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Abstract— In this paper, Artificial Neural
Networks (ANNs)-based water consumption and
pressure prediction for a Water Distribution
Network (WDN) is presented. The case is the
Dakkada Towers water distribution network (WDN)
in Uyo metropolis in Akwa Ibom State Nigeria. The
water consumption distribution for the Dakkada
Towers water distribution network (WDN) was
modelled using a multi-layer perceptron (MLP)
trained on 720 samples (2023-2024, 30 nodes).
Input features included elevation (35-55 m), pipe
diameter (100-300 mm), flow rate (1-5 L/s),
pressure anomalies, and seasonal indicators (wet:
Apr-Oct, dry: Nov—Mar), capturing Uyo’s tropical
climate dynamics. The ANN achieved an R? of 0.96
and an MSE of 0.08 for daily consumption (4—-20
m?/day), exceeding the target R? = 0.95. Similarly,
for the pressure prediction the ANN achieved an
R? of 0.95 and RMSE of 0.25 bar for nodal
pressures (2.5-3.5 bar), meeting targets of R =
0.95 and RMSE < 0.3 bar. Compared to a Random
Forest baseline (R*> = 0.90), the ANN better
modelled complex hydraulic interactions by
leveraging nonlinear feature relationships. This
precision enhances real-time pressure monitoring,
optimising pump operations and reducing the risk
of pipe stress.
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1. INTRODUCTION

Water distribution networks (WDNSs) constitute
one of the most vital infrastructures for modern society,
underpinning public health, economic productivity, and
social welfare [1,2,3]. These systems, comprising pipes,
pumps, reservoirs, valves, and monitoring devices, serve as
the critical medium for transporting potable water from

treatment facilities to end-users across domestic,
commercial, and industrial settings [4,5,6]. The
performance of a WDN is judged not only by its capacity to
deliver adequate volumes of water but also by its ability to
maintain reliable pressure levels, ensure water quality, and
minimise losses due to leakages or inefficiencies [7,8].
However, despite their indispensable role, WDNs across the
globe face increasing strain from rapid urbanisation,
population growth, climate variability, and the progressive
deterioration of ageing infrastructure [9,10,11]

Notably, large facilities such as the Dakkada
Towers in Uyo metropolis [12] require sophisticated water
distribution systems to manage demand across multiple
floors and to maintain adequate pressure gradients in a
tropical climate with high seasonal variability. Traditional
approaches to WDN modelling have relied heavily on
physics-based hydraulic simulation tools such as EPANET,
which employ conservation of mass and energy principles
to compute flows, pressures, and head losses across
network elements [13,14]. While these models are effective
for design and planning, they often struggle in real-time
applications due to their computational intensity, sensitivity
to input data, and inability to fully capture the stochastic,
non-linear dynamics of real-world systems [15]. Moreover,
the calibration of such models requires extensive field
measurement such as roughness coefficients, demand
multipliers, and pressure logs that are frequently
unavailable or unreliable in developing contexts [16]. This
creates a methodological gap: utilities need tools that are
both computationally efficient and adaptive to incomplete
or noisy datasets. Accordingly, in this work, Artificial
Neural Networks (ANNSs)-based water consumption and
pressure prediction for a Water Distribution Network
(WDN) is presented. By integrating consumption and
pressure prediction into a unified ANN framework, the
study enabled near real-time forecasting, supporting
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operational strategies such as pump scheduling and demand
management.
2. METHODOLOGY

2.1 The Artificial Neural Networks (ANNs) Model for
Consumption and Pressure Prediction

In this work, Artificial Neural Networks (ANNs)
were developed to predict water consumption and nodal
pressures, serving as data-driven surrogates to conventional
hydraulic simulations. The models were implemented using
TensorFlow/Keras, with the Multilayer Perceptron (MLP)
architecture selected for its proven efficiency in regression
tasks. The input features comprised historical and synthetic
datasets, including flow rates, pipe diameters, elevations,
and temporal demand variables, while the outputs were
water consumption (L) and nodal pressure (kPa). To
improve convergence, all features were normalised to a [0—
1] range. The ANN architecture consisted of an input layer,
multiple hidden layers (ReLU activation for non-linearity),
and an output layer with linear activation, suitable for
continuous variable prediction. Hyperparameters, including
learning rate, number of hidden neurons, and batch size,
were tuned through grid search and cross-validation,
optimising performance while mitigating overfitting.
Training was conducted using backpropagation with the
Adam optimiser and early stopping to prevent excessive
training epochs. The dataset was partitioned into training
(70%), validation (15%), and testing (15%) sets, ensuring
robust generalisation. Model performance was assessed
using R%, MSE, and RMSE, with results benchmarked
against Random Forest regressors. By integrating
consumption and pressure prediction into a unified ANN
framework, the study enabled near real-time forecasting,
supporting operational strategies such as pump scheduling
and demand management as shown in Figure 1.

Input Data:
Flow, Pipe Diameter, Elevation, Demand

Data Preprocessing
(Normalization, Train-Test Split)

Define ANN Architecture
(Input — Hidden Layers — Output)

Training
(Backpropagation, Adam Optimiser)

Hyperparameter Tuning
(Grid Search, Cross-Validation)

Model Validation
(R*, MSE, RMSE)

Final ANN Model for
Consumption & Pressure Prediction
Figure 1: ANN development for consumption and
pressure prediction flow chart

2.2 The Case Study Dataset

The dataset used is from the case study Dakkada
Towers Water Distribution Network (WDN). It consists of
two years of daily data records of the pressure and water
consumption for the case study WDN. Summary of the
statistical analysis of the water pressure and daily water
consumption is presented in Table 1. Also, the scatter plot
of the daily water pressure over a period of two years is
presented in Figure 2. Again, the scatter plot of the daily
water consumption over a period of two years is presented
in Figure 3.

The water pressure lhas average value of 299.4289
kPa, and no missing value was recorded over the two years
period. The water consumption has average value of
8,772.64 L per day, and no missing value was recorded over
the two years period. The minimum water consumption is
2,880 L per day while the maximum water consumption is
14,284.8 L per day.
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Table 1 Summary of the statistical analysis of the water

pressure and daily water consumption

S/N Groups Pressure (kPa) Water Consumption (L)
1 Number of observations 720 720
2 [Number of missing values 0 0
3 [Minimum 250.1 2,880
4 [Maximum 349.6 14,284.8
5 [Range 99.5 11,404.8
6 [Mean (X) 299.4289 8,772.64
7 Standard Deviation (S) 28.4917 3,281.4093
8 Q1 274.9 6,033.6
9 [Median 298.55 8,942.4
10 Q3 324.45 11,649.6
11 [Interquartile range 49.55 5,616
12 Skewness 0.03038 -0.07626
13 |[Excess kurtosis -1.1686 -1.1994
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Figure 2 The scatter plot of the daily water pressure over a period of two years
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Figure 3 The scatter plot of the daily water consumption over a period of two years

2.3 The Model Training and Validation

The training and validation of the Artificial Neural
Network (ANN) model for the Dakkada Towers water
distribution network (WDN) utilised a multi-layer
perceptron (MLP) architecture, as detailed in the provided
Jupyter Notebook code. The dataset, comprising 720
samples across 30 nodes from January 2023 to December
2024, was split into 80% training and 20% testing sets, with
time-based partitioning to preserve temporal dependencies.
Features, including elevation (35-55 m), pipe diameter
(100-300 mm), flow rate (1-5 L/s), and engineered
variables  (example, pressure anomalies, seasonal
indicators), were standardised using StandardScaler to
ensure convergence. The ANN models for consumption (4—
20 m’/day) and pressure (2.5-3.5 bar) prediction, leak
detection (85-90% accuracy target), and localization
(<100m error) were trained using TensorFlow/Keras with
Adam optimizer (learning rate 0.001), incorporating
dropout (0.2) and early stopping (patience=10) to prevent
overfitting.

3. RESULTS AND DISCUSSION
3.1 The ANN model’s training and validation loss and
accuracy trajectories

The graph in Figure 4 and Figure 5 illustrate the
ANN model’s training and validation loss and accuracy
trajectories, respectively, over 100-500 epochs. The
prediction model achieved R? > 0.95 and MSE < 0.1, with
loss curves converging after ~150 epochs, indicating robust
generalisation. The detection model’s accuracy stabilised at
88%, as shown in Figure 5, with balanced precision/recall
via SMOTE addressing leak data imbalance (~50 leaks).
Localisation errors averaged 80m, leveraging synthetic
node coordinates. Cross-validation (5-fold) confirmed
consistency, though monthly data granularity limited real-
time precision. Compared to Random Forest baselines,
ANN models outperformed in capturing non-linear
hydraulic patterns, critical for Uyo’s complex WDN. These
results validate the models’ efficacy for operational
monitoring, supporting proactive maintenance and loss
reduction (20-30%).
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Figure 5: Training and validation accuracy plot

3.2 The Results of the ANN model’s Water Consumption
Distribution Prediction

The water consumption distribution for the
Dakkada Towers water distribution network (WDN) was
modelled using a multi-layer perceptron (MLP) trained on
720 samples (2023-2024, 30 nodes). Input features
included elevation (35-55 m), pipe diameter (100-300
mm), flow rate (1-5 L/s), pressure anomalies, and seasonal
indicators (wet: Apr—Oct, dry: Nov—Mar), capturing Uyo’s

tropical climate dynamics. The ANN achieved an R? of 0.96
and an MSE of 0.08 for daily consumption (420 m3/day),
exceeding the target R > 0.95.

The graph in Figure 6 show the actual versus
predicted graph plot for the water consumption. The graph
shows tight alignment along the 45° line, confirming high
predictive accuracy. Minor deviations at peak demands
(~20 m’/day) likely stem from unmodeled occupancy
variations in Uyo’s bustling CBD or transient water use
patterns. The distribution reveals non-linear trends, with
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higher consumption at nodes with larger diameters and
lower elevations, indicative of enhanced hydraulic
efficiency. Outliers suggest potential unregistered
connections or metering errors, posing challenges for
operational reliability. Compared to a Random Forest

baseline (R? = 0.92), the ANN better captured complex
WDN interactions, leveraging non-linear feature
relationships. This predictive power enables precise
demand forecasting, optimising pump scheduling and
reducing non-revenue water losses (20-30%).

True vs Predicted Water Consumption Distributions
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Figure 6: Actual versus predicted plot for water consumption distribution

3.3 The Results of the ANN model’s Pressure Prediction

The pressure prediction model for the Dakkada
Towers water distribution network (WDN) utilized a multi-
layer perceptron (MLP) trained on 720 samples (2023—
2024, 30 nodes). Input features included elevation (35-55
m), pipe diameter (100300 mm), flow rate (1-5 L/s),
pressure anomalies, and seasonal indicators (wet: Apr—Oct,
dry: Nov—Mar), reflecting Uyo’s hydraulic and climatic
variability. The ANN achieved an R? of 0.95 and RMSE of
0.25 bar for nodal pressures (2.5-3.5 bar), meeting targets
of R2>0.95 and RMSE < 0.3 bar.

The actual versus predicted pressure graph shows
tight alignment along the 45° line, confirming robust
predictive accuracy. Minor deviations at lower pressures

(~2.5 bar) likely arise from elevation-driven hydraulic
gradients or unmodeled pump scheduling variations in
Uyo’s CBD. The model captured non-linear pressure
dynamics influenced by the WDN’s hybrid branched-
looped topology, with higher pressures at lower-elevation
nodes due to gravitational effects. Outliers suggest transient
pressure drops, possibly from undetected leaks or demand
surges. Compared to a Random Forest baseline (R? = 0.90),
the ANN better modelled complex hydraulic interactions by
leveraging nonlinear feature relationships. This precision
enhances real-time pressure monitoring, optimising pump
operations and reducing the risk of pipe stress. The graph of
the actual versus predicted plot for pressure prediction is
presented in Figure 7.
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Figure 7: Actual versus predicted plot for pressure prediction

3.4 The actual versus predicted plot for water
consumption

The water consumption model for the Dakkada
Towers water distribution network (WDN) employed a
multi-layer perceptron (MLP) trained on 720 samples
(2023-2024, 30 nodes). Features included elevation (35-55
m), pipe diameter (100300 mm), flow rate (1-5 L/s),
pressure anomalies, and seasonal indicators (wet: Apr—Oct,
dry: Nov—Mar), capturing Uyo’s climatic and hydraulic
dynamics. The ANN achieved an R? of 0.96 and an MSE of
0.08 for daily consumption (420 m?®/day), surpassing the
target R? > 0.95. Figure 8, an actual versus predicted scatter
plot for water consumption, shows tight clustering along the

45° line, confirming high predictive accuracy. Deviations at
peak demands (~20 m3/day) likely reflect unmodeled
occupancy spikes in Uyo’s CBD or transient water use,
such as during peak business hours. The model revealed
non-linear consumption patterns, with higher usage at
nodes with larger diameters and lower elevations, driven by
hydraulic efficiency. Outliers suggest potential unregistered
connections or metering inaccuracies, critical for
operational integrity. Compared to a Random Forest
baseline (R? 0.92), the ANN excelled in capturing
complex WDN interactions, leveraging non-linear feature
relationships. This predictive accuracy enables precise
demand forecasting, optimising pump schedules and
reducing non-revenue water losses (20-30%).
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Figure 8: Actual versus predicted plot for water consumption

3.5 The Residual Plot for Water Consumption

The residual analysis for the water consumption
model of the Dakkada Towers water distribution network
(WDN) utilised a multi-layer perceptron (MLP) trained on
720 samples (2023-2024, 30 nodes). Features included
elevation (35-55 m), pipe diameter (100-300 mm), flow
rate (1-5 L/s), pressure anomalies, and seasonal indicators.
The model predicted daily consumption (4-20 m*/day) with
an R? of 0.96 and MSE of 0.08, exceeding the target R? >
0.95. Figure 9, a residual plot (predicted minus actual
consumption), reveals residuals tightly clustered around
zero, indicating high predictive accuracy. Most residuals
fall within 0.5 m’/day, with slight dispersion at higher
consumptions (~20 m?/day), likely due to unmodeled

occupancy fluctuations in Uyo’s CBD or transient demand
spikes. The homoscedastic distribution of residuals suggests
consistent model performance across consumption ranges,
validating the ANN’s ability to capture non-linear hydraulic
patterns influenced by the WDN’s branched-looped
topology. Outliers, particularly at peak demands, may
indicate unregistered connections or metering errors,
critical for operational reliability. Compared to a Random
Forest baseline (MSE = 0.12), the ANN’s lower residuals
underscore its superior fit for complex WDN dynamics.
This residual analysis supports demand forecasting
reliability, aiding pump optimisation and reducing non-
revenue water losses (20-30%o).
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Figure 9: Residual plot for water consumption

3.6 The Residual Plot for Pressure

The residual analysis for the pressure prediction
model of the Dakkada Towers water distribution network
(WDN) utilised a multi-layer perceptron (MLP) trained on
720 samples (2023-2024, 30 nodes). Features included
elevation (35-55 m), pipe diameter (100-300 mm), flow
rate (1-5 L/s), pressure anomalies, and seasonal indicators
(wet: Apr—Oct, dry: Nov—Mar). The model predicted nodal
pressures (2.5-3.5 bar) with an R? of 0.95 and RMSE of
0.25 bar, meeting targets of R > 0.95 and RMSE < 0.3 bar.
Figure 10, a residual plot (predicted minus actual pressure),
shows residuals tightly clustered around zero, indicating
robust predictive accuracy. Most residuals lie within +0.2

bar, with slight dispersion at lower pressures (~2.5 bar),
likely due to elevation-driven hydraulic gradients or
unmodeled pump variations in Uyo’s CBD. The
homoscedastic residual distribution validates consistent
model performance across pressure ranges, reflecting the
ANN’s ability to capture non-linear dynamics in the WDN’s
hybrid branched-looped topology. Outliers suggest transient
pressure drops, possibly from leaks or demand surges.
Compared to a Random Forest baseline (RMSE = 0.35 bar),
the ANN’s lower residuals highlight its superior modelling
of complex hydraulic interactions. This analysis supports
reliable pressure forecasting, optimising pump operations
and reducing pipe stress.
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Figure 10: Residual plot for pressure

3.7 The Errors Distribution

The error distribution analysis for the Dakkada
water distribution network (WDN) models,
encompassing water consumption (4-20 m3/day), pressure
(2.5-3.5 bar), and leak localisation (<100m error), utilised a
multi-layer perceptron (MLP) trained on 720 samples
(2023-2024, 30 nodes). Features included elevation (35-55
m), pipe diameter (100-300 mm), flow rate (1-5 L/s),
pressure anomalies, and seasonal indicators. Figure 4.9, a
histogram of errors, illustrates the distribution of prediction
errors for consumption (MSE = 0.08), pressure (RMSE =
0.25 bar), and localisation (mean error = 80 m). Errors for

Towers

with most within +£0.5 m*/day and +0.2 bar, respectively,
reflecting robust ANN performance. Localisation errors,
predominantly <100 m, align with the target, though
outliers indicate challenges in Uyo’s complex WDN
topology. The near-normal error distributions confirm
model consistency across hydraulic conditions, with slight
right-skew in localisation errors suggesting occasional
overestimation in the hybrid branched-looped network.
Compared to Random Forest baselines (consumption MSE
= 0.12, pressure RMSE = 0.35 bar, localisation error = 95
m), the ANN’s tighter error spread underscores its superior
capture of non-linear dynamics. This supports reliable
forecasting and leak detection, reducing water losses (20—

consumption and pressure are tightly clustered around zero, 30%).
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4. CONCLUSION
The model for predicting the water consumption and the
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