these can be considered as billed, metered or unmetered, or 

unbilled. 

2.2.2.1 Billed Metered Consumption 

Billed metered consumption must put into consideration data handling and billing errors. 

The information to calculate the annual billed metered consumption is obtained directly 

from the billing system with special consideration put into identifying the different 

consumer categories. 
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2.2.2.2 Billed Unmetered Consumption 

 According to Charalambous and Hamilton (2011), this is also obtained from the billing 

system through identifying and monitoring unmetered domestic water consumers for 

particular periods. 

2.2.2.3 Unbilled metered Consumption 

Radivojević et al., (2020) argue that unbilled metered consumption forms an 

insignificant part of the water balance.  Determining the volume uses the same method 

as used in determining the volume of billed unmetered consumption. 

2.2.2.4 Unbilled Unmetered consumption 

 It marks water used for operational purposes by the utility. According to Mastaller and 

Klingel (2017), this consumption is overestimated by considering it as a percentage of 

the overall system input volume or by overestimating it on purpose to cover losses 

incurred. Unbilled unmetered consumption should be estimated for individual 

consumption. 

2.3 Empirical Review 

Numerous studies have been conducted on NRW in an attempt to find a solution to 

tackle the problem.  While significant strides have been made towards reducing water 

losses, NRW remains a challenge in most countries. According to Amoatey et al., 

(2018), the problem is exacerbated by poor equipment and infrastructure unmaintained 

for long periods, increased water fraud, and illegal connections to old buildings.  

 WSPs in many low-income countries have attempted to reduce water losses by 

implementing strategies to reduce NRW. According to Kanakoudis and Tsitsifli (2010), 

the main challenge faced by many of the water utility companies is the reliability of their 

measurement systems.  Further Amoatey et al., (2018), support this finding arguing that 

the reliability of the measurement system is crucial as it is essential in the evaluation of 

losses which has a significant impact on the water balance. 

 A 2010 study on non-revenue water management conducted in Kampala, Uganda found 

that dilapidated infrastructure was the key cause of NRW (Mons, 2010).  A similar study 

was conducted in 2008, in Accra, Ghana. The study was on the management of NRW 
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where the main objective was analyses of existing NRW management strategies. After 

the study levels of NRW were found to be determined by meter under-registration, 

leakage control, and meter reading inaccuracies, network pressures, and billing 

inaccuracies (Yeboah, 2008). A 2003 study in the US, at the Tampa Water Department 

of Florida, sought to identify the causes of an eight-month increase in NRW. The study 

identified meter data accuracy, meter calibration, and testing, billing system, and 

accounting procedures as important areas of study (Brian, 2003). 

2.3.1 Current NRW Detection Techniques 

Accurate, quick, and affordable water loss detection is the key to mitigating all problems 

and consequences associated with non-revenue water losses. At times some of these 

techniques can be used concurrently to get better results.   

2.3.1.1 Transient Test-Based Techniques (TTBT) 

This technique solves the problem of pointing out illegal branches in the water 

distribution network utilizing steady-state pressure and discharge measurements mainly 

because such systems are not active according to the regular schedule (Meniconi et al., 

2011). Illegal branches can wipe out a large volume of water in the distribution network, 

which negatively affects the utility company's revenue. 

 As Atef et al., (2016) point out, illegal branch connections in a water distribution 

network can be located by analyzing pressure signals through wavelet analysis and 

branch size, which is related to the reflection coefficient of the connection of the illegal 

branch (Xin et al., 2014). A case study carried out at the Water Engineering Laboratory 

of the University of Perugia, Italy, showed that TTBT allows detection of illegal water 

branches in the distribution network irrespective of whether they are active or inactive. 

TTBT water theft detection technique is advantageous because the possibility and 

precision in the localization do not depend on branch functionality conditions. 

Furthermore, the evaluation of the reflection coefficient at the branch allows the 

evaluation of the branch size. 
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2.3.1.2 Meter Tampering Detection Techniques 

Several definitions exist for the term meter tampering depending on the different 

contexts of use. In the case of the water service provision, meter tampering is generally 

defined as the fraudulent, deliberate manipulation of water reading meters to interfere 

with consumption data. Ogutu, Okuth and Lall, (2017) support this view stating that 

meter tampering implies a discrepancy between the actual volume of water consumed 

and the volume recorded in the utility company’s meter readings.  

Essential meter manipulation indicates weak consumption control mechanisms, thus 

resulting in lost revenue. To overcome meter tampering using the ML algorithms, data 

from the utility company's databases is mined to generate and programme the algorithms 

(Soldevila et al., 2017). The generated algorithms mainly aim to detect the main types of 

consumption patterns: Sudden drops, abnormally low consumption, and progressive 

drops. 

2.3.2 Using machine Learning (ML) techniques to detect utility theft 

ML is a sub-field of artificial intelligence that deals with the design and development of 

algorithms that seek to create self-teaching or learning computers. The learning process 

involves the automatic extraction of rules and patterns from data. ML is closely related 

to fields like data mining, statistics, and pattern recognition (Hu et al., 2021). 

A large number of ML algorithms have been used in utility theft detection modeling. Li 

et al. (2015) classify them as supervised, semi-supervised, and unsupervised learning 

methods.  A supervised ML algorithm’s task is inferring a function from labeled training 

data. Unsupervised learning is an ML task that draws inferences from data sets 

consisting of input data without labeled responses (Gao and Ren, 2014). Semi-

supervised learning uses both the concepts of supervised and unsupervised learning 

wherein, in typical circumstances, small volumes of labeled data are combined with a 

large volume of unlabeled data.  

One study in Egypt on NRW stands out, the study uses neural networks to capture the 

parameters affecting non-revenue water in Egypt (Mona Rafat Elkharbotly...2022). This 

study aims to offer findings that will lay the basis for sustainable water resources 

management in Egypt. 



 

 

10 

2.4 Conceptual Framework 

A key measure used to determine the efficiency of any WSP is the extent of NRW 

reported. Every water utility company strives to reduce the level of NRW as lower levels 

are considered desirable and are achievable through concerted input including reducing 

water theft, eliminating billing and accounting errors, and rehabilitating the 

infrastructure.  Through a measured and coordinated interaction of these factors, it is 

possible to develop a deep learning model using a convolutional neural network that 

water utility companies can use to cub NRW 

 

 

 

 

Figure 2.1. A Diagram showing conceptual framework. 

 



 

 

11 

2.5 Research Gap 

Besides the numerous studies conducted on curbing NRW, the problem persists and 

plagues many water utility providers globally. The problem is enabled in part by the 

current techniques used to curb NRW. As identified early, most of the techniques are 

manual e.g. using excel in consumption comparison which puts them at the risk of 

inaccuracies, manipulation and decreases their efficacy in detecting and curbing NRW. 

Thus this remains a major gap as water providers are still experiencing the challenge of 

non-revenue water, Nairobi water being a case study. The proposed solution which seeks 

to use machine learning thus seeks to solve this knowledge gap. 
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Chapter 3: Research Design and Methodology 

3.1 Introduction 

This section explains the research design and methodology used for this research project. 

Combinations of experimental design and historical research model have been adopted 

as the research design for this research project. Rapid application development (RAD) 

will be used as the system development methodology.  

3.2. Research Design and System Development Approach 

In this study, we will use multiple research methods. This research method integrates 

both quantitative and qualitative research strategies within one single project. It takes 

advantage of using more than one research method as a way to explore a research 

problem. It also uses mixed data like text, numbers, and additional means involving 

statistics and text analysis. 

3.2.1 Quantitative method 

 Xin et al. (2014) opine that the quantitative method ought to emphasize objective 

measurements and analyze the data collected in a mathematical, statistical, or numerical 

manner. The data can be collected through questionnaires, polls, and surveys or by 

manipulating pre-existing statistical data using computational techniques. A similar 

point of view is held by Farley et al. (2008), who states that the main focus of 

quantitative research is collecting and generalizing numerical data to explain a certain 

phenomenon or across categories of people. 

 Descriptive research design will be used in this project. This research design will 

involve collection of data from WSPs, analysis and interpretation of the data to use it as 

the basis of building a convolutional neural network model to solve the identified 

problem. 

3.2.2 Qualitative method  

The quantitative method is a scientific research method that involves investigating to 

obtain answers to a certain question. The quantitative research method is systematic. It 

follows pre-laid procedures to collect evidence and develop findings that previously did 

not exist and apply to a wider scope other than the one defined by the current study.  
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 For the purpose of this research project, a historical research model will be used.  

Historical research model uses past events in order to understand present patterns and 

predict future occurrences. Through a historical model, the convolutional neural network 

model will be trained with past data obtained from the WSPs to identify current water 

usage patterns and these can be utilized to reduce NRW. Based on the past consumption 

data, the model will also be trained to make predictions on what to expect in future in 

terms of consumption patterns which will make it possible to keep track of NRW. 

3.2.3 Why use the mixed research method  

Many reasons have been discussed for using mixed-method research, and these include:  

1) Weakness in quantitative and qualitative research. Imauzumi and Junkosha (1987) 

aver that quantitative research experiences challenges in understanding the data 

setting or context from which it is collected. Qualitative research is deemed weak 

in its parts due to its susceptibility to biases and its lack of support for statistical 

analysis and generalization. The use of mixed methods is thus preferred as it 

offsets these shortcomings by allowing a researcher to carry out analysis and 

exploration in the same study.  

2)  As mixed research methods are multifaceted, researchers can use various tools to 

gather data that is comprehensive. The use of a variety of tools thus provides a 

broader perspective of the overall research problem. 

3) Mixed research methods provide a broad scope of results since they can be either 

statistical analysis or observations.  As Wu and Sage (2008) assert, the broadness 

of the results means that the results can be validated within the study through 

additional evidence and support for the findings. 

4) The use of both inductive and deductive thinking and reasoning allows both 

numbers and words for communication. Hence, the results and findings can be 

understood by a wide range of audiences. 

5) The combined methodology is a means to minimize the researcher's personal bias.  
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3.3 System Analysis and System Design  

The prototype will be developed using rapid application development approach. RAD 

software development methodology that uses minimal planning in favor of rapid 

prototyping. 

 

 

Figure 3.1. An illustration describing the RAD model in detail 

3.4   System Implementation 

Linear regression Machine learning models were developed and trained using the same 

data set to evaluate its accuracy. These models include; 

 

1) Logistic Regression (LR). The model is used when the dataset to be analyzed 

with one or multiple independent variables likely to influence the outcome. 

According to Depuru et al. (2011), a dichotomous variable is used to measure the 

outcome whereby the possible outcomes are only two. Similarly, Almeida et al. 

(2014) aver that logistic regression is applied in predicting binary outcomes such 

as Yes/No, 1/0 given a set of independent variables.  Given logistic regression is 
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a form of regression analysis, it is a predictive analysis.  According to Depuru et 

al. (2011), logistic regression can be used for data description or explaining the 

relationship between a dependent binary variable and one or more interval, 

nominal, ordinal, or ratio-level independent variables. 

 

3.5 System Testing 

Consumption data of customers over a period of two years will be ingested into the 

database. The model engine will consume the data split it into training and testing 

datasets then run the modeling. After which a frontend information system will be used 

to send prediction request to the engine. Furthermore, an investigation team will follow 

up on customers who have been classified as fraudulent customers all while using the 

model to see whether they are detected or flagged. 

3.6 Target Population and Sampling 

The target population for this research project will be customers of the NCWSC, a WSP 

in Kenya. The customers whose data will be collected will include all customers who are 

known to consume water legally, those who are known to consume water fraudulently as 

well as entities or customers who consume water for free but legally. 

3.7 Data Collection 

Consumption data for customers in different blocks around Nairobi will be extracted 

from the billing system at Nairobi City Water and Sewerage Company (NCWSC); this 

will include all consumption details for all customers; that is, customers that have been 

caught in the act of using water illegally and those that have never been caught before. 

Data protection act will be adhered to where the dataset shared will only be used 

purposely for research purpose. 

A list of customers that have been caught in the act before will be extracted from the 

illegal use management unit of NCWSC plus the time when they were caught. Also, 

customer GPS coordinates data will be extracted from the GPS mapping systems at 

NCWSC. 
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3.8 Data Analysis 

Before the consumption data is used for building, training, and evaluating the model, it 

will go through the following data processing criterion to make it more suitable for ML 

algorithm training and better classification results. 

1) Establish data collection mechanisms. Since data is extracted from different 

systems, SQL Queries will be developed depending on the customer reference 

number as a unique I.D. to each consumer. Here we expect three (3) files (that is, 

consumption details' file, GPS coordinates' file, and the file for customers who 

have ever been caught in the act of using water illegally before), each containing 

a customer reference column which will be used to merge all the files into one 

file. The merging will be done using python scripts.  

2) Format data to make it consistent. Since the data will be aggregated from 

different sources or databases that different people may manually update, it's 

worth making sure that all variables within a given attribute are consistently 

written. Therefore, we have to make sure that the input formats are the same 

across the entire dataset and our resultant file is in CSV format. This will be 

implemented using python scripts. 

3) Data reduction. Here we will simply remove records (data objects) with negative 

consumption values, fewer representatives, and records without GPS coordinates 

are removed to make predictions more accurate. This will also be done using 

python and excel scripts.  

4) Data cleaning Missing values can tangibly reduce our prediction approach; we 

will substitute them with zero (0) for consumption amount or with consumption 

mean values.  
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Figure 2.2. Python Excel scripts showing data processing before data analysis 

 

 

Figure 3.3. Data description using jupyter 
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Figure 3.4. Drop null columns in data cleaning 

 

Data decomposition; Here we will add extra data columns to cater to the seasons 

and classes (honest or non-honest utility consumers). And other factors that 

affect the consumption of water, like the existence of other water sources in the 

area and levels of development.  

5) Data re-scaling the data will be normalized or standardized before applying it to 

ML model training to reduce the dimensions and avoid the situations of some 

consumption values over-weighting others. This will be done during model 

development. 

6) Discretize data. Here data will be divided into a range of months to determine the 

consumption details according to seasons. This will then give more effective 

predictions 

3.9 Research Quality 

The performance the ML model will be assessed using mean square error and mean 

absolute error.  



 

 

19 

3.10 Ethical Approval  

 Ethical approval was sought from the Strathmore Ethical Approval Committee for the 

approval of this research project. Approval reference number was SU-IERC1226/21. 

Data collection permits will also be sought from NCWSC allowing for the collection of 

data from NCWSC. 
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Chapter 4: System Analysis and Design 

4.1 Introduction 

In this chapter, the overall architecture and detailed design of the system are described 

while considering various requirements. The chapter depicts the overall system 

architecture, describes the various components making up the system, and succinctly the 

interactions between users and the system components.  

 The chapter relies on various design diagrams, which are developed to achieve the 

illustrations, including the use case diagram, class diagrams and sequence diagram.  

 Based on the earlier identified research gap, the system is intended to work by 

considering several aspects of non-revenue water, among them leakage location, the 

difference in customer consumption, illegal connection hotspots, and volume of 

authorized non-revenue consumption. The system is designed to capture consumption 

data automatically to avoid human manipulation, use machine learning algorithms to 

analyze the data, and accurately determine the location. The algorithm is trained to use 

obtained data to detect and determine the volume of non-revenue, identify NRW 

patterns, identify the corresponding cause of the NRW and accurately identify the zone 

of the NRW consumption. 

 

4.2 Requirement Analysis 

 The current research seeks to utilize the efficiency of machine learning to develop a 

model capable of detecting non-revenue water, thereby reducing water loss and revenue 

loss for water service providers while increasing the reliability of water supply across 

most cities. Based on the earlier established objectives, the system needs to fulfill several 

requirements if the proposed model is successful. From an interview done with Nairobi 

Water and Sewerage Company, it came out clearly that non-revenue water was an issue 

that needed to be addressed. The client provided the following requirements.  

 

4.2.1 Functional Requirements 

1. The system should capture consumption data. 

2. The system should analyze obtained consumption data. 
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3. The system should allow retrieval of historical data, patterns, analysis, and 

reports per consumer, NRW type, and location and consumption type. 

4. The system should provide data security, redundancy, and integrity by 

ensuring data is not easily manipulated, thus guaranteeing the model's 

effectiveness. 

 

4.2.2 Non-Functional Requirements 

i. The system interface should be easy to use with proper UI/UX designs 

ii. The system should provide requested data and reports and perform functions 

requested in less than 5 minutes. 

iii. The system should have minimal points of failure and should provide ease of 

recovery 

Based on the research findings analyzed in the literature review, NRW remains a 

significant problem plaguing WSPs globally, even in developed countries. The problem 

is significantly rampant in developing countries where factors such as dilapidated water 

distribution infrastructure, illegal connections, and lack of an effective system to track 

water consumption only serve to exacerbate the problem. The current system is designed 

with all these factors in mind by ensuring that proper system analysis techniques are 

applied when selecting the most appropriate system design and architecture. 

4.3 System Architecture  

The system is built to collect raw consumption data from various consumption sources 

and store it in a CSV file. Once the raw data is obtained, it undergoes pre-processing to 

remove redundancies and noise in the data, including incomplete values and false 

results. The cleaned data is then classified based on attributes such as users, location, and 

consumption volume, among other attributes. Once the data is classified, the algorithms 

allow data manipulation to identify patterns, inconsistencies, and variances that provide 

key insight into water consumption and NRW. The results of the manipulation operation 

are saved into the database automatically, and the user is prompted to select whether 

they need to generate reports. Once the reports are generated, they are saved into the 

database for faster retrieval in the consequent operations 
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Figure 4.1. An illustration of the system architecture 

 

 4.4 Use Case Diagram 

 The interaction between users and the system is illustrated with a use case diagram. The 

users of the system referred to as actors interact with the system by performing certain 

queries in the system and the system responds by giving out results to the queries.  Use 

case diagrams also perform an important role of showing the functionalities that a 

system should have and operations that the user can perform on the system. 

 There are several use cases that the identified model will fulfill. Below are the use cases 

as illustrated in the diagram above. 

1. Collect consumption data- water consumption data is collected and stored in 

the data store. 

2. Data Cleaning and manipulation- The user defines and sets the parameters 

used to clean, classify, authenticate and manipulate captured data. 

3. Reports- Obtained by performing a search, defining search parameters, and 

identifying the type of report to be returned after the search. 

4. NRW Identification- The specific type of NRW is obtained through 

analyzing consumption data, identifying patterns, and comparing them to 

present data for each type of NRW. The location of the NRW is obtained 

through filtering location consumption data. 

5. Modify- This allows the user to add users, locations and define new 

consumption parameters and new consumption types. 

6. Train model- The user trains the model using training data. 
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Figure 4.2. A representation of the NRW use case Diagram 

4.5 Sequence Diagram 

Sequence diagrams illustrate the message interactions between objects in a system. In a 

system, objects interact by exchanging messages with each other, represented by 

horizontal arrows in sequence diagrams indicating the flow of messages from the sender 

to the recipient. The interaction between the administrator and the various objects is 

illustrated in the following sequence diagram. The administrator starts by defining the 

parameters for data collection and how the data is to be stored in the database. Once the 

data is captured and stored, the administrator defines the data cleaning and manipulation 

parameters. The result of the process is then stored in the database. Next, the 

administration queries the database by inputting specific search parameters or keywords. 

The search results are returned to the administrator, after which they are asked to select 

the format they want the result displayed. The returned results are then saved into the 



 

 

24 

database. If further action on the results is needed, the administrator proceeds to enter 

the query while saving the results to the database. 

 

 

 

Figure 4.3. Sequence Diagram illustrating message interactions between object in a 

system 

4.6 Database Schema 

It defines the relationship among entities and the actual entities stored in the database. In 

other terms, a database schema is a diagrammatic description of the database using 

schema diagrams. The user type table contains information about different types of water 

consumers. The NRW type contains information about the different types of NRW. The 

user type table has a relationship with the NRW type table.  
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Figure 4.4. An Illustration of the proposed Database schema 
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Chapter 5: System Implementation and Testing 

5.1 Introduction  

The software, documentation, and operating procedures of a system are developed and 

tested during the implementation stage. This section explains how the model was 

developed, tested, and validated. It begins by detailing how the set covering the problem 

model was developed. The model is then tested to see if the output values are correct. 

Experiments mentioned in Chapter 3 were used to establish the ideal arrangement of 

features to further confirm the researcher's technique. The model's application in 

detecting causes of NRW is described in the chapter's last part. 

5.2 Hardware and Software Environment 

The model was built using a linear regression statistical model, a data science statistical 

technique. Jupyter tool with the aid of python, pandas, and sklearn library was utilized to 

manipulate and analyze data. It has data structures and methods that may be used to 

manipulate numerical tables and time series. Because the requisite libraries were readily 

available, (Python) was chosen as the model's default programming language. Below is a 

highlight of the hardware and software specifications used for the model. 

 Pandas were chosen in data analysis and manipulation as it contains numerous libraries 

needed to achieve this objective. In particular, sklearn provides data structures and 

operations for manipulating the numerical figures crucial in calculations to determine the 

type of NRW.  

5.2.1 Model developments process 

The first step taken towards developing the model was data cleaning using the python 

programming language and sklearn library. The datasets used were extracted from a data 

source shared by the Nairobi water. It consisted of over 8000 customers in a certain 

zone. The below figures illustrate the methods used to clean and fit the dataset in 

readiness to be used in the model. 
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Figure 5.1. An illustration of dataset cleaning and fitting methods 

 

 

Figure 5.2. Data description 
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Figure 5.3. An illustration of how the model will check for data types 

Check for nulls, study the missing values, and choose the best method to deal with them. 

We choose to drop them. 
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Figure 5.4. An illustration of how the model will handle missing values and nulls 

5.2.2 Splitting data into Training and Testing data 

We created both the training and test sets in a one-liner, bypassing to train_test_split () 

the modeling. By using testsize = 0.2 it means that the ration of training dataset to testing 

dataset is 4:1. DataFrame along with the fraction of the examples that should be included 

in the testing set. As before, we also set a random_state so that the results are 

reproducible; every time we run the code, the same instances will be included in the 

training and testing sets, respectively. The method returns a tuple with two DataFrames 

containing the training and testing examples.  
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Figure 5.5. An Illustration of the process of data splitting 

5.3 Feature Engineering 

Feature engineering or feature extraction uses domain knowledge to extract features 

from raw data. The motivation is to use these extra features to improve the quality of 

results from a machine learning process, compared with supplying only the raw data to 

the machine learning process (Boehmke, Bradley; Greenwell, Brandon (2019). In this 

section, we aim to extract features from our raw dataset.  
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Figure 5.6. The process of extracting features from raw data 

In the above code snippet, we have removed some elements in the customer key column 

for easier conversion to numerical, dropped columns that were not useful, and checked 

missing values.  
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Figure 5.7. Extraction of feature from raw data by checking customer key uniqueness 

From the above snippet, we need to check the columns customer key's uniqueness and 

drop the address since it won't be used in our model. Next, we need to convert the 

independent variables into integers that regressions models can understand. 
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Figure 5.8. Conversion of independent variables into integers 

After that, we separate the independent variables from the dependent variables. Then 

split the dataset into train and test data (80% train and 20% test) 
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Figure 5.9. Separating independent variables from dependent variables 

Get the correlation of each Feature in the dataset and plot the results.   
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Figure 5.10. Establishing Correlation between features in dataset and plotting the results 

5.4 Implementation and Setup of Linear Regression Algorithm 

After successfully cleaning, preparing, and extracting features from our dataset, it is now 

time we implement our model. The aim is to train our model using linear regression.  
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Figure 5.11. An illustration of the process of training the model using linear regression 

We use the sklearn library, which features linear regression capabilities. Then, we use a 

pickle for packaging our model into a production-ready model. 

5.5 Testing the Model 

For the model to be considered operationally viable, it must be tested to achieve the 

desired results. The model results showed high accuracy in the customer consumption 

prediction; accuracy of 95% was achieved. We have prepared a prototype frontend page 

(angular) to call an API developed in flask (python language), making regular calls to 

our model for prediction. The result is a numerical prediction of the water consumption 

of the given customer.      
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Figure 5.12. A screen caption of code for training the model 
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Figure 5.13. Frontend page to consume the model API 
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Figure 5.14. API Implementing the model 

The model is also tested to ensure that it provides accurate data based on the input data 

and prioritizes results based on the operator's needs. During these tests, previous 

consumption data was used as the test data. The test data is taken in its raw form to 

mimic a live working environment where the data received is unbalanced and may have 

inconsistencies. Therefore, the model must be able to make the most out of the available 

input data by identifying patterns and inconsistencies that signal NRW consumption. 

 The tests carried on the model ensure that bugs are identified either in the units or 

within the model as a whole that would otherwise hamper the intended optimal 

performance of the model. The model was also tested to ensure that it meets all the 

functional and non-functional requirements stipulated by the user. Once it is established 

that the model meets the requirements, its usability is tested. The key focus in usability 

testing was to ensure that the model could perform all the functions as needed by the 

user in an easy, smooth, and user-friendly manner. Usability testing seeks to establish 



 

 

40 

whether the model is user-friendly and that users can easily use and learn to use the 

model. For the model to be considered successful, it must achieve a pass in each test, 

where a pass means that it performed as expected. The below table provides a summary 

of the tests carried out and what a pass in each test means. 
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Chapter 6: Discussions 

6.1 Introduction 

The research findings are discussed in connection with the objectives in this chapter. It 

explains how this was accomplished, starting with the literature study and continuing 

through the design and execution stages. It also goes over the parameters utilized to 

gauge the implementation's success. There's also a summary of the findings and some 

recommendations for further research. 

6.2 Collecting, cleaning, manipulating and processing data from WSP 

 One of the key objectives of this research was to establish an effective methodology that 

water service providers could utilize to collect and use the data collected to form part of 

the decision-making process. As noted in the literature review, collecting data by WSPs 

is often a daunting challenge due to the vastness of the data to be collected and other 

challenges related to incompleteness and inconsistencies in the data collected. It was 

established that more focus should be on how to work on the data collected in its 

unbalanced form to make predictions and conclusions rather than trying to improve the 

data itself, as it would be a difficult and expensive endeavor. Nonetheless, it was also 

noted that transiting to digital meters could help the process of data collection by 

eliminating data losses and data biases arising from human inefficiencies. Besides, it 

would significantly improve the process of cleaning, manipulating, and processing data. 

6.3 Conduct an analysis and a survey on methods for unbalanced class machine 

learning 

As mentioned earlier, the data collected by WSPs is extremely unbalanced. This 

realization prompted the need to establish the most efficient methodology that can be 

used to work with such kind of data to develop a machine learning model. A deep dive 

into the different existing methods was conducted with emphasis on analyzing the 

advantages and shortcomings of each. After a thorough analysis, it was established that 

each method has its advantages over other methods. It was also established that one way 

the shortcomings could be overcome is by formulating a model that implements a 

combination of the methodologies. However, such an endeavor is limited in its 

applicability. It results in overly complex systems that are untenable in terms of cost of 
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operation and the skillset required operating them. Furthermore, it was noted that 

implementing more than one methodology results in other shortcomings that eventually 

affect the system's overall effectiveness. 

 In establishing the current model, much focus was given to the machine learning 

models, as they were more computationally efficient when dealing with vast data in real-

world operations. As established in the literature review, the 4 main methodologies that 

provide better results when dealing with unbalanced class data in real-world operations 

are under-sampling, oversampling, SMOTE, and random forest. The previous studies 

noted that a combination of these methodologies provides an optimal solution with fewer 

shortcomings and does not increase the cost of operation and the complexity of the 

resultant system. 

6.4 To design, develop and implement a Machine Learning model 

 This was the primary objective of this research paper. The need to develop such a model 

is in the backdrop of the failure of the existing systems to solve the problem of NRW 

that has plagued WSPs for years. Based on the literature review, it was noted that most 

of the existing systems rely on the physical presence of field officers to identify sources 

of the NRW, such as leakages and illegal connections. Further, it was established that the 

existing systems do not have mechanisms to remotely localize NRW, thus needing extra 

field officers, which has become a financial burden for WSPs. For those WSPs that 

dared to implement better systems, the cost of running such systems, the skill 

requirement, and the overall bulkiness and complexity made such systems inoperable in 

the long term, thus leaving the NRW problem unsolved for long. 

 According to numerous research studies conducted, it was established that any system 

attempting to solve this problem must be simple and easy to use, foremost to eliminate 

the human skills that most of the previous systems posed. Further, it was noted that any 

such system must be able to manipulate and process vast amounts of unbalanced data 

without adding to the system's complexity. Besides, the resultant system should be able 

to localize NRW sources and provide a prediction of the type of NRW and offer real-

time monitoring, notifications, and reports. It was established that such a system must 

implement well-defined and developed machine learning algorithms to perform deep 

searches, analyze patterns and report accordingly 
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6.5 Testing the developed ML model 

Testing is a prerequisite for the acceptance of systems. Testing is done to ascertain that 

the system can effectively achieve what it said it could do and how it is supposed to do 

it. A literature review notes that several tests can be conducted on the system depending 

on its intended use. However, there are some common tests that all systems must go 

through; among them is unit testing, where the functioning of each of the system's units 

is tested; user testing, where the ease of use is evaluated and functional testing, where 

the system is evaluated against the functional and non-functional requirements 

established during the customer requirements phase of the project. 

6.6 Model Validity and advantages to the current systems 

The model created proves to be a feasible solution to the problem of NRW. Despite its 

geographical location, it requires minimal resources to fully implement and can be easily 

adapted to any WSP. The model is designed to work effectively in any condition, 

provided the minimum operational requirements are met. It also provides numerous 

advantages over the currents systems, among the reduction of human data manipulation 

and automation of the process of NRW identification besides allowing for seamless and 

real-time monitoring of water distribution infrastructure. 

6.7 Research Results and Contributions 

The model showed high accuracy of 95%. The successful implementation of the model 

provides a breakthrough that can be replicated to monitor other critical supply 

infrastructures such as oil and electricity with slight modifications to adapt it to the 

workings of these sectors. Therefore, such a fete is significant as it would help reduce 

thefts and revenue losses in those areas, which are especially rampant in developing 

countries, particularly in Kenya, where losses from water and electricity theft run into 

billions of shillings. The model further is an accomplishment in computer algorithms as 

the world continuously shifts to developing machine learning algorithms that can help 

solve the outstanding challenges that threaten the wellbeing of people, resources, and the 

environment. 
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Chapter 7: Conclusion and Recommendations 

7.1 Conclusion 

This research study was conducted to develop a machine learning model that can detect 

NRW in a water distribution infrastructure. The need for such a model arose from the 

failure of the previous system implemented to address the challenge effectively and 

holistically. As noted in other sections of this research study, previously implemented 

systems were marred with inefficiencies and shortcomings that deemed them unfeasible 

to operate in the long term without threatening the long term existence of WSPs. 

However, it was noted that significant progress had been made in addressing the 

problem of NRW, but the main areas of concern for WSPs remain unaddressed by the 

current systems. 

 In response to the prevailing situation, this research study sought to provide a structured 

approach that can be implemented to solve the problem summarily. The approach 

suggested was the formulation, development, and implementation of a machine learning 

model capable of learning over time to make critical decisions related to identifying 

different types and sources of NRW and providing recommendations on how much can 

be addressed in real-time. The model developed can work with the unbalanced data 

collected from different consumers, clean it, analyze and manipulate it to identify 

patterns that can then be used to identify different NRWs. Besides, the model needed to 

be able to localize the NRW to reduce the need for field officers, thus steeply reducing 

the cost of operating the system. In addition, the real-time monitoring of the 

consumption data provides for rapid reaction to cases of NRW, which other systems 

don't provide. Effectively, the model provides an effective way to curb NRW, protects 

WSPs from revenue losses, and ensures that consumers are protected from shortages 

occasioned by a lack of resources due to lost revenue. 

7.2 Recommendations  

Based on the developed model, the researcher notes some recommendations can be made 

towards helping solve the problem of NRW effectively and help in the progression of 

research in this field. 
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i. WSPs should strive towards replacing manual meters with digital meters to 

ensure ease of data collection, reduce consumer interference, and cases of data 

manipulation by officials. 

ii. WSPs should establish research departments within their organization. This 

could go a long way in developing feasible plans of action to deal with numerous 

challenges facing them currently and in the future. 

iii.  In implementing the current model, WSPs must be aware the effectiveness of 

such solutions is entirely based on their organizational operations, such as having an 

effective data collection mechanism and having swift response teams to address issues 

raised by the system. Most importantly, it must be noted that the system only identifies 

what could be a probable NRW but implementing decisions remains the role of the 

management. It is recommended that WSPs formulate proper strategies and guidelines 

that complement the systems to achieve success. 

 

7.3 Areas of Future Research 

 Challenges keep evolving, which calls for researchers to keep up with these challenges 

by carrying out continuous research. In line with this view, research in this field must 

continue to seek further solutions to the problem of NRW. As is, people have often 

found ways to bypass solutions implemented, and therefore, we cannot be oblivious of 

this point when implementing this system. Therefore, this is a rallying call for further 

research in water distribution and other areas of amenity provision, such as electricity. 

Due to the similarity in distribution architecture of major utilities such as water, oil, and 

electricity, it is crucial to note that research breakthroughs in one field can easily be 

replicated in the other fields. 

 

 

 

 

 



 

 

46 

References 

Alexander, J. (2016). Reducing non-revenue water: water. IMIESA, 41(9), 37-40. 

Almeida, F., Brennan, M., Joseph, P., Whitfield, S., Dray, S., & Paschoalini, A. (2014). 

On the acoustic filtering of the pipe and sensor in a buried plastic water pipe and 

its effect on leak detection: an experimental investigation. Sensors, 14(3), 5595-

5610. 

Amoatey, P. K., Minke, R., & Steinmetz, H. (2018). Leakage estimation in developing 

country water networks based on water balance, minimum night flow, and 

component analysis methods. Water Practice & Technology, 13(1), 96-105. 

Atef, A., Zayed, T., Hawari, A., Khader, M., & Moselhi, O. (2016). Multi-tier method 

using infrared photography and GPR to detect and locate water 

leaks. Automation in Construction, 61, 162-170. 

Barandouzi, M. A., Mahinthakumar, G., Ranjithan, R., & Brill, E. D. (2012). 

Probabilistic mapping of water leakage characterizations using a Bayesian 

approach. In World Environmental and Water Resources Congress 2012: 

Crossing Boundaries (pp. 3248-3256). 

Bhat, R. R., Trevizan, R. D., Sengupta, R., Li, X., & Bretas, A. (2016, December). 

Identifying non-technical power loss via spatial and temporal deep learning. 

In 2016 15th IEEE International Conference on Machine Learning and 

Applications (ICMLA) (pp. 272-279). IEEE. 

Brian Pickard et al (2003). Reducing Non-Revenue Water: A Myriad of Challenges. 

Tampa Water Department, Florida, USA. 

Charalambous, B., & Hamilton, S. (2011). Water balance-the next stage. Water utility 

journal, 1, 3-10. 

Criminisi, A., Fontanazza, C. M., Freni, G., & Loggia, G. L. (2009). Evaluation of the 

apparent losses caused by water meter under-registration in the intermittent water 

supply. Water Science and Technology, 60(9), 2373-2382. 



 

 

47 

Depuru, S. S. S. R., Wang, L., & Devabhaktuni, V. (2011, March). Support vector 

machine-based data classification for detection of electricity theft. In 2011 

IEEE/PES Power Systems Conference and Exposition (pp. 1-8). IEEE. 

Farley, M., Wyeth, G., Ghazali, Z. B. M., Istandar, A., Singh, S., Dijk, N., ... & 

Kirkwood, E. (2008). The manager’s non-revenue water handbook: a guide to 

understanding water losses. United States of America: United States Agency for 

International Development (USAID). 

GAO, B. K., & REN, X. J. (2014). Pipeline Leak Detection Based on Improved 

Differential Evolution Algorithm and Fuzzy Neural Network. Control and 

Instruments in Chemical Industry, 01. 

Gupta, G. (2017). Monitoring Water Distribution Network using Machine Learning. 

Hu, X., Han, Y., Yu, B., Geng, Z., & Fan, J. (2021). Novel leakage detection and water 

loss management of urban water supply network using multiscale neural 

networks. Journal of Cleaner Production, 278, 123611. 

Imaizumi, H. (1987). U.S. Patent No. 4,677,371. Washington, DC: U.S. Patent and 

Trademark Office. 

Jensen, H. A., & Jerez, D. J. (2019). A Bayesian model updating approach for detection-

related problems in water distribution networks. Reliability Engineering & 

System Safety, 185, 100-112. 

Kanakoudis, V., & Muhammetoglu, H. (2014). Urban water pipe networks management 

towards non‐revenue water reduction: Two case studies from Greece and 

Turkey. CLEAN–Soil, Air, Water, 42(7), 880-892. 

Li, R., Huang, H., Xin, K., & Tao, T. (2015). A review of methods for burst/leakage 

detection and location in water distribution systems. Water Science and 

Technology: Water Supply, 15(3), 429-441. 

Liemberger, R., Brothers, K., Lambert, A., McKenzie, R., Rizzo, A., & Waldron, T. 

(2007). Water loss performance indicators. In Proceedings of IWA Specialised 

Conference Water Loss 23th-26th September (pp. 148-160). 



 

 

48 

Mastaller, M., & Klingel, P. (2017). Adapting the IWA water balance to intermittent 

water supply and flat-rate tariffs without customer metering. Journal of Water, 

Sanitation and Hygiene for Development, 7(3), 396-406. 

McLaughlin, S., Holbert, B., Fawaz, A., Berthier, R., & Zonouz, S. (2013). A multi-

sensor energy theft detection framework for advanced metering 

infrastructures. IEEE Journal on Selected Areas in Communications, 31(7), 

1319-1330.  

Meniconi, S., Brunone, B., & Ferrante, M. (2011). In-line pipe device checking by short-

period analysis of transient tests. Journal of Hydraulic Engineering, 137(7), 713-

722. 

Monedero Goicoechea, I. L., Biscarri Triviño, F., Guerrero Alonso, J. I., Roldán, M., & 

León de Mora, C. (2015). An Approach to Detection of Tampering in Water 

Meters. In KES 2015: 19th International Conference on Knowledge-Based and 

Intelligent Information and Engineering Systems (2015), p 413-421. Elsevier. 

Mons, J. (2010). Strategies for non-revenue water management in developing countries: 

a case study of Kampala, Uganda. Kampala, Uganda 

Mutikanga, H. E., Sharma, S. K., & Vairavamoorthy, K. (2011). Assessment of apparent 

losses in urban water systems. Water and Environment Journal, 25(3), 327-335. 

Ng’etich, C. K. (2015). Corporate governance and financial performance of water 

companies in Kenya (Doctoral dissertation, University of Nairobi). 

Ogutu, G. A., Okuthe, P. K., & Lall, M. (2017). A review of probabilistic modeling of 

pipeline leakage using Bayesian Networks. J. Eng. Appl. Sci, 12, 3163-3173. 

Pérez-Pérez, E. J., López-Estrada, F. R., Valencia-Palomo, G., Torres, L., Puig, V., & 

Mina-Antonio, J. D. (2021). Leak diagnosis in pipelines using a combined 

artificial neural network approach. Control Engineering Practice, 107, 104677. 

Radivojević, D., Blagojević, B., & Ilić, A. (2020). Water Supply System Performance 

Improvement in the Town of Pirot Using Water Balance IWA Methodology and 

Numerical Simulations. Tehnički vjesnik, 27(3), 970-977. 



 

 

49 

Soldevila, A., Fernandez-Canti, R. M., Blesa, J., Tornil-Sin, S., & Puig, V. (2017). Leak 

localization in water distribution networks using Bayesian classifiers. Journal of 

Process Control, 55, 1-9. 

Steffelbauer, D., Neumayer, M., Günther, M., & Fuchs-Hanusch, D. (2014). Sensor 

placement and leakage localization considering demand uncertainties. Procedia 

Engineering, 89, 1160-1167. 

U.N. HABITAT. (2012). Illegal use reduction operation manual.  United Nations Human 

Settlements Programme Kenya. 

WASREB. (2010). Impact 3: A performance report of Kenya’s water services sub‐

sector. 

World Bank. (2006). Using Performance-Based Contracts to Reduce Non-Revenue 

Water. 

Wu, Z. Y., & Sage, P. (2008). Water loss detection via genetic algorithm optimization-

based model calibration. In Water Distribution Systems Analysis Symposium 

2006 (pp. 1-11). 

Wyatt, A., Richkus, J., & Sy, J. (2016). Using Performance-Based Contracts to Reduce 

Non-Revenue Water. (PPIAF Report) International Bank for Reconstruction and 

Development, The World Bank. 

Xin, K., Tao, T., Lu, Y., Xiong, X., & Li, F. (2014). Apparent losses analysis in district 

metered areas of water distribution systems. Water resources 

management, 28(3), 683-696. 

Yeboah, P. A. (2008). Management of non-revenue water: a case study of the water 

supply in Accra, Ghana‟. 

Zhou, B., Lau, V., & Wang, X. (2019). Machine-learning-based leakage-event 

identification for smart water supply systems. IEEE Internet of Things 

Journal, 7(3), 2277-2292. 

 



 

 

50 

Appendices 

Appendix A: Sketch Program 

 

 

 

 

 

 

 

 

 



 

 

51 

Appendix B: Industry Approval 

 



 

 

52 

Appendix C: Ethical Approval 

 


