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Abstract

In order to enhance leakage detection accuracy in water distribution networks (WDNs)
while reducing sensor deployment costs, an intelligent algorithm for the optimal deploy-
ment of water network monitoring sensors based on the automatic labelling and graph
neural network (ALGN) was proposed for the optimal deployment of WDN monitoring
sensors. The research aims to develop a data-driven, topology-aware sensor deployment
strategy that achieves high leakage detection performance with minimal hardware require-
ments. The methodology consisted of three main steps: first, the dung beetle optimization
algorithm (DBO) was employed to automatically determine optimal parameters for the
DBSCAN clustering algorithm, which generated initial cluster labels; second, a customized
graph neural network architecture was used to perform topology-aware node clustering,
integrating network structure information; finally, optimal pressure sensor locations were
selected based on minimum distance criteria within identified clusters. The key innovation
lies in the integration of metaheuristic optimization with graph-based learning to fully
automate the sensor placement process while explicitly incorporating the hydraulic net-
work topology. The proposed approach was validated on real-world WDN infrastructure,
demonstrating superior performance with 93% node coverage and 99.77% leakage detec-
tion accuracy, surpassing state-of-the-art methods by 2% and 0.7%, respectively. These
results indicate that the ALGN framework provides municipal water utilities with a ro-
bust, automated solution for designing efficient pressure monitoring systems that balance
detection performance with implementation cost.

Keywords: water network pressure sensor placement; dung beetle optimization algorithm
(DBO); automatic labelling; graph neural network; adaptive weight distribution

1. Introduction

Water distribution networks (WDNs) are critical urban infrastructure systems, yet they
increasingly face structural deterioration caused by aging pipelines and environmental
factors [1]. Globally, annual water losses from leaks are estimated at over 1 billion cubic me-
ters—sulfficient to supply 10 million people [2]. Pipe failures also risk introducing harmful
contaminants that threaten public health [3]. These challenges have driven advancements
in monitoring technologies, particularly through integration with supervisory control and
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data acquisition (SCADA) systems, enabling a transition from periodic inspections to con-
tinuous data-driven surveillance [4]. The literature suggests that data-driven leak detection
methods for WDN will be the future research trend, and effective leak detection relies on
strategically positioned sensors that capture hydraulic anomalies across the network [5].
Traditional methods include those based on hydraulic sensitivity analysis, redundant
design, and pipeline roughness calibration. For instance, Ferreira et al. [6] employed
a pressure-sensitive matrix to search for the optimal sensor position for the calibration
problem of pipeline roughness coefficients. Di Nardo et al. analyzed the redundancy charac-
teristics of the water supply network [7]. Weber et al. designed methods for calibrating pipe
roughness and placing sensors [8]. The selection of optimal sensor locations must balance
detection sensitivity with infrastructure coverage, particularly given budgetary constraints
in municipal water management. Current sensor deployment strategies generally fall into
two categories: intelligent algorithm-based and machine learning-based methods.

Intelligent algorithm-based methods leverage advanced optimization techniques to
efficiently determine sensor placements by rapidly evaluating objective functions. For
instance, Meier et al. were among the first to introduce genetic algorithms for sensor
placement, transforming the problem into a search optimization task [9]. Xiao Zhou et
al. employed a pressure sensitivity matrix as the optimization objective, utilizing genetic
algorithms to refine the number and locations of pressure monitoring points [10]. Wang T
et al. proposed a hydraulic influence correction method, which took pressure monitoring
coverage index and average maximum dimensionless quantity as optimization objectives,
and, based on the Non-dominated Sorting Genetic Algorithm (NSGA-1 1), realized the
arrangement of pressure monitoring points in WDN [11]. Cheng et al. further advanced
this approach by optimizing an objective function specifically tailored for leak detection,
achieving notable improvements through genetic algorithms [12]. Fei et al. conducted a
comparative analysis between the bat algorithm and particle swarm optimization, demon-
strating the superior performance of the bat algorithm in optimizing pressure sensor
placement within WDNs [13].

Machine learning-based sensor placement optimization methods utilized machine
learning and deep learning techniques to first cluster nodes based on their intrinsic features
and then determine the most suitable node within each cluster for sensor deployment. Li
Cheng et al. formulated the pressure-leak sensitivity matrix by incorporating the character-
istics of both nodes and pipes, then applying K-means clustering to identify cluster centers
as optimal pressure monitoring points [14]. Fei et al. utilized fuzzy C-means and moth
flame optimization methods to optimize underwater sensor networks [15]. Romero-Ben et
al. proposed a model-free method for placing pressure sensors in WDNSs [16]. These meth-
ods, based on intelligent algorithms and machine learning algorithms, have all achieved
very good results. The results demonstrated that the deployed sensors were evenly dis-
tributed across the network, ensuring comprehensive coverage. However, although these
methods have achieved commendable results, several challenges remain unresolved. As an
interconnected and complex system, WDN exhibits not only the hydraulic characteristics
of individual nodes but also the connectivity and topological structure among nodes [17].
Methods that consider only hydraulic features without accounting for the topological
features may reduce the effectiveness of pressure sensor monitoring.

In recent years, the success of graph neural networks has sparked considerable interest
in their potential within engineering. Among them, Graph Convolutional Networks (GCNs)
were introduced by Thomas N. Kipf and Max Welling in 2017 [18]. GCNs can handle
complex relational data by learning node representations based on graph connectivity. Due
to the unique advantages of graph neural networks, applying GCNs to the optimization
problem of pressure monitoring points in WDNs can effectively solve the problems that
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intelligent optimization algorithms and machine learning methods cannot handle, that
is, not considering the topological structure of the WDN. Peng et al. proposed a sensor
placement method for pressure monitoring that leverages the Structural Deep Clustering
Network (SDCN) to learn both the network topology and hydraulic characteristics, thereby
clustering nodes effectively [19]. Jun Li et al. developed an Embedding Graph Auto-
Encoder (EGAE)-based approach that utilizes an Embedding Graph Auto-Encoder to
cluster nodes and determine optimal sensor locations [20]. Zhang et al. proposed a sensor
layout method for WDNs based on Graph Convolutional Neural Networks [21]. Zhou et al.
utilized the graph Fourier transform to process graph signals and achieve the optimal sensor
layout [22]. Giacomo et al. summarized the current methods for modeling and optimizing
WDN:s using graph neural networks [23]. These methods have achieved excellent clustering
results. However, they all require manual input of parameters, and the parameters have a
significant impact on the clustering effect.

To solve the above problems and improve the accuracy of clustering, this paper
proposed an intelligent algorithm for the optimal deployment of water network monitoring
sensors based on automatic labelling and adaptive weight distribution. The parameters
of the DBSCAN algorithm were optimized using the DBO algorithm to automatically
determine the number of clusters and the initial labels of the clusters. The method proposed
in this paper can adaptively allocate parameters and weights, and simultaneously consider
the connectivity between nodes and the hydraulic characteristics of each node when
clustering nodes. Our method only requires the input of the pipe network topology
structure and the node pressure sequence, and it can adaptively obtain the optimal number
of WDN node clusters and the optimal clustering results, achieving a fully automatic layout
of pressure monitoring points.

2. Methodology

The technical route of the proposed method, based on the automatic labelling and
graph neural network (ALGN), is shown in Figure 1. This method can be divided into
three steps: the pre-training stage, the clustering stage, and the monitoring point layout
stage. In the pre-training stage, two tasks are carried out at the same time: (1) Construct
the feature matrix and cluster the feature matrix by the density-based noise application
spatial clustering (DBSCAN) algorithm optimized by the dung beetle optimization algo-
rithm (DBO) to obtain the initial label of each node. The dung beetle optimizer (DBO)
algorithm finds the optimal values for the two key DBSCAN parameters: the neighborhood
radius (EPS) and the minimum number of points (MINPTS). It achieves this by searching
for the parameter pair that maximizes a clustering performance metric. The number of
clusters is not pre-defined by the user but is automatically determined by the combined
DBO-DBSCAN process. The DBSCAN algorithm then uses these optimized parameters
to form clusters based on data density, with the resulting number of clusters being a nat-
ural outcome of this density-based partitioning. The specific steps of the DBO-DBSCAN
algorithm are introduced in Section 2.1.1. (2) Input node features into the auto-encoder
to obtain higher-order features. In the clustering stage, the adjacency matrix and node
features are input into the initial layer of the Graph Convolutional Network (GCN), and the
higher-order features obtained by the auto-encoder are input into the GCN layer by layer.
The adjacency matrix contains the connectivity relationships between nodes in the water
system. The self-attention module is used to assign the weight of the higher-order feature
and the inter-layer feature of GCN, and a more representative feature is obtained. Then, the
network is trained by using a dual self-supervision mechanism and an auto-encoder loss to
construct the loss function, and finally, the clustering result of each node is obtained. Steps
are detailed in Section 2.2. In the monitoring point layout stage, the interdomain distance



Information 2025, 16, 837

4 0f 20

between each node is calculated according to the clustering results of nodes, and the node
with the smallest interdomain distance is selected as the pressure monitoring point. These
three steps are described in detail in Sections 2.1-2.3.

k 4

to obtain the initial label obtain feature H

A 2
DBO-DBSCAN clustering Autoencoder pre-training to < —
pre-training stage

!

input into the network for training and node
clustering results are obtained

Adjacency matrix A and node feature X are
< clustering stage |

Select the pressure monitoring
points in each class monitoring point layout stage

End

Figure 1. The flowchart of the ALGN.

2.1. Pre-Training
2.1.1. The Improved DBSCAN Algorithm

GCN is a semi-supervised task; each node is initially unlabeled. Therefore, it is
necessary to initialize the label for each node in the pipe network. As a density-based
clustering algorithm, the advantage of DBSCAN is that it can adaptively determine the
number of clusters based on the characteristics and density of nodes [24]. The two key
hyperparameters in DBSCAN are the minimum radius EPS of clustering and the minimum
number of MINPST points, where EPS represents the domain radius of the sampling points,
and MINPST represents the minimum number of points in each cluster. Based on the above
concepts, the sample points can be divided into core points, boundary points, and noise
points. Among them, the core point is the core of the cluster, the boundary point is the
point within the class adjacent to a certain core point, and the noise point is the outlier. The
basic flow of the DBSCAN algorithm is as follows:

1. Select any point X in the sample.

2. Take this point as the center and EPS as the radius. If the number of sample points
within the range is greater than or equal to MINPST, specify this point as the core
point; otherwise, it is a non-core point.

3. Start with adjacent samples at point X and repeat step 2 until all samples in this
dataset are traversed. Finally, the clustering results, including core points, noise
points, and non-core points, are obtained.

The DBSCAN algorithm requires manual input of parameters EPS and MINPTS, and
the selection of these two parameters directly affects the accuracy of the clustering. When
EPS is determined and MINPTS increases, the definition of the core point will become
stricter, and a point needs more neighbors to become a core point. Some points that could
have been classified as a category will no longer meet the conditions and become noise
points. This leads to an increase in noise points and a decrease in the number of clusters.
This eventually led to a decrease in the number of sensors. A reduction in the number of
sensors deployed will lead to poor monitoring performance of the system. When EPS is
determined and MINPTS decreases, many noise points will become points within the class.
This ultimately leads to an increase in the number of clusters and sensors. When MINPTS



Information 2025, 16, 837

50f 20

is determined and EPS decreases, many points will become noise points. However, as the
number of points in each class decreases, the number of clusters will also increase. When
MINPTS is determined and EPS increases, it will lead to a large number of core points,
causing the number of clusters to increase. Eventually, this will result in an increase in
the number of sensors. Once the number of sensors reaches a certain level and is further
increased, it will lead to sensor redundancy and a waste of resources. Therefore, the
appropriate method needs to be selected to determine the optimal EPS and MINPTS. In this
paper, the DBO algorithm was introduced [25] to improve DBSCAN. Its basic principles
are as follows:
First of all, the fitness function is defined as follows:

fitness =1—S§ (1)

where S is the value within [—1, 1], which is called the average silhouette coefficient of
the cluster. And with the growth of S, the performance of clustering is also increasing.
Suppose the nodes are divided into o clusters, then the value of S is calculated according to
the following formula:

1 O
5= 6;5(171‘) 2)
S(P,) b(pi) —a(p:) 3)

max{b(pi),a(pi)}

where S(p;) represents the silhouette coefficient of each cluster. The role of a(p;) is to
quantify the cohesion of the cluster, and the a(p;) value is obtained from p; and the average
distance of the other samples. b(p;) represents the minimum average distance from p; to all
neighboring clusters, which is used to quantify the degree of separation between clusters.

During the exploration stage, we classified dung beetles into ball-rolling dung beetles,
breeding dung beetles, foraging dung beetles, and stealing dung beetles based on their
nature and lifestyle. Different populations have different lifestyles, but they all keep moving
towards food points (i.e., the optimal points) under the influence of their own and external
factors. The positions of the ball-rolling dung beetle are updated as follows:

xi(t+1)=x(t) +axkxx(t—1)+bx Ax 4)

Ax = |x;(t) — xY| ®)

where f represents the current iteration number, x;(t) represents the position of the i-th
dung beetle at the t iteration, k € (0, 2] is a constant representing the deflection coefficient,
b € (0,1), a is the natural coefficient of 1 or —1, x* is the global worst position, and Ax
represents the change in light intensity.

When the ball dung beetle encounters an obstacle, it will randomly rotate to regain its
direction. Therefore, the dung beetle updates its position as follows:

xi(t+1) = x;(t) + tan(6) |x;(t) — xi(t — 1) 6)

where 0 is the deflection angle belonging to [0, 7z].
In order to provide a safe environment for the offspring, the breeding area of dung
beetles is defined as follows:

Lb* = max(X* x (1 —R),Lb) (7)

Ub* = min(X* x (1 — R), Ub) ®)
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where X* represents the current local optimal position, Lb* and Ub* represent the upper
and lower bounds of spawning, R = 1 — ¢/ Tinax, Tmax denotes the maximum number of
iterations, and Lb and Ub represent the upper and lower bounds set by the optimization
problem. After determining the egg-laying area, the reproductive dung beetles will lay
eggs in this area. The position of the egg balls also changes dynamically with the number
of iterations and is defined as follows:

Bi(t +1) = X* + by x (Bj(t) — Lb") + by x (B;(t) — Ub") )

where B (t) is the position of the i egg at the t iteration, b; and b, are two random vectors
of size 1 x D, and D is the dimension of the optimization problem.
The foraging beetles forage within the boundary, which changes dynamically with the
number of iterations:
Lb’ = max(X? x (1 - R), Lb) (10)

Ub® = min(X? x (1+ R), Ub) (11)

where X! represents the global optimal position and Lb” and Ub® represent the upper and
lower bounds of the foraging boundary, respectively. From this, the position of the foraging
dung beetle is obtained:

xi(t+1) = x;(t) + C1 x (xi(t) — LbY) + Cy x (x;(t) — ULY) (12)

where C; is a normal random number and C; is a random number within (0, 1).
The stealing beetles” position update formula is as follows:

x(t+1) =X +Sx g x (|xl-(t)—X*|+|xi(t)—Xb|) (13)

where g is a normally distributed random vector of size 1 x D and S is a random constant.

In the DBO algorithm, during the exploration stage, different types of dung beetles
influence each other and gradually update their positions according to their respective
position update formulas, taking into account both global search and local utilization.
Figure 2 presents the flow block diagram of the DBO-DBSCAN algorithm. This improved
algorithm first sets the contour coefficient of DBSCAN as the optimization objective of DBO,
then enables the DBO algorithm simulating the dung beetle population to search and iterate
in the parameter space (EPS, MINPTS), and finally outputs the parameter combination that
optimizes the performance of DBSCAN, thereby achieving the complete automation and
optimization of the clustering process.

In the process of data initial clustering, the node feature matrix is constructed as the
input data for the DBSCAN module initialization. The feature matrix is constructed by
using nodal influence degree in hydraulics and standard deviation in statistics. Among
them, the construction method of the node feature matrix is as follows:

1. Obtain the pressure P of the WDN under normal operating conditions.
2. Change the node water requirements one by one to obtain the node water pressure

Q=1{01,Qs,...,Qn} of Nnodes.

3. Calculate the node pressure difference:

Ri=P—-Q; (14)
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4.  Calculate the impact level of each node:
1 m n
Si= i Z 2 Rep-ay;)? (15)
where S; represents the influence degree of the node.
5. Calculate the standard deviation of each node:
1 2
i = mZ<P11__(P11+P21+ +Pmi)> (16)
i=1

where o; represents the standard deviation of nodes.
6.  Construct the node eigenmatrix V; = [x;,y;, S;, 0j] T of the i node, indicating that the
data are connected; x and y denote the coordinates of the node.

DBO parameter
initialization

Termination Evaluation DBSCAN
.. Calculate fitness .
conditions? clustering

DBSCAN ,|  Output clustering
clustering result

Figure 2. The flow block diagram of the DBO-DBSCAN algorithm.

2.1.2. Auto-Encoder Module

It was very important for the GCN module to obtain an effective representation of the
data. Auto-encoders were used to learn the underlying characteristics of the data [26]. It
consists of an encoder and a decoder. The encoder is a fully connected neural network. For
the L layer of the encoder, its data representation HL, is as follows:

HE, = sig(mod (W, HE! + b)) (17)

where HL, represents the data representation of the encoder layer L, sigmod represents
the sigmod activation function, and W%, and bL, represent the weight and bias of the
encoder layer.
The decoder and encoder have the same structure, and the L-layer data of the decoder
is represented as:
HL = sigmod(Wk HET1 4 bl ) (18)
de = SIZMO de*“de de

WdLe and bée represents the weight and bias of the decoder layer.
The initial input data X is finally reconstructed after the encoder and decoder. The
objective function of the auto-encoder is:

1
Lag = 510 (19)
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Adjacency matrix A

Pipe ID ]
Pipeld ]

2.2. Clustering
2.2.1. GCN Module

As shown in Figure 3, input the adjacency matrix A of the WDN, node features X, and
the node feature representation H of the auto-encoder into the GCN module, and the GCN
learns these representations through hierarchical propagation.

GCN module Dual self-supervised module

‘ " J ‘

Clustering !
result T \ !
KL(P||T) A i

Pipe 1D

KL(P|O) !
/ """"""" :

/‘ Target
distribution

Node feature X

P
+ Sample
distribution

0

Autoencoder module

Figure 3. The framework of the ALGN.

The adjacency matrix A represents the connectivity between each node in the pipe
network. A is an n x n size matrix, where n represents the number of nodes, and is 1
at two connected points and 0 at two unconnected points. After the GCN learns all the
representations, it can accommodate different information at the same time, that is, the
data itself and the relationships between them. For layer L of GCN, the calculation formula
for its data representation Z! is as follows:

zL = sigmod(f)*%AD*%FL*lWL*l) (20)

where A = A + I, I represents the identity matrix and D represents the degree matrix,
which represents the number of nodes directly connected to each node, multiplying D~z
around A to prevent magnitude differences in feature propagation. For example, a high-
number node may aggregate features of many neighbors; while the features of a low-
number node may be diluted, it needs to be normalized. F-~! represents the output of the
self-attention module, which is described in detail below.

In particular, for the first layer of GCN, the hierarchical propagation formula is:

7l = sigmod(D—%AD—%le) 1)
For the last layer of GCN, the softmax function was used to classify:

Z = softmax(D*%Af)*%FLWL> (22)

The final result z;; € Z represents the probability that the sample i belongs to the
cluster center j.

2.2.2. Self-Attention Module

The hidden features of the data were extracted by the auto-encoder. The feature Z was
extracted by the GCN. Both data representations extract node features, but are essentially
different representations. A self-attention module was designed to better integrate these
two data representations [27]. The self-attention module allocated attention to the represen-
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tations learned by the GCN module and the auto-encoder module, and integrates them
layer by layer. Finally, the data representation contains both node characteristics and pipe
network topology, and a more representative data representation is constructed.

Figure 4 shows the structure of the self-attention module. It consisted of two fully
connected layers and a softmax layer. The first hidden layer contains 64 neurons, and the
second hidden layer contains 64 neurons. The Softmax layer converts the original values
output by the neural network into a probability distribution, making the sum of all output
values 1. Its output value represents the probability that the input sample belongs to each
category, thereby solving the final decision of multi-classification problems. In layer L,
auto-encoder data are represented by H" and GCN data are represented by Z'. We carry
out the following:

Yt = [z, HY (23)

For constructed features Y*, we identify their importance through the constructed
self-attention module:

= f(y"h) (24)
¢ = softmax(sigmod(a)/T) (25)
W = mean(c,dim = 0) (26)

where f(-) represents the fully connected layer of the structure and T represents the
calibration factor, W = [Wy, Wy].
Therefore, the output of the L level of the self-attention module is:

Ff = Wy zl + wyH (27)

Input layer

_______

Hidden layer
Output layer

A

£ » .V&/. é

LR\
:r"‘w

Figure 4. Self-attention module structure.

2.2.3. Dual Self-Monitoring Module

The auto-encoder module, GCN module, and self-attention module have been con-
nected. However, the auto-encoders were used for data representation learning and belong
to unsupervised learning. The GCN module was used for data adjacency feature learning
and belongs to semi-supervised learning. They cannot be used directly for clustering nodes.
Therefore, a dual self-supervised module is designed to train these modules from end to
end [28].

For the i-th sample and the j-th class, Student’s t-distribution was used to measure
the node similarity between the node representation /; and the cluster center y;, and the Q
distribution of the sample representation is obtained:
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v+1

a2\ 2
(1 L f’“ )
qij = o (28)

Iri—pil2\ 2
Zf(l + v]>

where /1; represents the line i of the encoder data representation H%, and p j represents the
j-th cluster center, which is initialized by the DBSCAN algorithm.
After obtaining the clustering result distribution Q, we wanted to obtain the data

representation closer to the cluster center. Therefore, the target distribution P was calculated
as follows: )
9ifj
2 £
L qiif

where f; = }; g;; represents soft clustering frequency.

pij = (29)

The KL divergence of the target distribution P and Q was calculated. By minimizing
the KL divergence, the auto-encoder can help to obtain better data representation. This
is a self-monitoring mechanism because the target distribution P is calculated from the
distribution Q, which, in turn, monitors the update of the distribution Q.

LPQ KL P”Q ZZPZ] log (30)

The training of the GCN module was determined by the distribution Z and the
target distribution P. We complete the training of the GCN module by calculating the
KL divergence of Z and P. The target distribution P is calculated by distribution Q, and
distribution Q and distribution Z influence each other, jointly affect training, and form
mutual supervision.

Lpz = KL(P|Z) ZZPU log (31)

Each module fully obtained the characteristics of the data through the above loss
function to optimize. Moreover, the learned data contain both node characteristics and the
topology structure of the pipe network, and the clustering results are more robust.

By combining the data reconstruction loss in AE L g, and SSC loss Lpg and Lpz, we
obtain the total objective function of the proposed model as

min L = LAE—F)\leQ—F/\szZ (32)
where A; and A are hyperparameters that balance the importance of various losses.

2.3. Placement of Monitoring Points

After clustering was completed, the WDN was divided into different areas. For nodes
in the same region, the correlation distance was used to measure the similarity between
each node. The correlation distance is defined as follows:

oy = _COUX ) E(X—EX)(Y — EY)) (33)
T V/D(X)y/D(Y) vD(X)y/D(Y)
Dxy =1—-pxy 34

where Dxy represents the correlation distance and pxy represents the correlation coefficient;
the greater the correlation coefficient, the higher the degree of correlation. D(-) represents
the variance and E(-) represents the mean.
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The correlation distance of all nodes is calculated by Formula (34). Correlation dis-
tance indicates the correlation between nodes to some extent. The node with the smallest
correlation distance is selected as the pressure monitoring arrangement point.

2.4. Leakage Identification

During the leakage identification stage, the system first acquires the pressure sensor
data deployed at the core nodes of the pipeline network in real time and constructs a
pressure spatio-temporal matrix (sensor nodes are listed as time series). After standard-
ization, this matrix is used as input data. Subsequently, the matrix was input into the
ResNet-18 deep learning model. The model automatically extracts the deep features of
pressure changes through its multi-layer convolutional structure and residual connection
and outputs the classification probability. If it is determined to be in a leakage state and
the confidence level exceeds the set threshold, a leakage alarm will be triggered so as to
achieve rapid and accurate leakage identification.

3. Results and Discussion

In this section, two cases were analyzed to verify the effectiveness of our algorithm (a
constructed network and a real network). The algorithm’s data requirements necessitate
obtaining the pressure sequences for all nodes in the network. The hydraulic simulations
were performed using the Water Network Tool for Resilience (WNTR) package within a
Python 3.8 environment [29]. In the experiments, ResNet18 was used as a classifier. The
learning rate of the neural networks was set to 0.01 and decreased as the training batch
increased. The optimizer used was the Adam optimizer [30].

3.1. Evaluation Indicator

The purpose of arranging water distribution network (WDN) monitoring points is to
arrange reasonable pressure monitoring points, to achieve the purpose of comprehensive
monitoring of WDN, and to achieve better monitoring of leakage. It is necessary to assess
the operational status of the WDN by adopting appropriate evaluation indicators. Different
indicators will have different impacts on the supervision and leakage management activities
of water supply companies [31]. Therefore, two indicators were used to measure the quality
of the pressure monitoring points:

1.  Detection range of the monitoring point;
2. Accuracy of leakage monitoring of WDN.

For indicator 1, a tensor diagnosability indicator was proposed to measure the detec-
tion range of the monitoring points. This indicator is calculated as follows:

Simulate the pressure data of the WDN under different working conditions ¢ and
different nodes N to obtain a four-dimensional pressure tensor of o X N X & x K, where K
refers to the length of the time series, which is equal to the simulation duration/time step,
and ¢ refers to the number of monitoring points. For example, for one leak simulation, we
obtain a matrix of ¢ X K.

For the obtained tensor, we perform probability density fitting on all data at the n-th
node and k time point, and select the value P, ; for P(x > P, ;) = 95% as the threshold.
Values greater than P, ; are regarded as values that can be perceived as leaking and are
marked as 1, and values less than P, ; are regarded as values that cannot be perceived as
leaking and are marked as 0.

Finally, all the simulated data were analyzed. If there is a data point of 1 in this
simulation, we can assume that the leak of size ¢ created at the node can be detected by
the pressure monitoring point that is placed. If all the data in this simulation are 0, then
we believe the leak of the size o created at the node cannot be detected by the pressure
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monitoring point that is in place. For the result of a certain arrangement, the calculation
formula of node coverage is as follows:

DU’N
Dy

0= (35)
where D,y indicates the number of leaks that can be detected and Dy denotes the total
amount of manufactured leakage.

Tensor diagnosability metrics are used to evaluate the quality of sensor layout to see
if it can capture sufficient unique information to measure different leaks. For instance, a
simple network has two sensors that record pressure data at three different times, forming
a 2 x 3 matrix (a second-order tensor). If leaks at two different locations always cause the
two sensors to have exactly the same pressure change pattern, it will be very difficult to
distinguish between the two leaks. On the contrary, if leakage A causes a small change
in one sensor and a large change in another, while leakage B causes a large change in one
sensor and a small change in the other, it indicates that the leakage can be well distinguished
and the optimal sensor layout has been achieved.

For indicator 2, ResNet18 was used as the leak detection classifier to diagnose the
leakage situation of the pipeline network [32], and the accuracy was used to evaluate the
pros and cons of the arranged monitoring points (obviously, a higher diagnostic accuracy
means better layout).

Different arrangement methods of pressure monitoring points will lead to different
arrangement positions of monitoring points, and the time series pressure data will be
different. There are also differences in the characteristics of the collected data. Therefore,
for the pressure monitoring points arranged by different methods, we trained the ResNet18
network individually using data collected from different monitoring points to ensure the
fairness of the experiment.

3.2. Case 1: Simple Net

Firstly,a WDN with a special structure was constructed to verify whether the algorithm
takes into account both the hydraulic properties and topology of the pipe network. The
Simple net consisted of 20 nodes, 26 pipes, and 1 reservoir; the pipe diameter and pipe
network structure are shown in Figure 5.

It can be seen from Figure 5 that the Simple net has a left-right symmetric topology,
but the left-right hydraulic mode is completely different.

First, a hydraulic simulation of the WDN under normal operating conditions was
conducted using the Water Network Tool for Resilience (WNTR, version 1.3.0) software
package implementing pressure-driven demand (PDA) modeling. The simulated nodal
pressure time series were subsequently input into our spectral clustering algorithm along
with the network topology represented as an adjacency matrix. Our proposed method
generated the partitioning results shown in Figure 6a, demonstrating that the proposed
method successfully categorized network nodes into two distinct clusters. Notably, the clus-
tering result combined both hydraulic dynamic characteristics and topological connectivity
considerations, thereby enabling more effective district metered area (DMA) delineation,
improved network management efficiency, and resilience enhancement.

Then the DBSCAN algorithm and K-means algorithm were used to cluster the Simple
net, and the results are shown in Figure 6b,c. Among them, the DBSCAN method clustering
method of WDN nodes selects three characteristic attributes of node coordinates, impact
level, and standard deviation of pressure to construct the node feature matrix, and then
clusters the node feature matrix using the DBSCAN algorithm. EPANET was used to
simulate the pressure conditions of each node in the pipe network when leakage occurred,
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and the pressure values of all nodes under different leakage conditions were recorded. The
pressure difference or change rate between the normal working condition pressure and the
leakage working condition pressure is calculated, and a “node-leakage” pressure sensitivity
matrix is finally formed as a behavior node and listed as the leakage working condition.
This matrix reveals the response pattern of node pressure to leaks at different locations. The
K-means method calculates the pressure leakage sensitive matrix of nodes and then clusters
the row vectors of the node pressure leakage sensitive matrix by the K-means algorithm.

Base demand
O8.8L/S
. @6.6L/S
Reservoir @6.0L/S
] o (1 o [5)
B T
Pipe diameter
=== 500mm
== 300mm
— 100mm
. @)
/1\ 20 1 20
/) I ANAY \ MY
fAp |\ Y \f/ \
A/ \ \/
L i 0 " "(]Time(h} s
Reservoir demand pattern Right demand pattem
(b)

Figure 5. (a) Topological structure; (b) reservoir demand pattern; (c) left demand pattern; (d) right
demand pattern of the Simple net.

(a) (b) (c)

Figure 6. Clustering results of the three methods: (a) our proposed method; (b) the DBSCAN method;
(c) the K-means method.

It can be seen from Figure 6 that the K-means algorithm only considered the hydraulic
characteristics of the WDN and divided the Simple net into two categories according to the
size of the hydraulic characteristics. The spatial feature matrix constructed by the DBSCAN
algorithm considered both the spatial characteristics and hydraulic characteristics of the
WDN, and a reasonable clustering result was obtained. Therefore, it is reasonable to use
the DBSCAN method cluster label as the pre-training label of the proposed method.
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We simulated a randomly sized leak at each node once. Different data were obtained
based on the different positions of the sensors arranged by different methods. Finally, the
node coverage rates of the four methods are shown in Table 1. It can be seen that due to the
different results of clustering, the locations of monitoring points vary, which in turn leads
to differences in the coverage of the pipeline network. It can be seen that the node coverage
rates of SDCN and the proposed method are the same. This is because the pipeline network
is too simple, resulting in the same locations of monitoring points being arranged by the
two methods.

Table 1. Node coverage rates of the four methods.

Method Node Coverage Rates (%)
K-means 83.3
DBSCAN 87.8
SDCN 94.4
The proposed method 94.4

3.3. Case 2: Wanfudong Net

A real WDN was used to test the proposed method in real situations. The network is
located in South China’s Hainan province. A DMA partition was selected for analysis. The
longitude and latitude of the DMA are as follows: longitude—109.546409; latitude—19.514878.
This DMA partition consists of 686 pipes and 688 nodes. The pipe length is 0.27-16.6 km, the
pipe diameter is 32-100 mm, and the roughness coefficient is 140. The topology structure and

location of the pipe network are shown in Figure 7.

D /A ———

Figure 7. The location (a) and topology structure (b) of Wanfudong net.

The adjacency matrix A of the WDN was obtained according to the topology of the
WDN, and the pressure sequence X of all nodes under normal operation was obtained
using WNTR. The simulation time was set to 48 h, the sensor sampling interval was set to
15 min, and the size of the obtained feature matrix was 193 x 688. In the simulation, the
total demand of each node is allocated to each node based on the historical water usage
patterns from January 2024 to November 2024, forming the demand patterns of each node.
Our demand scenario is based on the benchmark average daily demand. Although the
data do not cover all seasons, the extreme months of summer and winter can well reflect
its reliability. Then, the feature matrix was input into the auto-encoder for pre-training to
obtain features.

In order to prove the effectiveness of the proposed method, the most advanced SDCN
algorithm, K-means algorithm, and the DBSCAN algorithm were selected for comparison.
The K-means algorithm clustered the row vectors of the pressure leakage sensitive matrix,
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and selected the cluster center as the pressure monitoring point. The sensor layout results
were shown in Figure 8a. The DBSCAN algorithm constructed a special node feature
matrix for clustering, and selected the node with the greatest impact as the location of
the monitoring point. The sensor layout results are shown in Figure 8b. The SDCN
algorithm used the constructed graph neural network module and auto-encoder module to
cluster nodes of the WDN. After the clustering was completed, the node with the highest
perception rate of nodes in the region was selected as the pressure monitoring point, and
the layout results were shown in Figure 8c. The layout results of our proposed method are
shown in Figure 8d.

¥ Selected Nodes

(a) (b)

(¢) (d)

Figure 8. Pressure monitoring point layout results of Wanfudong net by four algorithms: (a) the
K-means algorithm; (b) the DBSCAN algorithm; (c) the SDCN algorithm; (d) our proposed method.

It can be clearly seen from Figure 8 that the pressure monitoring points arranged by our
proposed method are more representative. The monitoring points arranged by the K-means
algorithm are concentrated on the main road, which may affect the detection of end leakage.
Part of the monitoring points arranged by the DBSCAN algorithm were distributed at the
end of the pipeline, part were distributed on the main road, and part of the monitoring
points were concentrated together, which will also affect the monitoring effect. This is
because the DBSCAN algorithm is an algorithm based on density clustering. The nodes at
the beginning and end of a pipeline usually have higher “uniqueness” or “irreplaceability”
in terms of topology. This makes them more likely to become core points in density-based
clustering. Compared with traditional methods, DBSCAN ensures the sufficiency and
non-redundancy of sensors above the topological structure. There are six monitoring points
arranged by the SDCN algorithm in the same position as the method proposed by us. But
when SDCN arranged the left half of the pipe network, all the monitoring points were
arranged at the end of the pipe network, and the monitoring points are evenly distributed
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in the main road and at the end of the pipe network in our method, which can achieve a
more robust monitoring effect.

The two metrics in Section 3.1 were used to measure the usability and effectiveness
of the proposed algorithm. We first create leakage rate = [0.2:0.8, 0.1] at different nodes
of Wanfudong net and obtain time series data with a simulation time of 48 h and a sensor
sampling interval of 15 min. The leakage rate has no unit. It is equal to the leakage diameter
divided by the pipe diameter. A total of 688 x 7 sets of leakage data were simulated. These
4816 sets of data contain pressure values for all nodes. We calculate the coverage of the
nodes of the pipeline network for different methods of arranging the pressure monitoring
points with different leakage rates based on the locations of the pressure monitoring points.
The coverage of the four methods under different leak sizes is shown in Figure 9.

100 T " T " T T T

90 .
s - -
3\380
)
=
— 70 - -
D)
)
<
)
z 60 DBSCAN 7
@) —¥— K-means

50 - —&— SDCN —

—&— Our method
40 -
1 N 1 " 1 N 1
0.2 04 0.6 0.8

Leakage rate

Figure 9. Coverage rate of the four methods (K-means, DBSCAN, SDCN, and the proposed method)
under different leakage rate.

As can be seen from Figure 9, our proposed method achieved the highest node cover-
age under all leakage sizes. The node coverage is 2% higher than the benchmark algorithm
SDCN. This means that the proposed method in Wanfudong net can cover 14 more nodes
than the SDCN algorithm, which can obtain a better monitoring effect. This is because
the proposed method has arranged some sensors at the end of the pipeline to effectively
monitor the hydraulic changes at the end of the pipeline. For leaks in the main pipeline,
they can be sensed by the sensors arranged by conventional methods, but for leaks in cer-
tain end pipes with small diameters, it is difficult for the sensors arranged by conventional
methods to detect them. This proves the superiority of our proposed method: not only
is the monitoring of the main pipe considered, but also the monitoring of the end pipe.
Redundant sensor arrangements are avoided.

The leak detection accuracy rate was tested to verify the effect of the pressure mon-
itoring points arranged by the method in practical applications. We used the ResNet18
network as a classifier to test the leakage detection effect of pressure monitoring points
arranged by four methods. In the test, we first used WNTR to simulate 1000 leaks of any
size at any location as training data. For the simulation of these 1000 leaks, the leakage
coefficient is configured to a range spanning from 0.2 to 0.8, where the leakage coefficient
is equal to the leakage diameter divided by the pipe diameter, and we randomly select a
number from this leakage range to conduct a leakage simulation for a random pipeline.
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Finally, 1000 sets of leaked pressure data were obtained. During training, we selected a
batch size of 16 and obtained the training loss curve, as shown in Figure 10. After the
training was completed, we simulated 1 leak per node as test data for a total of 688 leaks.
The leak detection accuracy of each method is shown in Table 2.
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Figure 10. Training loss curves of the four methods trained on ResNet18: (a) K-means; (b) DBSCAN;
(c) SDCN;; (d) our proposed method.

It can be seen from the results in Figure 10 that the monitoring points arranged by
the proposed method have better effects on leakage detection. The proposed method has
already reached convergence at 170 training batches with a loss of 0.0024. The loss of the
K-means method and the SDCN method fluctuated by 0.3 at batch 200, and it did not reach
convergence. The DBSCAN method achieved convergence in batch 200. The data collected
by the monitoring points arranged by these four methods on the training loss of ResNet18
can show the robustness of the data. A more reasonable location of the monitoring points
can detect more leakage fluctuations and more obvious leakage features. Convergence can
be reached faster when training the classifier. Therefore, more efficient data can train more
accurate models, which can improve the accuracy of leak detection. This proves the better
characterization of the data collected by the proposed method.

Table 2. Leakage detection accuracy of the four methods.

Method Accuracy (%)
K-means 90
DBSCAN 93

SDCN 99.07
The proposed method 99.77

Table 2 shows that the leak detection accuracy of the proposed method is 9.77% higher
than the K-means method and 6.77% higher than the DBSCAN method. It is 0.7% higher
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than the current most advanced SDCN algorithm. This performance benefits from two
points: the excellent performance of the DBSCAN method demonstrates the importance of
proper label initialization, and due to the introduction of the self-attention mechanism, the
graph structure and node features of the pipe network obtain better weight distribution,
improve the accuracy and rationality of clustering, and thus improve the accuracy of
detection. In summary, compared with other schemes, the experimental results show
that the proposed method has better performance both in terms of node coverage of the
pipe network and leak detection accuracy. The proposed method can monitor pressure
fluctuations at more nodes under different leak sizes, which is important for subsequent
work on other pipe networks. In terms of leakage detection, the proposed method arranges
pressure monitoring points with the highest leakage detection accuracy, which makes
great progress in maintaining the stability of the water supply network and ensuring the
residents” water use.

4. Conclusions

In this paper, an intelligent algorithm for the optimal deployment of water network
monitoring sensors based on automatic labelling and graph neural network (ALGN) was
proposed. The issue of suboptimal clustering performance resulting from manual parame-
ter configuration has been effectively addressed. It has been achieved that only by inputting
the topological structure of the pipe network and the pressure information of nodes, the
clustering results and the results of sensor layout can be obtained. Adaptivity is mainly
reflected in two aspects: the dung beetle optimization algorithm (DBO) automatically deter-
mines the parameters of the density-based noise application spatial clustering (DBSCAN),
and the attention mechanism adaptively allocates weights. We used the DBO algorithm
to improve the DBSCAN method and obtain the initial labels and the optimal number of
clusters for clustering, and the auto-encoder was used to obtain the higher-order feature
representation of node hydraulic power. Then, the node hydraulic characteristics, network
topology, and pre-trained high-order feature representation were input into the constructed
network for training, and the loss function was constructed by a dual self-supervision
mechanism to obtain clustering results. Finally, the cross-correlation distance was seen as
the index, and the node with the smallest cross-correlation distance in the class was selected
as the optimal pressure monitoring point. Two water distribution networks (WDNs) were
selected for analysis to verify the effectiveness of the method. Case 1 proved that our
proposed method considered both hydraulic characteristics and topology of WDN when
clustering nodes. Case 2 analyzed a real WDN in southern China. Using node coverage
and leak detection accuracy as indicators, the experimental results have shown that the
proposed method is better than the most advanced methods in both node coverage and
leak detection accuracy. The node coverage rate of this method has reached 93%, and
the accuracy rate of leakage detection has reached 99.77%, both of which are better than
K-means, DBSCAN, and SDCN. The method we proposed provided a feasible scheme for
the layout of pressure sensors in WDN to guide engineering practice.

While the proposed method shows promising results, it has certain limitations. The
algorithm’s performance relies on the quality and completeness of the hydraulic and topo-
logical input data. In addition, the current model may require substantial computational
resources for very large-scale networks. And in actual situations, there exist real-world
conditions such as hydraulic disturbances, reduced water demand, and rapid valve closure,
which can affect the monitoring of leaks. Future research will focus on enhancing computa-
tional efficiency, integrating multi-objective optimization considering cost and reliability,
and will focus on enhancing the robustness of the model in complex environments.
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Abbreviations

The following abbreviations are used in this manuscript:

WDNs Water Distribution Networks

DBO Dung Beetle Optimization algorithm

DBSCAN  Density-Based noise application Spatial Clustering

GCN Graph Convolutional Networks

SDCN Structural Deep Clustering Network

EGAE Embedding Graph Auto-Encoder

EPANET  Environmental Protection Agency Network Analysis Tool
MINPST  minimum number of points

EPS domain radius of the sampling points

95)

Average silhouette coefficient of the cluster

x;(t) The position of the i-th dung beetle at the ¢ iteration
X The current local optimal position
V4 Data representation of the hidden layer
H Data representation of auto-encoders
Y The feature representation of the construction
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