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Abstract: - With the growing speed of urbanization, ageing water distribution systems, increasing population, climate variability
and inefficient allocation of water resources, urban water infrastructure planning is becoming more difficult, resulting in water loss,
disruptions in water supply and unsustainable water management practices. This study suggests an Al-based urban water
infrastructure planning framework that combines hydraulic simulation, machine learning, and multi-objective optimization to solve
these challenges and achieve sustainable water resource management. This methodology integrates hydraulic network simulation
(EPANET) with a demand prediction model based on Extreme Gradient Boosting (XGBoost), temporal water consumption
forecasting model based on Long Short-Term Memory (LSTM) networks and infrastructure optimization and pressure management
model based on a Genetic Algorithm (GA). Varying demand, leakage and climate conditions were used in the simulation
experiments to assess the resilience of the system and its operational efficiency. The proposed framework is compared with the
conventional hydraulic planning, Random Forest and standalone LSTM models, and the results show that the proposed framework
has achieved the highest accuracy of 97.2% in predicting demand, 95.8% in detecting leakage, reduced water losses by 31.6%,
improved water pressure stability by 27.9%, reduced water operation energy consumption by 24.3%, and decreased decision
making time by 22.7%. The framework also enhances the reliability of the network by 18.9% and the utilization of the resources
by 26.4%. The novelty of this research is that it combines the use of Al-based predictive analytics for proactive urban water
management with infrastructure optimization through simulation. The suggested framework offers an intelligent decision support
system that improves the sustainability, operational resilience and efficiency of long-term planning of future smart water
distribution networks.

Keywords: — Artificial Intelligence; Urban Water Infrastructure; Hydraulic Simulation; Sustainable Water Resource Management;
Demand Forecasting; Infrastructure Optimization

1. INTRODUCTION

The urban water distribution system is the backbone of urban infrastructure, providing water to billions of
people around the world and is beset with unprecedented challenges due to rapid urbanization, population growth and
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climate variability. In the modern water networks, the complexity of the network has grown and requires smart
planning approaches to tackle the challenges associated with poor pipe infrastructure, rising non-revenue water losses,
and increasing demand-supply mismatches, which compromise long-term water network sustainability [1]. Current
hydrological planning approaches are mostly based on steady state assumptions and manual planning and are thus not
suitable to reflect the dynamic and nonlinear nature of modern distribution networks [2]. The recent progress in Al
and machine learning has shown potential to revolutionize water systems with predictive analytics, which can facilitate
demand forecasting, anomaly detection and real-time optimization of water systems based on data.The recent
developments in the field of artificial intelligence and machine learning have shown potential in the field of predictive
water systems analytics, where data-driven predictions of water demand, anomaly detection and optimization of water
systems in real-time can be achieved. While hydraulic simulation tools like EPANET have been around for years, they
lack the ability to integrate intelligent data and information to effectively solve emerging infrastructure issues [4].
Combining Al with physics-based simulation environments represents a paradigm shift in infrastructure management,
moving beyond reactive maintenance to proactive decision-making based on real-time data analysis.The fusion of Al
and physics-based simulation environments marks a paradigm shift toward proactive infrastructure management,
where decisions are made based on real-time data analysis instead of reactive maintenance strategies [5]. In addition,
multi-objective optimization methods, especially evolutionary algorithms like GA, offer powerful solutions for
optimizing water losses, pressure control and energy use in water distribution networks simultaneously. This holistic
approach bridges the gap between traditional planning methods and adaptive and resilient water systems needed to
manage water in cities sustainably in times of growing climate uncertainty and water scarcity [6]. The proposed
solution spans across these technological disciplines to integrate temporal forecasting with LSTMs, leakage detection
with XGBoost, water flow simulation with EPANET, and optimization with GAs, into a single, intelligent decision
support platform for next-generation water infrastructure planning.

The key contributions of this research are summarized as follows:

1) The proposed integrated Al-driven framework, which integrates LSTM demand forecasting, XGBoost
leakage detection, EPANET hydraulic simulation and GA optimization, outperforms traditional methods and
standalone models in terms of prediction accuracy (97.2%) and leakage detection accuracy (95.8%) for comprehensive
urban water infrastructure planning.

2) A multi-objective optimization approach based on simulation and the Genetic Algorithm, which can
simultaneously reduce water losses by 31.6%, optimize the stability of the water pressure by 27.9% and reduce energy
consumption in operation by 24.3%, which is used to determine optimal infrastructure configuration decisions for
different operational and climatic scenarios.

3) An intelligent decision support system for sustainable water resource management, which can increase the
reliability of the water network by 18.9%, optimize resource use by 26.4%, and speed up the decision-making process
by 22.7%, which has created a scalable and adaptive platform for proactive, data-driven urban water infrastructure
management.

2. RELATED WORK

A considerable amount of research has been done on the use of computational intelligence techniques for urban
water distribution system management and optimization. Initial research focused on traditional hydraulic modeling
methods to control pressure and design networks, and provided baseline parameters for distribution network analysis
[7]. Machine learning-based demand forecasting proved to be a potential alternative to the statistical time-series
forecasting, and deep learning architectures showed better performance in capturing the temporal consumption pattern
due to their ability to handle complex temporal consumption pattern [8]. For pipeline leakage detection, investigations
into anomaly detection focused on supervised classification algorithms to characterize pipeline normal operational
signatures and pipeline hydraulic anomalies caused by a leak [9]. The ensemble learning methods were then used to
enhance the detection sensitivity and decrease the number of false alarms in large-scale distribution monitoring
systems [10]. The integration of hydraulic simulation platforms with optimization solvers was used to solve network
rehabilitation and network expansion planning problems based on budget constraints, such as EPANET and
optimization solvers [11]. The use of evolutionary multi-objective optimization algorithms for the design of networks
to optimize competing infrastructure goals, like minimization of costs, pressure adequacy and maximization of
reliability, was investigated [12]. Reinforcement learning (RL) methods were developed to add adaptive control
strategies to the real-time scheduling of pumps and regulation of valves in the face of stochastic demand fluctuations
[13]. The transfer learning techniques were explored to achieve cross-network generalization of demand prediction
models to decrease the data needs for deployment in data-scarce utilities [14]. Recently, graph neural network
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architectures were proposed to incorporate topological relationships that are inherent in the distribution network
structure, which were used for pressure prediction in distribution networks with spatial information [15]. Digital twin
environment, which integrates real-time sensor data with simulation models, was used to monitor and schedule
predictive maintenance in the networks continuously [16]. While all these developments have been made, the current
solutions mostly tackle one aspect of water infrastructure management at a time, without a common framework that
synergically combines the use of Al-based predictive analytics and simulation-based optimization for comprehensive
and sustainable water infrastructure planning [17].

TABLE I: Summary of Related Work

Ref. Technique Application Simulation Al Limitation
Integration
[7] Hydraulic Pressure EPANET No Static analysis
Modeling Mgmt only
[8] Deep Learning Demand None LSTM No leakage
Forecast detection
[9] SVM Classifier Leak None Supervised High false
Detection positives
[10] Gradient Anomaly None XGBoost No simulation
Boosting Detection integration
[11] EPANET + Network EPANET No Single-
Solver Rehab objective only
[12] NSGA-II Network Basic No No predictive
Design analytics
[13] Reinforcement Pump None DRL Limited to
Learning Scheduling pumps
[14] Transfer Cross- None CNN Domain  gap
Learning Network issues
[15] Graph  Neural Pressure None GNN No
Net Predict optimization

3. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, the system model and problem formulation of Al-driven urban water infrastructure planning is
presented. The framework includes the architecture of the urban water distribution network, water demand and
consumption modelling, configuration of the hydraulic simulation model and the formal problem statement with
associated research objectives that will guide the proposed methodology.

A. Urban Water Distribution Network Architecture

The urban water distribution network is considered to be a directed graph G = (N, L), where N is the set of
nodes of the network (reservoirs, tanks, junctions and demand nodes) and L is the set of links (pipes, pumps and
control valves) that connect the nodes. The elevation, base demand, demand pattern multiplier, and water quality
parameters are the characteristics of each node i. The network topology represents the spatial relationships and
hydraulic relationships between the elements of the network, and how flow is distributed and pressure propagated
throughout the system. The architectural model is designed with multiple pressure zones, district metered areas and
interconnection points, which are similar to the hierarchical structure of the actual urban water distribution system.
Physical properties of the network elements are set as parameters such as pipe diameter, pipe length, pipe roughness
coefficient, minor loss coefficients and age deterioration factors that affect the hydraulic characteristics and leakage
potential of the network elements.
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B. Water Demand and Consumption Modeling

Water demand modelling represents the spatiotemporal demand behaviour over the distribution network using
stochastic representations of the demand which include both a deterministic and a random component. The total
demand at each node is split into a base demand, diurnal and seasonal variations (represented by temporal pattern
multipliers) and a stochastic noise component (representing random variations in consumption). The signatures of the
demands of the various consumer categories (residential, commercial, industrial, and institutional users) are grouped
and added together at junction nodes to form composite demand signatures. The demand model includes correction
factors that capture the impacts of climate on the water consumption model, so that the model can be used to estimate
water demand under various climate conditions and seasons.

C. Hydraulic Simulation Model

The hydraulic simulation model uses EPANET as the computer program to solve the equations governing water
distribution network hydraulics: conservation of mass at the junction nodes and conservation of energy along pipe
segments. A nonlinear system of equations that describes the head loss through the network elements is solved through
the simulation, with the choice of the Hazen-Williams, Darcy-Weisbach or Chezy-Manning friction loss formulation.
Extended period simulation provides a time series of hydraulic conditions at nodes, flow rates in pipes, water levels
in tanks and operating points of pumps for a given analysis time frame. The model includes both pressure-driven and
demand-driven modes of analysis, with the pressure-driven mode accurately simulating conditions when pressure is
inadequate by adjusting the available demand according to the actual nodal pressure, compared to minimum and
desired service pressure levels, to give a realistic assessment of the network performance in the event of a stress
scenario.

4. PROPOSED AI-DRIVEN SIMULATION-BASED WATER INFRASTRUCTURE
PLANNING FRAMEWORK

The proposed framework is a physics-based, Al-driven simulation approach for urban water infrastructure
planning, combining the use of machine learning predictive analytics with physics-based hydraulic simulation and
evolutionary optimization. All the architecture is based on four synergistic modules: LSTM-based demand forecasting,
XGBoost-based leakage detection, EPANET hydraulic simulation and multi-objective optimization using genetic
algorithm, all controlled by an intelligent decision support system for sustainable water resource management.

A. Overall Framework Architecture

The proposed framework architecture is based on a data processing and decision making pipeline that
transforms the raw operational data into actionable infrastructure planning decisions, in a sequential manner. The data
acquisition module gathers real-time data from the distribution network such as flow rates, pressure, water quality
parameters, and water consumption meter readings. The pre-processing stage involves data cleaning, data
normalization, feature extraction and temporal alignment of the input datasets, to be used in the downstream analytical
modules. The LSTM demand forecasting module is used to forecast the short and medium term demand of the
historical consumption sequences and the XGBoost leakage detection module is used to detect and locate potential
leakage events while analysing the hydraulic signatures. These forecasts are used to drive the EPANET hydraulic
simulation model to assess the performance of the network for the predicted demand conditions and for the leakage
conditions that are detected. The GA optimization module then explores the solution space to find the optimal
infrastructure configuration, which will minimize water losses, stabilize the pressure distribution and reduce energy
consumption, and the results are presented in the intelligent decision-support interface for use in the operation of the
infrastructure.

668



Data Acquisition &
Preprocessing

(Al-Driven | P
icti LSTM Demand XGBoost Leakage
‘Zﬁﬁ;:g:; Forecasting | Detection

EPANET Hydraulic
Simulation

GA Multi-Objective Slmlgation

Optimization Optimization

Intelligent Decision
Support System

Sustainable Water
Resource Management

Fig. 1. Overall architecture of the proposed Al-driven simulation-based water infrastructure planning
framework.

B. Data Acquisition and Preprocessing

The data acquisition module gathers multivariate time-series data from SCADA systems, smart meters and
IoT pressure sensors all over the water distribution network. Pre-processing operations consist of outlier removal,
temporal interpolation of missing values, min-max normalization and segmentation of the input to the sequential
model by sliding window.

x(0)— xm;
Xnorm(i) = T (D

Xmax =X in

To have the same range for the input of the model, the min-max normalization is done in Equation (1) which
scaled each feature value to the range [0, 1].

_ x(t-D+x(t+1)
ximputed(t) - 2

- (2)

Equation (2) applies linear temporal interpolation to estimate missing sensor readings using adjacent valid
measurements.

2(i) = 2=k - 3)

Equation (3) computes z-score standardization, identifying statistical outliers where |z(i)| exceeds a
threshold of 3.0.

Xyindow = Xt —w+ 1), x(t —w+2),..,x()} .. (4)

Equation (4) defines the sliding window of width w that segments continuous time-series into overlapping
input sequences for LSTM processing.

Dtotal(t) = Dbase X Ptemporal(t) X Cclimate(t) + g(t) (5)

The total demand is modeled as the sum of the base demand, the temporal pattern and the climate correction
and is contaminated by additive stochastic noise as formulated in equation (5).

C. Water Demand Forecasting Using LSTM

LSTM network is used to forecast water demand because it is able to model long-range dependencies in water
consumption data using gated memory units. The architecture comprises multiple stacked LSTM layers, using dropout
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regularization, to compute multi-step predictions of the demand from sliding window sequences of input. Together,
the forget gate, input gate and output gate control the flow of information through the cell state, allowing the model
to selectively remember useful information from the past and forget information that is not relevant to the current
context.

Algorithm 1: LSTM-Based Water Demand Forecasting

Input: Historical demand series D = {d(1), ..., d(T)}, window size w, forecast horizon
h
Output: Predicted demand sequence D = {d(T +1),..,d(T + h}}
: Preprocess D using Equations (1)-(5)
Segment D into overlapping windows X = {X;,X,, ..., X}
Split X into training set X _train and validation set X wval
Initialize LSTM parameters f = {W}, W, W, W, b, by, b, bo}
for epoch =1 to E, 4
for each batch B € X;,.4;,, do
Forward pass: compute f;, i, €, 04, h;y for each timestep
fe = U(Wf - [heog, x] + bf)
i = o(W;- [heq,x:] + by)
¢ = tanh(W, - [he_q, x¢:] + b.)
ce=ft O+t i O &
o = a(W, - [he—y, xe] + by)
h; = o; O tanh(c;)
Compute loss L = MSE(&, dacmm)
Backpropagate through time and update 6
end for

.hu.aran—-

o 00 =1 Oy Lh

e e e e R
(R S PV I S T e

—
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17:  Evaluate on X wval; apply early stopping if no improvement
18: end for

19: Generate predictions D using trained model

20: Return D

D. Leakage Detection Using XGBoost

The XGBoost classifier is used to detect leaks based on features that are engineered from the hydraulic sensor
measurements such as pressure differentials, flow rate anomalies, minimum night flow deviations and temporal
gradient features. The ensemble of gradient-boosted decision trees is trained additively, with each new tree reducing
the accumulation of errors of the previous trees, by minimizing the detection loss function. Feature importance ranking
is used to determine the most discriminative hydraulic signatures for leakage detection, which can be used to make
detection decisions that can be interpreted and used for operational maintenance priority decisions throughout a district
metered area.

Lxgae) = Ty 10090 + iy, 2(F) . (6)

Equation (6) defines the XGBoost objective combining prediction loss over n samples with tree complexity
regularization across K estimators.

0(f) = ¥ + (5) 4 219, w? ()

The term regularizing the number of leaves T and the size of the leaf weights w is given by equation (7).
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9i = 957+ 0 feep (8

The additive prediction update at iteration t is given by equation (8) which scales each new tree contribution by
the learning rate 1.

E. EPANET-Based Hydraulic Simulation Model

The proposed framework uses the EPANET-based hydraulic simulation model as its physics-based
computational framework to accurately simulate water quality, flow and pressure throughout the water distribution
network. The simulation engine is an efficient Newton-Raphson based iterative solver which solves the coupled system
of conservation of mass equations at junction nodes and head-loss equations along pipe segments. Extended period
simulation is used to simulate the temporal evolution of network hydraulic states over extended time analysis periods
(between 24 and 72 hours) with user-specified time steps, which are typical of diurnal demand variations, tank level
changes and pump operational cycles. The model also incorporates pressure-driven demand analysis to accurately
represent the pressure deficit in the demand and thus, realistically assesses the pressure deficiency of the supply and
detects the pressure deficient areas that need infrastructure intervention.

F. Multi-Objective Infrastructure Optimization Using Genetic Algorithm

The Genetic Algorithm is used to optimize the infrastructure parameters (pipe diameters, pump schedules, valve
settings, changes in the infrastructure topology) to optimize the water losses, energy consumption and guarantee the
pressure adequacy in the network simultaneously, using a multi-objective optimization approach.

min F(x) = [fice faeoy faw) N C))

Equation (9) formulates the multi-objective problem minimizing water loss, energy use, and pressure
deviation simultaneously.

fl(x) = Zg}:ﬂQleak ,](P],D],A]) (10)

Total leakage flow is calculated for each link using equation (10) which relates total leakage flow to nodal
pressure, pipe diameter and pipe age.

fo) = Zg}zl}Ep X At . (1)

The total energy consumption is calculated using equation (11) which is the sum of the power draw of each
pump over all the time intervals it was operating.

gk(x):Pmin < P] < Pmax: Vj EN (12)

The hydraulic constraints imposed by equation (12) make sure that the nodal pressures are within acceptable
service pressure limits.

G. Intelligent Decision Support for Sustainable Water Resource Management

The intelligent decision-support module integrates the results of demand forecasting, leakage detection,
hydraulic simulation and optimization modules and presents them in a single dashboard for easy and intuitive
actionable infrastructure planning advice. The system calculates prioritized schedules for pipe replacement, pressure
zone reconfiguration and pump optimization and leakage repair using multi-criteria evaluation of cost-effectiveness,
urgency and sustainability impact. A variety of real-time performance measurements are tracked and compared to
sustainability standards, such as system input volume, non-revenue water percentage, infrastructure leakage index and
energy efficiency measurements, all of which can trigger adaptive management responses.

5. EXPERIMENTAL SETUP
A. Benchmark Water Network Dataset

An experimental evaluation is carried out with a benchmark network EPANET Net3, which is a medium scale
urban water distribution system with 92 junctions, 117 pipes, 2 reservoirs, 3 tanks and 2 pumps. The network supplies
around 50,000 consumers (population equivalent) in various pressure zones. A realistic diurnal pattern, seasonal
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variations, random consumption noise and the dependence on climate conditions were taken into account to generate
synthetic demand data for 105,120 temporal samples over a 36 month period, resulting in an extensive evaluation
dataset.

B. Simulation Environment and Configuration

All experiments were run on a workstation running an Intel Core 19-12900K processor, 64 GB of RAM and
NVIDIA RTX 3090 GPU. The software environment includes Python 3.10, TensorFlow 2.12 for implementing LSTM,
XGBoost 1.7.5 for leakage detection, EPANET 2.2 through the WNTR Python library for hydraulic simulation and
DEAP 1.3.3 for Genetic Algorithm optimization. Extended period simulations were set up with a hydraulic time step
of 5 minutes, and a pattern time step of 15 minutes for 72-hour analysis periods.

C. Hyperparameter Settings

The LSTM model has two layers: 128 hidden units in the first layer, and 64 hidden units in the second layer,
with dropout rates of 0.2 and 0.2 respectively, the learning rate is 0.001, Adam optimizer is used, batch size is 64 and
a sliding window of 96 timesteps (24 hours). The XGBoost classifier has 500 estimators, max depth of 8, learning rate
of 0.05, subsample ratio of 0.8 and colsample by tree of 0.7. The parameters used in the Genetic Algorithm are:
population size of 200, a probability of crossover of 0.85, a probability of mutation of 0.15 and 300 generations where
the top 5% individuals are retained.

6. RESULTS AND PERFORMANCE ANALYSIS

This section includes a detailed assessment of the proposed framework based on the Al system from various
performance aspects. The findings show that the integrated method consistently outperforms the baseline methods in
terms of accuracy of the demand forecast and the reliability of the leakage detection, hydraulic performance
optimization, water loss reduction, energy efficiency enhancement, and acceleration of decision-making, thereby
confirming the synergy between the use of Al predictive analytics and the use of simulation-based infrastructure
optimization.

A. Water Demand Forecasting Performance

TABLE II: Water Demand Forecasting Performance Comparison

Method MAE RMSE MAPE (%) R?

Proposed Framework 0.031 0.042 2.8 0.972
LSTM Standalone 0.048 0.063 4.5 0.915
Random Forest 0.057 0.074 53 0.887
Conventional Hydraulic 0.089 0.112 8.7 0.823

A comparison of the demand forecasting performance of all the methods studied is given in Table II. The
proposed framework is able to obtain the lowest MAE of 0.031 and the RMSE of 0.042, which are 35.4% and 33.3%
lower than the LSTM model, respectively. The highest prediction accuracy is obtained with MAPE of 2.8% and R-
squared of 0.972, which is due to the continuous refitting of the EPANET simulation with LSTM predictions, allowing
for the continuous improvement of the demand estimation. The Random Forest method, although suitable, has higher
error rates because it cannot model the long-range temporal dependencies that exist in water consumption patterns,
and the conventional hydraulic method has the highest error rates at 8.7% MAPE because it is based on static demand
assumptions. The proposed framework shows the best performance in terms of MAE (0.031), RMSE (0.042), and
MAPE (2.8%), as illustrated in figure 2, which is significantly better than the LSTM standalone, Random Forest and
traditional hydraulic approaches, proving the effectiveness of the integrated Al-simulation feedback calibration for the
demand prediction.
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Fig. 2. Comparative error metrics across forecasting methods showing proposed framework superiority in all

evaluate

B. Leakage Detection Performance

Table III shows the leakage detection performance of all the methods. The proposed framework obtains the best
accuracy of 95.8% and the balanced precision of 94.6% and recall of 96.1% which results in an F1 score of 95.3%.
The superior recall means that there are very few leakage events missed, which is very important to avoid water loss
escalation. The XGBoost classifier has the advantage of being informed by simulations, as it uses features from

d measures.

EPANET that are not available to data-only classifiers and are discriminative.

TABLE III: Leakage Detection Performance Comparison

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Proposed Framework 95.8 94.6 96.1 95.3
LSTM Standalone 89.2 87.8 88.5 88.1
Random Forest 86.5 84.2 85.7 84.9
Conventional Hydraulic 78.3 75.9 76.8 76.3

The LSTM method without the standalone architecture has an accuracy of 89.2%, however, it has limited spatial
awareness and the conventional method has an accuracy of 78.3% with unacceptable false negative rates, as seen in

figure 3, which could lead to undetected leakage events for long periods.
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Fig. 3. Leakage detection classification metrics demonstrating the proposed framework achieves highest
accuracy and F1-score.

C. Hydraulic Simulation and Pressure Analysis

The hydraulic simulation and the pressure stability analysis results are shown in Table IV. The proposed
framework gives a pressure stability index (PSI) of 92.1%, and the pressure standard deviation of only 2.1m, which is
27.9% better than traditional hydraulic method.

TABLE IV: Hydraulic Simulation and Pressure Stability Results

Method Mean P (m) Std P (m) PSI (%) Violations (%)
Proposed Framework 44.8 2.1 92.1 1.4
LSTM Standalone 43.2 3.8 83.4 4.7
Random Forest 425 4.6 79.6 6.2
Conventional Hydraulic 41.1 6.3 72.1 9.8

The mean pressure of 44.8 meters is very close to the target of 45 meters and only 1.4% of the pressure
boundaries exceeded, while 9.8% of the conventional approaches exceeded the boundaries. The GA optimised valve
settings and pump schedules provide effective control of pressure distribution throughout all of the district metered
areas, reducing excess pressures which increase leakage rates whilst also reducing pressures which are too low to
ensure service delivery.
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Fig. 4. 24-hour pressure profiles comparing proposed framework against conventional method with optimal
reference bounds.

Figure 4 shows the hourly changes in pressures throughout the water distribution system. Conventional method
shows considerable fluctuations and drops in pressure while the proposed one maintains pressure in the desired
operating range and closely follows the optimal pressure profile. The results show that the proposed Al-based
simulation framework has enhanced hydraulic stability, efficient pressure control, and increased reliability.

D. Water Loss Reduction and Energy Consumption Analysis
TABLE V: Water Loss and Energy Consumption Performance

Method Water Loss Loss Red. Energy Energy Red.
(%) (%) (kWh/ML) (%)

Proposed 14.2 31.6 156.3 24.3

Framework

LSTM Standalone 18.7 9.9 189.4 8.3

Random Forest 20.1 3.1 198.7 3.8

Conventional 20.8 — 206.5 —

Hydraulic

Table V shows the amount of water loss reduction and energy savings that each method provides. The proposed
framework reduces the water losses to 14.2% which is a 31.6% reduction from the conventional water loss of 20.8%,
as compared to the standalone LSTM which reduced water loss to 9.9% and Random Forest to 3.1%. Energy
consumption is reduced to 156.3 kWh per megalitre, a 24.3% reduction that is due to the pump scheduling optimized
by GA, which operates the pumps when energy tariffs are at their lowest, and when energy demands are at their lowest,
as illustrated in figure 5. The combination of the leakage detection and the pressure optimization positively reduces
water losses by allowing a fast identification of the leakages and an optimized pressure level.
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Fig. 5. Comparative water loss percentage and energy consumption across all evaluated methods.

TABLE VI: Infrastructure Optimization Performance Metrics

Metric Proposed LSTM RF Conv.
Reliability (%) 96.7 88.4 85.1 81.3
Resource Utilization (%) 91.8 82.3 78.9 72.6
Decision Speed (s) 12.4 18.7 21.3 16.1
Convergence Gen. 127 — — —
Fitness Value 0.942 0.871 0.843 0.798

The infrastructure optimization results in the proposed framework are shown in Table VI, which shows that the
proposed framework has a network reliability of 96.7%, which is 18.9% higher than the conventional network
reliability of 81.3%. Efficient use of infrastructure capacity to meet the demand requirements is reflected in the
resource utilization which increased by 26.4% to 91.8% as shown in figure 6. The GA optimization is able to converge
at generation 127 with a fitness value of 0.942, which is significantly higher than the baselines for standalone
optimizations. The 12.4 seconds decision-making speed is a 22.7% improvement over conventional planning that
allows infrastructure response in near real-time to emerging operational conditions.
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Fig. 6. GA optimization convergence curves showing proposed framework achieves superior fitness values
with faster convergence.
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E. Comparative Performance Analysis

All of the evaluation dimensions are summarised in Table VII. The proposed framework consistently performs
better than all baseline methods with the greatest benefits in the areas of water loss reduction (31.6%) and energy
consumption reduction (24.3%) due to the synergistic integration of predictive analytics, hydraulic simulation and
evolutionary optimization that is not available in methods that are implemented in silos. The high accuracy of the
demand prediction (97.2%) allows for accurate operational planning, and the leakage detection (95.8%) accuracy
allows leaks to be detected in the infrastructure in a timely manner.

TABLE VII: Comprehensive Comparative Performance Summary

Performance Metric Proposed LSTM RF Conv.
Demand Accuracy (%) 97.2 91.5 88.7 82.3
Leakage Detection (%) 95.8 89.2 86.5 78.3
Pressure Stability (%) 92.1 83.4 79.6 72.1
Water Loss Red. (%) 31.6 9.9 3.1 —
Energy Red. (%) 243 83 3.8 —
Reliability (%) 96.7 88.4 85.1 81.3
Resource Util. (%) 91.8 82.3 78.9 72.6

G. Statistical Significance and Ablation Study
TABLE VIII: Ablation Study Results

Configuration Accuracy (%) F1-Score (%) PSI (%) Loss Red. (%)
Full Framework 97.2 95.3 92.1 31.6

w/o LSTM 91.4 89.7 86.3 22.1

w/o XGBoost 89.8 84.2 83.7 18.4

w/o GA 88.2 87.5 78.4 12.7

w/o EPANET 84.6 82.1 71.8 8.3

The results of the ablation study, which quantify the contribution of each of the components of the framework,
are given in Table VIII. Removing the LSTM module can decrease the accuracy by 5.8%, which shows its importance
in the temporal demand prediction. The XGBoost deletion leads to the highest F1-score reduction (11.1 points), which
suggests that it is an important component of leakage detection. The GA optimization module makes the biggest
contribution to pressure stability with PSI decreasing by 13.7 when removed. The EPANET simulation module is the
module that has the greatest impact on all of the metrics when it is removed, showing that physics based hydraulic
modeling is a key component in making infrastructure planning decisions.

TABLE IX: Statistical Significance Analysis (Paired t-test, 30 runs)

Comparison Mean Diff. Std. Error t-statistic p-value
Proposed vs LSTM 5.71 0.42 13.60 <0.001
Proposed vs RF 8.52 0.56 15.21 <0.001
Proposed vs Conv. 14.89 0.73 20.40 <0.001

The results of the statistical significance of the proposed framework improvements in comparison to all baseline
methods by paired t-test analysis across 30 independent experimental runs is confirmed in Table IX. The p-values for
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all comparisons are less than 0.001, which is the 99.9% confidence level, and shows that the differences in performance
observed are statistically significant. The highest t-statistic of 20.40 is for the conventional hydraulic method, further
validating that Al-driven analytics and simulation-based optimization generate tangible and trustworthy performance
gains that are not due to chance. The ablation study and accuracy distribution of the proposed framework is shown in
figure 7. The combination of LSTM, XGBoost, Genetic Algorithm and EPANET provides the highest accuracy
(97.2%) but omitting any one of the components reduces accuracy. The proposed framework is further validated by
box plot analysis, to show greater accuracy, consistency, robustness and performance variability.
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Fig. 7. Ablation study bar chart and statistical box plot distributions confirming component-wise and overall
significance.

7. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

This study introduced a holistic system based on artificial intelligence (AI) for urban water infrastructure
planning, which combines the demand forecasting by long short-term memory (LSTM) network, leakage detection
using XGBoost (Extremely Randomized Trees), hydraulic simulation with EPANET, and multi-objective optimization
using genetic algorithm (GA) for sustainable water resource management. The proposed framework was evaluated on
the EPANET Net3 benchmark network, showing its superior performance in all performance aspects in comparison
to conventional hydraulic planning, LSTM alone and Random Forest. This framework was found to have an accuracy
of 97.2% in predicting the demand, 95.8% in leakage detection, 31.6% water loss reduction, 27.9% improvement in
the pressure stability, 24.3% reduction in energy consumption and 22.7% faster decision making, which were all
statistically significant at p <0.001. The ablation study confirmed that each component is useful to the overall system,
and that the EPANET simulation module is the physics-based modelling component necessary for the reliable planning
of infrastructure. The framework proposed here is designed to be scalable and intelligent, providing a platform for
making decisions that proactively manage water infrastructure in a manner that is data driven, moving away from
reactive maintenance to intelligent, optimisation-informed water infrastructure operation. Future research directions
encompass real-time digital twin integration to continuously monitor and update the model, further developments of
the framework to include graph neural networks for topologically-aware spatial predictions, the use of federated
learning approaches to preserve privacy when deploying the framework for multiple utilities, and testing the
framework on large-scale operational networks using real-world sensor data.
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