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Abstract 
Non-revenue water (NRW) remains one of the most significant operational and economic challenges affecting 
aging urban water distribution systems because leakage, infrastructure deterioration, hydraulic instability, 
and inefficient maintenance practices contribute to substantial water losses and reduced system performance. 
This study developed and evaluated a comprehensive machine-learning framework for real-time non-revenue 
water prediction by integrating engineering infrastructure characteristics, hydraulic operational variables, 
historical maintenance records, and sensor-derived monitoring data. A quantitative research design was 
employed using a structured engineering dataset consisting of 5,200 validated operational observations 
collected from urban water distribution networks following data preprocessing, quality assurance, 
normalization, outlier screening, and feature engineering. Twelve predictive models were comparatively 
evaluated, including Linear Regression, Logistic Regression, Decision Tree, Random Forest, Support Vector 
Machine, K-Nearest Neighbor, Artificial Neural Network, Deep Learning, Gradient Boosting, XGBoost, 
LightGBM, and an anomaly detection model. Model performance was assessed using prediction accuracy, 
precision, recall, F1-score, receiver operating characteristic analysis, area under the curve (AUC), root mean 
square error (RMSE), mean absolute error (MAE), coefficient of determination (R²), cross-validation, 
bootstrap validation, and residual diagnostics. The findings demonstrated that advanced ensemble learning 
algorithms consistently outperformed conventional statistical approaches. XGBoost achieved the highest 
predictive performance with an accuracy of 97.5%, precision of 0.976, recall of 0.974, F1-score of 0.975, AUC 
of 0.996, RMSE of 0.054, MAE of 0.039, and an explained variance (R²) of 0.987. LightGBM and Deep 
Learning also demonstrated excellent predictive capability, achieving accuracies of 97.2% and 97.1%, 
respectively, while Random Forest achieved 95.4% accuracy. Statistical analyses identified pressure variability 
(β = 0.421), burst frequency (β = 0.392), pipeline age (β = 0.368), repair history (β = 0.341), and flow 
imbalance (β = 0.317) as the strongest engineering predictors of non-revenue water occurrence. Cross-
validation and bootstrap validation confirmed stable model performance, with validation accuracy exceeding 
97% for the highest-performing algorithms and residual means approaching zero, indicating excellent 
generalization capability and minimal prediction bias. Overall, the findings demonstrated that advanced 
machine-learning techniques provide a highly accurate, reliable, and operationally robust framework for 
supporting intelligent leakage detection, predictive asset management, optimized maintenance planning, and 
sustainable urban water distribution system management. 
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INTRODUCTION 
Non-revenue water (NRW) refers to the difference between the total volume of water introduced into 
a distribution system and the volume that is successfully billed to consumers through authorized 
consumption. It represents water losses that occur before revenue generation and is generally 
categorized into physical losses, apparent losses, and authorized but unbilled consumption. Physical 
losses originate from pipeline leakage, storage facility failures, overflowing reservoirs, deteriorated 
joints, defective valves, and transmission system failures (Joseph et al., 2022). Apparent losses arise 
from meter inaccuracies, illegal water connections, unauthorized consumption, billing inconsistencies, 
and data management deficiencies. Authorized unbilled consumption includes water supplied for 
firefighting activities, municipal operations, public institutions, and other approved services that do 
not generate direct financial returns. The International Water Association established these 
classifications to standardize water loss assessment across utilities operating under different technical, 
environmental, and regulatory conditions.  
 

Figure 1: Machine Learning Water Prediction 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Accurate identification of NRW has become a fundamental requirement for sustainable urban water 
management because it directly influences operational efficiency, infrastructure reliability, financial 
stability, customer service quality, and resource conservation. Urban water distribution systems 
represent highly interconnected engineering networks consisting of treatment facilities, transmission 
mains, storage reservoirs, pumping stations, pressure regulation equipment, control valves, customer 
service connections, and extensive pipeline infrastructure that collectively deliver potable water under 
continuously changing hydraulic conditions (Helmbrecht et al., 2017). As urban populations expand 
and infrastructure ages, these systems become increasingly susceptible to structural deterioration, 
hydraulic instability, leakage development, and operational inefficiencies that contribute to elevated 
NRW levels. Aging distribution networks commonly experience corrosion, pipe wall degradation, 
material fatigue, joint displacement, soil movement, sediment accumulation, valve malfunction, and 
repeated repair interventions, all of which increase the likelihood of water losses. These engineering 
challenges are intensified by varying pressure regimes, fluctuating demand patterns, seasonal climatic 
influences, infrastructure heterogeneity, and maintenance constraints that collectively create highly 
dynamic operating environments. The complexity of these interacting factors makes NRW a 
multidimensional engineering problem rather than a single infrastructure defect (Farah & Shahrour, 
2017). Water utilities therefore require comprehensive analytical approaches capable of understanding 
system-wide interactions instead of evaluating isolated infrastructure components. The increasing 
complexity of urban water systems has consequently transformed NRW assessment into an important 
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engineering discipline involving hydraulic analysis, infrastructure asset management, operational 
monitoring, statistical modeling, and intelligent decision support. Quantitative evaluation of NRW 
therefore depends on systematic measurement of hydraulic behavior, infrastructure condition, 
operational performance, and customer consumption characteristics using reliable engineering 
indicators capable of supporting evidence-based decision making (Gupta et al., 2020). 
Non-revenue water has become an internationally recognized performance indicator because it reflects 
both the technical condition and operational effectiveness of urban water distribution systems across 
developed and developing economies. Water utilities throughout the world invest substantial financial 
resources in water abstraction, treatment, transmission, storage, distribution, monitoring, and customer 
service, making every unit of lost water represent a measurable reduction in economic efficiency and 
infrastructure performance (Ramos et al., 2023). International organizations concerned with water 
sustainability consistently recognize NRW reduction as an essential component of integrated water 
resource management because excessive losses increase production costs, energy consumption, 
chemical usage, greenhouse gas emissions, infrastructure maintenance requirements, and operational 
expenditure while simultaneously reducing service reliability. Urban centers experiencing rapid 
population growth face additional pressure because aging infrastructure frequently operates beyond 
its original design capacity, resulting in increased leakage frequency, pressure instability, and 
accelerated asset deterioration. Many metropolitan water utilities continue to manage pipeline systems 
installed several decades ago using materials that have reached advanced stages of structural 
degradation. Cast iron, galvanized steel, asbestos cement, ductile iron, and early-generation polyvinyl 
chloride pipelines exhibit different deterioration mechanisms that progressively influence leakage 
occurrence, burst frequency, hydraulic efficiency, and maintenance requirements (Gupta & Kulat, 
2018). Consequently, identical operational strategies often produce different NRW outcomes 
depending on infrastructure age, material composition, environmental conditions, soil characteristics, 
pressure variability, and maintenance history. International benchmarking programs commonly 
compare NRW performance using indicators such as infrastructure leakage index, real loss volume, 
apparent loss percentage, system input volume, water balance components, burst frequency, and 
leakage intensity to facilitate consistent performance evaluation among utilities. These standardized 
indicators provide quantitative evidence for infrastructure planning, investment prioritization, 
regulatory assessment, and operational benchmarking. The growing adoption of smart water 
management technologies has further expanded the availability of operational data generated through 
supervisory control and data acquisition systems, pressure sensors, flow meters, district metered areas, 
acoustic monitoring devices, advanced metering infrastructure, geographic information systems, and 
Internet of Things platforms. These technologies continuously generate large volumes of 
heterogeneous operational information describing hydraulic behavior throughout distribution 
networks (Eggimann et al., 2017). The availability of high-frequency monitoring data has significantly 
transformed the analytical requirements of NRW assessment by shifting attention from periodic 
reporting toward continuous performance evaluation using statistically measurable operational 
indicators. International research therefore increasingly treats NRW prediction as a quantitative 
engineering problem involving multidimensional datasets, measurable system behavior, infrastructure 
performance indicators, and analytical modeling capable of supporting objective operational 
assessment within complex urban water distribution environments. 
Machine learning represents a quantitative analytical framework that enables computational models to 
identify patterns, relationships, and predictive structures from historical and real-time operational data 
without relying exclusively on predefined deterministic equations (Islam et al., 2022). Unlike 
conventional statistical approaches that often require explicit assumptions regarding functional 
relationships among variables, machine learning algorithms learn complex nonlinear interactions 
directly from observed operational behavior. Urban water distribution systems generate extensive 
datasets describing pressure fluctuations, flow characteristics, reservoir levels, pump operation, valve 
status, customer demand variation, network topology, pipeline characteristics, energy consumption, 
maintenance records, weather conditions, sensor measurements, and historical leakage events. These 
variables interact continuously through complex hydraulic processes that produce operational 
behaviors difficult to characterize using traditional threshold-based monitoring techniques alone. 
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Machine learning algorithms provide the capability to integrate these heterogeneous datasets into 
predictive models capable of recognizing subtle patterns associated with emerging water losses before 
substantial leakage becomes operationally visible (Alghamdi et al., 2024).  
 

Figure 2: Urban Water Treatment Process 

 
 
 
 
 
 
 
 
 
 
 
 
 
Quantitative prediction models commonly analyze multiple engineering variables simultaneously, 
including inlet and outlet flow rates, minimum night flow, pressure gradients, transient pressure 
events, pipe age, pipeline material, diameter, soil characteristics, repair frequency, customer density, 
elevation differences, demand variability, burst history, meter performance, and environmental 
influences. The combination of these variables enables predictive models to estimate NRW occurrence 
using measurable engineering evidence rather than subjective operational judgment. Supervised 
learning techniques classify historical observations according to known outcomes, whereas 
unsupervised learning methods identify hidden structures, anomalies, or abnormal operating 
conditions within unlabeled datasets (Bello et al., 2019; Shurovi & Hossain, 2022). Ensemble learning 
algorithms combine multiple predictive models to improve estimation accuracy, while deep learning 
architectures capture highly complex nonlinear relationships among interconnected hydraulic 
variables. Real-time prediction extends these analytical capabilities by continuously processing 
streaming sensor information generated through intelligent monitoring systems installed throughout 
distribution networks. Continuous data acquisition allows predictive models to update system 
assessments dynamically as operational conditions change, thereby providing quantitative estimates 
of evolving water loss conditions based on current hydraulic behavior. The effectiveness of machine 
learning models is generally evaluated using objective statistical performance indicators such as 
prediction accuracy, precision, recall, F1-score, receiver operating characteristic analysis, area under 
the curve, root mean square error, mean absolute error, coefficient of determination, confusion 
matrices, sensitivity, specificity, and computational efficiency (Fan et al., 2021; Hossain, 2024). These 
measurable evaluation criteria provide standardized evidence regarding predictive capability, 
enabling objective comparison among alternative analytical models while supporting rigorous 
quantitative investigation of real-time NRW prediction within aging urban water distribution systems. 
Real-time monitoring has become a fundamental component of modern urban water distribution 
management because it enables continuous observation of hydraulic conditions, infrastructure 
performance, and operational behavior throughout complex pipeline networks. Traditional water 
distribution management primarily relied on periodic inspections, manual meter readings, scheduled 
maintenance activities, and customer complaints to identify operational deficiencies. Such approaches 
provided only limited temporal visibility into system performance because abnormal events could 
remain undetected for extended periods before corrective actions were initiated. The increasing 
complexity of aging urban distribution systems has encouraged the adoption of continuous monitoring 
technologies capable of generating high-frequency operational information that accurately represents 
changing hydraulic conditions throughout the network (Ahmed et al., 2021; Kanti, 2025). These 
monitoring systems integrate pressure sensors, electromagnetic flow meters, ultrasonic meters, 
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acoustic leak detection devices, smart customer meters, pump monitoring equipment, reservoir level 
sensors, valve position indicators, energy monitoring systems, and water quality sensors into 
interconnected supervisory platforms. Supervisory Control and Data Acquisition (SCADA) systems 
collect, transmit, store, and visualize operational measurements from geographically distributed assets, 
allowing utilities to observe network behavior continuously rather than intermittently. Geographic 
Information Systems (GIS) complement these operational datasets by providing detailed spatial 
information regarding pipeline locations, infrastructure age, material composition, repair history, 
customer connections, and maintenance records. District Metered Areas (DMAs) further improve 
monitoring capability by hydraulically separating portions of distribution systems, allowing utilities to 
compare inflow, consumption, and estimated losses within defined network boundaries (Golam & 
Amir, 2023; Christodoulou et al., 2017). Advanced Metering Infrastructure (AMI) enhances customer-
side visibility through automated consumption measurements, reducing manual data collection errors 
while improving temporal resolution. Internet of Things (IoT) technologies strengthen these 
monitoring environments by enabling large numbers of interconnected sensing devices to 
communicate continuously across distributed infrastructure. Collectively, these technologies generate 
substantial volumes of structured and unstructured operational data describing pressure variation, 
flow behavior, demand fluctuations, pump efficiency, leakage characteristics, reservoir operation, 
valve activity, and customer consumption patterns. The diversity and frequency of these measurements 
create comprehensive digital representations of distribution system behavior under varying 
operational conditions. Real-time monitoring therefore transforms urban water distribution networks 
into continuously observable engineering systems where infrastructure performance can be quantified 
using objective operational indicators rather than isolated inspections (Amir & Chapal, 2022; Farouk et 
al., 2023). This continuous stream of measurable information provides a robust foundation for 
quantitative analysis because engineering variables are recorded consistently across both spatial and 
temporal dimensions. Such extensive operational datasets support statistical evaluation of hydraulic 
variability, infrastructure condition, operational efficiency, and abnormal system behavior, making 
real-time monitoring an essential data source for evidence-based assessment of non-revenue water 
within aging urban distribution networks. 
Machine learning has evolved into a central analytical methodology for predicting non-revenue water 
because it provides the capability to examine highly complex relationships among numerous 
engineering variables that influence distribution system performance. Urban water networks operate 
under continuously changing hydraulic conditions where pressure fluctuations, demand variability, 
infrastructure deterioration, environmental influences, operational interventions, and customer 
consumption collectively contribute to dynamic water loss behavior (Amir, 2025; Kang et al., 2017). 
Conventional analytical methods generally evaluate these variables independently or through 
simplified mathematical relationships, whereas machine learning algorithms simultaneously process 
large multidimensional datasets to identify nonlinear associations that may not be readily observable 
through traditional engineering analyses. Supervised learning algorithms such as linear regression, 
logistic regression, decision trees, random forests, support vector machines, k-nearest neighbors, 
gradient boosting, extreme gradient boosting, and artificial neural networks utilize historical 
observations with known outcomes to estimate future non-revenue water conditions. Unsupervised 
learning approaches, including clustering and anomaly detection algorithms, identify abnormal 
hydraulic behavior without predefined output classifications, making them particularly useful for 
detecting unexpected leakage events or unusual operational conditions (Amir, 2024; Vita et al., 2023). 
Deep learning architectures further extend predictive capability by learning hierarchical 
representations from extensive sensor datasets, enabling complex interactions among hydraulic 
variables to be modeled with high analytical precision. Ensemble learning methods integrate multiple 
predictive algorithms into unified frameworks that improve robustness, reduce model variance, and 
enhance overall prediction stability across different operational environments. Quantitative evaluation 
of these predictive models depends on standardized statistical performance measures that objectively 
assess predictive accuracy and reliability. Classification models are commonly evaluated using 
accuracy, precision, recall, specificity, sensitivity, F1-score, receiver operating characteristic curves, 
area under the receiver operating characteristic curve, Matthews correlation coefficient, and confusion 
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matrix analysis (Shuang et al., 2019; Nurul, 2026). Regression-based prediction models are generally 
assessed using root mean square error, mean absolute error, mean absolute percentage error, coefficient 
of determination, adjusted coefficient of determination, residual analysis, and prediction interval 
estimation. Additional model validation techniques, including k-fold cross-validation, holdout 
validation, bootstrap resampling, external validation datasets, and hyperparameter optimization, 
strengthen analytical reliability by reducing overfitting and improving model generalizability. Feature 
importance analysis further quantifies the relative contribution of engineering variables such as 
pipeline age, pressure variability, flow imbalance, burst frequency, customer demand, infrastructure 
material, repair history, and sensor-derived operational indicators to predictive performance. These 
objective statistical procedures establish measurable criteria for comparing alternative machine 
learning algorithms while ensuring that model selection is supported by reproducible quantitative 
evidence (Brentan et al., 2024; Sadia et al., 2022). The integration of rigorous performance evaluation 
with advanced predictive modeling provides a comprehensive analytical framework for examining 
real-time non-revenue water prediction within aging urban distribution systems using statistically 
verifiable engineering information. 
The growing body of literature on non-revenue water management demonstrates substantial progress 
in leakage detection, hydraulic modeling, infrastructure asset management, pressure control, district 
metered area implementation, and smart water monitoring technologies. Existing studies have 
extensively examined the influence of pipeline deterioration, pressure fluctuations, burst frequency, 
customer demand variation, meter inaccuracies, infrastructure age, and maintenance strategies on 
water loss performance. Numerous investigations have also evaluated statistical models, hydraulic 
simulation techniques, optimization algorithms, and data-driven analytical methods for identifying 
leakage events and estimating system performance under different operational conditions (Mahmoud 
et al., 2021; Zaman, 2024). Although these contributions have significantly advanced the understanding 
of urban water distribution systems, considerable variation remains in the analytical approaches used 
to predict non-revenue water within complex aging infrastructure. Many published investigations 
focus primarily on individual components of the distribution network, such as pressure management, 
leak localization, pipeline failure probability, or customer metering performance, rather than 
examining the integrated interaction among multiple engineering variables that collectively influence 
non-revenue water generation. Several analytical frameworks emphasize offline historical analysis 
based on periodically collected datasets, limiting their ability to represent continuously changing 
hydraulic conditions experienced by urban distribution systems operating in real time. Distribution 
networks are inherently dynamic engineering environments where operational characteristics evolve 
continuously because of demand variability, valve operations, pump scheduling, infrastructure 
degradation, maintenance activities, environmental influences, and unexpected system disturbances 
(Mahmudul & Sadia, 2026; Rediana & Pharmasetiawan, 2017). Analytical models developed from static 
observations may therefore provide limited representation of these continuously changing operational 
conditions. The increasing deployment of smart sensors, supervisory control systems, advanced 
metering infrastructure, Internet of Things devices, and digital asset management platforms has 
generated unprecedented volumes of operational information that require analytical approaches 
capable of processing large multidimensional datasets efficiently. Existing literature also demonstrates 
considerable diversity in predictive variables, feature engineering methods, algorithm selection 
procedures, model validation techniques, and statistical performance indicators, making direct 
comparison among predictive models increasingly difficult. Furthermore, many investigations 
evaluate algorithmic performance using a limited number of statistical indicators without 
simultaneously considering prediction accuracy, classification reliability, computational efficiency, 
model robustness, and operational consistency across varying hydraulic conditions  
 
(Tohidul, 2023; Xia et al., 2023). Differences in infrastructure age, pipeline materials, network topology, 
customer density, climatic conditions, operational practices, and maintenance history further 
contribute to inconsistencies in predictive performance reported across international studies. These 
observations indicate the necessity for a comprehensive quantitative framework that systematically 
integrates measurable engineering variables, continuous operational monitoring, standardized 
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statistical evaluation, and machine learning methodologies within a unified analytical structure. Such 
a framework provides an objective basis for examining complex interactions among hydraulic 
behavior, infrastructure characteristics, operational performance, and predictive analytics while 
supporting rigorous quantitative investigation of real-time non-revenue water prediction in aging 
urban distribution networks (Amankwaa et al., 2024). 
This quantitative study examines the application of a machine-learning framework for real-time 
prediction of non-revenue water within aging urban distribution networks by integrating measurable 
engineering variables, continuously monitored operational information, and statistically validated 
predictive models. The analytical framework considers non-revenue water as a multidimensional 
engineering outcome influenced by complex interactions among hydraulic performance, infrastructure 
condition, operational behavior, and customer consumption characteristics. Independent variables 
include measurable indicators describing pressure variability, flow dynamics, pipeline age, pipe 
material, burst history, repair frequency, valve operation, pump performance, customer demand 
variation, district metered area characteristics, infrastructure condition, and sensor-derived operational 
measurements collected through intelligent monitoring systems (Velayudhan et al., 2022). These 
engineering variables collectively represent the physical and operational characteristics that define 
distribution system performance under continuously changing hydraulic conditions. The dependent 
variable is represented by real-time non-revenue water prediction, quantified using observable 
operational outcomes derived from water balance analysis, leakage occurrence, system input volume, 
authorized consumption, estimated water losses, and associated performance indicators. Machine 
learning algorithms serve as the principal analytical mechanism through which relationships among 
engineering variables are examined using objective computational procedures. Quantitative analysis 
employs standardized statistical techniques to evaluate predictive performance, model reliability, and 
analytical robustness (Renteria-Mena & Giraldo, 2024). Model effectiveness is assessed through 
objective performance measures including prediction accuracy, precision, recall, F1-score, receiver 
operating characteristic analysis, area under the curve, root mean square error, mean absolute error, 
coefficient of determination, confusion matrices, sensitivity, specificity, and cross-validation statistics. 
Reliability and validity assessment further strengthen analytical rigor through systematic evaluation of 
data quality, feature consistency, algorithm stability, and model reproducibility. Statistical 
interpretation is supported by descriptive analysis, correlation analysis, feature importance 
assessment, regression-based evaluation where appropriate, and comparative analysis of alternative 
machine learning algorithms using reproducible quantitative evidence. The study is therefore 
positioned within the broader discipline of intelligent water infrastructure management, where 
engineering decision making increasingly depends on measurable operational information rather than 
subjective interpretation (Owen, 2018). The integration of continuous monitoring technologies, 
advanced computational intelligence, standardized statistical evaluation, and engineering performance 
indicators provides a comprehensive quantitative basis for examining the factors associated with real-
time non-revenue water prediction in aging urban water distribution systems while maintaining 
methodological consistency with contemporary engineering research standards (Horbatuck & 
Beruvides, 2024). 
The primary objective of this quantitative study was to develop and evaluate a machine-learning 
framework for real-time non-revenue water prediction in aging urban distribution networks by 
integrating operational, hydraulic, infrastructure, and sensor-derived variables into a comprehensive 
predictive model capable of supporting objective engineering analysis. The study sought to examine 
the measurable relationships between infrastructure characteristics, hydraulic system behavior, and 
operational performance indicators that collectively influence the occurrence of non-revenue water 
within complex urban water distribution systems. Particular attention was directed toward identifying 
the engineering variables that contribute most significantly to predictive accuracy, including pressure 
variation, flow imbalance, pipeline age, pipe material, burst frequency, repair history, valve operation, 
customer demand fluctuations, pump performance, district metered area characteristics, and 
continuously monitored sensor measurements. The study further aimed to evaluate the effectiveness 
of contemporary machine-learning algorithms in processing large volumes of heterogeneous real-time 
operational data generated through Supervisory Control and Data Acquisition systems, Internet of 
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Things platforms, Advanced Metering Infrastructure, Geographic Information Systems, and intelligent 
monitoring networks. Quantitative analysis was designed to compare alternative predictive models 
using standardized statistical performance indicators, including prediction accuracy, precision, recall, 
F1-score, receiver operating characteristic analysis, area under the curve, root mean square error, mean 
absolute error, coefficient of determination, sensitivity, specificity, and cross-validation statistics to 
determine the analytical robustness and predictive capability of each algorithm. The study also sought 
to examine the relative importance of individual engineering features through feature importance 
analysis, thereby identifying the operational variables that exert the greatest influence on non-revenue 
water prediction within aging infrastructure environments. Another objective was to establish a 
statistically validated analytical framework capable of integrating continuous monitoring data with 
advanced computational intelligence while maintaining consistency with quantitative engineering 
research principles. The investigation additionally aimed to provide a comprehensive assessment of 
how multidimensional operational information could be transformed into reliable predictive 
knowledge through systematic machine-learning methodologies, thereby supporting evidence-based 
evaluation of urban water distribution performance. By combining measurable infrastructure 
indicators, real-time hydraulic observations, objective statistical validation procedures, and advanced 
predictive analytics within a unified quantitative framework, the study was designed to produce a 
rigorous evaluation of machine-learning performance for real-time non-revenue water prediction in 
aging urban distribution networks using reproducible engineering evidence and standardized 
analytical techniques. 
LITERATURE REVIEW 
The literature review establishes the scientific and theoretical foundation for understanding the 
quantitative relationships among machine learning, real-time monitoring technologies, aging water 
distribution infrastructure, and non-revenue water prediction. Urban water distribution systems have 
become increasingly complex because hydraulic performance is simultaneously influenced by 
infrastructure deterioration, pressure variation, customer demand fluctuations, operational 
interventions, environmental conditions, and asset management practices (Abdur & Iftekhar, 2021; 
Velayudhan et al., 2022). These multidimensional interactions generate highly nonlinear operational 
behaviors that require systematic quantitative investigation using measurable engineering variables 
rather than descriptive observations. Consequently, contemporary research has increasingly shifted 
toward data-driven analytical frameworks that integrate sensor technologies, intelligent monitoring 
systems, statistical learning techniques, and computational intelligence to improve the prediction of 
non-revenue water within aging urban distribution networks (Carriço et al., 2023; Hasan & Uddin, 
2022). 
This literature review synthesizes empirical and theoretical studies that examine measurable 
engineering indicators associated with real-time non-revenue water prediction. The review is 
organized from fundamental concepts toward increasingly advanced quantitative analytical models, 
allowing the progression from infrastructure characteristics and hydraulic behavior to intelligent 
predictive systems and statistical model evaluation. Particular emphasis is placed on independent 
variables that describe infrastructure condition, hydraulic performance, sensor-derived operational 
information, and machine-learning capability, together with dependent variables representing non-
revenue water prediction accuracy and operational performance (Ji et al., 2019; Mohiul & Badrul, 2022). 
Previous quantitative investigations employing regression analysis, statistical learning, supervised 
learning, unsupervised learning, ensemble algorithms, deep learning architectures, and intelligent 
decision-support systems are critically synthesized to establish the existing body of engineering 
knowledge. The review also evaluates measurement approaches, predictive indicators, statistical 
validation procedures, feature engineering techniques, algorithm comparison methods, and 
performance assessment criteria commonly applied within quantitative water distribution research. 
Through systematic examination of these studies, the literature review provides the conceptual, 
methodological, and empirical basis for developing a comprehensive machine-learning framework 
capable of accurately predicting real-time non-revenue water in aging urban distribution networks 
using measurable engineering evidence (Kijak, 2021; Kanti & Rony, 2022). 
Conceptual Foundations of Non-Revenue Water in Urban Distribution Networks 
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Non-revenue water represents a major quantitative indicator used to evaluate the efficiency, reliability, 
and financial performance of urban water distribution networks. The literature defines non-revenue 
water as the portion of water entering a distribution system that does not generate billed revenue 
because it is lost, unmeasured, unbilled, or inaccurately recorded before reaching the final revenue 
cycle (Andres et al., 2018; Sadia et al., 2022).  
 

Figure 3: Non-Revenue Water Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Studies in water utility management commonly classify non-revenue water into physical losses, 
apparent losses, and authorized unbilled consumption. Physical losses are associated with actual water 
escaping from pipes, reservoirs, joints, valves, service connections, and storage facilities. Apparent 
losses are connected to meter inaccuracies, illegal connections, data errors, billing failures, and 
customer registration deficiencies. Authorized unbilled consumption includes legitimate uses such as 
firefighting, municipal cleaning, public service activities, and operational flushing that do not directly 
produce billing income (Tohidul, 2023; Santos, 2024). Research by international water agencies and 
urban infrastructure scholars has emphasized that this classification is essential because each 
component requires different measurement methods and management responses. Quantitative studies 
have shown that non-revenue water is not only a technical leakage problem but also an integrated 
performance issue involving infrastructure condition, hydraulic operation, customer metering, billing 
systems, and institutional management. Therefore, the conceptual foundation of non-revenue water 
provides the basis for developing predictive models that distinguish between visible losses, hidden 
losses, measurement errors, and operational inefficiencies in aging urban distribution networks 
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(Aycheh et al., 2023; Badrul &  Mominul, 2023). 
The literature on urban water distribution systems identifies physical losses as the most visible and 
engineering-centered component of non-revenue water because these losses occur through actual 
leakage, pipe bursts, reservoir overflow, and defective fittings. Quantitative studies have linked 
physical losses with pipe age, material degradation, corrosion, high pressure, soil movement, poor 
installation quality, repeated traffic loading, and delayed maintenance. Apparent losses are different 
because they do not necessarily involve real water escaping from the network; rather, they occur when 
consumed water is not correctly measured, billed, or recorded (Hossan & Adar, 2023; Shushu et al., 
2021). Meter under-registration, illegal connections, data transfer errors, customer database problems, 
and billing system weaknesses are frequently reported as key causes of apparent losses. Authorized 
unbilled consumption is also included in the water balance because it represents legitimate water use 
that remains outside the revenue stream. Earlier studies in water accounting and utility benchmarking 
have shown that separating these components is important for quantitative analysis because a high 
non-revenue water percentage may result from physical leakage in one city and from metering or 
billing deficiencies in another. This distinction is particularly important in aging urban networks where 
deteriorated infrastructure often exists alongside outdated metering systems and fragmented customer 
databases (Ayad et al., 2021; Risha & Khalid, 2023). Literature therefore supports the need for 
multidimensional measurement frameworks that can capture both hydraulic and administrative 
dimensions of non-revenue water. Machine-learning-based prediction depends on this component-
level understanding because predictive variables must reflect the different sources through which non-
revenue water is produced. 
Urban water distribution networks are complex engineering systems designed to transport treated 
water from production sources to residential, commercial, industrial, and public users under controlled 
hydraulic conditions. The literature describes these systems as interconnected networks consisting of 
transmission mains, distribution pipes, service connections, valves, pumps, storage tanks, reservoirs, 
pressure zones, meters, sensors, and control systems (Silva et al., 2023; Hossan, 2024). Their 
performance is shaped by network layout, pipe diameter, pipe material, topography, pressure 
gradients, customer demand patterns, pump scheduling, valve operation, and storage capacity. 
Quantitative research has repeatedly shown that water loss behavior is influenced by the interaction of 
these variables rather than by a single isolated factor. For example, elevated pressure may increase 
leakage rates, while old pipe material may increase failure probability, and irregular demand may 
create pressure instability across different service zones. District metered areas are widely discussed in 
the literature as practical monitoring units because they allow utilities to isolate sections of the network 
and compare system inflow with authorized consumption. Studies on hydraulic modeling and smart 
water systems have also shown that urban networks produce large volumes of operational data 
through flow meters, pressure sensors, SCADA systems, advanced metering infrastructure, and 
geographic information systems (Boztaş et al., 2019; Ali et al., 2024). These data sources support 
quantitative assessment of system behavior over time. In aging urban environments, the engineering 
characteristics of the network become even more important because older pipes, mixed materials, 
undocumented connections, and repeated repairs create uncertainty in hydraulic performance. 
Literature therefore positions urban water distribution networks as data-rich but structurally complex 
systems requiring advanced predictive methods for accurate non-revenue water assessment 
(Mubvaruri et al., 2022; Zaman, 2024). 
Aging pipeline infrastructure is consistently identified in the literature as one of the strongest 
contributors to non-revenue water in urban distribution systems. Pipe deterioration occurs through 
corrosion, joint failure, internal scaling, external loading, ground movement, fatigue, pressure cycling, 
and material weakness. Quantitative studies have shown that older networks often experience higher 
burst frequency, greater leakage intensity, increased repair requirements, and reduced hydraulic 
reliability (Arif Uz et al., 2025; Veriava, 2019). Hydraulic performance indicators such as pressure 
variability, minimum night flow, flow imbalance, reservoir level fluctuation, burst rate, leakage 
frequency, and service interruption are commonly used to assess the condition and efficiency of 
distribution networks. International benchmarking studies have further established non-revenue water 
percentage, infrastructure leakage index, real loss volume, apparent loss ratio, and water balance 
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indicators as standard measures for comparing utility performance. These indicators allow researchers 
and practitioners to examine how effectively a utility manages water production, distribution, 
consumption measurement, and loss control (Hossan, 2025; Veriava, 2019). Studies from Europe, Asia, 
Africa, North America, and Latin America have reported wide variation in non-revenue water levels 
because utilities differ in infrastructure age, investment capacity, network design, maintenance 
practices, metering accuracy, and governance quality . The literature also shows that international 
benchmarks are useful for identifying performance gaps, but network-specific quantitative data remain 
necessary because water loss behavior depends on local hydraulic, environmental, and operational 
conditions. Therefore, aging infrastructure, hydraulic indicators, and benchmarking measures 
collectively form the quantitative foundation for evaluating non-revenue water performance and 
developing predictive machine-learning models for urban distribution networks (Dasallas et al., 2024; 
Kanti, 2025). 
Quantitative Engineering Variables Influencing Non-Revenue Water Prediction 
Pressure variability and hydraulic transients are consistently identified in the literature as fundamental 
quantitative engineering variables influencing non-revenue water prediction because they directly 
affect the structural integrity and hydraulic stability of urban distribution systems (Giustolisi et al., 
2024; Kanti, 2025). Water distribution networks are designed to operate within specified pressure 
ranges; however, operational conditions such as fluctuating customer demand, pump switching, valve 
operation, pipeline isolation, emergency shutdowns, and network reconfiguration frequently create 
pressure changes throughout the system. These variations produce hydraulic transients that increase 
mechanical stress on pipelines, joints, fittings, and service connections. The literature indicates that 
repeated pressure fluctuations accelerate material fatigue, enlarge existing cracks, weaken pipe joints, 
and increase leakage occurrence in aging infrastructure. Studies further demonstrate that pressure 
instability influences both the initiation of new failures and the progression of previously undetected 
defects, making pressure behavior one of the strongest predictors of non-revenue water (Janus & 
Ulanicki, 2017; Ali et al., 2025). High-pressure events often increase leakage discharge rates, while low-
pressure conditions may permit contaminant intrusion through damaged pipelines and compromise 
overall system reliability. Researchers have therefore emphasized continuous pressure monitoring 
using pressure sensors, supervisory control systems, and intelligent monitoring platforms to capture 
temporal variations across different pressure zones. Quantitative investigations frequently evaluate 
pressure characteristics through indicators representing average pressure, peak pressure, minimum 
pressure, pressure fluctuation frequency, and pressure variability over time. The integration of these 
indicators into predictive models enables the identification of abnormal hydraulic conditions 
associated with increasing water losses. Literature also suggests that pressure variables interact closely 
with pipeline age, material properties, maintenance history, and network topology, indicating that 
pressure behavior should be interpreted as part of an integrated engineering system rather than as an 
isolated operational parameter (Amir, 2026; Klepikova et al., 2020). Consequently, pressure variability 
and hydraulic transients provide essential quantitative information for machine-learning algorithms 
seeking to distinguish normal hydraulic behavior from conditions associated with elevated non-
revenue water. 
Flow rate dynamics constitute another major quantitative indicator because they describe the 
movement of water throughout the distribution network under continuously changing operational 
conditions. The literature consistently reports that variations in customer demand, pumping schedules, 
valve adjustments, reservoir operation, and seasonal consumption patterns create substantial 
fluctuations in flow behavior that influence leakage occurrence and water loss distribution (Mahmudul 
& Sadia, 2026; Urbanowicz et al., 2021). Minimum night flow has received particular attention because 
legitimate customer demand is relatively low during nighttime hours, allowing abnormal increases in 
measured flow to indicate the presence of hidden leakage within isolated network sections. 
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Figure 4: Water Prediction Engineering Variables 

 
 
 
 
 
 
 
 
 
 
 
 
 
Numerous empirical investigations have demonstrated that continuous analysis of flow behavior 
improves the identification of developing leakage before visible failures occur. Flow indicators are 
frequently evaluated together with pressure measurements because both variables respond 
simultaneously to hydraulic disturbances and infrastructure deterioration. Pipeline age, material type, 
and structural degradation further strengthen the predictive capability of quantitative models. Aging 
pipelines experience corrosion, internal scaling, external deterioration, joint displacement, material 
fatigue, and repeated repair interventions that progressively reduce structural reliability and increase 
leakage susceptibility (Ghimire et al., 2023; Shurovi, 2026). Different pipe materials exhibit distinct 
deterioration mechanisms, causing significant variation in leakage behavior among distribution 
systems with similar hydraulic characteristics. Burst frequency, historical leakage records, and 
previous repair activities are therefore widely incorporated into predictive studies because they 
provide measurable evidence regarding infrastructure condition and future failure probability. Pump 
operation, valve management, and pressure regulation also contribute significantly to system stability 
by controlling hydraulic conditions throughout the network. Improper pump scheduling, delayed 
valve operation, and ineffective pressure management frequently generate transient hydraulic 
conditions that accelerate infrastructure deterioration. Customer demand variability introduces 
additional complexity because consumption patterns differ across residential, commercial, industrial, 
and institutional users throughout daily and seasonal operating cycles (Ali et al., 2026; Yang et al., 
2023). District Metered Areas are consequently recognized as effective quantitative monitoring units 
because they enable localized comparison between system inflow and authorized consumption, 
facilitating accurate identification of abnormal water losses. Environmental and geotechnical variables, 
including soil characteristics, groundwater conditions, temperature variation, rainfall, traffic loading, 
land movement, and geological conditions, further influence leakage development by affecting pipeline 
stability and structural deterioration. The literature therefore concludes that accurate non-revenue 
water prediction depends on integrating hydraulic behavior, infrastructure characteristics, operational 
management variables, customer consumption patterns, localized monitoring information, and 
environmental conditions within comprehensive quantitative analytical frameworks rather than 
examining each engineering variable independently (Schopper et al., 2020; Nurul, 2026). 
Real-Time Monitoring Systems and Smart Water Infrastructure 
The literature consistently identifies Supervisory Control and Data Acquisition (SCADA) systems and 
Internet of Things (IoT)-enabled monitoring networks as the technological foundation of modern urban 
water distribution management because they provide continuous observation of hydraulic 
performance and operational conditions throughout complex pipeline infrastructures. Traditional 
monitoring approaches relied primarily on manual inspections, scheduled field measurements, 
customer complaints, and periodic reporting, which often delayed the identification of leakage and 
operational abnormalities. The integration of SCADA systems transformed this approach by enabling 
centralized collection, transmission, visualization, and storage of operational information generated by 
pumps, reservoirs, valves, pressure sensors, flow meters, and treatment facilities (Silverii et al., 2019). 
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Studies have demonstrated that continuous acquisition of operational data improves situational 
awareness by allowing utilities to observe pressure variation, flow behavior, reservoir levels, pump 
efficiency, and network status under changing hydraulic conditions. IoT technologies further expanded 
these monitoring capabilities through interconnected smart sensing devices capable of transmitting 
high-frequency measurements across geographically distributed infrastructure. The literature 
emphasizes that IoT-enabled monitoring improves both temporal and spatial coverage because 
thousands of sensors can communicate simultaneously through wireless communication platforms 
while continuously updating operational databases (Saravanan et al., 2018). This integrated monitoring 
environment provides utilities with detailed information regarding abnormal pressure fluctuations, 
unexpected flow changes, equipment malfunction, and potential leakage events before visible failures 
become apparent. Researchers also report that the combination of SCADA platforms and IoT networks 
generates large volumes of operational data that accurately represent real-time hydraulic behavior, 
creating an appropriate foundation for machine-learning applications. These technologies have 
therefore shifted water distribution management from reactive maintenance toward evidence-based 
operational assessment supported by continuously updated engineering information. The literature 
consistently concludes that SCADA systems and IoT-enabled monitoring networks significantly 
strengthen quantitative analysis by supplying reliable, high-resolution operational datasets that 
improve the prediction and evaluation of non-revenue water within aging urban distribution systems 
(Nie et al., 2020). 
Advanced Metering Infrastructure (AMI) and Geographic Information Systems (GIS) have become 
essential components of intelligent water management because they improve both the accuracy of 
customer consumption measurement and the spatial interpretation of distribution network behavior. 
Earlier metering systems depended largely on manual readings collected at relatively long intervals, 
creating delays in consumption reporting and limiting the ability to identify abnormal water use or 
meter inaccuracies. The literature indicates that AMI addresses these limitations by enabling automated 
measurement, remote communication, and continuous recording of customer consumption data 
through digitally connected smart meters (Ighalo et al., 2020). Continuous metering improves the 
detection of abnormal consumption patterns, unauthorized water use, meter malfunction, and 
discrepancies between system input and billed consumption. Researchers further demonstrate that 
high-frequency customer consumption information enhances water balance analysis and supports 
more accurate estimation of apparent losses within non-revenue water assessments. Geographic 
Information Systems complement these capabilities by providing comprehensive spatial 
representations of distribution infrastructure, including pipeline alignment, service connections, 
valves, hydrants, reservoirs, pressure zones, maintenance history, and asset characteristics. Spatial 
analysis allows utilities to associate hydraulic behavior with infrastructure location, material 
composition, age, repair records, and environmental conditions, thereby improving engineering 
interpretation of operational data (Raghunandan, 2022). The literature shows that GIS supports asset 
inventory management, leak localization, maintenance planning, infrastructure prioritization, and 
network visualization by integrating engineering information into a unified digital environment. When 
combined with AMI datasets, GIS enables utilities to compare customer demand, network 
configuration, infrastructure condition, and operational performance within specific geographic areas. 
This integration strengthens quantitative analysis because spatial and operational variables can be 
evaluated simultaneously within predictive frameworks. The literature therefore recognizes AMI and 
GIS as complementary technologies that improve the reliability of operational measurement, enhance 
infrastructure visibility, and provide essential data inputs for machine-learning models designed to 
predict non-revenue water in complex urban distribution systems (Mohammad & Shahjahan, 2019). 
Wireless Sensor Networks (WSNs) and digital twin technologies represent significant developments in 
intelligent water infrastructure because they provide distributed monitoring and comprehensive 
digital representation of physical distribution systems. The literature describes wireless sensor 
networks as collections of interconnected sensing devices capable of measuring hydraulic variables 
such as pressure, flow rate, water level, temperature, vibration, and equipment condition while 
transmitting information continuously through wireless communication protocols (Júnior et al., 2021). 
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Figure 5: Smart Water Monitoring Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Compared with conventional monitoring approaches, WSNs improve spatial coverage by allowing 
sensors to be installed across extensive pipeline networks without extensive wired communication 
infrastructure. Continuous monitoring through distributed sensing enables utilities to observe 
localized hydraulic changes, identify abnormal operating conditions, and evaluate infrastructure 
performance in near real time. Digital twin technology extends these capabilities by creating dynamic 
virtual representations of physical water distribution systems that integrate engineering design 
information, operational measurements, infrastructure characteristics, maintenance history, and sensor 
observations within a unified computational environment (Babayigit & Abubaker, 2023). The literature 
emphasizes that digital twins enable continuous synchronization between physical infrastructure and 
digital models, allowing operators to evaluate system performance under actual operating conditions 
rather than relying solely on historical observations. This integration supports more comprehensive 
understanding of pipeline deterioration, hydraulic variability, operational efficiency, and asset 
condition across aging urban networks. Researchers consistently report that combining WSN-
generated measurements with digital twin platforms improves infrastructure visualization, operational 
assessment, fault identification, and engineering decision support because multiple sources of 
operational information are interpreted simultaneously. The synthesis of these technologies therefore 
provides a more detailed understanding of system behavior while supplying extensive quantitative 
datasets that support machine-learning analysis (Ramos et al., 2022). Existing literature concludes that 
wireless sensor networks and digital twin technologies significantly strengthen intelligent monitoring 
by enhancing data availability, infrastructure visibility, and engineering interpretation within non-
revenue water management. 
Big data acquisition has emerged as a defining characteristic of contemporary smart water 
infrastructure because intelligent monitoring technologies generate continuous streams of operational 
information from multiple interconnected engineering systems. The literature consistently reports that 
urban water utilities now collect extensive datasets originating from SCADA platforms, IoT devices, 
advanced metering systems, wireless sensor networks, digital twins, laboratory measurements, 
maintenance records, hydraulic simulations, customer databases, and geographic information systems. 
These heterogeneous data sources differ in structure, frequency, scale, and spatial distribution, creating 
highly complex operational environments that require advanced analytical techniques for effective 
interpretation (Ramos et al., 2023). Continuous operational monitoring enables utilities to observe 
evolving hydraulic behavior rather than isolated operational snapshots, allowing abnormal system 
conditions to be recognized through measurable changes in pressure, flow, consumption, equipment 
performance, and infrastructure status. Researchers emphasize that continuous monitoring improves 
engineering decision making because operational information is updated throughout the distribution 
network rather than being limited to periodic field inspections. Big data environments also facilitate 
integration of historical asset information with current sensor measurements, creating comprehensive 
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datasets describing infrastructure condition, maintenance history, customer demand variability, 
hydraulic performance, and leakage behavior. The literature demonstrates that machine-learning 
algorithms perform more effectively when trained using large, diverse, and continuously updated 
operational datasets because broader information improves pattern recognition and predictive 
reliability (Thakur, 2024). Continuous operational monitoring additionally supports quantitative 
comparison of system performance across different geographic regions, pressure zones, infrastructure 
categories, and operational conditions, thereby strengthening objective evaluation of non-revenue 
water. Overall, existing research recognizes big data acquisition and continuous monitoring as essential 
components of smart water infrastructure because they transform complex engineering observations 
into structured operational knowledge suitable for advanced quantitative analysis and reliable 
prediction of non-revenue water within aging urban distribution networks. 
Machine Learning Algorithms for Quantitative Non-Revenue Water Prediction 
Statistical learning and predictive analytics provide an important quantitative foundation for non-
revenue water prediction because they allow researchers to examine measurable relationships between 
operational variables and water loss outcomes (Pedersen et al., 2021). Earlier studies on water 
distribution systems commonly used statistical models to evaluate how pressure, flow variation, pipe 
age, burst history, meter performance, repair records, and customer demand influence leakage and 
system inefficiency. Linear regression models have been widely applied when the dependent variable 
is continuous, such as water loss volume, leakage rate, or non-revenue water percentage. Logistic 
regression models have also been used when the research objective involves classifying whether 
leakage, burst occurrence, or abnormal water loss is present within a monitored network segment. 
These approaches remain valuable because they provide interpretable coefficients, measurable 
relationships, and clear statistical testing procedures. Predictive analytics studies further show that 
regression-based models support baseline evaluation before more complex machine-learning methods 
are introduced. In water distribution research, statistical learning has also supported variable 
screening, correlation analysis, model comparison, and identification of significant predictors (Amrani 
et al., 2018). However, the literature shows that non-revenue water behavior is often shaped by 
nonlinear and interactive relationships among hydraulic, infrastructural, operational, and 
environmental variables. This complexity has encouraged the use of machine-learning algorithms that 
can process large datasets and detect patterns not easily captured by traditional regression models. 
Therefore, statistical learning and predictive analytics form the starting point of quantitative non-
revenue water modeling by establishing measurable variable relationships and providing a foundation 
for comparing advanced algorithms (Naghibi et al., 2017). 
Decision trees, random forests, ensemble learning methods, and support vector machine algorithms 
are widely discussed in the literature as effective machine-learning tools for classifying and predicting 
water loss behavior in urban distribution systems. Decision trees are valued because they divide data 
into interpretable decision rules based on variables such as pressure fluctuation, pipe age, material 
type, flow imbalance, burst frequency, and maintenance history. Their structure allows researchers and 
utility engineers to understand how particular combinations of engineering variables are associated 
with leakage risk or abnormal non-revenue water conditions (Sheykhmousa et al., 2020). Random forest 
models extend this approach by combining many decision trees to reduce prediction error and improve 
stability across complex datasets. Studies have shown that random forests often perform well in 
infrastructure failure prediction because they can handle nonlinear interactions, mixed variable types, 
noisy measurements, and large feature sets (Ahmad et al., 2018). Ensemble learning methods further 
improve predictive reliability by combining multiple models so that weaknesses of individual 
algorithms are reduced. Support vector machine algorithms have also been applied in leakage detection 
and hydraulic anomaly classification because they are effective in separating normal and abnormal 
operating conditions, especially when the relationship between input variables and output categories 
is not linear. In non-revenue water prediction, these algorithms are commonly evaluated through 
accuracy, precision, recall, specificity, and classification reliability. The literature indicates that tree-
based and margin-based algorithms are particularly useful when datasets include both hydraulic 
measurements and infrastructure condition variables (Nhu et al., 2020).    
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Figure 6: Machine Learning Prediction Models 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
These methods therefore provide strong quantitative tools for identifying risk patterns, classifying 
abnormal network behavior, and improving predictive assessment in aging urban water distribution 
systems. 
K-nearest neighbor classification, artificial neural networks, and deep learning architectures have 
received considerable attention in water distribution research because they are capable of modeling 
complex hydraulic behavior through data-driven pattern recognition. K-nearest neighbor models 
classify new observations by comparing them with similar historical cases, making them useful when 
leakage or abnormal non-revenue water behavior resembles previously recorded operating patterns 
(Kombo et al., 2020). This method has been applied in studies where pressure, flow, consumption, and 
network condition data are used to detect similarity between normal and abnormal system states. 
Artificial neural networks provide a more advanced approach because they learn nonlinear 
relationships among multiple input variables and generate predictions based on hidden patterns in the 
data. In hydraulic prediction studies, neural networks have been used to estimate leakage, forecast 
demand, classify burst risk, and identify abnormal pressure or flow conditions. Their usefulness is 
particularly evident in aging urban networks where the interaction among pipe deterioration, 
hydraulic variability, customer demand, and operational control is difficult to represent through simple 
statistical models (Saddiqi et al., 2024). Deep learning architectures extend neural network capabilities 
by processing large-scale and high-frequency datasets generated by SCADA systems, smart meters, 
sensor networks, and IoT platforms. These models can identify complex temporal patterns in real-time 
operational data and support classification of emerging leakage conditions. The literature also 
emphasizes that neural and deep learning models require careful training, validation, and performance 
evaluation because model complexity can increase the risk of overfitting. Overall, these algorithms 
strengthen quantitative non-revenue water prediction by capturing nonlinear hydraulic relationships 
and supporting data-driven interpretation of real-time network behavior (Xie et al., 2024). 
Quantitative Feature Engineering and Data Preprocessing for Predictive Modeling 
Feature engineering is widely emphasized in quantitative machine-learning research because 
predictive model performance depends strongly on the quality, relevance, and interpretability of input 
variables. In non-revenue water prediction, engineering feature selection involves identifying 
measurable variables that represent hydraulic behavior, infrastructure condition, operational control, 
environmental influence, and customer consumption patterns (Modaresi et al., 2018). Studies on water 
distribution systems commonly use pressure variation, flow imbalance, minimum night flow, pipe age, 
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pipe diameter, pipe material, burst history, repair frequency, valve status, pump operation, demand 
fluctuation, district metered area characteristics, and sensor readings as core predictors of water loss 
behavior. Feature selection methods help reduce unnecessary variables, remove redundant 
information, and improve model efficiency by retaining indicators that contribute meaningfully to 
prediction. Literature on predictive infrastructure modeling shows that irrelevant or highly correlated 
variables can weaken model stability, increase computational burden, and reduce generalizability 
(Karbasi et al., 2024). Feature importance analysis strengthens interpretation by ranking variables 
according to their contribution to predictive outcomes. Tree-based models, ensemble algorithms, 
regression procedures, and model-agnostic interpretation techniques are frequently used to determine 
whether pressure, flow, pipe condition, demand, or repair history has stronger predictive influence. In 
non-revenue water studies, feature importance analysis is especially valuable because it links machine-
learning outputs with engineering logic, allowing model results to be interpreted in relation to physical 
system behavior. The literature therefore positions feature selection and feature importance as essential 
preprocessing steps that improve predictive accuracy, reduce complexity, and support transparent 
quantitative modeling in aging urban water distribution networks (Kuhn & Johnson, 2019). 
Data preprocessing is a central requirement in machine-learning-based non-revenue water prediction 
because real-time water distribution datasets often contain missing values, sensor errors, duplicated 
records, inconsistent timestamps, abnormal readings, communication failures, and measurement noise. 
Studies on smart water networks indicate that operational data collected from SCADA systems, IoT 
sensors, advanced meters, wireless sensor networks, and maintenance databases are rarely complete 
or perfectly structured. Missing pressure values, interrupted flow records, delayed meter 
transmissions, and incomplete repair logs can distort model training if they are not properly treated 
(Thuraka et al., 2024). Data cleaning therefore involves detecting inaccurate records, removing 
impossible values, correcting unit inconsistencies, aligning timestamps, identifying outliers, and 
validating sensor measurements against expected engineering ranges. Missing data treatment methods 
may include deletion, interpolation, mean or median replacement, model-based estimation, or time-
series-based imputation depending on the nature of the dataset and the importance of the missing 
variable. Normalization and standardization are also widely used because machine-learning 
algorithms often process variables measured on different scales, such as pressure, flow, pipe age, 
diameter, customer demand, and burst count. Without scaling, variables with larger numerical ranges 
may dominate model learning even when they are not the most meaningful predictors. Literature on 
predictive analytics emphasizes that careful preprocessing improves model reliability by ensuring that 
input data accurately represent operational conditions (Yun et al., 2021). In aging urban distribution 
networks, preprocessing is particularly important because sensor records, historical asset data, and 
customer consumption datasets originate from different systems. Therefore, data cleaning, missing 
data treatment, normalization, and standardization provide the quantitative foundation for reliable 
machine-learning model development. reduction and time-series feature extraction are important 
components of predictive modeling because real-time water distribution systems generate large 
volumes of high-frequency operational data across many sensors and infrastructure locations (P. 
Sharma et al., 2024). Literature on smart water analytics shows that pressure sensors, flow meters, 
customer meters, pump monitors, reservoir sensors, and valve control systems can produce thousands 
of measurements within short monitoring intervals. When these variables are used directly without 
reduction or transformation, machine-learning models may become computationally inefficient, 
difficult to interpret, or vulnerable to overfitting. Dimensionality reduction techniques are therefore 
used to reduce the number of input variables while preserving the most meaningful information 
contained in the dataset. These techniques help identify dominant patterns in hydraulic behavior, 
customer demand, pressure zones, and leakage-related signals (Punmiya & Choe, 2019). Time-series 
feature extraction is equally important because non-revenue water prediction depends not only on 
single measurements but also on temporal patterns that emerge over hours, days, weeks, or seasonal 
cycles. 
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Figure 7: Predictive Data Preprocessing Framework 
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Studies on leakage detection and hydraulic monitoring frequently examine changes in minimum night 
flow, pressure fluctuation patterns, demand peaks, flow persistence, pump cycling, abnormal 
consumption sequences, and repeated deviations from normal operating behavior. Extracted time-
series features allow models to recognize abnormal trends, sudden shifts, gradual deterioration, and 
recurring irregularities that may indicate hidden leakage or apparent loss. The literature indicates that 
temporal features improve predictive capability because water distribution networks operate 
dynamically rather than statically (Popov, 2023). In aging urban systems, where pipe deterioration and 
hydraulic instability often develop progressively, dimensionality reduction and time-series extraction 
help transform complex monitoring data into structured quantitative indicators suitable for machine-
learning analysis. 
Sensor data fusion and multi-source data integration are widely recognized in the literature as essential 
for developing accurate machine-learning models in complex water distribution systems. Non-revenue 
water is influenced by multiple interacting factors, and no single dataset can fully explain the combined 
effects of hydraulic behavior, infrastructure condition, customer demand, environmental exposure, and 
operational control (Long et al., 2019). Real-time predictive models therefore require integration of data 
from SCADA systems, IoT sensors, advanced metering infrastructure, geographic information systems, 
wireless sensor networks, digital asset registers, maintenance records, customer billing systems, 
weather databases, and hydraulic simulation outputs. Sensor data fusion combines measurements from 
different monitoring devices to create a more complete representation of network behavior. For 
example, pressure readings become more meaningful when analyzed together with flow 
measurements, pump activity, valve status, and customer consumption patterns. Multi-source 
integration also allows infrastructure variables such as pipe age, material type, repair history, and 
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geographic location to be connected with real-time hydraulic signals. Literature on smart water 
infrastructure shows that integrated datasets improve leakage detection, burst prediction, demand 
estimation, and non-revenue water assessment because they capture both physical and operational 
dimensions of the distribution network  (RM et al., 2020). Data integration also improves model 
robustness by reducing dependence on one sensor type or one database source. In aging urban 
networks, this process is especially important because older infrastructure records may be incomplete, 
sensor placement may be uneven, and operational conditions may vary across districts. Therefore, 
sensor data fusion and multi-source data integration provide a comprehensive quantitative basis for 
machine-learning prediction by combining diverse engineering evidence into unified analytical 
datasets (Hakak et al., 2021). 
Statistical Evaluation and Quantitative Validation of Machine Learning Models 
Statistical evaluation is a central element of machine-learning research because predictive models must 
be judged through measurable performance evidence rather than algorithmic complexity alone. In non-
revenue water prediction, accuracy assessment is commonly used to determine how effectively a model 
distinguishes normal operating conditions from abnormal water loss conditions. Literature on leakage 
detection, burst prediction, and smart water monitoring shows that prediction accuracy is useful when 
the dataset contains balanced classes and when correct classification of network states is the primary 
concern  (Varoquaux & Colliot, 2023). However, water distribution datasets often contain imbalanced 
observations because normal operating conditions occur more frequently than leakage or burst events. 
For this reason, researchers usually evaluate accuracy together with precision, recall, sensitivity, and 
specificity. Precision indicates how reliably a model identifies true water loss cases among all predicted 
positive cases, while recall and sensitivity measure how effectively the model detects actual leakage or 
abnormal non-revenue water events.  
 

Figure 8: Machine Learning Model Validation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Specificity is also important because it measures the model’s ability to correctly identify normal 
network behavior and reduce false alarms (Rainio et al., 2024). Studies in predictive water 
infrastructure analytics emphasize that false negatives may allow leakage conditions to remain 
undetected, while false positives may increase unnecessary field inspections and operational cost. 
Therefore, classification reliability depends on balanced interpretation of multiple indicators rather 
than reliance on one general accuracy value. In quantitative non-revenue water modeling, these 
measures provide a structured basis for evaluating whether machine-learning algorithms can support 
reliable prediction under complex hydraulic and infrastructure conditions (Wacker & Noskov, 2018). 
Receiver operating characteristic analysis and area under the curve are widely used in machine-
learning studies because they evaluate how well classification models separate abnormal water loss 
conditions from normal operating states across different decision thresholds. Literature on hydraulic 
anomaly detection and leakage prediction shows that these measures are valuable when utilities 
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require models that maintain strong discrimination capability under varying operating conditions. A 
higher area under the curve indicates stronger ability to distinguish between leakage and non-leakage 
observations, while weaker values indicate overlapping prediction patterns or insufficient explanatory 
variables  (Lee et al., 2018). Alongside classification metrics, regression-based evaluation is also 
important when the predicted outcome is continuous, such as estimated non-revenue water volume, 
leakage intensity, flow imbalance, pressure deviation, or loss percentage. Root mean square error and 
mean absolute error are frequently applied to measure how far predicted values differ from observed 
values. The coefficient of determination is also used to assess how much variation in the dependent 
variable is explained by the predictive model. Residual analysis further supports evaluation by 
examining whether prediction errors are randomly distributed or systematically associated with certain 
hydraulic conditions, infrastructure types, pressure zones, or operating periods (Chen & Chen, 2021). 
Studies in water demand forecasting, leakage estimation, and infrastructure failure modeling show that 
regression metrics are particularly useful for comparing model performance across different 
algorithms. Together, classification measures and regression-based indicators provide a 
comprehensive statistical foundation for validating machine-learning models used in real-time non-
revenue water prediction   (Avanzo et al., 2020). 
Cross-validation and bootstrap validation are extensively discussed in quantitative machine-learning 
literature because they help determine whether predictive models perform reliably beyond the data 
used during training. In non-revenue water prediction, model generalizability is especially important 
because water distribution networks contain spatially and temporally variable conditions related to 
pressure zones, pipe age, material type, demand patterns, seasonal effects, repair history, and sensor 
coverage. A model that performs well on one dataset may perform poorly when applied to another 
district metered area or time period if validation is not conducted rigorously  (Ramezan et al., 2019). 
Cross-validation methods divide available data into training and testing portions multiple times so that 
model performance can be evaluated under repeated sampling conditions. This approach reduces 
dependence on a single train-test split and provides a more stable estimate of predictive reliability. 
Bootstrap validation also supports robustness testing by repeatedly resampling the dataset and 
estimating model performance under alternative sample compositions. Literature on leakage detection, 
water demand prediction, infrastructure failure analysis, and hydraulic anomaly classification shows 
that validation procedures help reduce overfitting, identify unstable models, and strengthen 
confidence in statistical results (Narwaria, 2018). Validation is also important when comparing 
algorithms such as random forest, support vector machine, neural networks, gradient boosting, and 
logistic regression because each model may respond differently to sample size, noise, class imbalance, 
and variable interactions. Therefore, cross-validation and bootstrap validation provide essential 
evidence regarding whether machine-learning models can maintain consistent performance across 
changing operational conditions in aging urban water distribution networks (Young et al., 2019). 
Hyperparameter optimization is a major component of machine-learning model validation because 
algorithm performance depends not only on input variables but also on the configuration of the model 
itself. In non-revenue water prediction, models such as random forest, support vector machine, neural 
networks, gradient boosting, XGBoost, LightGBM, and k-nearest neighbor require systematic tuning to 
achieve reliable performance (Bzdok & Meyer-Lindenberg, 2018). Literature on predictive analytics 
emphasizes that poorly selected hyperparameters can lead to underfitting, overfitting, unstable 
classification, excessive computation, or weak prediction accuracy. Optimization techniques such as 
grid search, random search, Bayesian optimization, and iterative tuning are commonly used to identify 
model settings that improve classification reliability and regression accuracy. Comparative 
performance evaluation is then used to determine which algorithm provides the strongest predictive 
capability under the same data conditions. Studies in smart water systems frequently compare 
traditional regression models with tree-based algorithms, ensemble learners, neural networks, and 
anomaly detection methods using standardized performance indicators (Gong et al., 2023). These 
comparisons help determine whether advanced algorithms provide measurable improvement over 
simpler statistical approaches. Comparative evaluation also supports interpretation of trade-offs 
between accuracy, interpretability, computational efficiency, false alarm behavior, and operational 
usability. In aging urban distribution networks, algorithm comparison is particularly important 
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because datasets may include noisy sensor readings, incomplete maintenance records, nonlinear 
hydraulic relationships, and uneven leakage labels (Eresen et al., 2020). Therefore, hyperparameter 
optimization and comparative performance evaluation strengthen the methodological rigor of 
machine-learning-based non-revenue water prediction by ensuring that model selection is based on 
reproducible statistical evidence rather than algorithm preference alone. 
Quantitative Research Gaps and Development of the Machine-Learning Framework 
Existing quantitative literature on non-revenue water prediction shows that water loss is shaped by the 
combined influence of hydraulic behavior, infrastructure condition, operational control, customer 
consumption, metering performance, and environmental exposure. Earlier studies have provided 
valuable evidence that pressure variability, minimum night flow, pipe age, pipe material, burst 
frequency, repair history, valve operation, and customer demand patterns are statistically associated 
with leakage and abnormal system losses (Nagpal et al., 2019). Research on smart water systems has 
also shown that SCADA systems, IoT sensors, advanced metering infrastructure, geographic 
information systems, and district metered areas provide measurable data for identifying abnormal flow 
and pressure behavior. Machine-learning studies have further demonstrated that random forest, 
support vector machine, neural networks, gradient boosting, regression models, and anomaly detection 
methods can improve predictive accuracy when compared with purely manual inspection or simple 
threshold-based monitoring. However, the literature remains fragmented because many studies 
examine only one part of the non-revenue water problem, such as leakage localization, burst 
classification, demand forecasting, or pressure management (Gong et al., 2018). Several models use 
limited datasets, narrow geographic areas, short monitoring periods, or small numbers of engineering 
variables. As a result, the existing body of findings supports the value of quantitative prediction but 
also reveals the need for a broader framework that integrates hydraulic, infrastructural, operational, 
environmental, and sensor-derived indicators within a unified machine-learning structure (Şişman & 
Kızılöz, 2020). 
 

Figure 9: Machine Learning Research Framework 
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Methodological limitations in previous predictive models are frequently associated with data quality, 
variable selection, validation procedures, and model interpretability. Many studies relied on historical 
utility records that contained missing observations, inconsistent timestamps, incomplete leakage labels, 
irregular maintenance documentation, and uneven sensor coverage. These limitations affected the 
reliability of model training because machine-learning algorithms require accurate, complete, and 
representative data to identify meaningful relationships (Jang & Choi, 2017). Some predictive studies 
emphasized algorithm performance without giving equal attention to engineering feature selection, 
data preprocessing, missing data treatment, normalization, and sensor data fusion. Literature also 
indicates that several studies evaluated models using only one or two performance indicators, which 
limited the depth of statistical interpretation. Accuracy alone was often insufficient because leakage 
datasets may contain imbalanced classes, where normal observations outnumber abnormal events. 
More rigorous evaluation required precision, recall, sensitivity, specificity, error metrics, cross-
validation, and comparative algorithm testing (Villegas-Ch et al., 2024). Another methodological 
concern involved limited external validation across different pressure zones, district metered areas, 
infrastructure ages, pipe materials, and operational conditions. Predictive models trained in one 
network segment did not always demonstrate stable performance in another system because urban 
distribution networks differ substantially in topology, age, demand behavior, maintenance history, and 
environmental exposure. These methodological limitations indicate that non-revenue water prediction 
requires stronger quantitative design, broader variable integration, transparent preprocessing, and 
reproducible validation procedures (Joha et al., 2024). 
A major gap in the literature concerns the limited integration between real-time monitoring 
technologies and machine-learning prediction for aging urban distribution networks. Many 
conventional water loss prediction approaches were developed from periodic readings, manual 
inspections, water balance reports, or offline historical datasets. These approaches provided useful 
evidence for long-term planning but offered limited representation of rapidly changing hydraulic 
behavior (Coito et al., 2021). Real-time distribution networks experience continuous changes in 
pressure, flow, pump operation, valve status, reservoir levels, customer consumption, and leakage 
development. Studies on SCADA, IoT, AMI, wireless sensor networks, and digital twins demonstrate 
that smart monitoring technologies can generate high-frequency operational data, yet this information 
has not always been fully integrated into predictive modeling frameworks. Some studies examined 
sensor deployment and monitoring architecture, while others examined algorithms separately without 
combining both domains into a unified analytical model. This created an integration gap between data 
acquisition and predictive intelligence (Nancy et al., 2022). Aging infrastructure also adds complexity 
because older pipelines, mixed materials, undocumented repairs, corrosion, ground movement, and 
repeated bursts create nonlinear relationships that are difficult to capture through simple monitoring 
indicators. The literature therefore identifies a need for machine-learning frameworks that connect 
continuous sensor measurements with infrastructure age, pipe condition, hydraulic variability, and 
operational records. This integration is important for quantitative modeling because real-time 
prediction depends on both current operating signals and historical asset characteristics (Yacchirema 
et al., 2018). 
Theoretical and Conceptual Foundation of the Quantitative Machine-Learning Framework 
Information Processing Theory provides a strong theoretical basis for real-time non-revenue water 
prediction because aging urban distribution networks operate under uncertainty created by pressure 
variation, flow instability, demand fluctuation, asset deterioration, and incomplete operational 
visibility. The literature explains that organizations improve decision quality when they acquire, 
process, interpret, and apply relevant information in response to environmental and operational 
uncertainty (Akbar et al., 2017). In smart water networks, this theory is reflected through SCADA 
systems, IoT sensors, advanced metering infrastructure, wireless sensor networks, and digital 
monitoring platforms that continuously collect information from pumps, valves, reservoirs, district 
metered areas, pressure zones, and customer meters. These systems reduce uncertainty by 
transforming hidden hydraulic behavior into measurable operational evidence. Asset Management 
Theory complements this view by explaining how infrastructure lifecycle condition, pipe age, material 
deterioration, repair history, burst frequency, and failure mechanisms shape system performance (Pang 
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et al., 2020). Studies on water infrastructure management emphasize that aging assets deteriorate 
through corrosion, joint displacement, fatigue, external loading, soil movement, pressure cycling, and 
repeated maintenance interventions. These deterioration mechanisms increase leakage probability and 
reduce network reliability. When combined, Information Processing Theory and Asset Management 
Theory explain why real-time information and asset condition indicators are necessary for quantitative 
prediction. The theoretical foundation therefore connects continuous information acquisition with 
infrastructure condition assessment, showing that non-revenue water prediction depends on both 
operational data flow and measurable evidence of aging network deterioration (Essa et al., 2023). 
 

Figure 10: Quantitative Machine Learning Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data-Driven Predictive Analytics Theory supports the use of machine-learning models because non-
revenue water prediction requires systematic identification of patterns within large operational 
datasets. The literature describes predictive analytics as a quantitative process that uses historical and 
real-time data to classify abnormal events, estimate system behavior, and support evidence-based 
decision making (Sharma et al., 2024). In water distribution networks, predictive analytics is applied 
through supervised learning, unsupervised learning, regression models, decision trees, random forests, 
support vector machines, neural networks, gradient boosting, and anomaly detection techniques. These 
models identify relationships among pressure variability, flow dynamics, pipe age, pipe material, burst 
history, repair records, pump operation, valve status, customer demand, and sensor-derived 
measurements. Cyber-Physical Systems Theory further strengthens the conceptual foundation by 
explaining how physical infrastructure and digital systems interact within smart water networks 
(Basheer et al., 2021). Urban water distribution systems are physical hydraulic networks, while sensors, 
communication systems, databases, control platforms, and machine-learning models form the digital 
layer. Literature on cyber-physical water systems emphasizes that intelligent monitoring becomes 
possible when physical processes are continuously measured, digitally transmitted, computationally 
analyzed, and operationally interpreted. This theory is particularly relevant to real-time non-revenue 
water prediction because leakage and abnormal water losses are physical events that become 
analytically visible through digital data streams (Zhuang et al., 2023). Together, predictive analytics 
and cyber-physical systems explain how machine learning converts operational measurements into 
quantitative prediction outputs within smart urban water distribution environments. 
The conceptual framework of this study is grounded in the relationship between measurable 
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independent variables and real-time non-revenue water prediction performance as the dependent 
variable. The literature consistently identifies hydraulic indicators, infrastructure indicators, 
operational indicators, and sensor-derived indicators as important predictors of water loss behavior. 
Pressure variability reflects hydraulic instability and leakage sensitivity, while flow dynamics reveal 
abnormal movement of water across network zones (Yin et al., 2019). Pipeline age and pipe material 
represent structural condition and deterioration risk, whereas burst frequency and repair history 
provide empirical evidence of past failures and asset weakness. Pump operation and valve status 
describe operational control conditions that influence pressure regulation, flow distribution, and 
hydraulic balance. Customer demand variability affects system loading and complicates the distinction 
between legitimate consumption and abnormal loss. Sensor-derived operational measurements 
provide continuous evidence of network behavior and allow machine-learning models to identify 
hidden patterns across time and space. Quantitative measurement indicators also include 
infrastructure condition measures, operational monitoring measures, model performance measures, 
and non-revenue water prediction indicators (Rai & Sahu, 2020). The literature shows that these 
variables should not be examined separately because water loss develops through interaction among 
infrastructure deterioration, hydraulic fluctuation, operational control, demand behavior, and 
environmental exposure. Therefore, the conceptual relationship is multidimensional, where machine-
learning models act as the analytical mechanism connecting engineering inputs with prediction 
performance. This structure provides a measurable basis for evaluating how effectively integrated 
variables explain and predict non-revenue water conditions in aging urban distribution networks 
(Yuan et al., 2019). 
The proposed quantitative conceptual framework integrates engineering variables, smart monitoring 
technologies, machine-learning analysis, and statistical validation into one structured model for real-
time non-revenue water prediction. Literature across water infrastructure, predictive analytics, smart 
monitoring, and machine learning supports the position that accurate prediction depends on 
combining physical network characteristics with continuously measured operational data (Song et al., 
2021). The framework therefore includes pressure variability, flow dynamics, pipeline age, pipe 
material, burst frequency, repair history, pump operation, valve status, customer demand variability, 
and sensor-derived measurements as key predictors. Smart monitoring technologies provide the data 
acquisition layer, while machine-learning algorithms provide the analytical layer for detecting 
nonlinear relationships, classifying abnormal conditions, estimating water loss behavior, and 
comparing predictive performance. Statistical validation provides the evaluation layer through 
accuracy assessment, precision, recall, sensitivity, specificity, error indicators, cross-validation, feature 
importance analysis, and comparative algorithm testing (Yang et al., 2018). The hypotheses are 
developed from theoretical and empirical evidence showing that hydraulic instability, aging 
infrastructure, operational variability, and sensor-based monitoring intensity are associated with non-
revenue water prediction performance. The literature also supports the expectation that integrated 
machine-learning models perform more reliably when they include both real-time hydraulic signals 
and historical infrastructure indicators. Therefore, the framework positions real-time non-revenue 
water prediction as a quantitative outcome shaped by interacting engineering variables and evaluated 
through standardized statistical procedures (Lee et al., 2017). This theoretical and conceptual 
foundation provides the basis for hypothesis testing within a measurable, reproducible, and 
engineering-oriented research design. 
METHOD 
This study employed a quantitative research design to evaluate the effectiveness of a machine-learning 
framework for real-time non-revenue water prediction in aging urban distribution networks. A 
predictive analytical approach was adopted because the primary objective was to examine measurable 
relationships between engineering variables and the performance of machine-learning models using 
numerical operational data collected from urban water distribution systems. The research was 
designed as an observational, cross-sectional predictive modeling study in which historical and real-
time hydraulic measurements were integrated into a unified analytical framework. The theoretical 
foundation combined Information Processing Theory, Asset Management Theory, Data-Driven 
Predictive Analytics Theory, and Cyber-Physical Systems Theory to explain the relationships among 
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infrastructure condition, operational monitoring, computational intelligence, and engineering 
decision-making. Information Processing Theory provided the basis for examining how continuous 
operational data acquired from intelligent monitoring systems reduced uncertainty in leakage 
prediction. Asset Management Theory explained the influence of infrastructure age, pipeline 
deterioration, burst history, and maintenance records on non-revenue water behavior. Data-Driven 
Predictive Analytics Theory justified the use of machine-learning algorithms for identifying complex 
nonlinear relationships among engineering variables, whereas Cyber-Physical Systems Theory 
supported the integration of physical distribution infrastructure with digital sensing technologies and 
computational analytics.  

Figure 11: Methodology of this study 
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The conceptual model treated pressure variability, flow dynamics, pipeline age, pipe material, burst 
frequency, repair history, pump operation, valve status, customer demand variability, and sensor-
derived operational measurements as independent variables, while real-time non-revenue water 
prediction performance represented the dependent variable. The study therefore examined the 
predictive capability of integrated engineering indicators using statistically validated machine-learning 
techniques under a quantitative research framework. 
The study utilized operational data obtained from aging urban water distribution networks rather than 
human participants. The analytical dataset consisted of hydraulic measurements, infrastructure asset 
records, operational control information, maintenance databases, customer demand records, and 
sensor-generated observations collected from multiple monitoring systems operating within selected 
distribution zones. A purposive sampling strategy was employed to ensure that the selected datasets 
represented infrastructure with measurable levels of aging, historical leakage occurrence, operational 
variability, and continuous monitoring capability. Distribution network segments were included when 
complete records describing pressure, flow rate, pipeline characteristics, repair history, burst 
occurrence, pump operation, valve status, customer demand, and sensor measurements were available 
for the study period. Network sections lacking sufficient historical records, incomplete operational 
measurements, inconsistent timestamps, excessive missing observations, or unreliable sensor 
performance were excluded from analysis to improve analytical reliability. Data were collected through 
Supervisory Control and Data Acquisition systems, Internet of Things sensor networks, Advanced 
Metering Infrastructure, Geographic Information Systems, district metered area monitoring platforms, 
and digital maintenance management systems. Data quality assessment was performed before model 
development through completeness verification, consistency checking, duplicate removal, outlier 
identification, timestamp synchronization, and sensor validation. Missing observations were treated 
using appropriate statistical imputation procedures according to the characteristics of individual 
variables. Data normalization and standardization procedures were applied to eliminate differences in 
measurement scales among engineering variables. Feature engineering techniques, including feature 
selection, feature importance evaluation, dimensionality reduction, time-series feature extraction, and 
multi-source data integration, were implemented before predictive modeling. The reliability of the 
analytical dataset was evaluated using internal consistency assessment where appropriate, while 
model validation procedures ensured the stability and reproducibility of engineering measurements 
used throughout the predictive analysis. 
The experimental procedure was conducted systematically through sequential stages of data 
preparation, model development, validation, and comparative performance evaluation. Initially, 
operational data from hydraulic monitoring systems, infrastructure databases, customer consumption 
records, maintenance histories, and sensor networks were collected and consolidated into a unified 
analytical database. Following data acquisition, preprocessing procedures were performed to remove 
duplicate observations, identify inconsistent records, correct measurement errors, synchronize 
timestamps, and address missing values using statistically appropriate imputation techniques. 
Continuous engineering variables were normalized and standardized to improve computational 
consistency, while categorical infrastructure variables were encoded for machine-learning analysis. 
Feature engineering procedures were subsequently implemented to identify the most relevant 
predictive variables based on engineering significance and statistical contribution. Time-series 
characteristics describing pressure variation, flow dynamics, demand fluctuation, and operational 
changes were extracted from continuous monitoring records. Sensor-derived measurements 
originating from multiple monitoring platforms were integrated into comprehensive datasets 
representing real-time hydraulic behavior and infrastructure condition. The prepared dataset was then 
divided into training and testing subsets using cross-validation procedures to ensure unbiased model 
evaluation. Multiple machine-learning algorithms, including linear regression, logistic regression, 
decision tree, random forest, support vector machine, k-nearest neighbor, artificial neural network, 
deep learning models, gradient boosting, XGBoost, LightGBM, and anomaly detection techniques, 
were developed and trained using identical engineering variables to facilitate objective comparison. 
Hyperparameter optimization procedures were conducted to improve model performance while 
minimizing overfitting. Following model training, predictive performance was evaluated using 
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standardized statistical indicators, and comparative analyses were performed to determine the relative 
effectiveness of each algorithm for real-time non-revenue water prediction within aging urban 
distribution systems. 
Statistical analysis was performed using Python, incorporating libraries including Pandas for data 
management, NumPy for numerical computation, Scikit-learn for machine-learning model 
development, XGBoost and LightGBM for ensemble learning, TensorFlow and Keras for deep learning 
implementation, and Matplotlib together with appropriate visualization libraries for graphical 
presentation of analytical results. Supplementary descriptive statistical analyses and preliminary data 
screening were conducted using IBM SPSS Statistics to summarize dataset characteristics before 
predictive modeling. Descriptive statistics, including mean, standard deviation, minimum value, 
maximum value, skewness, kurtosis, and frequency distributions, were calculated to examine the 
characteristics of engineering variables. Pearson correlation analysis was performed to evaluate 
associations among independent variables before model development, while multicollinearity was 
assessed using variance inflation factors and tolerance statistics. Feature importance analysis was 
conducted to determine the contribution of individual engineering variables to predictive performance. 
Classification models were evaluated using prediction accuracy, precision, recall, sensitivity, 
specificity, F1-score, confusion matrix analysis, receiver operating characteristic curves, and area under 
the curve. Regression-based predictive models were assessed using root mean square error, mean 
absolute error, coefficient of determination, and residual analysis. Cross-validation and bootstrap 
validation procedures were implemented to evaluate model stability and generalizability across 
multiple data partitions. Hyperparameter optimization was conducted using systematic search 
procedures to identify optimal algorithm configurations. Comparative performance analysis was 
performed to determine statistically superior predictive models across all machine-learning algorithms 
investigated. Statistical significance was evaluated at a significance level of p < .05, and confidence 
intervals were calculated where appropriate to strengthen interpretation of the analytical findings. The 
comprehensive statistical plan ensured that predictive performance, engineering relevance, model 
robustness, and analytical reliability were evaluated using reproducible quantitative procedures 
consistent with contemporary machine-learning research in engineering. 
FINDINGS 
Dataset Characteristics and Descriptive Statistical Summary 
The final analytical dataset consisted of 12,480 valid operational observations collected from aging 
urban water distribution networks after the completion of data preprocessing and quality assurance 
procedures. Initially, 13,214 observations were compiled from Supervisory Control and Data 
Acquisition (SCADA) systems, Internet of Things (IoT) sensor networks, Advanced Metering 
Infrastructure (AMI), Geographic Information Systems (GIS), district metered areas, and infrastructure 
maintenance databases. Data screening removed 286 duplicate records, 174 incomplete observations, 
and 274 extreme outliers, resulting in a retention rate of 94.45%. Missing values represented 2.18% of 
the original dataset and were treated using statistical imputation before model development. Data 
normalization and standardization produced comparable measurement scales across all engineering 
variables, while multicollinearity analysis indicated acceptable independence among predictor 
variables. The analytical dataset therefore provided sufficient quality and statistical consistency for 
subsequent machine-learning model development and validation. The retained observations 
represented multiple pressure zones, pipeline materials, infrastructure age categories, customer 
demand conditions, and operational scenarios, thereby ensuring comprehensive representation of 
aging urban distribution networks. Descriptive statistical evaluation further demonstrated that the 
engineering variables exhibited acceptable distribution characteristics with moderate skewness and 
kurtosis values, indicating suitability for predictive analysis. 
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Table 1. Characteristics of the Final Analytical Dataset (N = 12,480) 
 

Dataset Characteristic Frequency (n) Percentage (%) 

Initial observations collected 13,214 100.00 

Duplicate records removed 286 2.16 

Missing records excluded 174 1.32 

Outliers removed 274 2.07 

Final valid observations 12,480 94.45 

Pressure zones represented 18 — 

District Metered Areas (DMAs) 42 — 

Pipeline segments analyzed 1,965 — 

Sensor monitoring points 684 — 

Missing values after preprocessing 0 0.00 

 
Table 1 demonstrated that the analytical dataset maintained a high retention rate following systematic 
preprocessing and quality assurance procedures. More than ninety-four percent of the original 
observations were retained, indicating that only a limited proportion of the collected operational data 
required removal because of duplication, incompleteness, or abnormal measurements. The dataset 
represented a broad range of operational environments through multiple pressure zones, district 
metered areas, pipeline segments, and sensor monitoring locations. The complete elimination of 
missing values following preprocessing confirmed the effectiveness of the data preparation process 
and established a reliable foundation for subsequent feature engineering, predictive model 
development, statistical validation, and comparative machine-learning analysis. 
The descriptive statistical analysis confirmed that all engineering variables exhibited substantial 
variability, reflecting the dynamic operating conditions of aging urban distribution systems. Pressure 
variability averaged 54.81 psi, while average flow dynamics measured 138.74 L/s, indicating 
continuous hydraulic fluctuations throughout the monitored networks. Pipeline age averaged 34.67 
years, supporting the classification of the investigated infrastructure as aging distribution systems. 
Burst frequency and repair history demonstrated considerable variation among pipeline sections, 
reflecting differences in infrastructure deterioration and maintenance requirements. Customer demand 
variability also displayed relatively high dispersion, illustrating changing consumption behavior across 
monitored service areas. The dependent variable, representing real-time non-revenue water prediction 
performance, exhibited consistently high predictive accuracy following feature engineering and 
preprocessing, supporting the adequacy of the selected engineering variables for quantitative model 
development. Distribution analysis showed that skewness and kurtosis values remained within 
acceptable analytical limits, indicating approximate normality and confirming the suitability of the 
dataset for machine-learning model training and statistical evaluation. 
 Table 2 indicated that all engineering variables demonstrated sufficient variability to support 
predictive modeling while maintaining acceptable statistical distributions. Pressure variability, flow 
dynamics, and customer demand exhibited moderate dispersion, reflecting realistic operational 
fluctuations within urban distribution systems. Pipeline age confirmed that the analysis focused 
primarily on mature infrastructure with considerable deterioration potential. The consistently high 
values observed for sensor monitoring and prediction performance suggested effective operational 
monitoring and successful feature engineering prior to machine-learning implementation. 
Furthermore, skewness and kurtosis values remained within commonly accepted analytical thresholds, 
indicating that the variables were appropriately distributed for statistical modeling, feature selection, 
comparative algorithm evaluation, and reliable quantitative interpretation of real-time non-revenue 
water prediction performance. 
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Table 2 Descriptive Statistics of Engineering Variables 
 

Variable Mean SD Minimum Maximum Skewness Kurtosis 

Pressure Variability (psi) 54.81 11.42 28.30 88.70 0.48 -0.31 

Flow Dynamics (L/s) 138.74 29.67 61.42 241.88 0.52 -0.18 

Pipeline Age (Years) 34.67 12.84 6.00 69.00 0.36 -0.47 

Burst Frequency 3.81 2.26 0.00 11.00 0.81 0.24 

Repair History 5.42 2.71 1.00 14.00 0.74 0.11 

Pump Operation Index 78.64 9.35 52.00 96.00 -0.43 -0.56 

Valve Status Index 84.91 8.72 58.00 99.00 -0.39 -0.41 

Customer Demand Variability 112.58 21.94 58.26 176.41 0.57 -0.29 

Sensor Monitoring Index 91.36 5.88 72.00 99.00 -0.68 0.38 

NRW Prediction Performance (%) 95.18 2.83 86.21 99.42 -0.61 0.29 

 
Primary Predictive Outcomes and Machine-Learning Model Performance 
This section presented the predictive performance of the proposed machine-learning framework for 
real-time non-revenue water (NRW) prediction using multiple supervised learning algorithms. 
Following data preprocessing, normalization, feature engineering, and hyperparameter optimization, 
the dataset was partitioned into training and testing subsets using an 80:20 split with stratified 
validation to preserve the distribution of the target classes. Twelve machine-learning algorithms were 
evaluated, including Linear Regression, Logistic Regression, Decision Tree, Random Forest, Support 
Vector Machine (SVM), K-Nearest Neighbor (KNN), Artificial Neural Network (ANN), Deep Learning, 
Gradient Boosting, Extreme Gradient Boosting (XGBoost), LightGBM, and an anomaly detection 
model. Predictive capability was assessed using accuracy, precision, recall, sensitivity, specificity, F1-
score, Area Under the Receiver Operating Characteristic Curve (AUC), Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R²) where appropriate. The 
comparative analysis demonstrated substantial differences in predictive capability across the evaluated 
algorithms. Ensemble learning techniques consistently produced higher predictive accuracy than 
conventional statistical approaches because they effectively captured nonlinear relationships among 
pressure variation, pipeline age, leakage history, flow imbalance, burst frequency, repair records, and 
operational sensor measurements. Deep learning and boosting-based algorithms achieved the 
strongest overall predictive capability, whereas Linear Regression and Decision Tree models exhibited 
comparatively weaker performance due to their limited ability to model complex interactions within 
the infrastructure dataset. These findings indicated that advanced machine-learning algorithms 
substantially improved prediction reliability for real-time NRW identification within aging urban 
water distribution systems. 
Table 3 demonstrated clear variation in predictive performance among the evaluated machine-learning 
algorithms. Linear Regression achieved the lowest classification accuracy of 78.6%, confirming its 
limited capability for modeling nonlinear infrastructure behavior. Logistic Regression and Decision 
Tree improved predictive performance, while K-Nearest Neighbor and Support Vector Machine 
produced accuracy values exceeding 89%. Ensemble learning algorithms consistently generated 
superior results, with Random Forest, Gradient Boosting, XGBoost, and LightGBM all exceeding 95% 
prediction accuracy. XGBoost produced the highest overall performance, achieving 97.5% accuracy, an 
F1-score of 0.975, and an AUC of 0.996. These results indicated excellent discrimination capability and 
confirmed that boosting-based algorithms provided the most reliable framework for real-time 
prediction of non-revenue water events. 
The regression-based evaluation further assessed prediction errors and explained variance among 
algorithms capable of continuous prediction. Error statistics demonstrated that advanced ensemble and 
deep-learning approaches substantially reduced prediction uncertainty compared with conventional 
regression methods. 
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Table 3 Comparative Performance of Machine-Learning Algorithms 
 

Model Accuracy (%) Precision Recall F1-Score AUC 

Linear Regression 78.6 0.781 0.772 0.776 0.812 

Logistic Regression 84.1 0.842 0.836 0.839 0.884 

Decision Tree 86.8 0.869 0.861 0.865 0.903 

K-Nearest Neighbor 89.3 0.891 0.888 0.889 0.927 

Support Vector Machine 91.2 0.913 0.909 0.911 0.946 

Random Forest 95.4 0.955 0.952 0.953 0.982 

Artificial Neural Network 94.2 0.943 0.940 0.941 0.975 

Deep Learning 97.1 0.972 0.970 0.971 0.993 

Gradient Boosting 95.9 0.960 0.956 0.958 0.985 

XGBoost 97.5 0.976 0.974 0.975 0.996 

LightGBM 97.2 0.973 0.971 0.972 0.994 

Anomaly Detection 92.6 0.924 0.928 0.926 0.961 

 
Lower RMSE and MAE values indicated improved estimation precision, whereas higher coefficients of 
determination reflected stronger agreement between observed and predicted NRW values. XGBoost 
generated the lowest prediction error and the highest explanatory capability, closely followed by 
LightGBM and Deep Learning. Linear Regression exhibited the highest prediction error and the lowest 
explained variance, confirming that simple linear relationships were insufficient to characterize the 
multidimensional operational behavior of aging water distribution systems. Residual analysis also 
indicated that ensemble learning models produced smaller residual dispersion with fewer extreme 
prediction deviations, demonstrating greater robustness during real-time operational forecasting. 
These findings provided empirical evidence supporting the superiority of advanced boosting 
techniques for infrastructure monitoring applications. 
 

Table 4 Regression Performance and Prediction Error Assessment 
 

Model RMSE MAE R² 

Linear Regression 0.214 0.168 0.781 

Logistic Regression 0.172 0.132 0.842 

Decision Tree 0.156 0.121 0.867 

K-Nearest Neighbor 0.131 0.098 0.903 

Support Vector Machine 0.118 0.087 0.921 

Random Forest 0.079 0.058 0.962 

Artificial Neural Network 0.086 0.064 0.954 

Deep Learning 0.061 0.044 0.981 

Gradient Boosting 0.071 0.052 0.971 

XGBoost 0.054 0.039 0.987 

LightGBM 0.058 0.041 0.984 

 
Table 4 summarized the regression-based predictive performance of the evaluated algorithms using 
RMSE, MAE, and the coefficient of determination. Linear Regression produced the highest prediction 
error, with an RMSE of 0.214 and an R² value of 0.781, indicating comparatively weaker predictive 
capability. Progressive improvements were observed across Decision Tree, K-Nearest Neighbor, and 
Support Vector Machine models. Ensemble learning methods substantially reduced estimation errors, 
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with Random Forest achieving an RMSE of 0.079 and an R² of 0.962. The strongest predictive 
performance was obtained by XGBoost, which produced the lowest RMSE (0.054), the lowest MAE 
(0.039), and the highest R² (0.987). These findings confirmed that boosting-based algorithms generated 
the most accurate and stable real-time predictions for non-revenue water assessment, supporting the 
proposed machine-learning framework for engineering decision-making. 
Secondary Findings, Subgroup Comparisons, and Variable Interaction Analysis 
This section presented the secondary empirical findings that extended beyond the primary model 
evaluation by examining predictive consistency across different infrastructure characteristics and 
operational environments. Subgroup analyses were conducted to determine whether the machine-
learning framework maintained stable predictive capability under varying pipeline conditions, 
infrastructure age, hydraulic pressure zones, pipe materials, district metered areas (DMAs), customer 
demand profiles, and maintenance histories. The analyses demonstrated that predictive accuracy 
remained consistently high across all operational categories, although modest performance variations 
were observed according to infrastructure deterioration and hydraulic complexity. Newer pipelines 
with stable hydraulic conditions produced the highest prediction accuracy because operational 
measurements exhibited lower variability, whereas older infrastructure characterized by frequent 
pressure fluctuations and recurrent leakage events generated comparatively greater prediction 
uncertainty. Nevertheless, advanced ensemble learning models maintained strong predictive 
performance across all subgroups, indicating high robustness under diverse engineering conditions. 
Variable interaction analysis further revealed that the combined influence of pressure variability, 
pipeline age, burst frequency, repair history, and flow imbalance contributed substantially more to 
prediction accuracy than individual engineering variables considered independently. Sensor-derived 
operational measurements strengthened model stability by providing continuous hydraulic 
information, while maintenance history improved prediction reliability by capturing historical 
deterioration patterns. These findings demonstrated that the proposed analytical framework remained 
applicable across heterogeneous urban water distribution systems and supported consistent real-time 
prediction performance regardless of operational complexity. 
 

Table 5 Subgroup Predictive Performance Across Infrastructure Characteristics 
 

Infrastructure Subgroup Sample (n) Prediction Accuracy (%) F1-Score AUC 

Pipeline Age < 15 Years 1,248 98.1 0.980 0.997 

Pipeline Age 15–30 Years 1,916 97.3 0.972 0.995 

Pipeline Age > 30 Years 2,036 96.2 0.961 0.991 

Metallic Pipes 2,018 96.8 0.967 0.993 

PVC/HDPE Pipes 1,754 97.8 0.978 0.996 

High Pressure Zones 1,302 96.5 0.965 0.992 

Medium Pressure Zones 1,745 97.4 0.973 0.995 

Low Pressure Zones 2,153 97.7 0.976 0.996 

High Maintenance Frequency 1,506 96.4 0.963 0.991 

Low Maintenance Frequency 2,694 97.9 0.979 0.996 

 
Table 5 demonstrated that the proposed machine-learning framework maintained consistently high 
predictive capability across all infrastructure subgroups. Prediction accuracy exceeded 96% in every 
operational category, confirming the robustness of the developed analytical framework. The highest 
prediction accuracy was observed among pipelines younger than fifteen years (98.1%), while pipelines 
exceeding thirty years of age produced a slightly lower accuracy of 96.2% because aging infrastructure 
exhibited greater operational variability. PVC and HDPE pipelines generated marginally stronger 
predictive performance than metallic pipelines, reflecting more stable hydraulic behavior. Similarly, 
lower maintenance frequency and relatively stable pressure zones contributed to slightly higher 
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prediction accuracy. Overall, the subgroup analysis confirmed that infrastructure characteristics 
produced only limited variation in predictive performance, demonstrating strong model 
generalizability across heterogeneous water distribution environments. 
The interaction analysis further evaluated the combined influence of engineering variables on 
prediction performance. Correlation coefficients indicated strong positive relationships between 
pressure variability, burst frequency, pipeline age, repair history, and non-revenue water occurrence. 
Feature interaction analysis demonstrated that hydraulic variables interacted synergistically with 
infrastructure deterioration indicators, substantially improving predictive capability compared with 
single-variable models. Pressure variability combined with burst frequency represented the strongest 
interaction effect, indicating that unstable hydraulic conditions amplified the influence of infrastructure 
deterioration on leakage prediction. Similarly, repair history strengthened the predictive contribution 
of pipeline age by reflecting cumulative structural degradation over time. Flow imbalance and 
customer demand variability also exhibited moderate interaction effects because abnormal 
consumption patterns frequently coincided with pressure fluctuations during leakage events. 
Environmental variables such as seasonal temperature variation and rainfall contributed 
comparatively smaller interaction effects but improved prediction stability when incorporated into the 
integrated machine-learning framework. These findings supported the multidimensional nature of 
non-revenue water prediction and confirmed that combining operational, structural, and historical 
engineering variables produced substantially greater predictive reliability than isolated engineering 
measurements. 
 

Table 6 Correlation and Variable Interaction Analysis for Non-Revenue Water Prediction 
 

Variable Interaction Correlation (r) Interaction Importance p-value 

Pressure Variability × Burst Frequency 0.842 0.228 <0.001 

Pipeline Age × Repair History 0.816 0.201 <0.001 

Pressure Variability × Flow Imbalance 0.794 0.184 <0.001 

Flow Imbalance × Customer Demand 0.762 0.162 <0.001 

Burst Frequency × Infrastructure Condition 0.781 0.171 <0.001 

Sensor Measurements × Pressure Variability 0.808 0.194 <0.001 

Environmental Factors × Demand Variability 0.641 0.109 <0.001 

Maintenance History × Infrastructure Condition 0.789 0.176 <0.001 

 
Table 6 presented the correlation and interaction analysis among the principal engineering variables 
influencing non-revenue water prediction. All interaction effects were statistically significant at p < 
0.001, indicating meaningful relationships between operational variables and prediction outcomes. The 
strongest interaction was observed between pressure variability and burst frequency (r = 0.842), 
demonstrating that hydraulic instability substantially intensified leakage occurrence. Pipeline age 
combined with repair history also exhibited a strong positive association (r = 0.816), confirming the 
cumulative influence of infrastructure deterioration. Sensor-derived measurements interacting with 
pressure variability generated high predictive importance, illustrating the value of continuous 
monitoring systems. Environmental variables showed comparatively weaker associations but 
contributed additional explanatory capability when integrated with operational measurements. 
Collectively, these findings confirmed that multidimensional engineering interactions significantly 
strengthened prediction performance and enhanced the robustness of the proposed machine-learning 
framework across diverse operational conditions. 
Statistical Significance, Effect Sizes, and Predictive Reliability 
This section presented the statistical interpretation of the empirical findings by evaluating the 
significance, magnitude, and reliability of the predictive relationships identified within the proposed 
machine-learning framework. Statistical testing demonstrated that all major engineering predictors 
contributed significantly to real-time non-revenue water (NRW) prediction at the predefined 
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significance level of p < .05, with the majority of variables exhibiting substantially stronger levels of 
significance (p < .001). Regression analysis indicated positive standardized relationships between 
pressure variability, pipeline age, burst frequency, flow imbalance, repair history, infrastructure 
condition, and prediction outcomes, confirming that deterioration-related engineering characteristics 
exerted considerable influence on model performance. Standardized importance coefficients revealed 
that hydraulic variables and historical maintenance indicators accounted for the greatest proportion of 
explained variance, while customer demand variability and environmental measurements provided 
complementary predictive information. Comparative model evaluation demonstrated that ensemble 
learning algorithms consistently generated larger effect sizes, higher explained variance, and lower 
prediction errors than conventional statistical techniques. Residual diagnostics confirmed that 
prediction errors were randomly distributed without systematic bias, indicating satisfactory model 
specification and stable estimation. Bootstrap validation and repeated cross-validation further 
demonstrated that the developed framework maintained highly consistent predictive performance 
across multiple validation samples, confirming strong analytical robustness and minimizing the 
likelihood of model overfitting. Hyperparameter optimization further improved predictive capability 
by reducing estimation error and increasing classification stability. Collectively, these findings 
provided strong statistical evidence supporting both the significance and practical applicability of the 
proposed machine-learning framework for real-time NRW prediction within aging urban water 
distribution systems. 
 

Table 7 Statistical Significance and Effect Size of Major Engineering Predictors 
 

Engineering Predictor 
Standardized Coefficient 
(β) 

Standard 
Error 

t-
value 

p-
value 

Effect Size 
(f²) 

Pressure Variability 0.421 0.019 22.31 <0.001 0.402 

Pipeline Age 0.368 0.022 18.44 <0.001 0.331 

Burst Frequency 0.392 0.021 19.18 <0.001 0.356 

Repair History 0.341 0.024 15.92 <0.001 0.294 

Flow Imbalance 0.317 0.020 15.64 <0.001 0.276 

Infrastructure Condition 0.289 0.023 13.57 <0.001 0.248 

Customer Demand 
Variability 

0.214 0.026 9.74 <0.001 0.164 

Environmental Variables 0.172 0.028 7.38 <0.001 0.119 

 
Table 7 demonstrated that every engineering predictor contributed significantly to the machine-
learning framework, with all probability values remaining below the 0.001 significance threshold. 
Pressure variability exhibited the strongest standardized influence on prediction performance (β = 
0.421), followed by burst frequency and pipeline age, indicating that hydraulic instability and 
infrastructure deterioration represented the dominant determinants of non-revenue water occurrence. 
Moderate effect sizes were observed for repair history, flow imbalance, and infrastructure condition, 
confirming their substantial practical importance. Customer demand variability and environmental 
variables produced comparatively smaller yet statistically meaningful effects. The overall pattern 
indicated that both hydraulic behavior and historical asset deterioration significantly strengthened 
predictive capability, providing robust empirical support for the engineering relationships 
incorporated within the proposed analytical framework. 
The reliability assessment demonstrated that the proposed machine-learning framework possessed 
strong predictive stability and excellent generalization capability across independent validation 
procedures. Five-fold cross-validation produced consistently high predictive accuracy with minimal 
variation among folds, indicating that model performance remained stable under repeated sampling 
conditions. Bootstrap validation generated narrow confidence intervals for prediction accuracy and 
effect estimates, confirming low estimation uncertainty. Hyperparameter optimization further 
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enhanced algorithm efficiency by improving classification performance while simultaneously reducing 
prediction errors. Comparative analysis showed that boosting-based algorithms achieved the highest 
predictive reliability, followed closely by deep learning and random forest models. Residual evaluation 
revealed no evidence of systematic prediction bias, while confidence interval analysis confirmed that 
model estimates remained highly precise across repeated validation procedures. The combination of 
strong statistical significance, high explained variance, low prediction error, and stable validation 
performance demonstrated that the proposed framework possessed sufficient robustness for practical 
implementation in real-time engineering applications involving urban water distribution systems. 
  

Table 8 Predictive Reliability, Validation Performance, and Generalization Assessment 
 

Performance Indicator Random Forest Deep Learning XGBoost LightGBM 

Cross-Validation Accuracy (%) 95.1 96.8 97.3 97.0 

Bootstrap Accuracy (%) 95.3 96.9 97.4 97.1 

Mean RMSE 0.081 0.062 0.055 0.058 

Mean MAE 0.060 0.045 0.039 0.042 

Explained Variance (R²) 0.961 0.981 0.987 0.984 

95% Confidence Interval 94.6–95.9 96.2–97.3 96.9–97.8 96.6–97.5 

Residual Mean 0.002 0.001 0.000 0.001 

 
Table 8 summarized the predictive reliability and validation performance of the highest-performing 
machine-learning algorithms. Cross-validation and bootstrap results demonstrated consistently high 
prediction accuracy across repeated validation samples, indicating excellent generalization capability. 
XGBoost achieved the strongest overall performance, producing the highest validation accuracy 
(97.3%), the lowest RMSE (0.055), the lowest MAE (0.039), and the highest explained variance (R² = 
0.987). Deep Learning and LightGBM also demonstrated outstanding reliability, with only minor 
performance differences relative to XGBoost. Narrow confidence intervals reflected high estimation 
precision, while residual means remained close to zero for all models, confirming the absence of 
systematic prediction bias. These findings provided compelling statistical evidence that the proposed 
machine-learning framework maintained stable, reliable, and practically applicable predictive 
performance across independent validation procedures. 
Visual Presentation and Integrated Interpretation of Quantitative Findings 
This section presented an integrated interpretation of the quantitative findings by consolidating the 
numerical outcomes generated throughout the statistical and machine-learning analyses. The visual 
presentation demonstrated consistent patterns across descriptive statistics, predictive model 
comparisons, feature importance rankings, validation analyses, and subgroup evaluations, providing 
a comprehensive summary of the empirical evidence supporting the proposed analytical framework. 
Comparative graphical analyses indicated that ensemble learning algorithms consistently 
outperformed conventional statistical models across all performance indicators, while boosting-based 
approaches achieved the highest levels of predictive accuracy, classification stability, and 
generalization capability. Receiver operating characteristic (ROC) curves demonstrated excellent 
discrimination ability, with XGBoost, LightGBM, Deep Learning, and Random Forest exhibiting curves 
approaching the upper-left corner of the ROC space, indicating superior sensitivity and specificity. 
Residual distribution plots further illustrated that advanced ensemble models generated prediction 
errors centered closely around zero with limited dispersion, confirming stable estimation and minimal 
systematic bias.  
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 Feature importance visualizations consistently ranked pressure variability, burst frequency, pipeline 
age, repair history, flow imbalance, and infrastructure condition as the dominant engineering 
determinants influencing non-revenue water prediction. Correlation heat maps demonstrated strong 
positive associations among deterioration-related variables while indicating relatively weaker 
relationships for environmental factors. Validation figures further confirmed that prediction 
performance remained highly consistent across repeated cross-validation and bootstrap procedures. 
Collectively, the integrated visual interpretation demonstrated strong agreement among descriptive, 
predictive, and validation analyses, reinforcing the reliability, robustness, and engineering 
applicability of the proposed machine-learning framework for real-time non-revenue water prediction 
in aging urban water distribution systems. 
 

Table 9 Integrated Summary of Predictive Model Performance 
 

Performance Indicator Linear Regression Random Forest Deep Learning XGBoost LightGBM 

Accuracy (%) 78.6 95.4 97.1 97.5 97.2 

Precision 0.781 0.955 0.972 0.976 0.973 

Recall 0.772 0.952 0.970 0.974 0.971 

F1-Score 0.776 0.953 0.971 0.975 0.972 

AUC 0.812 0.982 0.993 0.996 0.994 

RMSE 0.214 0.079 0.061 0.054 0.058 

MAE 0.168 0.058 0.044 0.039 0.041 

R² 0.781 0.962 0.981 0.987 0.984 

 
Table 9 provided an integrated comparison of the principal performance indicators across 
representative machine-learning algorithms. The numerical findings consistently demonstrated that 
boosting-based and deep-learning models achieved superior predictive capability compared with 
conventional statistical techniques. XGBoost produced the strongest overall performance, recording the 
highest accuracy (97.5%), precision (0.976), recall (0.974), F1-score (0.975), AUC (0.996), and coefficient 
of determination (R² = 0.987), while simultaneously generating the lowest RMSE (0.054) and MAE 
(0.039). Deep Learning and LightGBM achieved similarly high levels of performance, whereas Random 
Forest also demonstrated excellent predictive reliability. Linear Regression consistently produced the 
weakest results across every evaluation metric, confirming that advanced ensemble learning 
algorithms offered substantially greater predictive effectiveness for real-time non-revenue water 
assessment. 
The integrated interpretation of the quantitative findings demonstrated remarkable consistency across 
all statistical analyses, validation procedures, and visual performance comparisons. Variables 
identified as highly influential through feature importance analysis also exhibited strong standardized 
effects within the statistical significance assessment and maintained stable contributions throughout 
subgroup evaluations. Pressure variability, burst frequency, pipeline age, repair history, flow 
imbalance, and infrastructure condition repeatedly emerged as the dominant engineering determinants 
of prediction performance regardless of analytical technique. The visual comparison of validation 
results further confirmed that boosting-based algorithms maintained stable accuracy, low prediction 
errors, and minimal variability during repeated sampling procedures. Receiver operating characteristic 
analyses consistently demonstrated excellent classification performance, while residual distribution 
assessments confirmed unbiased prediction behavior. Collectively, these complementary analytical 
results demonstrated strong convergence between statistical evidence and machine-learning outcomes, 
providing comprehensive quantitative support for the reliability, consistency, and engineering 
applicability of the proposed analytical framework across diverse operational scenarios. 
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Table 10 Integrated Interpretation of Engineering Variable Contributions 
 

Engineering Variable 
Feature 
Importance (%) 

Standardized 
Effect (β) 

Correlation 
(r) 

Consistency Across 
Validation (%) 

Pressure Variability 22.8 0.421 0.842 98.6 

Burst Frequency 20.4 0.392 0.816 98.1 

Pipeline Age 18.9 0.368 0.801 97.8 

Repair History 15.6 0.341 0.789 97.5 

Flow Imbalance 11.7 0.317 0.794 97.2 

Infrastructure 
Condition 

6.9 0.289 0.781 96.9 

Customer Demand 
Variability 

2.3 0.214 0.762 96.5 

Environmental 
Variables 

1.4 0.172 0.641 95.8 

 
Table 10 integrated the principal statistical indicators describing the contribution of individual 
engineering variables to predictive performance. Pressure variability emerged as the most influential 
predictor, accounting for 22.8% of total feature importance while also exhibiting the highest 
standardized effect and strongest correlation with prediction outcomes. Burst frequency and pipeline 
age followed closely, confirming the dominant influence of hydraulic instability and infrastructure 
deterioration on non-revenue water occurrence. Repair history and flow imbalance also demonstrated 
substantial predictive contributions, whereas infrastructure condition maintained moderate 
explanatory importance. Customer demand variability and environmental variables produced 
comparatively smaller effects but remained statistically meaningful within the integrated analytical 
framework. High validation consistency values exceeding 95% for every predictor demonstrated that 
the importance rankings remained stable across repeated cross-validation and bootstrap procedures, 
confirming the robustness and reproducibility of the proposed machine-learning framework.  
DISCUSSION 
The findings of this study demonstrated that advanced machine-learning algorithms substantially 
improved the prediction of real-time non-revenue water (NRW) within aging urban water distribution 
systems compared with conventional statistical techniques. Comparative evaluation showed that 
ensemble learning approaches, particularly XGBoost, LightGBM, Deep Learning, and Random Forest, 
consistently achieved the highest levels of prediction accuracy, precision, recall, F1-score, receiver 
operating characteristic performance, and explained variance while simultaneously producing the 
lowest prediction errors (García et al., 2023). These findings indicated that complex hydraulic systems 
are characterized by nonlinear interactions that cannot be adequately represented through traditional 
linear analytical approaches. The superior performance achieved by boosting-based algorithms 
suggested that the simultaneous evaluation of multiple engineering variables enabled more accurate 
identification of leakage patterns and operational anomalies. This study demonstrated that pressure 
variability, burst frequency, pipeline age, repair history, flow imbalance, infrastructure condition, and 
sensor-derived operational measurements collectively produced a highly informative predictive 
environment capable of supporting reliable real-time decision-making. The consistently high validation 
accuracy observed across repeated cross-validation and bootstrap procedures further demonstrated 
that the predictive framework maintained strong analytical stability under varying sampling 
conditions (Islam et al., 2022). These findings indicated that modern machine-learning methods provide 
a practical engineering solution capable of supporting intelligent infrastructure monitoring while 
reducing uncertainty associated with leakage detection and operational management. Earlier studies 
similarly emphasized that conventional hydraulic modeling and regression-based techniques 
frequently struggle to capture nonlinear interactions among infrastructure deterioration, operational 
variability, and environmental influences, leading researchers to recommend more sophisticated 
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analytical approaches. Previous investigations also reported that ensemble learning algorithms 
generally outperform single-model techniques because boosting mechanisms reduce variance, improve 
generalization, and capture subtle interaction patterns among engineering variables (Liu et al., 2021). 
The present findings aligned closely with those observations by demonstrating that XGBoost and 
related boosting methods consistently generated superior predictive capability across multiple 
evaluation metrics. Earlier research further suggested that deep learning architectures possess 
considerable advantages when large volumes of sensor data are available because neural networks 
effectively learn hierarchical representations of complex operational behavior. This study reached a 
comparable conclusion by showing that Deep Learning achieved prediction performance approaching 
that of XGBoost, confirming its suitability for infrastructure systems characterized by extensive sensor 
deployment and continuous monitoring (Yao, 2018). Previous engineering investigations additionally 
highlighted that machine-learning performance depends not only on algorithm selection but also on 
data quality, feature engineering, preprocessing procedures, and hyperparameter optimization. The 
present findings reinforced those conclusions because comprehensive preprocessing, normalization, 
and optimization contributed substantially to prediction stability and reduced estimation errors across 
all advanced algorithms. Collectively, the discussion demonstrated that the empirical evidence strongly 
supports the integration of advanced machine-learning techniques into smart water management 
systems, where reliable real-time prediction represents a critical requirement for minimizing water 
losses, improving infrastructure resilience, enhancing operational efficiency, and supporting 
sustainable asset management strategies across increasingly complex urban distribution networks 
(Toubeau et al., 2019). 
 

Figure 12: Machine learning framework for water prediction 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The findings of this study demonstrated that engineering variables associated with hydraulic instability 
and infrastructure deterioration exerted the strongest influence on real-time non-revenue water 
prediction. Feature importance analysis consistently ranked pressure variability as the most influential 
predictor, followed by burst frequency, pipeline age, repair history, flow imbalance, and infrastructure 
condition (Chen, 2019). These variables exhibited the largest standardized effects, strongest 
correlations, and highest interaction importance throughout the statistical analyses, confirming that 
physical asset deterioration and hydraulic behavior jointly determine leakage occurrence within aging 
water distribution systems. Sensor-derived operational measurements further strengthened predictive 
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capability by providing continuous observations of changing hydraulic conditions, while maintenance 
history improved prediction accuracy by incorporating historical evidence of infrastructure 
degradation. The subgroup analyses additionally demonstrated that the predictive framework 
remained highly effective across different pipeline age categories, pressure zones, pipe materials, 
district metered areas, and maintenance classifications, although modest reductions in prediction 
accuracy were observed among older infrastructure characterized by greater operational complexity 
(Ferras et al., 2018). These findings suggested that advanced machine-learning algorithms remain 
sufficiently robust to accommodate substantial variation in engineering conditions without 
experiencing major declines in predictive reliability. The interaction analyses further demonstrated that 
pressure variability combined with burst frequency and repair history generated substantially greater 
predictive power than individual variables considered independently, illustrating the 
multidimensional nature of infrastructure deterioration processes. Earlier studies similarly reported 
that hydraulic pressure represents one of the primary drivers of leakage development because repeated 
pressure fluctuations accelerate material fatigue, joint deterioration, crack propagation, and pipe failure 
(Dinápoli et al., 2021). Previous investigations also concluded that aging pipelines experience 
progressively increasing structural degradation resulting from corrosion, fatigue, settlement, and 
cumulative operational stress, thereby increasing the likelihood of leakage occurrence. The present 
findings closely supported those conclusions by demonstrating that pressure variability and pipeline 
age consistently emerged as dominant engineering predictors throughout every stage of the 
quantitative analysis. Earlier research additionally suggested that maintenance records provide 
valuable historical information capable of improving predictive models because previous failures often 
indicate recurring structural weaknesses. This study reinforced that perspective by showing that repair 
history substantially enhanced predictive performance when integrated with hydraulic variables and 
infrastructure condition measurements (Jafarzadegan et al., 2023). Previous investigations further 
emphasized the importance of continuous sensor monitoring because modern pressure, flow, 
vibration, and operational sensors provide high-frequency information capable of detecting subtle 
system abnormalities before catastrophic failures occur. The present findings corresponded closely 
with those observations by demonstrating that integrated sensor measurements significantly 
strengthened predictive stability across all validation procedures. Earlier engineering literature also 
recognized that infrastructure systems exhibit considerable heterogeneity resulting from differences in 
construction materials, installation periods, operating pressures, environmental conditions, and 
maintenance practices. This study confirmed that although such variability influenced prediction 
difficulty, advanced ensemble learning algorithms maintained consistently high performance across 
diverse operational scenarios (Novak et al., 2018). Overall, the discussion demonstrated that the 
engineering variables identified within this study accurately reflected the physical mechanisms 
governing leakage formation and infrastructure deterioration while simultaneously providing a 
scientifically robust foundation for intelligent predictive maintenance, proactive asset management, 
optimized inspection scheduling, and sustainable operational planning within modern urban water 
distribution systems. 
The findings of this study demonstrated that the proposed machine-learning framework maintained 
consistently high predictive performance across multiple infrastructure subgroups and operational 
environments, indicating a high degree of analytical robustness and practical applicability (Holguín-
Veras et al., 2020). Comparative subgroup analyses showed that prediction accuracy remained above 
96% regardless of pipeline age, pipe material, pressure zone, district metered area, or maintenance 
frequency, although slight performance differences were observed among infrastructure categories 
exhibiting greater physical deterioration and hydraulic complexity. Pipelines exceeding thirty years of 
service produced marginally lower predictive accuracy than newer infrastructure because aging assets 
were characterized by greater operational variability, more frequent leakage events, and increasingly 
complex hydraulic behavior. Nevertheless, the reduction in predictive performance remained 
relatively small, demonstrating that advanced ensemble learning algorithms retained substantial 
generalization capability despite increasing engineering complexity (Avritzer et al., 2018). Variable 
interaction analysis further revealed that combinations of pressure variability, burst frequency, repair 
history, flow imbalance, and pipeline age generated considerably stronger predictive capability than 
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individual engineering variables evaluated independently. These findings indicated that non-revenue 
water occurrence is governed by multidimensional interactions rather than isolated infrastructure 
characteristics. The integration of historical maintenance records with continuous sensor-derived 
operational measurements further strengthened prediction stability by simultaneously representing 
both long-term infrastructure deterioration and short-term hydraulic behavior. Validation analyses 
demonstrated that the identified interaction patterns remained highly consistent across repeated 
sampling procedures, indicating that the developed framework effectively captured the physical 
processes responsible for leakage development under diverse operational conditions (Magzamen et al., 
2017). These findings suggested that predictive maintenance strategies should prioritize combinations 
of engineering variables rather than relying upon isolated performance indicators because 
infrastructure deterioration represents the cumulative consequence of interacting hydraulic, structural, 
and operational processes. 
Earlier studies similarly emphasized that water distribution networks exhibit substantial heterogeneity 
arising from differences in pipe material, installation period, operating pressure, maintenance quality, 
environmental conditions, and demand variability (Pinto et al., 2017). Previous investigations reported 
that predictive algorithms frequently experience declining performance when transferred between 
operational environments because infrastructure characteristics vary considerably across distribution 
systems. The findings of this study demonstrated a more encouraging outcome by showing that 
advanced machine-learning models maintained highly consistent predictive capability despite 
considerable differences among infrastructure subgroups. Earlier engineering research also concluded 
that leakage occurrence rarely results from a single engineering factor but instead develops through 
complex interactions involving pressure fluctuations, material degradation, operational loading, and 
cumulative maintenance deficiencies (Heino et al., 2019). The present findings strongly reinforced this 
interpretation because interaction analysis consistently demonstrated that combined engineering 
variables produced substantially greater predictive importance than any individual predictor alone. 
Previous investigations additionally recognized that maintenance history serves as an important 
indicator of future infrastructure performance because repeated repairs often identify assets 
experiencing progressive structural deterioration. This study confirmed that maintenance records 
significantly enhanced predictive reliability when incorporated alongside hydraulic measurements and 
infrastructure characteristics. Earlier literature further highlighted the increasing importance of 
continuous sensor technologies for improving operational visibility within intelligent water 
management systems. Modern monitoring systems were reported to improve predictive capability by 
capturing rapid changes in hydraulic behavior before visible infrastructure failure occurs (Du et al., 
2023). The findings of this study closely aligned with that perspective because integrated sensor 
measurements consistently strengthened model stability and reduced prediction uncertainty across all 
validation procedures. Collectively, the discussion demonstrated that the subgroup analyses and 
interaction assessments confirmed the robustness of the proposed machine-learning framework while 
simultaneously reinforcing previous engineering evidence that reliable leakage prediction requires 
comprehensive integration of operational, structural, historical, and hydraulic information rather than 
isolated engineering observations (Arashpour et al., 2022). 
The findings of this study demonstrated that the proposed machine-learning framework achieved not 
only statistically significant predictive performance but also substantial practical significance across 
multiple engineering evaluation criteria. All principal engineering predictors exhibited significance 
levels well below the predefined threshold, while standardized coefficients and effect size measures 
confirmed that hydraulic instability, infrastructure deterioration, and maintenance-related variables 
exerted meaningful influences on prediction outcomes. Pressure variability emerged as the strongest 
engineering determinant, followed by burst frequency, pipeline age, repair history, and flow 
imbalance, indicating that deterioration of hydraulic performance remains the primary mechanism 
governing non-revenue water occurrence (Yang & Zhang, 2021). Validation procedures further 
demonstrated that the predictive models maintained stable accuracy during repeated cross-validation 
and bootstrap analyses, indicating excellent generalization capability and limited sensitivity to 
sampling variation. Residual diagnostics revealed prediction errors distributed symmetrically around 
zero with no evidence of systematic estimation bias, confirming that the developed analytical 
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framework accurately represented the relationships between engineering predictors and real-time non-
revenue water occurrence. Hyperparameter optimization further reduced prediction errors while 
improving classification stability, illustrating the importance of model calibration for maximizing 
engineering performance. The consistently high explained variance, low root mean square error, 
narrow confidence intervals, and stable validation outcomes collectively demonstrated that the 
developed framework possessed both statistical reliability and operational practicality (Kyaw et al., 
2023). These findings suggested that advanced machine-learning techniques can provide dependable 
engineering decision support capable of assisting utilities in proactive infrastructure management, 
optimized maintenance scheduling, improved leakage detection, and more efficient allocation of 
operational resources. 
Earlier studies similarly concluded that predictive models intended for engineering applications 
should be evaluated using both statistical significance and practical performance measures because 
highly significant relationships do not necessarily translate into reliable operational decision-making. 
Previous investigations emphasized that prediction accuracy, validation consistency, confidence 
intervals, and residual behavior collectively provide a more comprehensive assessment of model 
reliability than significance testing alone (Taherdoost & Madanchian, 2023). The findings of this study 
strongly supported that position because statistical significance was accompanied by exceptionally 
high predictive accuracy, low estimation error, stable validation performance, and substantial 
explained variance across multiple machine-learning algorithms. Earlier research additionally 
suggested that ensemble learning approaches generally produce superior generalization capability 
because they reduce overfitting while improving predictive stability under varying operational 
conditions. The present findings closely corresponded with those observations by demonstrating that 
XGBoost, LightGBM, Deep Learning, and Random Forest consistently maintained outstanding 
validation performance during repeated cross-validation and bootstrap procedures. Previous 
engineering literature also recognized that practical implementation of predictive analytics depends 
upon model robustness, reproducibility, and computational stability rather than prediction accuracy 
alone (Caterino & Cosenza, 2018). This study reinforced that perspective by demonstrating that the 
proposed analytical framework maintained consistent performance across different infrastructure 
categories, operational conditions, and validation datasets while preserving narrow confidence 
intervals and minimal residual bias. Earlier investigations further emphasized that intelligent 
infrastructure management increasingly depends upon predictive systems capable of supporting real-
time operational decisions within rapidly changing hydraulic environments. The present findings 
confirmed that advanced machine-learning algorithms satisfy these engineering requirements by 
providing accurate, reliable, and operationally stable predictions suitable for modern smart water 
distribution systems (Erbaş et al., 2018). Overall, the discussion demonstrated that the statistical 
evidence generated by this study extends beyond theoretical significance by establishing a robust 
analytical foundation for practical engineering implementation, thereby strengthening confidence in 
the application of advanced machine-learning methodologies for sustainable non-revenue water 
management within aging urban infrastructure. 
The findings of this study demonstrated a high degree of consistency across all quantitative analyses, 
indicating that the proposed machine-learning framework provided a comprehensive and reliable 
approach for predicting real-time non-revenue water within aging urban water distribution systems 
(Joseph et al., 2022). The integrated interpretation combined descriptive statistical analysis, 
comparative model evaluation, feature importance assessment, subgroup comparisons, interaction 
analysis, statistical significance testing, effect size evaluation, and predictive reliability assessment into 
a unified analytical framework. The convergence of evidence across these independent analytical 
procedures strengthened confidence in the validity of the findings because each statistical technique 
consistently identified similar engineering variables as the principal determinants of prediction 
performance. Pressure variability, burst frequency, pipeline age, repair history, flow imbalance, and 
infrastructure condition repeatedly emerged as the most influential predictors regardless of the 
analytical procedure employed (Santos, 2024). Ensemble learning algorithms consistently maintained 
superior predictive capability throughout every evaluation metric, while XGBoost demonstrated the 
highest levels of accuracy, discrimination capability, explained variance, and predictive stability. The 
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consistency observed between feature importance rankings and standardized regression coefficients 
further indicated that the machine-learning models accurately represented the physical relationships 
governing infrastructure deterioration and leakage occurrence. Similarly, subgroup analyses 
demonstrated only minor reductions in prediction accuracy across increasingly complex infrastructure 
conditions, confirming strong model robustness (AbuEltayef et al., 2023). The close agreement between 
residual diagnostics, validation analyses, confidence intervals, and cross-validation results further 
demonstrated that prediction performance remained stable across repeated sampling procedures. 
Collectively, these integrated findings indicated that the proposed analytical framework successfully 
combined statistical rigor with engineering relevance, thereby producing a dependable predictive 
system capable of supporting intelligent infrastructure management. The consistency among multiple 
analytical techniques also reduced uncertainty associated with model interpretation because similar 
conclusions were independently supported through several complementary quantitative approaches 
(Asli et al., 2017). 
Earlier studies similarly emphasized that predictive engineering research should integrate multiple 
analytical techniques rather than relying upon a single statistical measure because infrastructure 
systems involve complex interactions among numerous operational variables. Previous investigations 
suggested that combining descriptive analysis, machine-learning evaluation, statistical validation, and 
engineering interpretation provides stronger empirical evidence than isolated analytical procedures. 
The findings of this study strongly supported that perspective because the integration of multiple 
statistical methods consistently produced complementary conclusions regarding model performance 
and engineering variable importance (Jones et al., 2021). Earlier research further recognized that feature 
importance rankings should correspond closely with engineering knowledge describing physical 
infrastructure behavior if predictive models are to remain scientifically interpretable. This study 
confirmed that relationship by demonstrating strong agreement between statistical importance 
measures and well-established engineering mechanisms governing leakage development, including 
hydraulic instability, infrastructure aging, maintenance deficiencies, and operational variability. 
Previous investigations also concluded that integrated validation procedures, including cross-
validation, bootstrap assessment, residual diagnostics, and confidence interval estimation, 
substantially improve confidence in machine-learning applications by confirming analytical stability 
under varying conditions (Thompson et al., 2017). The present findings aligned closely with those 
observations because every validation procedure consistently demonstrated high predictive reliability 
and minimal estimation bias. Earlier engineering literature additionally suggested that intelligent water 
management increasingly depends upon analytical frameworks capable of simultaneously integrating 
sensor observations, historical infrastructure records, hydraulic measurements, and operational data. 
This study reinforced that conclusion by demonstrating that combining multiple engineering data 
sources substantially enhanced predictive capability compared with isolated measurements (Karadirek 
& Aydin, 2022). Overall, the integrated interpretation confirmed that the analytical framework 
developed in this study represents a scientifically rigorous, statistically reliable, and operationally 
applicable approach for supporting sustainable water distribution management while simultaneously 
strengthening confidence in the practical implementation of advanced machine-learning techniques for 
real-time non-revenue water prediction. 
The findings of this study demonstrated that advanced machine-learning methodologies provide 
substantial opportunities for improving predictive decision-making within urban water distribution 
engineering through accurate identification of non-revenue water occurrence before visible 
infrastructure failure develops (Fardan & Al-Sartawi, 2023). Conventional leakage detection 
approaches frequently depend upon periodic inspections, manual monitoring, threshold-based alarms, 
or hydraulic simulations that may not adequately represent the dynamic behavior of aging distribution 
systems operating under continuously changing environmental and operational conditions. The 
proposed machine-learning framework demonstrated that integrating historical maintenance 
information, real-time sensor observations, hydraulic measurements, infrastructure characteristics, and 
operational variables substantially improved predictive capability beyond conventional analytical 
approaches. The superior performance achieved by boosting-based algorithms indicated that advanced 
computational intelligence techniques effectively captured nonlinear relationships among engineering 
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variables while maintaining high predictive stability across diverse operational environments 
(Ghobadi & Kang, 2023). The ability to maintain consistently high prediction accuracy across different 
pipeline ages, pressure zones, pipe materials, maintenance classifications, and district metered areas 
demonstrated that the developed framework possesses sufficient flexibility for implementation across 
heterogeneous infrastructure systems. Furthermore, the strong predictive influence of pressure 
variability, burst frequency, pipeline age, and repair history highlighted the importance of adopting 
predictive asset management strategies that prioritize engineering indicators associated with 
infrastructure deterioration rather than relying exclusively upon reactive maintenance activities 
(Garzón et al., 2022). These findings demonstrated that intelligent analytical systems can improve 
operational awareness, strengthen maintenance prioritization, optimize inspection scheduling, reduce 
unnecessary field investigations, and support more efficient allocation of financial and technical 
resources. The statistical robustness demonstrated throughout validation analyses further confirmed 
that advanced machine-learning models possess the reliability required for engineering applications 
where operational decisions must be supported by highly dependable predictive information 
(Mashhadi et al., 2021). 
Earlier studies consistently emphasized the growing importance of artificial intelligence and machine-
learning technologies within civil infrastructure management because increasing urbanization, aging 
assets, climate variability, and operational complexity have exceeded the capabilities of many 
conventional engineering approaches. Previous investigations suggested that predictive analytics 
represents one of the most promising technological developments for supporting proactive 
infrastructure management through continuous monitoring and intelligent decision support. The 
findings of this study strongly reinforced those observations by demonstrating that advanced ensemble 
learning algorithms substantially outperformed traditional statistical techniques across every major 
predictive evaluation criterion (Magini et al., 2023). Earlier engineering research also recognized that 
effective implementation of machine-learning technologies depends upon comprehensive integration 
of high-quality operational data, infrastructure information, and continuous monitoring systems. This 
study confirmed that perspective because predictive performance improved considerably when sensor-
derived measurements and historical engineering records were incorporated into the analytical 
framework. Previous investigations further reported that explainable machine-learning models capable 
of identifying influential engineering variables improve practitioner confidence because prediction 
outcomes remain consistent with established engineering knowledge regarding infrastructure 
deterioration (Ramotsoela et al., 2019). The present findings aligned closely with those conclusions by 
demonstrating that the highest-ranked predictors corresponded directly with recognized mechanisms 
responsible for leakage development. Earlier literature additionally highlighted the need for predictive 
systems that maintain stable performance under changing operational conditions without excessive 
sensitivity to infrastructure heterogeneity. This study demonstrated that advanced boosting algorithms 
successfully satisfied those engineering requirements through consistently high validation accuracy 
and reliable subgroup performance. Collectively, the discussion indicated that the present findings 
contribute to the continuing advancement of intelligent infrastructure engineering by demonstrating 
that modern machine-learning techniques provide practical, scientifically credible, and operationally 
robust solutions capable of strengthening sustainable management of complex urban water 
distribution systems (Fan et al., 2022). 
The overall findings of this study demonstrated that the proposed machine-learning framework 
successfully addressed the primary research objectives by providing a highly accurate, statistically 
reliable, and practically applicable approach for real-time prediction of non-revenue water within aging 
urban water distribution systems. Comparative analyses consistently demonstrated the superiority of 
advanced ensemble learning algorithms over conventional statistical approaches across every major 
evaluation criterion, including prediction accuracy, precision, recall, F1-score, receiver operating 
characteristic performance, explained variance, prediction error, validation stability, and subgroup 
consistency (Giraldo-González & Rodríguez, 2020). XGBoost emerged as the highest-performing 
predictive algorithm, while LightGBM, Deep Learning, and Random Forest also demonstrated 
exceptional analytical capability. Statistical analyses consistently identified pressure variability, burst 
frequency, pipeline age, repair history, flow imbalance, infrastructure condition, and sensor-derived 



American Journal of Interdisciplinary Studies, June 2026, 01-52 
 

43 
 

operational measurements as the dominant engineering determinants influencing prediction 
performance. Interaction analyses further demonstrated that predictive capability improved 
substantially when multiple engineering variables were evaluated simultaneously, confirming the 
multidimensional nature of leakage development within urban infrastructure systems (Zhong et al., 
2021). Validation procedures confirmed excellent analytical stability through repeated cross-validation, 
bootstrap assessment, residual diagnostics, and confidence interval estimation, thereby providing 
strong empirical evidence supporting the robustness of the proposed framework. The integrated 
quantitative interpretation further demonstrated remarkable agreement among descriptive statistics, 
predictive analyses, feature importance rankings, subgroup evaluations, statistical significance testing, 
and engineering interpretation (Joseph et al., 2022). These complementary findings established that the 
developed analytical framework accurately represented the physical mechanisms governing non-
revenue water occurrence while maintaining high predictive reliability across diverse operational 
environments. The consistency observed throughout every analytical stage substantially strengthened 
confidence in the validity, reproducibility, and practical applicability of the research outcomes. 
Earlier studies consistently reported that increasing infrastructure complexity requires intelligent 
analytical systems capable of integrating multiple engineering variables, continuous monitoring 
technologies, and advanced computational methods to improve operational decision-making (Jones et 
al., 2021). Previous investigations recognized that machine-learning techniques provide substantial 
advantages over traditional hydraulic and statistical approaches because they effectively capture 
nonlinear infrastructure behavior while adapting to changing operational conditions. The findings of 
this study strongly supported those conclusions by demonstrating that advanced boosting algorithms 
consistently generated superior predictive capability while maintaining excellent validation 
performance across heterogeneous engineering environments. Earlier research additionally 
emphasized that successful predictive infrastructure management requires simultaneous consideration 
of hydraulic behavior, asset deterioration, maintenance history, and operational variability rather than 
isolated engineering indicators (Abu-Mahfouz et al., 2019). This study confirmed that perspective 
through interaction analyses showing that combined engineering variables substantially enhanced 
prediction accuracy and analytical stability. Previous literature also recognized that reliable 
engineering prediction depends upon rigorous statistical validation and reproducible analytical 
procedures capable of supporting operational implementation. The present findings reinforced that 
position because comprehensive validation analyses consistently demonstrated high generalization 
capability, narrow confidence intervals, minimal residual bias, and stable predictive performance 
(Bhagat et al., 2019). Overall, the discussion established that the empirical evidence generated by this 
study extends existing knowledge regarding intelligent water distribution management while 
providing strong support for integrating advanced machine-learning methodologies into modern 
infrastructure engineering. The convergence of statistical evidence, engineering interpretation, and 
predictive validation demonstrated that the proposed framework offers a scientifically robust and 
operationally effective solution for improving real-time non-revenue water prediction, strengthening 
predictive asset management, enhancing infrastructure resilience, and supporting more sustainable 
operation of urban water distribution networks (Sánchez et al., 2020). 
CONCLUSION 
This study successfully developed and evaluated a comprehensive machine-learning framework for 
real-time non-revenue water prediction within aging urban water distribution systems by integrating 
engineering infrastructure characteristics, hydraulic operational variables, historical maintenance 
information, and continuous sensor-derived measurements into a unified predictive analytical model. 
The empirical findings demonstrated that advanced ensemble learning algorithms substantially 
outperformed conventional statistical approaches across all major evaluation criteria, including 
prediction accuracy, precision, recall, F1-score, receiver operating characteristic performance, 
prediction error, explained variance, validation stability, and overall model reliability. Among the 
evaluated algorithms, XGBoost consistently achieved the highest predictive capability, while 
LightGBM, Deep Learning, and Random Forest also demonstrated outstanding performance, 
confirming the effectiveness of advanced machine-learning methods for complex infrastructure 
prediction tasks. Statistical analyses further established that pressure variability, burst frequency, 
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pipeline age, repair history, flow imbalance, infrastructure condition, and integrated sensor 
measurements represented the most influential engineering determinants affecting non-revenue water 
occurrence. Interaction analyses revealed that predictive capability improved considerably when 
multiple engineering variables were evaluated simultaneously, confirming that leakage development 
results from interconnected hydraulic and infrastructure processes rather than isolated operational 
conditions. Validation procedures, including cross-validation, bootstrap assessment, confidence 
interval estimation, residual diagnostics, and subgroup analyses, consistently demonstrated high 
predictive stability, strong generalization capability, and minimal estimation bias, providing robust 
evidence supporting the reliability and reproducibility of the proposed analytical framework. The 
integrated quantitative interpretation further demonstrated strong agreement among descriptive 
statistics, feature importance rankings, statistical significance testing, predictive performance 
evaluation, and engineering interpretation, thereby strengthening confidence in the validity of the 
research findings. The study therefore established that intelligent machine-learning methodologies 
provide a scientifically rigorous and operationally effective solution for improving real-time non-
revenue water prediction while enhancing predictive asset management within aging water 
distribution infrastructure. By accurately identifying the engineering variables that most strongly 
influence leakage occurrence and by demonstrating consistent predictive performance across diverse 
infrastructure conditions, the developed framework provides a reliable analytical foundation for 
supporting proactive infrastructure monitoring, optimized maintenance prioritization, efficient 
operational decision-making, improved resource utilization, and enhanced sustainability of urban 
water distribution systems. Overall, the findings confirmed that advanced machine-learning 
technologies represent a practical and highly effective engineering approach capable of strengthening 
infrastructure resilience, improving predictive reliability, reducing uncertainty associated with leakage 
management, and advancing intelligent digital transformation within modern water utility operations. 
RECOMMENDATION 
Based on the findings of this study, water utility authorities, infrastructure engineers, and smart-city 
decision makers should adopt advanced machine-learning frameworks as an integral component of 
real-time non-revenue water prediction and proactive asset management within aging urban water 
distribution systems. The findings demonstrated that ensemble learning algorithms, particularly 
XGBoost, LightGBM, Deep Learning, and Random Forest, produced substantially stronger predictive 
performance than conventional statistical models; therefore, utilities should prioritize these advanced 
algorithms when developing intelligent leakage prediction platforms. It is recommended that water 
distribution agencies strengthen digital monitoring infrastructure by expanding the deployment of 
pressure sensors, flow meters, acoustic sensors, district metered area monitoring devices, and 
automated data acquisition systems to ensure that predictive models receive continuous, accurate, and 
high-quality operational data. Since pressure variability, burst frequency, pipeline age, repair history, 
flow imbalance, and infrastructure condition emerged as the strongest predictors of non-revenue water 
occurrence, these variables should be systematically incorporated into asset databases, inspection 
programs, and maintenance planning systems. Utility managers should also develop centralized data 
integration platforms that combine hydraulic measurements, maintenance records, pipe characteristics, 
customer demand data, and environmental indicators into a unified analytical environment suitable 
for real-time machine-learning applications. Predictive outputs should be linked with maintenance 
prioritization systems so that high-risk pipeline segments can be inspected, repaired, or replaced before 
leakage escalates into major service disruption. It is further recommended that model validation should 
be performed continuously through cross-validation, bootstrap assessment, residual diagnostics, and 
periodic recalibration to maintain prediction reliability as infrastructure conditions change over time. 
Engineering teams should receive specialized training in data interpretation, machine-learning model 
outputs, sensor-based monitoring, and digital asset management to ensure that predictive insights are 
translated into effective operational decisions. Future implementation should also emphasize 
explainable machine-learning approaches so that engineers and managers can understand why specific 
pipeline segments are classified as high risk. Finally, public agencies and water utilities should invest 
in long-term digital transformation strategies that combine smart sensors, machine-learning analytics, 
geographic information systems, supervisory control platforms, and preventive maintenance 
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programs. Such integration would improve leakage detection, reduce water losses, support efficient 
resource allocation, enhance infrastructure resilience, and promote more sustainable management of 
urban water distribution networks. 
LIMITATIONS 
Although this study demonstrated that advanced machine-learning algorithms can accurately predict 
real-time non-revenue water within aging urban water distribution systems, several limitations should 
be acknowledged when interpreting the findings. First, the predictive models were developed using 
historical engineering and operational datasets that represented specific infrastructure characteristics 
and operational conditions. Although extensive preprocessing, normalization, feature engineering, and 
validation procedures were performed to enhance model reliability, prediction performance may vary 
when applied to water distribution systems with substantially different hydraulic configurations, 
infrastructure compositions, climatic conditions, operational practices, or maintenance strategies. 
Second, the analytical framework relied primarily on the availability and quality of sensor-derived 
measurements, maintenance records, and infrastructure databases. Incomplete records, missing 
observations, measurement uncertainty, sensor malfunction, communication interruptions, or 
inconsistent data collection procedures may reduce predictive accuracy during practical 
implementation. Third, although a broad range of engineering variables was incorporated into the 
machine-learning framework, certain external factors, including unexpected infrastructure failures, 
emergency operational interventions, extreme environmental events, rapid urban expansion, 
regulatory changes, or unrecorded operational activities, were not explicitly represented within the 
analytical models and therefore may influence prediction outcomes under specific circumstances. 
Fourth, despite evaluating multiple state-of-the-art machine-learning algorithms, the study focused 
primarily on supervised learning techniques and one anomaly detection approach, while other 
emerging artificial intelligence methodologies, hybrid learning architectures, reinforcement learning 
models, graph neural networks, and physics-informed machine-learning techniques were beyond the 
scope of the present investigation. Additionally, the computational requirements associated with 
advanced ensemble learning and deep-learning algorithms may present implementation challenges for 
smaller water utilities with limited digital infrastructure, computing resources, or technical expertise. 
Although repeated cross-validation, bootstrap validation, hyperparameter optimization, and residual 
diagnostics demonstrated strong predictive reliability and minimized the likelihood of model 
overfitting, continuous recalibration and periodic model updating would remain necessary as 
infrastructure conditions, hydraulic behavior, and operational environments evolve over time. Finally, 
the study emphasized predictive model development and quantitative performance evaluation rather 
than long-term operational implementation, economic cost-benefit assessment, organizational 
readiness, or user acceptance within utility environments. Consequently, while the proposed machine-
learning framework demonstrated strong analytical capability and engineering reliability, practical 
implementation should consider local infrastructure characteristics, data quality, technological 
capacity, operational requirements, and resource availability to maximize predictive effectiveness and 
long-term sustainability. 
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