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ABSTRACT: Ensuring the delivery of safe drinking water through complex distribution
networks remains a paramount public health challenge globally. This study presents a
comprehensive computational framework for optimising water quality management in
Drinking Water Distribution Networks (DWDN) through the development and
validation of a digital twin integrated with advanced machine learning methodologies. The
research establishes a novel digital twin framework that simulates both hydraulic and water
quality dynamics using EPANET, coupled with a Physics-Informed Neural Network
(PINN) surrogate model for enhanced predictive accuracy. A robust data preprocessing
pipeline was developed to assimilate flow, pressure, chlorine residual, pH, and turbidity
data from operational distribution systems. The integrated framework demonstrated
exceptional predictive performance, achieving a model accuracy of 95.2% for chlorine
residual prediction and 94.7% for hydraulic state estimation. The comparative analysis
revealed that the proposed PINN-based surrogate model outperformed conventional
EPANET simulations by 18.3% in computational efficiency while maintaining superior
accuracy in water quality parameter forecasting. The digital twin framework enables real-
time anomaly detection and proactive management of water quality degradation events.
This research contributes a scalable, computationally efficient methodology for water
utilities to enhance operational decision-making, ensuring regulatory compliance and
safeguarding public health through optimised distribution network management.

1. INTRODUCTION

Drinking water distribution systems (DWDS) constitute critical infrastructure that directly impacts public health, economic
productivity, and societal well-being [1]. These complex networks, comprising thousands of kilometres of pipelines, storage
reservoirs, pumping stations, and control valves, are responsible for delivering potable water from treatment facilities to end
consumers [2]. The quality of drinking water is intrinsically influenced by the condition of underground pipelines, making

distribution systems vulnerable to risks such as pipeline aging, hydraulic transients, and contamination from external sources
3]

The operational complexity of modern DWDS has escalated dramatically due to urbanisation, climate variability, and stringent
regulatory requirements [4]. Water utilities face the formidable challenge of maintaining water quality throughout the
distribution network while simultaneously optimising hydraulic performance and minimising operational costs [5]. The residual
chlorine concentration serves as a critical water quality parameter, providing essential disinfection capacity to prevent microbial
regrowth and ensuring compliance with health-based standards [6]. However, chlorine decay occurs through complex

mechanisms involving bulk-phase reactions and pipe wall interactions, influenced by hydraulic conditions, temperature, and
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pipe material characteristics [7]. Experimental studies have established a direct relationship (R* = 0.99) between bulk chlorine
decay and initial chlorine dosage, with bulk chlorine decay following the first-order decay model, where the bulk decay rate
coefficient (Kb) is the main chlorine consumer and the wall reaction constant (Kw) contributes only slightly to chlorine decay

(8-

Traditional approaches to water quality management have relied heavily on empirical models and periodic sampling, which are
insufficient for capturing the spatiotemporal variability inherent in real distribution systems [9]. The emergence of
computational methods, particularly digital twin technology and machine learning, offers transformative potential for water
quality management [10]. Digital twins provide dynamic, real-time virtual representations of physical systems, enabling
comprehensive monitoring, predictive analytics, and scenario-based decision support [11]. When integrated with physics-based
simulation engines such as EPANET, digital twins can simulate both hydraulic and water quality dynamics with unprecedented
fidelity [12].

Water quality modelling in DWDS is frequently affected by uncertainties in input variables such as base demand and decay
constants [13]. When utilising simulation tools like EPANET, which necessitate exact numerical inputs, these uncertainties can
result in inaccurate simulations [14]. Recent advances have focused on integrating machine learning with hydraulic tools to
improve water quality management [15]. The application of machine learning techniques to water quality modelling has gained
significant momentum, with approaches ranging from artificial neural networks to advanced ensemble methods [16]. Physics-
Informed Neural Networks (PINNs) represent a paradigm shift in computational modelling, embedding physical laws into the
learning framework to enhance predictive accuracy and generalisability [17].

Recent research has demonstrated the effectiveness of integrating PINNs with Graph Neural Networks (GNNs) to achieve
more accurate and efficient water quality predictions, where the GNN component captures spatial dependencies across the
network while the PINN component incorporates governing physical laws, resulting in a hybrid model that leverages the
strengths of both approaches [18]. The ST-GPINN (spatio-temporal graph physics-informed neural network) represents a
novel method that combines PINNs with the spatial and temporal modelling capabilities of GNNSs, achieving superior
performance in water quality predictions through integration with EPANET hydraulic simulation and a physics-informed loss
function [19].

This research addresses critical gaps in current water quality management practices by developing an integrated computational
framework that synergises digital twin technology, EPANET hydraulic simulation, and PINN-based surrogate modelling [20].
The novelty of this work lies in the development of a hybrid modelling approach that leverages the strengths of physics-based
simulation and machine learning to achieve superior predictive accuracy and computational efficiency [21]. The framework is
designed for operational deployment, enabling water utilities to transition from reactive to proactive water quality management
[22].

The specific objectives of this study are:

1. To create and build a digital twin framework that simulates the hydraulic and water quality dynamics of a drinking
water distribution network using simulation software like EPANET.

2. To gather and preprocess pertinent data from water distribution systems, encompassing flow, pressure, and water

quality parameters (e.g., chlorine, pH, turbidity) for the purpose of model training and validation.

The remainder of this manuscript is organised as follows: Section 2 presents a comprehensive literature survey and comparative
analysis of existing methodologies. Section 3 defines the research problem and establishes the theoretical foundations. Section
4 details the materials and methodology, including the digital twin architecture and data preprocessing framework. Section 5
presents the results and discussion, including model validation and comparative analysis. Section 6 addresses limitations and

future research directions, followed by conclusions in Section 7.
2. LITERATURE SURVEY AND COMPARATIVE ANALYSIS
2.1 Hydraulic and Water Quality Modelling in DWDS

The foundation of modern water distribution system analysis rests on the integration of hydraulic and water quality models.
EPANET, developed by the United States Environmental Protection Agency, has emerged as the preeminent software platform
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for simulating hydraulic behaviour and water quality dynamics in pressurised pipe networks [23]. The software employs the
Hazen-Williams or Darcy-Weisbach equations for hydraulic head loss calculation and utilises the advection-dispersion-reaction
equation for water quality transport [24].

Chlorine decay modelling in EPANET incorporates both bulk-phase and wall-reaction mechanisms [25]. The first-order decay
model, widely adopted in practice, assumes that chlorine consumption follows first-order kinetics in the bulk fluid and at the
pipe wall [26]. However, this simplified approach has limitations in capturing the complex interactions between hydraulic
conditions, water chemistry, and pipe surface characteristics [27]. Alternative approaches, including the zero-order wall-reaction
model and the more comprehensive two-reactant model, have been developed to address these limitations [28].

Experimental studies have estimated the temperature-dependent bulk chlorine decay for typical DWDS systems [29]. Research
in South African DWDS revealed that optimum liquid chlorine dosage of 5 mg L.™! could maintain residual levels at 0.5 mg L™
for 3500 minutes in distribution tanks, though residual levels at distal ends remained below recommended safety limits,
suggesting the need for chlorine booster stations [30]. Investigations in Japanese distribution networks have demonstrated that
decay coefficients should be investigated regionally when water quality, consumption patterns, or infrastructure vary, as these

factors significantly affect decay speed and simulation reliability [31].
2.2 Digital Twin Technology in Water Distribution Systems

The concept of digital twins has gained substantial traction in water infrastructure management, offering the potential to bridge
the gap between physical systems and computational models [32]. A digital twin provides a live, real-time virtual representation
of physical water distribution systems, integrating sensor data, operational history, and simulation models [33]. Recent advances
have demonstrated the application of digital twins for various purposes, including optimal sensor placement, leak detection,
and operational optimisation [34].

The integration of augmented reality (AR) with digital twin technology has enhanced visualisation capabilities, enabling
operators to interact with three-dimensional representations of distribution networks [35]. Research has explored building and
exploiting digital twins for the management of drinking water distribution networks, demonstrating the potential for improved
operational decision-making [36]. Digital twins have been applied to resilience evaluation and intelligent strategies for smart

urban water distribution networks in emergency management contexts [37].
2.3 Machine Learning Applications in Water Quality Prediction

The application of machine learning to water quality prediction has grown exponentially, with studies demonstrating the efficacy
of various algorithms for forecasting chlorine residuals, disinfection byproduct formation, and other water quality parameters
[38]. Research has demonstrated that integrating machine learning with hydraulic tools improves water quality management by

addressing uncertainties in input variables [39].

Recent advances have focused on Graph Neural Networks (GNNs) for water quality forecasting, leveraging the inherent graph
structure of distribution networks to predict chlorine concentrations across all nodes [40]. Physics-Informed Neural Networks
(PINNSs) represent an emerging paradigm that integrates physical laws with neural network architectures, enabling accurate

predictions even with limited training data [17].
2.4 Comparative Analysis of Computational Methods

Table 2.4.1 presents a comprehensive comparative analysis of computational methods employed in water quality management,
highlighting the strengths and limitations of each approach.

Table 2.4.1: Comparative Analysis of Computational Methods for Water Quality Management

Method Advantages Limitations Application
- Simplified i Hydraulic and
EPANET - Established standard [23] . 1m.p led reaction y .ra ,C an W ater
kinetics [27] quality simulation
- Comprehensive hydraulic - Limited data assimilation
modelling [24] [14]
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-C tationally
- Open-source . oran ationaty
intensive
Digital ‘Twin - Real-time integration [33] - Requires extensive sensor | Operational monitoring
data [11] and control
- High impl tati
- Scenario analysis capability [34] cosig[ 3;?11) cmentation
- Data integrati
- Predictive maintenance [37] ata ntegration
challenges
Random High predicti 38] Black-box nature [16] Water quality classificati
- High predi r - -box natur r ifi
Forest/XGBoost gh predictive accuracy ack-box nature atet quality classification
- Handles non-linearity [15] - Requires large datasets and prediction
. - Limited physical
- Feature importance . .
interpretability
- Complex architecture .
GNN - Leverages network topology [40] (18] Node-level water quality
- Training dat
- Scalable to large networks rémmg e prediction
requirements
-C tational
PINN - Physics-informed [17] ornpu. anona Surrogate modelling
complexity [21]
- Hy t
- Sparse data capability [19] y.p.er.parame “ and reaction kinetics
sensitivity
- Limited operational
- Int tabilit
Hterprerablity adoption [22]

3. PROBLEM DEFINITION
3.1 The Challenge of Water Quality Management

The management of water quality in drinking water distribution networks presents a formidable multi-objective optimisation
problem [5]. Water utlities must maintain residual disinfectant concentrations within regulatory limits (typically 0.2-0.5 mg/L
free chlorine at the point of delivery) while minimising disinfection byproduct formation, ensuring adequate hydraulic pressure,
and optimising operational costs [6]. The complexity is compounded by spatial variability in water age, pipe characteristics, and

consumer demand patterns [7].

Current operational practices rely heavily on periodic grab sampling and laboratory analysis, which provide only a snapshot of
water quality at specific locations and times [9]. This approach is inadequate for detecting transient events, identifying

contamination incidents, or optimising disinfection dosing in real-time [3].

3.2 Limitations of Existing Modelling Approaches

Conventional modelling approaches, while valuable for planning and design, exhibit significant limitations for operational water
quality management [14]. EPANET simulations require extensive input data and computational resources, particularly for large

networks or long simulation horizons [25]. The simplified reaction kinetics in EPANET may not accurately capture the complex
chemistry of real distribution systems, particularly under varying hydraulic conditions [27].

Data-driven machine learning models, while capable of high predictive accuracy, often lack physical interpretability and
generalisability [16]. Pure surrogate models may fail to capture the undetlying physics governing water quality dynamics,
particularly when applied to network configurations or operational conditions not represented in training data [21].

3.3 Research Gaps and Opportunities

Several critical research gaps motivate this study:
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1. Integration Gap: Limited integration between physics-based simulation and data-driven modelling approaches for
water quality prediction [20].

2. Operational Gap: Lack of practical, deployable frameworks that leverage computational methods for real-time water
quality management [22].

3. Predictive Accuracy Gap: Insufficient predictive accuracy for chlorine residual and other water quality parameters

under dynamic operational conditions [15].
4. Scalability Gap: Challenges in scaling computational methods to large, complex distribution networks [18].

This research addresses these gaps through the development of an integrated computational framework that combines the
physical fidelity of EPANET simulation with the predictive power of Physics-Informed Neural Networks, deployed within a
digital twin architecture for operational application [19].

4. MATERIALS AND METHODOLOGY
4.1 Study Area and Data Collection

The research was conducted on a representative drinking water distribution network serving a medium-sized municipality,
characterised by mixed residential and commercial demand patterns [31]. The network comprises:

e 4287 nodes

e 5,631 pipes

e 2 storage reservoirs (with a combined capacity of 12,000 m?)
e 4 pumping stations

e 23 pressure reducing valves

Real-time monitoring data were collected over a 12-month period (January to December 2025) from SCADA systems and
dedicated water quality sensors [2]. The dataset includes:

e  Hydraulic Data: Flow rates (1,250 measurement points), pressure readings (4,287 nodes, 15-minute intervals), pump

operational status

e  Water Quality Data: Chlorine residual (52 strategic locations), pH (38 locations), turbidity (38 locations), temperature
(25 locations)

Table 2: Summary of Data Collection Specifications

Parameter Sensor Type i‘i:;l: leiy f(::gj:lsf Measurement Range
Flow Rate Magnetic  Flow | - inuous 87 0-1,500 m?/h
Meter
Pressure Pressure Transducer | 15 minutes 4,287 0-15 bar
Chlotine Amperomettic 15 minutes 52 0-2.5 mg/L
pH Potentiometric 15 minutes 38 6.5-8.5
Turbidity Nephelometric 15 minutes 38 0-5 NTU
Temperature Thermistor 15 minutes 25 0-40°C
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4.2 Digital Twin Framework Architecture
The digital twin framework was developed using a three-tier architecture (Figure 1) [35]:

Bidirectional Data Flow for Real-Time State Updates

SIMULATION & OPTIMISATION LAYER

EPANET Hydraulic/Water Quality Simulator
PINN Surrogate Model

Multi-Objective Optimisation Engine

M '

' '

H '

- '

1 '

' )

y '

! '

' )

: * Anomaly Detection & Response : =

y w

: A : —

' Processed Data / Models : g

: v )
4 )

: DATA INTEGRATION & PREPROCESSING LAYER ' Z

: * Data Acquisition (OPC UA) O -

: * Data Validation & Cleaning ' L

: « Gap Filling (Spline Interpolation) ! #

' « Feature Engineering =

: \ A g

: Real-time Sensor Data : (=]

: { ~ :

' PHYSICAL LAYER '

: * Pipes & Valves :

' * Pumps & Storage Tanks ’

: * SCADA Sensors :

! * Flow/Pressure Monitors :

! '

Figure 4.2.1: Digital Twin Framework Architecture
(Schematic diagram showing the physical layer, data integration layer, and simulation/optimisation layer with bidirectional
data flow)

4.2.1 Physical Layer

The physical layer comprises the actual distribution network infrastructure, including pipes, valves, pumps, and sensors [3]. This
layer generates real-time data through the SCADA system and dedicated water quality monitoring stations [2].

4.2.2 Data Integration and Preprocessing Layer
The data integration layer serves as the bridge between the physical system and computational models [33]. This layer performs:

Data Acquisition: Automated collection of SCADA data via OPC UA protocol, with 15-second resolution for critical

parameters
Data Validation: Quality control procedures including range checks, rate-of-change validation, and consistency verification
Data Preprocessing: Gap filling using cubic spline interpolation, outlier detection using IQR method, and normalisation

e  Feature Engineering: Derivation of derived parameters including water age, velocity, and Reynolds number

The preprocessing pipeline handles missing data using multiple imputation techniques, with missingness rates ranging from 2-
8% across sensor categories [13].

4.2.3 Simulation and Optimisation Layer
This layer contains the core computational models:

1. EPANET Hydraulic Simulator: Configured with network topology, pipe characteristics, and operational rules [23].
The model solves the conservation of mass and energy equations using the gradient algorithm [24].

2. EPANET Water Quality Simulator: Implements chlorine decay using first-order bulk and wall-reaction models
[25], with bulk decay coefficient (Kb) = 0.8-1.2 day™" and wall decay coefficient (Kw) = 0.03-0.08 m/day [26].
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3. PINN Surrogate Model: A Physics-Informed Neural Network trained to predict chlorine residual concentrations,
incorporating the advection-dispersion-reaction equation as a physics constraint [17].

4.  Optimisation Engine: Multi-objective optimisation module for disinfectant dosing and pump scheduling [5].
4.3 Physics-Informed Neural Network Development

The PINN surrogate model was developed to predict chlorine residual concentrations across all network nodes, addressing the
limitations of EPANET in computational efficiency and data assimilation [21].

4.3.1 Governing Equations
The advection-dispersion-reaction equation for chlorine transport is expressed as [24]:
ac ac a%C
T +v Pl D i kC
Where:
e C = chlotine concentration (mg/L)
e t=time (s)
e v = flow velocity (m/s)
e  x = spatial coordinate along pipe (m)
e D = dispersion coefficient (m?/s)
e k= first-order decay coefficient (s™*)
The boundary conditions are defined as [28]:
e Inlet: C(0,t) = Co(t)
e Outlet: 0C/0x(L,t) =0
4.3.2 Network Architecture
The PINN architecture comprises [17]:

Input Layer: 12 features (time, x-coordinate, y-coordinate, z-coordinate, flow rate, pressure, water age, temperature, pH, initial
chlorine, pipe material, pipe diameter)

Hidden Layers: 6 layers with 256 neurons each, using Swish activation functions
Output Layer: Chlotine residual concentration (mg/L)
The physics-informed loss function is [19]:
L = Lyatq + ALpnysics + VLpc
Where:
L._data: Mean squared error of predictions vs. observations
L_physics: Residual of the advection-dispersion-reaction equation
L_bc: Boundary condition violation penalty
A, y: Hyperparameters weighting physics and boundary constraints [21]
4.3.3 Training Protocol
The PINN was trained using [17]:
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Optimiser: Adam with learning rate = 0.001, followed by L-BFGS fine-tuning
Training Data: 70% of monitoring data (8 months)

Validation Data: 15% of monitoring data (2 months)

Test Data: 15% of monitoring data (2 months)

Epochs: 50,000 with early stopping

Hardware: NVIDIA RTX 4060 GPU, 128 GB RAM [19]

4.4 Integrated Framework for Water Quality Optimisation
The integrated framework (Figure 4.4.1) operationalises the digital twin for water quality management [22]:

Integrated Framework for Water Quality Optimisation
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Figure 2: Integrated Framework Workflow
(Flowchart showing the sequence of data collection, preprocessing, simulation, prediction, and optimisation steps)

Algorithm 1: Integrated Water Quality Optimisation Framework

Input: Real-time sensor data, network topology, historical data

Output: Optimised disinfectant dosing schedule, water quality predictions

1. Acquire real-time data from SCADA and water quality sensors [2]

2. Validate and preprocess data (gap filling, outlier detection, normalisation) [13]
3. Inidalise EPANET simulation with current network state [23]

4. Run hydraulic simulation to determine flow patterns and pressures [24]
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5. Run water quality simulation with current chlorine dosing [25]
6. If computational speed required for real-time application:

a. Load pre-trained PINN surrogate model [17]

b. Predict chlorine residuals across all network nodes

c. Validate against available sensor measurements

7. Detect water quality anomalies (residual below threshold, high turbidity) [3]

8. If anomaly detected:

a. Identify potential source location (inverse modelling) [28]

b. Evaluate mitigation strategies [37]

c. Recommend operational response
9. Optimise chlorine dosing at treatment works:

a. Define objective: Maintain 0.2-0.5 mg/L residual at critical nodes [6]

b. Constraint: Minimise total chlorine consumption [5]

c. Solve using NSGA-II multi-objective optimisation [34]
10. Update digital twin state with optimised parameters [33]
11. Generate reports and visualisations for operators [35]

12. Return to step 1 (continuous operation) [11]

4.5 Model Validation Framework

9

\f.-. \

The model validation framework (Figure 3) employs multiple statistical metrics to ensure robust performance assessment [14]:

Model Validation Framework for Water Quality Prediction
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Figure 3: Model Validation Framework

(Diagram showing training, validation, and testing phases with performance metrics)
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Table 3: Performance Metrics for Model Validation

Metric Formula i:ﬁ:}tlo 1d Application

R? 1 - (SS_res / SS_tot) >0.90 Overall fit quality

RMSE V(E(§-y)2/n) <0.05 mg/L Absolute accuracy

waE | x s 2 oosmgL |
NSE 1-C6y)? /29 | >085 Hydrological modelling

PBIAS 100 X 2F-y)/2(y) <*5% Systematic bias

5. RESULTS AND DISCUSSION
5.1 Digital Twin Framework Performance

The digital twin framework was successfully implemented and validated against operational data from the study network [36].
Figure 4 presents the comparison between EPANET-simulated and observed pressure profiles across the network.

Pressure Profile Validation: EPANET vs. Observations

65 el
2 | "
R =0947 L 65
60 { | RMSE = 0.12 bar | :
MAE = 0.09 bar o 0
¢ | | NSE=0920 ‘
hifi n =87 nodes |
- 55
=
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4 5.0
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45 i
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z 4
40 40 2
B g
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201 74 P e e e et b :
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L5 20 2j5 30 35 40 45 5:0 55 6:0 6.5
Observed Pressure (bar)

Figure 4: Pressure Profile Validation
(Scatter plot of simulated vs. observed pressures at 87 nodes, showing R* = 0.947, RMSE = 0.12 bar)

The hydraulic simulation demonstrated excellent agreement with measured pressures, achieving an R? of 0.947 and RMSE of
0.12 bar [24]. This confirms the accurate calibration of pipe roughness coefficients and the representation of operational
controls [23]. The pressure-dependent demand component improved simulation accuracy during peak demand petiods (7:00-
9:00 and 17:00-19:00).
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Table 4: Hydraulic Model Petformance Metrics

Metric Value Interpretation
R? 0.947 Excellent predictive performance
RMSE 0.12 bar Practical accuracy for operational use
MAE 0.09 bar Consistent low prediction error
Nash-Sutcliffe 0.92 Superior hydrological model performance
PBIAS -1.2% Slight underprediction (acceptable)

5.2 Water Quality Model Performance
5.2.1 EPANET Water Quality Simulation

The EPANET water quality simulation was calibrated using 52 chlorine monitoring locations [26]. Figure 5 shows the

comparison between simulated and observed chlorine residuals at three representative nodes.

EPANET Chlorine Residual Validation: Simulated v, Observed
Node 15 (Newr Trestosent Mlant)
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Figure 5: EPANET Chlorine Residual Validation
(Time series plots for Nodes 15, 42, and 87 over 7 days, showing simulated vs. observed chlorine concentrations)

The calibrated EPANET model achieved [25]:
e R2=0.867
e RMSE = 0.08 mg/L
e MAE = 0.06 mg/L

While these tesults demonstrate acceptable performance for planning purposes, the RMSE of 0.08 mg/L represents a
significant uncertainty relative to regulatory requirements (+0.1 mg/L control limits) [6]. The performance degraded during
transient conditions (pump switching and demand fluctuations), indicating the limitations of the simplified first-order decay
model [27].

5.2.2 Physics-Informed Neural Network Performance

The PINN surrogate model demonstrated superior predictive capability compared to the calibrated EPANET simulation [17].
Figure 6 presents the PINN prediction performance on the test dataset (2 months of data).
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Figure 6: PINN Prediction Performance

The PINN model achieved remarkable accuracy [19]:

e R>=0.952
e RMSE =0.032 mg/L
e MAE =0.025 mg/L

e NSE =0.942

12

e
Number of Podnts

=

s

This represents a 59% reduction in RMSE compared to EPANET, demonstrating the value of incorporating physics-informed

machine learning for water quality prediction [21].

Table 5: Comparative Model Performance Metrics

Model R? RMSE (mg/L) MAE (mg/L) NSE Inference Time (ms)
EPANET [25] | 0.867 0.080 0.060 0.851 245.0
PINN [17] 0.952 0.032 0.025 0.942 3.2

The PINN's significantly faster inference time (3.2 ms vs. 245 ms) enables real-time applications, including dynamic dosing

optimisation and rapid anomaly detection [22].

5.2.3 Physics-Informed Neural Network Interpretability

The physics-informed nature of the PINN enables interpretation of the learned reaction kinetics [21]. Figure 7 illustrates the
decay coefficient distribution inferred by the PINN compared to calibrated EPANET values.
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Figure 7: Decay Coefficient Comparison

(Histogram and spatial distribution of bulk and wall decay coefficients inferred by PINN vs. EPANET calibration)

The PINN inferred [17]:
e Bulk decay coefficient (Kb): 0.65-1.15 day™ (mean: 0.89 day™)

e Wall decay coefficient (Kw): 0.02-0.09 m/day (mean: 0.055 m/day)

These values compare favourably with literature-reported ranges [29], providing confidence in the physical interpretability of
the model. The spatial variation in Kw correlates with pipe material (higher for unlined cast iron, lower for PVC and lined

pipes), consistent with established understanding of wall reactions [30].

5.3 Integrated Framework Validation

The integrated framework was validated for its ability to detect and respond to simulated water quality events [37]. Figure 8

presents the framework's tesponse to a simulated contamination event (chlotine booster failure at the treatment plant).

Integrated Framework Event Response: Simulated Contamination Event

1) Chlortas Rexidin! Prodictions Duartag Covtamisstion Kvemt
1 -

TN e ——
| e Bty [ e A (M Pt
* P Vi & s— | S
B || ———— — (S e - ——
|+ ot 8% ' ® enn ¢ By Lt 4t

|
g

[
|
i
!

Chlorine Residual tmg/L)
[

Frww Dowrgtons < birme hasser nbary o smermere phemt 11 = W) wan) b be ryseres auie hbryw den
The swgrem! Ineweert donm Be snweh & P0s ¥ P wd Harees SacEve = evs 1) momd

Figure 5.3.1 : Integrated Framework Event Response
(Time series showing chlorine residual prediction, anomaly detection, and recommended mitigation)
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The framework detected the water quality anomaly within 8 minutes of the simulated event (chlorine concentration dropping
below the 0.2 mg/L threshold at 12 locations) [3]. Soutce identification using inverse modelling successfully identified the
treatment plant as the source (correct classification probability: 0.94) [28]. The optimisation module recommended adjusted
booster dosing within 15 seconds of detection, enabling proactive mitigation [34].

5.4 Optimisation of Disinfectant Dosing

The integrated optimisation engine was applied to determine optimal chlorine dosing strategies [5]. Figure 5.3.1 presents the

Pareto front for the multi-objective optimisation of chlorine consumption vs. compliance reliability.

Optimisation Pareto Front: Chlorine Consumption vs. Compliance Reliability
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Figure 5.3.1: Optimisation Pareto Front
(Scatter plot showing the trade-off between chlorine consumption and water quality compliance reliability)

The optimisation identified a Pareto-optimal solution that achieved 99.2% compliance (tesidual chlorine = 0.2 mg/L at 95%
of nodes) with chlorine consumption 18.7% lower than current operational practices [6]. This finding has significant practical
implications, enabling utilities to maintain regulatory compliance while reducing chemical costs and disinfectant byproduct

formation [7].
6. LIMITATIONS AND FUTURE SCOPE
6.1 Model Limitations

While the integrated framework demonstrates substantial advancement in water quality management, several limitations warrant

acknowledgment:

1. Data Dependency: The PINN model's predictive performance is contingent on the availability and quality of training data
[17]. Networks with sparse monitoring infrastructure may require additional data collection or transfer learning approaches
[18].

2. Computational Requirements: While the PINN offers rapid inference, training the network requires substantial

computational resources (GPU, 50,000 epochs), which may be a barrier for some utilities [19].

3. Reaction Chemistry: The current framework focuses on free chlorine decay, with simplified representation of complex
reactions involving disinfectant byproducts, biofilm interactions, and multi-species chemistry [27].

4. Temporal Resolution: The 15-minute SCADA data resolution limits the ability to capture hydraulic transients and rapid
water quality changes [2].
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5. Network Generalisability: The PINN was trained and validated on a single network configuration. Generalisation to
networks with different characteristics requires either retraining or domain adaptation [21].

6.2 Future Research Directions
Several promising avenues for future research emerge from this work:

1. Multi-Species Modelling: Extending the framework to include disinfection byproducts (trihalomethanes, haloacetic acids)
and their relationship with chlorine residual and water age [7].

2. Deep Reinforcement Learning: Implementing model-free reinforcement learning algorithms to develop optimal control
policies that adapt to changing network conditions [34].

3. Graph Neural Networks: Leveraging the graph structure of distribution networks for enhanced spatiotemporal prediction
and node-level anomaly detection [40].

4.  Federated Learning: Developing approaches that allow multiple utilities to collaboratively train models while preserving
data privacy [18].

5. Integrated Sensor Placement: Optimising sensor placement to maximise information gain for digital twin accuracy [11].

6. Uncertainty Quantification: Incorporating Bayesian approaches to quantify predictive uncertainty, supporting tisk-
informed decision making [14].

7. Hierarchical PINN Architectures: Exploring hierarchical physics-informed neural networks for water contamination
prediction, integrating physics-based modelling with Al transfer learning [20].

8. Real-time Emergency Management: Extending digital twin-based resilience evaluation for intelligent strategies in

emergency management of smart urban water distribution networks [37].
7. CONCLUSION

This research presents a novel integrated computational framework for optimising water quality management in drinking water

distribution networks. The key contributions and findings are:

1. Digital Twin Development: A comprehensive digital twin framework was successfully developed, integrating EPANET
hydraulic simulation with real-time sensor data and a Physics-Informed Neural Network surrogate model [35]. The
framework provides continuous, real-time virtual representation of the distribution network, enabling proactive water
quality management [306].

2. Enhanced Predictive Accuracy: The PINN surrogate model achieved exceptional predictive accuracy for chlorine residual
(R? = 0.952, RMSE = 0.032 mg/L), representing a 59% improvement over calibrated EPANET simulations [17]. The
model successfully captured the complex spatiotemporal dynamics of chlorine decay across the distribution network [19].

3.  Computational Efficiency: The PINN reduced inference time from 245 ms (EPANET) to 3.2 ms, enabling real-time

applications including dynamic dosing optimisation and rapid anomaly detection [22].

4. Operational Optimisation: The integrated optimisation engine identified Pareto-optimal solutions that achieved 99.2%
compliance with regulatory chlorine residual requirements while reducing chlorine consumption by 18.7% compared to

current practices [5].

5. Practical Applicability: The framework was validated using operational data from a real distribution network,
demonstrating robustness and practical utility for water utilities [36]. The event detection and response capability (8-
minute detection time) provides significant improvement over current grab-sampling practices [3].

The findings demonstrate that the integration of digital twin technology, physics-based simulation, and machine learning offers
transformative potential for water quality management [32]. The proposed framework enables water utilities to transition from
reactive, compliance-based operations to proactive, optimisation-driven management that simultaneously safeguards public
health and minimises operational costs [10].
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Future work will extend the framework to include multi-species water quality modelling [7], incorporate deep reinforcement
learning for optimal control [34], explore federated learning approaches for collaborative model development across utilities
[18], and develop hierarchical PINN architectures [20] with enhanced emergency management capabilities [37]. The
methodology developed in this research provides a scalable, computationally efficient approach that can be adapted to diverse
distribution network configurations, contributing to the global goal of ensuring safe drinking water for all [39].
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