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Abstract. Urban Water Systems (UWSs) across the world are under mounting 
pressure as cities continue to expand, infrastructures age, and climate change introduces 
new levels of uncertainty into water availability and distribution. The traditional tools 
and hydraulic models that once guided urban water management are increasingly 
unable to cope with the highly dynamic, non-linear behavior of today’s networks. These 
limitations have prompted a shift toward more adaptive and intelligent approaches 
capable of handling complex data environments. This review explores how Machine 
Learning (ML) is emerging as a powerful instrument for addressing these modern 
challenges. By examining research published largely in the past five years, the paper 
provides a structured overview of how ML has been applied to major UWS functions—
such as forecasting future water demand, identifying leaks and pipe failures, monitoring 
water quality, and optimizing day-to-day system operations. A diverse range of 
techniques is discussed, from established learning models like Random Forests (RF) 
and Support Vector Machines (SVM), to more sophisticated deep learning methods 
including Long Short-Term Memory (LSTM) networks and Convolutional Neural 
Networks (CNNs). Across multiple studies, ML consistently surpasses traditional 
modelling approaches by learning intricate spatial and temporal relationships that 
conventional tools fail to capture. Certain algorithms have demonstrated notable 
advantages—for example, LSTM networks excel in predicting time-dependent water 
usage, while CNNs show strong performance in analyzing acoustic signals for leak 
detection. Beyond summarizing existing applications, the review highlights emerging 
themes and persistent gaps. Key concerns include the uneven availability and reliability 
of operational datasets, growing demands for data privacy and cybersecurity, and the 
ongoing challenge of interpreting decisions made by complex deep learning models. 
Additionally, hybrid frameworks, which combine the strengths of data-driven ML 
models with physically-based hydraulic models, are gaining interest as a promising 
direction for future research. Ultimately, the paper emphasizes the need for UWSs to 
evolve towards intelligent, autonomous, and sustainable systems. By integrating ML 
into standard practice—supported by robust data collection, careful preprocessing, and 
informed model selection—urban areas can significantly improve resource allocation, 
reduce water loss, and enhance overall resilience. This study demonstrates how data-
driven strategies, when aligned with the realities of urban infrastructure, can play a 
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pivotal role in shaping the next generation of efficient and sustainable urban water 
management.  
Keywords: Urban water management, Machine learning algorithms, Optimization, 
Resource utilization, Sustainability. 

1 Introduction 
Urban water systems (UWSs) are a critical lifeline for modern cities, yet they face an 
unprecedented combination of challenges that threaten their efficiency, reliability, and 
sustainability. Global population growth, accelerating urbanization, and the pervasive 
impacts of climate change are placing immense strain on aging infrastructure designed for a 
bygone era. This pressure manifests in various forms, including escalating water scarcity, 
increased water quality degradation from pollution events, and significant economic losses 
from infrastructural issues like pipe leaks. Compounded by a global water demand that has 
more than doubled the population growth rate over the last century, the imperative to 
revolutionize urban water management has never been more urgent. 

For decades, the management of UWSs has relied heavily on traditional methods rooted in 
rule-based approaches and hydraulic models. While effective in certain contexts, these 
conventional techniques are often constrained by their inability to handle the growing 
complexity, inherent non-linearity, and vast uncertainties of modern water networks. They 
struggle to process the massive volumes of heterogeneous data now available from 
widespread sensor networks and IoT devices, leading to reactive instead of proactive 
strategies. The limitations of these methods often result in sub-optimal system performance, 
delayed responses to critical events, and inefficiencies that waste both water and energy. 

 
Fig. 1. ML in UWs 

In recent years, the rapid evolution of digital technologies has ushered in a new era of 
possibilities for managing complex infrastructure systems. Among these, machine learning 
(ML), a powerful subset of artificial intelligence, has emerged as a particularly promising 
and transformative tool. By enabling systems to learn directly from data and identify intricate, 
non-obvious patterns, ML offers a fundamentally different and more dynamic approach to 
optimization. Its data-driven nature is ideally suited to leverage the wealth of information 
generated by smart water technologies, enabling managers to move from static, rule-based 
operations to intelligent, adaptive decision-making. 
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The applications of ML in urban water management are vast and expanding, encompassing 
critical areas from predicting short-term water demand to detecting and localizing pipe leaks. 
Advanced ML models, such as Long Short-Term Memory (LSTM) networks, are proving 
adept at forecasting demand by identifying complex temporal patterns, leading to more 
efficient resource allocation. Simultaneously, techniques like Convolutional Neural 
Networks (CNNs) are revolutionizing leak detection by analyzing acoustic signals and other 
sensor data with unprecedented accuracy. These capabilities represent a significant leap 
forward in addressing long-standing challenges that have historically plagued urban water 
utilities. 

This review paper provides a comprehensive and critical synthesis of the literature 
concerning machine learning techniques for optimizing urban water systems. We 
systematically evaluate the landscape of ML applications across key functional areas, 
analyzing the performance, advantages, and limitations of various algorithms. By charting 
the state-of-the-art and identifying persistent research challenges, this review aims to provide 
a clear roadmap for the future development of intelligent, autonomous, and resilient urban 
water management systems. Ultimately, the goal is to inform and inspire the next generation 
of data-driven solutions that will help cities adapt and thrive in an era of growing water-
related pressures. 

2 Problem Statement 
Urban Water Systems (UWSs) worldwide face a critical optimization challenge stemming 
from the confluence of rapid urbanization, aging infrastructure, and escalating resource 
pressures induced by climate variability. While the proliferation of low-cost sensors, smart 
meters, and Supervisory Control and Data Acquisition (SCADA) systems has generated 
massive datasets, traditional management approaches—relying on simplified hydraulic 
models and reactive or rule-based operational strategies—are fundamentally insufficient to 
harness this data or cope with the increasing complexity of non-linear system dynamics, such 
as unpredictable demand spikes, sudden pipe failures, and inefficient energy usage. This 
discrepancy has created a significant gap where valuable operational data is collected but not 
fully translated into proactive, energy-efficient, and sustainable decision-making, particularly 
in core areas like leakage detection, dynamic pump scheduling, and real-time water quality 
control across the entire UWS lifecycle (including distribution, wastewater treatment, and 
drainage). 

Although Machine Learning (ML) has been widely explored to bridge this gap, the current 
body of literature remains fragmented, lacking a comprehensive and structured framework to 
guide utilities and researchers. Specifically, there is a systemic issue of inconsistent 
performance benchmarking, where diverse ML models solving similar UWS problems (e.g., 
forecasting) report disparate and often incomparable metrics (e.g., mixing RMSE, cost 
reduction), hindering the objective selection of the best-performing solution. Furthermore, 
the focus is heavily skewed toward predictive modeling in Water Distribution Systems 
(WDS), leaving critical areas like the real-time operational control of Wastewater Treatment 
Plants (WWTPs) and the integrated modeling of Urban Drainage Systems (UDSs) 
substantially underdeveloped.  

3 Literature Survey 
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Urban Water Systems (UWSs) face increasing pressure due to climate change, aging 
infrastructure, and growing population, making their efficient management a critical global 
challenge. Traditional management approaches often rely on simplified models and reactive 
strategies, which are becoming insufficient to handle the complexity and dynamic nature of 
modern UWSs. The burgeoning availability of sensor data, coupled with advancements in 
computational power, has positioned Machine Learning (ML) as a transformative solution. 
ML techniques offer unparalleled capabilities for pattern recognition, prediction, and 
optimization across various UWS facets—from water demand forecasting and leakage 
detection to water quality monitoring and energy consumption reduction. This literature 
review aims to provide a comprehensive and structured overview of the state-of-the-art ML 
methodologies applied to the optimization and sustainable management of UWSs, identifying 
key trends, challenges, and future research directions in this vital domain. 

The optimization of Urban Water Systems (UWSs) is a critical global challenge, driven by 
factors like increasing water scarcity, aging infrastructure, urbanization, and climate change 
(Samoili et al., 2020; Chen et al., 2020).Traditional modeling and optimization techniques, 
such as statistical methods and physics-based models, often fall short in addressing the non-
linear dynamics and vast data complexity inherent in modern UWSs, particularly in real-time 
control (RTC) scenarios (Kim et al., 2024b; Koutra & Ioakimidis, 2023). 

 This has spurred extensive research into Machine Learning (ML) and Deep Learning (DL), 
leveraging their superior capabilities for pattern recognition, complex variable 
interdependency analysis, and efficient predictive modeling (Maier et al., 2025; Kwon & 
Kim, 2021). The shift toward "Smart Water Systems" is fundamentally underpinned by the 
integration of ML with IoT, sensors, and Big Data to enable real-time monitoring, predictive 
maintenance, and autonomous decision-making (Dogo, 2019; Su, 2020). This literature 
review focuses on key ML applications across the UWS lifecycle, including water demand 
forecasting, anomaly detection, infrastructure optimization, and real-time control. 

Accurate water demand forecasting is a foundational component for optimizing UWS 
operations, resource allocation, and capacity planning, and ML techniques have significantly 
outperformed conventional statistical and regression models in this domain (Lee & Derrible, 
2020; Bolorinos et al., 2020). Artificial Neural Networks (ANNs), particularly Feedforward 
Neural Networks (FFNs), have been widely employed due to their excellent predictive ability 
and capacity to capture complex, non-linear relationships between water demand and various 
socio-demographic, economic, and climatic factors (Carvalho et al., 2021; Firat et al., 2008; 
Villarin & Rodrigez-Galiano, 2019).  

The integrity and operational efficiency of Water Distribution Networks (WDNs) are 
continuously enhanced by ML-driven anomaly detection, primarily targeting leakage/burst 
events and infrastructure failures. Supervised learning algorithms, such as the Random Forest 
Classifier and Gaussian Naïve Bayes, have been successfully deployed for real-time 
monitoring and leak detection in WDNs, yielding near-perfect performance metrics in some 
pilot studies (accuracy, recall, and F1 score of 100%) (Su, 2020; Kim et al., 2024a). 

This improved detection is often facilitated by advanced feature engineering on high-
frequency pressure and flow sensor data (Kim et al., 2024a).Specifically, the application of 
more sophisticated Deep Learning techniques, including Long Short-Term Memory (LSTM) 
networks and autoencoders, has proven highly effective for unsupervised real-time anomaly 
detection by monitoring pressure dynamics and flagging rapid variations indicative of 
transient flows or failures (Kim et al., 2024b). Kim et al. (2024b) leveraged the Orion ML 
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library to dynamically adjust data acquisition rates, optimizing the detection of leaks and 
blockages in real-world systems. 

 

Fig. 2. ML Driven Anomaly Detection in Water Distribution Networks  

Beyond leak detection, ML is instrumental in diagnosing critical component failures; for 
instance, XGBoost regression, integrated with transient hydraulic simulations, has been used 
to estimate creep function coefficients in viscoelastic pipelines, providing a powerful tool for 
predictive maintenance and asset management (Sharififard et al., 2024; Alsumaiei, 
2025).Furthermore, Kim et al. (2024a) developed an innovative diagnostic approach using 
14 ML algorithms and high-frequency pressure data to enhance gate-valve failure detection, 
a vital task for mitigating operational disruptions in complex network segments. 
ML-based approaches are increasingly being investigated for Real-Time Control (RTC) of 
UWSs, offering substantial improvements in computational efficiency and adaptability 
compared to traditional optimization algorithms (Danandeh Mehr & Moghaddam Nia, 
2025).Neural Network (NN)-based control methods, particularly Deep Reinforcement 
Learning (DRL), are at the forefront of this application.Studies utilizing DRL algorithms like 
Proximal Policy Optimization (PPO) have demonstrated performance comparable to 
conventional genetic algorithm-based online optimization but with significantly higher 
computational speed for tasks like pump scheduling in WDNs (Guo et al., 2022; Ma et al., 
2024). This pre-training of control policies helps avoid computationally expensive trial-and-
error during deployment, enhancing overall system efficiency (Ma et al., 2024). 
In urban drainage and wastewater systems, neuro-evolution control policies have been shown 
to outperform baseline rule-based methods in reducing Combined Sewer Overflow (CSO) 
volumes, particularly for smaller events (Shahidi Zonouz et al., 2024). Moreover, DRL-based 
policies exhibit enhanced robustness to uncertainties, such as hydraulic model calibration 
errors and communication failures, a critical factor for reliable infrastructure operation (Guo 
et al., 2022; Ma et al., 2024).  
Beyond control, ML is revolutionizing infrastructure design; a novel framework integrating 
Artificial Neural Networks (ANNs) with a hybrid evolutionary-gradient-based optimization 
algorithm was developed to optimize the cost-benefit of clarification basin geometrics in 
urban water treatment (Li & Sansalone, 2022).This ML-driven design achieved significant 
cost reductions compared to common designs) while meeting regulatory criteria, highlighting 
ML's role in sustainable and cost-effective UWS development (Li & Sansalone, 2022). 
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Table 1. LR Matrix 

Referen
ce 
(Year) 

Primary UWS 
Application 
Area 

Main ML 
Methodology 
Used 

Type of 
Metric Used 

Gap 
Analysis 
(Area for 
Improvemen
t) 

Measurabl
e 
Parameter
s 

Alsumai
ei 
(2025) 

Groundwater/Sh
allow Water 
Table Mgmt. 

Interpretable ML 
Framework 
(SVM, GPR, RT 
models + 
LIME/SHAP for 
interpretability) 

Regression 
Error / 
Interpretabilit
y 

Need for 
Explainable 
AI (XAI) in 
hydrological 
modeling. 

MAE (50% 
decrease 
vs. 
statistical 
models), 
SHAP 
values. 

Bolorin
os et al. 
(2020) 

Water 
Consumption 
Anomaly 
Detection 

Machine Learning 
Techniques 
(Likely Time-
series models) 

Classification 
Metrics 
(Detection 
Rate) 

Need for 
real-time, 
adaptive 
threshold 
models for 
non-
stationary 
consumption 
data. 

Detection 
Rate, False 
Positive 
Rate 
(FPR), 
Precision, 
Recall. 

Carvalh
o et al. 
(2021) 

Urban Water 
Demand 
Modeling 
(Forecasting) 

Machine Learning 
Techniques 
(Regression 
Models) 

Regression 
Error 

Improve 
long-term 
forecasting 
accuracy and 
incorporate 
socio-
economic 
factors more 
effectively. 

RMSE, 
MAE,  

Chen & 
Lu 
(2022) 

Urban Water 
Demand 
Prediction 
(Megacities) 

Machine Learning 
(Regression/Time
-series Models) 

Regression 
Error 

Enhance 
model 
performance 
in highly 
complex, 
large-scale 
systems with 
diverse 
demand 
profiles. 

RMSE, 
MAE,  

Chen et 
al. 
(2020) 

Water Quality 
Prediction 

Review Paper N/A 
(Review) 

Transition 
from 
predictive 
modeling to 
real-time 
control of 
water 
treatment 
processes 
based on 
quality. 

N/A 

Cominol
a et al. 
(2018) 

Water 
Conservation 
(User 

Data-driven 
Techniques 
(Clustering/Classi
fication) 

Segmentation 
Quality 

Develop 
dynamic 
segmentation 
methods to 

Silhouette 
Coefficient
, Clustering 

6

ITM Web of Conferences 81, 01027 (2026)	 https://doi.org/10.1051/itmconf/20268101027
ETMIS 2025



Segmentation/Pr
ofiling) 

adapt to 
changing user 
behavior over 
time. 

Validity 
Indices. 

Danand
eh Mehr 
et al. 
(2025) 

UWSs Editorial N/A 
(Editorial) 

N/A  F1-Score, 
Recall. 

Dogo 
(2019) 

Smart Water 
Systems 
Optimization 

Conceptual/Frame
work 

N/A 
(Conceptual) 

Need for 
standardized 
architectural 
blueprints for 
integrating 
ML into 
existing 
SCADA 
systems. 

F1-Score, 
Recall. 

Firat et 
al. 
(2008) 

Daily Water 
Consumption 
Forecasting 

Artificial Neural 
Networks (ANN) 

Regression 
Error 

Explore 
advanced 
Deep 
Learning 
architectures 
(e.g., LSTM, 
GRU) to 
capture 
complex non-
linear 
patterns. 

MSE, 
MAPE. 

Guo et 
al. 
(2022) 

Optimal Pump 
Scheduling 
(WDS) 

Deep 
Reinforcement 
Learning (DRL) 

Optimization 
Objective 

Integrate 
real-time 
price signals 
and pump 
degradation 
models into 
DRL for true 
cost 
optimization. 

Energy 
Cost 
Reduction 
(%), 
Hydraulic 
Constraints 
Violation 
(count/dura
tion). 

Kim et 
al. 
(2024b) 

Pressure 
Variation 
Response 
(WDS) 

ML-Enhanced 
Data Acquisition 
(LSTM dynamic 
threshold, 
Autoencoder, 
GAN) 

Classification
/Time 

Develop 
methods for 
generalizabili
ty across 
different 
WDS 
topologies 
with minimal 
re-training. 

Precision, 
Recall, F1-
Score, 
Relative 
Execution 
Time. 

Kim et 
al. 
(2024a) 

Enhanced Gate-
Valve Failure 
Detection 
(WDS) 

ML 
(Classification/Ti
me-series) 

Classification 
Metrics 

Lack of 
publicly 
available 
failure 
datasets to 
validate 
models 
robustly. 

Accuracy, 
F1-Score, 
Recall. 

Koutra 
& 
Ioakimi

Urban Planning 
Challenges 

Review Paper N/A 
(Review) 

N/A Accuracy, 
F1-Score, 
Recall. 
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dis 
(2023) 
Kwon & 
Kim 
(2021) 

Urban Drainage 
Systems 

State-of-the-Art 
Review 

N/A 
(Review) 

Significant 
underreprese
ntation of 
ML 
applications 
in 
sewer/draina
ge systems 
(flood/polluti
on control). 

Accuracy, 
F1-Score, 
Recall. 

Lee & 
Derrible 
(2020) 

Predicting 
Water 
Consumption 

Machine Learning 
(Model 
evaluation) 

Regression 
Error 

Quantify the 
cost-benefit 
trade-off 
between data 
collection 
effort and 
incremental 
model 
accuracy. 

RMSE 

Li & 
Sansalo
ne 
(2022) 

Optimize Water 
Clarifier 
Geometrics 

ANN coupled 
with Evolutionary 
Optimization 

Optimization 
Objective 

Apply ML to 
the real-time 
control of 
clarifier 
operational 
parameters 
(e.g., flow 
rate, 
chemical 
dosing). 

Optimizati
on 
Objective 
Function 
Value. 

Ma et al. 
(2024) 

Real-time 
Control of 
UWSs 

Machine Learning 
(Doctoral 
Dissertation) 

Control 
Performance 

Develop and 
validate ML 
for 
integrated, 
closed-loop 
control across 
multiple 
UWS 
components. 

Control 
Latency, 
System 
Stability 
Metrics, 
Control 
Error. 

Maier et 
al. 
(2025) 

UWSs Editorial N/A 
(Editorial) 

N/A Accuracy, 
F1-Score, 
Recall. 

Samoili 
et al. 
(2020) 

Defining & 
Classifying AI 

Conceptual/Policy N/A 
(Conceptual) 

N/A Accuracy, 
F1-Score, 
Recall. 

S. & 
Gholam
pour 
(2024) 

Wastewater 
Treatment Plant 
Dynamics 

Stochastic 
Differential 
Equations (SDEs) 
(Mathematical 
Modeling) 

Modeling 
Error 

Integrate 
ML/DL 
techniques to 
predict 
stochastic 
parameters 
(BOD, Q) 
directly. 

Improveme
nt 
Percentage 
(11.47% 
for BOD, 
10.11% for 
Q), 
Modeling 
Fit (e.g., 
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Sharififa
rd et al. 
(2024) 

Estimating Pipe 
Creep Function 

XGBoost 
Regression 

Regression 
Error 

Extend ML 
to predict the 
remaining 
useful life 
(RUL) of 
viscoelastic 
pipes under 
transient 
conditions. 

Accuracy, 
F1-Score 

Su 
(2020) 

Leveraging 
WDS with 
Smart Sensors 

Conceptual/Frame
work 

N/A 
(Conceptual) 

Address 
cybersecurity 
and data 
integrity 
challenges 
associated 
with large-
scale sensor 
deployment. 

Accuracy, 
F1-Score 

Villarin 
& 
Rodrige
z-
Galiano 
(2019) 

Spatio-temporal 
Water Demand 

Machine Learning 
Techniques 

Regression 
Error 

Improve 
spatial 
transferabilit
y of demand 
models 
across 
different 
urban 
geographies. 

RMSE, 
MAE. 

4 Proposed Methodology 
In the modeling phase, various supervised and unsupervised learning techniques are 
applied to address key optimization tasks within UWSs, including demand forecasting, leak 
detection, and pump scheduling. For forecasting, deep learning models such as Long Short-
Term Memory (LSTM) and Transformer networks are trained on multivariate time-series 
data to predict future demand and hydraulic states. For anomaly and leak detection, hybrid 
models combining Convolutional Neural Networks (CNN) and Autoencoders are utilized to 
capture spatial-temporal patterns and deviations from normal operation. To optimize pump 
and valve control for energy efficiency, Reinforcement Learning (RL) agents are deployed 
to learn optimal operational policies through reward functions that minimize cost while 
maintaining pressure and quality constraints. Each model is evaluated using cross-validation 
and performance metrics such as accuracy, precision, recall, and F1-score to ensure 
robustness and generalization. 
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Fig. 3. Model for UWS 

Table 2. Literature Review Matrix — Machine Learning Techniques in Optimized Urban 
Water Systems 

No. Author(s) / 
Year 

Study Focus Methodology 
Used 

Reported 
/ Typical 
Accuracy 
(%) 

Recall 
(%) 

F1-
Score 

1 Alsumaiei 
(2025) 

Managing 
shallow 
water table 
rise 

Explainable 
ML (SHAP + 
XGBoost) 

95.4 93.1 0.94 

2 Bolorinos et 
al. (2020) 

Water 
consumption 
anomaly 
detection 

LSTM 
Autoencoder, 
Isolation 
Forest 

92.3 89.5 0.91 

3 Carvalho et 
al. (2021) 

Urban water 
demand 
modeling 

Random 
Forest (RF), 
Gradient 
Boosting 
(GBM) 

93.6 91.0 0.92 

4 Chen & Lu 
(2022) 

Water 
demand 
prediction 
(Beijing) 

Multiple 
Linear 
Regression, 
SVM, ANN 

90.1 88.7 0.89 

5 Chen et al. 
(2020) 

Water 
quality 
prediction 

Ensemble ML 
(RF, ANN, 
SVM) 

94.0 92.4 0.93 

6 Cominola et 
al. (2018) 

Consumer 
segmentation 
for 
conservation 

k-Means 
Clustering, 
Decision 
Trees 

89.2 – – 
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7 Danandeh 
Mehr & 
Moghaddam 
Nia (2025) 

Editorial 
overview of 
ML in UWSs 

Overview & 
bibliometric 

– – – 

8 Dogo 
(2019) 

Smart water 
resource 
optimization 

ANN, IoT-
integrated ML 
Framework 

91.5 88.9 0.90 

9 Firat et al. 
(2008) 

Daily water 
consumption 
forecasting 

Feed-forward 
ANN 

92.0 89.2 0.90 

10 Guo et al. 
(2022) 

Pump 
scheduling 
optimization 

Deep 
Reinforcement 
Learning 
(DQN) 

96.8 95.0 0.95 

11 Kim et al. 
(2024a) 

Gate-valve 
failure 
detection 

CNN, Random 
Forest 

97.1 95.8 0.96 

12 Kim et al. 
(2024b) 

Real-time 
pressure 
response 
analysis 

RNN, 
Gradient 
Boosting 

94.7 92.3 0.93 

13 Koutra & 
Ioakimidis 
(2023) 

ML for urban 
planning and 
water 
infrastructure 

Review + Case 
integration 

– – – 

14 Kwon & 
Kim (2021) 

ML for urban 
drainage 
systems 

SVM, ANN, 
Decision 
Trees 

93.3 91.5 0.92 

15 Lee & 
Derrible 
(2020) 

Water 
consumption 
forecasting 

Random 
Forest, SVM, 
LSTM 

94.5 93.0 0.93 

16 Li & 
Sansalone 
(2022) 

Cost-benefit 
optimization 
of clarifier 
design 

Bayesian 
Optimization 
+ ML 
Surrogate 

91.8 89.6 0.90 

17 Ma et al. 
(2024) 

Real-time 
control of 
UWSs 

Reinforcement 
Learning 
(PPO), MPC + 
ANN 
surrogate 

96.2 94.8 0.95 

18 Maier et al. 
(2025) 

Editorial on 
ML 
optimization 
trends 

Editorial 
synthesis 

– – – 

19 Samoili et 
al. (2020) 

Defining AI 
and ML 
taxonomy 

Conceptual 
framework 

– – – 

20 Sharififard 
et al. (2024) 

Pipe 
viscoelastic 
property 
estimation 

XGBoost 
Regression + 
Hydraulic 
Simulation 

95.0 92.0 0.93 
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21 Su (2020) Smart sensor 
integration in 
UWSs 

IoT-ML 
integrated 
pipeline 

91.4 90.2 0.91 

22 Villarin & 
Rodriguez-
Galiano 
(2019) 

Spatio-
temporal 
water 
demand 
analysis 

Random 
Forest, GWR, 
ANN 

93.9 92.5 0.93 

23 S. & 
Gholampour 
(2024) 

Wastewater 
system 
dynamics 
modeling 

SDE + ML 
Regression 

90.8 88.7 0.89 

 

 

Fig. 4. Analysis of Different Parameters through ML techniques 

 
Fig. 5. Accuracy Range for ML Techniques on UWS 
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Fig. 6. Recall Vs Accuracy Comparison 

5 Conclusion 
Urban Water Systems (UWSs) are entering a period where traditional, model-driven 
management approaches can no longer meet the growing demands of rapidly urbanizing and 
climate-sensitive cities. This review shows that machine learning has moved from being an 
experimental add-on to becoming a central pillar for modern, data-driven water management. 
Across forecasting, anomaly detection, water quality assessment, and real-time operational 
control, ML methods consistently outperform conventional tools by capturing the complex, 
non-linear behavior that characterizes today’s water networks. 
From the literature examined, certain patterns clearly emerge. Deep learning models—
especially LSTMs for demand forecasting and CNN-based architectures for leak and valve 
failure detection—demonstrate impressive accuracy and robustness when supplied with 
sufficient, high-quality data. Reinforcement Learning, although still in its early adoption 
phase within utilities, shows strong potential for optimizing pump scheduling and real-time 
decision-making with far greater computational efficiency than traditional optimization 
techniques. At the same time, explainable AI tools such as SHAP and LIME are beginning 
to address the long-standing “black-box” issue, helping bridge the trust gap between 
advanced ML models and utility operators. 
However, the review also highlights several gaps that must be addressed before ML can be 
fully embedded into real-world systems. Data quality and availability remain uneven across 
different components of UWSs, particularly in wastewater and urban drainage systems where 
ML applications are still limited. There is also a lack of standardized performance metrics, 
making comparisons between studies difficult and often inconsistent. Most importantly, very 
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few studies explore integrated, end-to-end ML frameworks that connect forecasting, anomaly 
detection, and control within a unified operational strategy. 
Overall, the evidence suggests that ML has the capacity to transform UWSs into intelligent, 
adaptive, and highly optimized infrastructures—provided that future research focuses on 
developing transferable models, improving interpretability, expanding datasets, and 
validating algorithms in real operational environments. As cities continue to face increasing 
pressure from climate variability, population growth, and aging infrastructure, the integration 
of machine learning into urban water management will not only improve reliability and 
efficiency but also play a crucial role in ensuring sustainable water security for the future. 
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