IEEE Access

Multidisciplinary * Rapid Review * Open Access Joumal

Date of publication xxxx 00, 0000, date of current version xxxx 00, 0000.

Digital Object Identifier 10.1109/ACCESS.2024.0429000

Centrality-Guided Node Selection for Efficient

Water Leak Detection

DANIELE UGO LEONZIO!, (Member, IEEE), TIZIANA CATTAI%, (Member, IEEE) PAOLO
BESTAGINI', (Member, IEEE) STEFANIA COLONNESE?2, and STEFANO TUBARO ', (Senior

Member, IEEE)

]Dipartimento di Elettronica, Informazione e Bioingegneria, Politecnico di Milano, Milan, Italy (e-mail: name.surname @polimi.it)
2Dipax‘timento di Ingegneria dell’Informazione, Elettronica e Telecomunicazioni, Sapienza Universita di Roma, Rome, Italy

Corresponding author: Daniele Ugo Leonzio (e-mail: danieleugo.leonzio @polimi.it).

“This work was partially supported by the European Union - Next Generation EU under the Italian National Recovery and Resilience Plan
(NRRP), Mission 4, Component 2, Investment 1.3, CUP B53C22004050001, partnership on “Telecommunications of the Future”

(PE00000001 - program “RESTART.”

ABSTRACT Water Distribution Networks (WDNs) are critical infrastructures that require continuous
monitoring to ensure efficient operation and mitigate water loss caused by leaks. The strategic placement
of sensors within these networks is essential for timely leak detection and localization. Selecting the most
effective nodes for sensor placement, however, remains a challenging problem. Centrality measures, widely
used in network science to quantify the node importance, offer a promising approach to guide the sensor
deployment. This study investigates the impact of various centrality measures on node selection for leak
detection in WDNs. We address the leak-detection problem using a two-stage methodology. First, we derive
compact and informative feature representations from pressure matrices using the encoder of an autoencoder.
Then, we apply a binary classifier to identify anomalous embeddings. We apply our method to two
topologically different WDNSs, exploring different centrality measures for sparse sensor deployment. Results
show that in looped, high-redundancy topologies, a reduced set of strategically placed sensors maintain
or even improve detection accuracy. In contrast, more fragile tree-like networks experience performance
loss when sensors are reduced. To explain this structural behavior, we introduce a metric that quantifies a
network’s structural vulnerability. Taken together, our findings offer practical guidance for water utilities

seeking to balance leak-detection speed, accuracy, and cost through topology-based sensor placement.

INDEX TERMS Water distribution networks, graph modeling, leak detection, centrality metrics.

I. INTRODUCTION

Water Distribution Networks (WDNs) are complex, large-
scale infrastructures designed to transport potable water from
treatment facilities to end consumers through an intercon-
nected system of pipes, pumps, valves, and reservoirs. En-
suring the structural integrity and hydraulic performance of
WDNs is of paramount importance, as any failure or degra-
dation, particularly in the form of leaks, can lead to significant
water losses, elevated operational costs, deterioration of ser-
vice quality, and even public health risks when water quality
is compromised by pressure drops [1]. Estimates suggest
that in many urban systems worldwide, Non Revenue Water
(NRW) losses due to leaks and undetected bursts can account
for 20-50% of the total volume supplied, thus imposing a
substantial burden on water utilities and jeopardizing sustain-
ability goals [2].

Leak detection in WDNs has evolved considerably over
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the past decades. Traditional approaches, such as acoustic
monitoring [3], [4], transient analysis [5], and physical in-
spections, often require either a high density of specialized
sensors or manual surveying of pipelines, methods that can
be both time-consuming and cost-prohibitive in large or aging
networks [6]. Furthermore, these methods typically focus
on localizing individual leaks once they become sufficiently
large to generate detectable signals, rather than enabling
proactive, network-wide surveillance. As infrastructure ages
and the frequency of small-to-medium leaks increases, there
is a pressing need for more systematic, scalable, and data-
driven leak detection frameworks.

In recent years, the representation of a WDN as a graph,
where nodes correspond to junctions, reservoirs, or tanks, and
edges represent pipes, has opened the door to novel monitor-
ing, fault-detection strategies and IoT network sizing rooted
in graph theory [7], [8]. Graph-based formulations exploit the
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topological and hydraulic characteristics of the network to in-
fer anomalies from pressure and flow measurements collected
at a limited subset of nodes [9]. Notably, sensor placement
guided by graph-theoretic metrics has proven effective in
reducing the number of sensing locations required while still
maintaining high detection rates and localization accuracy
[10]. Within this paradigm, centrality measures play a key role
in identifying influential nodes whose monitoring can provide
maximal information about the network’s overall state [11].

Among centrality metrics, betweenness, closeness and
PageRank centrality are particularly noteworthy [12], and
have been already applied in the context of WDNSs. Despite
their well-established theoretical basis, there is no consensus
in the literature regarding which metric better trades-off de-
tection performance and cost of sensing procedure, especially
when leaks are spatially and temporally heterogeneous.

In this paper, we propose a two-step methodology for leak
detection in the case of sparse sensor measurement available.
After having deployed sensors according to a centrality metric
to optimize their locations, we extract low-dimensional, rep-
resentations from pressure time-series using a convolutional
autoencoder. After being trained on leak-free data this stage
encodes . This allows us to capture the typical dynamics of a
leak free network. Then, we apply a one-class Support Vector
Machine (SVM) to detect anomalies in the embedding space.
This model detects abnormal patterns without requiring la-
beled leak data by thresholding smoothed Support Vector
Machine (SVM) scores. It is important to note that while our
framework is designed for general anomaly detection, in this
specific study we simulate anomalies as leaks to validate the
method’s effectiveness in detecting leak events, which are the
primary concern in water distribution networks. The frame-
work enables both binary anomaly detection and estimation of
the anomaly onset time. The framework enables both binary
leak detection and estimation of the leak onset time.

We apply the entire pipeline, centrality based encoding
and leak detection, on two topologically different networks:
the looped, high-redundancy Modena system and the sparse,
tree-like Pescara system. Our results demonstrate that, in
the Modena topology, selecting just 20% of nodes according
to closeness or PageRank not only preserves but in some
cases exceeds full-network detection accuracy, whereas in
the more fragile Pescara network reducing sensors leads to
performance loss, and closeness and degree centrality prove
the most robust of the four measures. To explain these dif-
ferences, we introduce a new graph-theoretical measure, the
medium articulation complexity metric, which quantifies the
network’s tendency to fragment under node removal and thus
predicts the viability of topology-driven pruning.

Taken together, the key contributions of the paper are as
follows:

1) We perform extensive experiments on two widely-used
benchmark networks, which are different in both size
and topology providing diverse settings for evaluating
centrality-based strategies to optimally deploy sensors
with the final goal of detecting leakages;

2) We introduce a novel graph-theoretic measure, namely
the medium articulation complexity, able to measure
the vulnerability to fragmentation and to explain exper-
imental data;

3) We discuss practical implications of our findings for
water utilities, highlighting scenarios where one cen-
trality measure may be preferred over others and sug-
gesting avenues for combining centrality insights with
hydraulic knowledge in future work.

To validate the proposed approach we employ a leak detec-
tion algorithm previously developed in our prior work [13],
which is described in Section I'V for completeness, while the
rationale for parameter selection is detailed in the original
publication.

The rest of this paper is organized as follows. Section II
provides an overview of the state-of-the-art in node selec-
tion in graphs and the leak detection problem in WDNSs. In
Section III, we formally define the problem addressed in this
work. Section IV describes the proposed method for solving
the task. Section V details the dataset, the configuration of
the proposed approach, and the training setup used for the
autoencoder model. Section VI presents the results obtained
using the proposed method. Finally, Section VII concludes
the paper.

Il. BACKGROUND

A. NODE SELECTION - SENSOR PLACEMENT

Optimal monitoring of WDN:Ss is critical to design leak detec-
tion strategies. WDNS are typically in deteriorated conditions
due to inadequate maintenance and generally suffer from
insufficient monitoring. Sensors deployed across the network
are typically sparse, and their placement is often not the result
of well-designed deployment strategies but rather guided by
practical convenience or randomness. As a result, the majority
of the monitoring and anomaly detection methods focuses on
signal reconstruction algorithms, which may be either model-
based [14] or data-driven [15], [16].

It has been shown that the optimal sensor placement signif-
icantly improve the reconstruction accuracy with the respect
to random measurement points [10], [17], [18], it is typi-
cally necessary to optimally place the sensors to enable the
reconstruction of network parameters from a limited subset
of measurements. In this context, graph signal sampling is an
important topic in graph signal processing. In the literature,
many different strategies have been designed to obtain an
optimal sampling of node signals, such as based on bayesian
estimation [19], but they typically rely on the total signal
and there is the hypothesis of bandlimited signal [17] Those
approaches has been recently applied to higher topological
spaces, such as cell-complex, that can be successfully used to
model sensor networks [20], [21].

B. LEAK DETECTION

Maintaining the integrity of WDNss is essential to minimize
water loss, preserve infrastructure, and ensure reliable service
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to consumers. Leak detection techniques have evolved signif-
icantly, driven by advances in hydraulic modeling, data acqui-
sition technologies, and machine learning. Based on the sur-
vey in [22], these techniques can be grouped into three broad
categories: model-based, hybrid model/data-driven, and fully
data-driven methods. Each category addresses specific op-
erational challenges, from accurately representing physical
network behavior to processing vast sensor datasets in real
time.

1) Model-Based Techniques

Model-based leak detection relies on constructing a compre-
hensive hydraulic model of the WDN, which simulates pres-
sures, flows, and nodal demands under various operating sce-
narios. Field measurements from pressure and flow sensors
are compared against the model outputs: discrepancies may
indicate the presence, location, and severity of leaks. Steffel-
bauer et al. [23] present an integrated workflow that alternates
between calibrating nodal demands and pipe roughness, using
data from Automatic Meter Reading (AMR), and detecting
leaks through a dual-model formulation. Virtual components
such as reservoirs or valves convert head differences at sensor
locations into equivalent leak flows, which are then evaluated
by a CUmulative SUM (CUSUM) algorithm and likelihood
ratio tests [24] to flag anomalies. Pudar and Liggett [25]
employ inverse modeling on synthetic network scenarios to
systematically estimate leak positions by iteratively adjusting
leak parameters to minimize divergence between simulated
and observed pressures. Pérez et al. [26] deploy sensitivity
analysis within a hydraulic model of Barcelona’s network,
revealing sensor placements that maximize detection accu-
racy while reducing installation costs. Marzola et al. [27]
refine model calibration by aligning demand profiles across
zones equipped with AMR devices, then apply engineering
judgment on discrepancies between inflow and aggregated
demand to infer leakage events.

Hybrid Model/Data-Driven Methods

Hybrid methods leverage hydraulic simulations to generate
extensive labeled datasets offline, enabling the training of
machine learning or statistical algorithms. In real-time op-
erations, these algorithms detect leaks by processing sensor
data without invoking the full hydraulic model, thus reducing
computational burden and mitigating calibration uncertain-
ties. Cantos et al. [28] construct a risk-based framework that
synthesizes a hydraulic simulation database spanning vari-
ous leak scenarios; statistical analysis then produces spatio-
temporal leak likelihood indices from live flow measure-
ments, facilitating rapid localization within the network. Sol-
devilla et al. [29] frame District Metered Area (DMA) inlet-
flow monitoring as a change-point detection problem, im-
plementing a two-layer sequential algorithm that validates
detected shifts and estimates both leak size and occurrence
time [30]. Additional studies combine physics-based insights
with machine learning, for example, Gao et al. (2021) in-
tegrate hydraulic model residuals as features in ensemble
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classifiers to improve detection under noisy conditions, and
Li and Huang (2022) pre-train deep networks on simulated
pressure transients to enhance robustness when field data are
limited.

2) Data-Driven Techniques

Fully data-driven approaches bypass explicit hydraulic mod-
eling, instead exploiting patterns in historical and real-time
sensor streams [31], [32]. Early efforts employed Artificial
Neural Networkss (ANNs) to classify leak events from time-
series flow data [33], [34], with time-delay architectures
outperforming static models. Researchers have since ap-
plied self-organizing maps and mixture density networks for
anomaly clustering and density estimation [35], [36], support
vector machines and Bayesian networks to capture nonlinear
relationships and uncertainty in burst localization [37], [38],
regression and Kalman filtering for efficient leakage flow es-
timation [39], principal component analysis and expectation-
maximization frameworks for unsupervised outlier detec-
tion in high-dimensional sensor spaces [40], and nonlinear
Kalman filters to enable rapid detection of small leaks under
dynamic conditions [41]. Beyond these classical techniques,
pressure-based frameworks have been developed: Geelen et
al. [42] introduce a real-time pressure anomaly detection sys-
tem, Wu et al. [43] apply clustering to identify bursts within
DMAs, and Xing et al. [44] analyze high-frequency pressure
transients to uncover subtle leak signatures.

Deep learning further advances the state of the art:
Long Short-Term Memory (LSTM) networks capture tem-
poral dependencies in leak signals [45], Convolutional
Neural Network (CNN)-SVM hybrids extract localized
features for classification [46], and variational autoen-
coder, CNN pipelines detect sub-litre leaks with low false-
positive rates [47]. Denoising techniques such as Improved
Spline-Local Mean Decomposition (ISMLD) combined with
AlexNet and Least Square Support Vector Machine (LSSVM)
classifiers enhance sensitivity in noisy environments [48],
while DenseNet-inspired architectures simplify pressure sig-
nal processing by using linear connections to reduce compu-
tational complexity [49], [50]. More recently, transformer-
based models, have been introduced to capture long-range
temporal or frequency dependencies [51].

lll. PROBLEM FORMULATION

We consider the problem of node selection and leak detection
by analyzing the time-series signals acquired by the pressure
sensor distributed along a WDN.

Let us consider a WDN composed by K nodes, each one
equipped with a pressure sensor. The pressure measured at the
k-th node is a time series sampled at regular intervals. The n-
th sample at the k-th node is defined as py (n).

We defined with S the subset of nodes selected with a
centrality measure, with § C K.

The presence of a leak modifies the pressure p; with a drop
of the pressure value at the sample N* corresponding to the

3
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leak starting time 7*, with a reduction that is proportional to
the leak size.
With this setup in mind, we can define the two main goals
of this paper as follows
o Todetectif aleak starts in a WDN: this means attributing
to the WDN under analysis a label ¢ equals to 1 if a leak
is detected or O otherwise.
o To determine the leak starting time: this means to com-
pute T which is an estimate of T*.

IV. PROPOSED METHOD

We address the centrality based leak-detection problem by
employing a two-stage methodology: first, we derive com-
pact, informative feature representations from pressure ma-
trices via the encoder portion of an autoencoder, and second,
we leverage a one-class SVM to identify anomalous embed-
dings. The autoencoder is a specialized type of neural network
designed to encode input into a compressed and meaningful
representation, then decode it back so that the reconstructed
input closely resembles the original [52]. Building on the
architecture proposed in the work [53], the autoencoder is
trained exclusively on leak-free data, ensuring that its encoder
learns to capture the intrinsic structure of normal operating
conditions. Each input pressure matrix is thus mapped to
a low-dimensional feature vector. A one-class SVM is then
fitted to these embeddings, establishing a decision boundary
that encompasses the manifold of normal operation. Since the
SVM is exposed solely to representations of leak-free sce-
narios, any embedding generated from a leak-affected matrix
will fall outside this boundary and be flagged as an anomaly.
By combining autoencoder-based dimensionality reduction
with one-class SVM classification, our approach effectively
mitigates the challenges posed by the high dimensionality and
complexity of raw pressure data, yielding robust detection of
leaks in WDNSs.

To solve the node-selection problem, we introduce a strat-
egy grounded in graph-theoretic centrality measures. We rank
candidate sensor locations according to various centrality
indices, such as betweenness, closeness,PageRank and de-
gree centrality, and evaluate each ranking by its effect on
leak-detection performance. Through this comparative anal-
ysis, we identify the centrality measure that achieves leak-
detection metrics comparable to those obtained using all
nodes, while substantially reducing the number of sensors
under analysis and thereby lowering the computational cost
of the algorithm.

A complete overview of the proposed method is presented
in Figure 1, which illustrates the two main phases: the first
involves node selection, while the second focuses on leak
detection based on the pressure time-series recorded at the
selected nodes.

A. NODE SELECTION

In this block, we defined the subset S as a portion of the set
K based on the node ranking results of the different centrality
measures. The nodes are ranked in descending order and we
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FIGURE 1. Proposed method pipeline.

select the most important nodes according to the centrality
measure selected.

Formally, let K = {1,2,...
network nodes and let

,N} denote the full set of

c: K — R

be the chosen centrality measure. We sort the nodes in de-
scending order of their centrality scores:

C(il) Z C(ig) Z ZC(iN), {il,ig,...,iN}:K.

For a prescribed subset size s, or percentage & = s/N, we
then define

S ={i
so that S contains the top ranked nodes according to the
selected centrality measure.

Several centrality measures can be used to assess the im-
portance of nodes in the network, each capturing a different
notion of centrality. Below, we describe four widely used
centrality metrics Betweenness, Closeness, PageRank and

Degree which guide the selection of the subset S in our
framework.

ck=1,2,...,5} C K,

a: Betweenness Centrality:
os(v
CB(V) = Z Z_( ) ’
SHEVFEL st
where oy, is the total number of shortest paths from s to t and
o (v) is the number of those paths passing through v.

b: Closeness Centrality:
N-1

CC(V) = ZueKd(V; u)v

with d (v, u) the shortest-path distance between nodes v and
u.

c: PageRank Centrality
cp(j) e
— a 7
Z dngr(] N

JEN;

where « is the damping factor and deg™ (j) the out-degree of
node j.
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One-Class , ¢
SVM T

FIGURE 2. Proposed detection pipeline.

d: Degree Centrality:

cp(v) = deg(v) = ZAW’

uck

where A, is the adjacency matrix entry indicating connection
between nodes v and u, and deg(v) denotes the degree (num-
ber of connections) of node v. For directed networks, one may
distinguish in-degree deg ™ (v) and out-degree deg™ (v).

B. DETECTION

The detection phase is composed of three main phases, as
shown in Figure 2, that are pre-processing, encoder and one-
class SVM and detection at the end. In the following, we
describe each step in detail.

1) Preprocessing

Before encoding, raw pressure readings must be arranged in
a fixed-size window for the encoder. At each time step n, the
preprocessing unit acquires a new sample p;(n) from every
nodek =1,...,5,withS C K and maintains the most recent
L measurements per node in a circular buffer. Specifically,
when p;(n) arrives, the oldest entry ps(n — L) is discarded

and the window shifts to include p,(n — L 4+ 1), ..., ps(n).
Formally, the buffer for node s at time # is
n T
b} = [ps(n—L+1) py(n—L+2) ps(n)]

and the update rule is
b = [b;'_l(Z L), ps(n)}.

Stacking these windows for all S nodes yields the data
matrix

piln—L+1) pi(n—L+2) pi(n)
W" = pg(l’l _L+1) pg(l’l _L+2) pQ(I’l) GRSX
ps(n —.L +1) ps(n —.L +2) ps.(n)

where row s collects the last L pressure samples from node
s. This sliding-window matrix W” is then supplied to the
encoder for subsequent feature extraction.

2) Feature Extraction

The second stage of our pipeline involves extracting a com-
pact and informative representation from the input matrix
‘W" using a dedicated feature extractor. This extractor corre-
sponds to the encoder portion of a convolutional autoencoder,
which is trained to reconstruct pressure measurements under
leak-free conditions. By training exclusively on normal data,
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the encoder learns to capture the underlying structure of typ-
ical system behavior without being influenced by anomalous
patterns. Details regarding the autoencoder architecture and
training procedure are provided in [53].

The input to the encoder is the matrix W" € RS*L,
which is processed through a series of convolutional layers
to produce a low-dimensional feature vector f”. Specifically,
the encoder consists of the following components:

o A 1D convolutional layer with 64 filters of size 7 and
stride 2, followed by a Rectified Linear Unit (ReLU)
activation function;

e A second 1D convolutional layer with 32 filters of size
7 and stride 2, also followed by a ReLU activation.

We can write the first convolutional layer’s output at filter

f as
A = ReLU (WP 40,

where w}l) € R'Y™T7 is the fth kernel and * denotes 1D
convolution with stride 2. The second layer is analogous,
yielding the feature vector

= [h2 D, P

The output of the encoder is the feature vector f”, which
serves as a compressed representation of the input matrix W”,
capturing the essential spatiotemporal patterns relevant for
subsequent anomaly detection.

" = E(W"). ey

3) One-Class SVM

The final stage of the proposed framework is the detection
phase, which employs a One-Class SVM to identify poten-
tial anomalies in the feature space. One-Class SVM is a
well-established technique for anomaly detection, particu-
larly suited to cases where only data from the nominal class,
i.e., normal operating conditions, are available during training
[54]. The model learns to encapsulate the distribution of the
normal data in a high-dimensional space by defining a hyper-
surface that separates the majority of training instances from

;, potential outliers. During inference, any test point falling
»outside this learned boundary is classified as anomalous.

In our approach, the one-class SVM is trained on the em-
beddings extracted from leak-free scenarios, the same dataset
used to train the autoencoder, ensuring consistency in feature
representation. When a new embedding f” is fed into the
trained model, it produces a soft anomaly score y", where
higher values suggest a greater likelihood of an abnormal
condition.

To analyze anomaly scores over time, we construct a time
series vector§ = [§1,3?,...,$"], aggregating the predictions
across consecutive windows. To suppress transient noise and
enhance robustness, we apply a moving average filter to this
vector, yielding the smoothed signal ¥ moothed- Anomalies are
then identified by thresholding the smoothed scores using
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FIGURE 3. Modena network topology. Each dot represents a node. Lines
represent connections between nodes.

a predefined threshold ~. Specifically, we define the binary
decision function as:

17 if y:moothed 2 7
otherwise,

2)

where ¢" indicates the presence or absence of an anomaly at
time instant 7.

If at least one anomaly is detected over the observation
period, i.e., ¢" = 1 for some n, we consider a leak to
have occurred. The time index of the last pressure sample
associated with the first detected anomaly is denoted as N R
and the corresponding time instant is labeled T, which we
interpret as the estimated leak onset time.

V. EXPERIMENTAL SETUP

A. DATASET

To design and evaluate our proposed algorithm, we simulated
various WDN topologies using the EPANET toolkit [55]. In
particular, we considered two representative networks with
differing structural characteristics: the Modena WDN, which
exhibits a circular topology, and the Pescara WDN, which has
a predominantly longitudinal layout.

The Modena network is a widely adopted benchmark in
the literature [56]-[58]. It comprises 268 junction nodes and
317 pipes, with no pumps or valves included in the hydraulic
model. Each pipe is characterized by parameters such as
diameter, length, and roughness. The pipe lengths range from
1 m to 1094.73 m, while diameters vary from 100 mm to
400 mm. The Pescara network, in contrast, is composed of 68
junctions, 3 reservoirs, and 99 pipes, forming a layout more
typical of elongated urban pipeline infrastructures.

In Figure 3 and Figure 4 we report the topology of the
Modena network used in our work.

In each scenario, we have a simulation of a WDN sampled
every 30 minutes for one year, so every 30 minutes a new
sample is added and the buffer is shifted. The node number K
is equal to 268 for all scenarios. For every node we have the
pressure time series.

B. TRAINING SETUP

In this section, we provide further details on the training pro-
cedure for our approach. To obtain a compact yet informative

6

FIGURE 4. Pescara network topology. Each dot represents a node. Lines
represent connections between nodes.

FIGURE 5. Autoencoder architecture adopted in the proposed method.

representation of the pressure time-series data, we construct
an autoencoder and use its encoder component as our feature
extractor. This strategy, including the complete architectural
specifications and training procedures, is adopted from our
prior work [13], where the methodology is comprehensively
documented. In the current paper, we adapt this established
autoencoder framework to operate on the reduced input size
resulting from the preceding centrality-based node selection
stage, which constitutes the primary contribution of this work.
The autoencoder architecture is shown in Figure 5. The
variable S denotes the number of nodes, i.e., the pressure
time-series, used as input to the autoencoder.
The autoencoder consists of two parts: the Encoder (£) and
the Decoder (D).

1) Encoder

The encoder receives an input matrix W” € RK*S and
maps it to a lower-dimensional latent representation. Its layer
structure is detailed in Section IV-B2.

2) Decoder

The decoder takes this compact encoding and reconstructs an
approximation W" e REXS 1t comprises three 1D trans-
posed convolutional layers:

« A transposed convolution with 32 filters of size 7 and
stride 2, followed by a Rectified Linear Unit.

o A transposed convolution with 64 filters of size 7 and
stride 2, followed by a Rectified Linear Unit.

e A transposed convolution with 32 filters of size 7 and
stride 1.
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TABLE 1. Autoencoder Architecture

Layer Type Filters Kernel Stride Activation
Encoder

Input - - - - W" € RS*F
El ConvlD 64 7 2 ReLU

E2 ConvlD 32 7 2 ReLU
Output - - - - f"

Decoder

D1 ConvlD” 32 7 2 ReLU

D2 ConvlD” 64 7 2 ReLU

D3 ConvID" 32 7 1 -

Output - - - - W" e RS*

Both encoder and decoder architectures were chosen via
grid search to balance reconstruction loss and computational
cost.

3) Training

We train the autoencoder on leak-free data using the Mean
Squared Error (MSE) loss. Denoting the full autoencoder
mapping by AE, the reconstruction is

= AE(W"), 3)

which can be equivalently expressed by separating encoder
and decoder:

W" = D(E(W")). @)

We minimize the MSE between the input and its recon-
struction:

N
1 n ny |2
Lae = N ; Wi — AE(W)F ®)
where {W?}Y_ | are the leak-free tres, || -
Frobenius norm, and AE = D(E(+)).

We train a One-Class SVM on the encoded representations
f" = £(W"). The One-Class SVM solves:

||F denotes the

1 1 &
: 2
SIwl?=p+ =3¢ 6
min Sfwl® —p+ 5 ;& (6)
st.(wlz)>p—6&, &>0, i=1,....,N, (1)

where v € (0, 1] controls the fraction of outliers and the

margin, p is the offset, and &; are slack variables.
Atinference time, a new sample W" is first mapped to f =

E(W"); then, the One-Class SVM decision function

yE)=w'f—p (8)

is used to flag anomalies, samples above the threshold ~ are
classified as anomalous.

Both models leverage the same leak-free dataset, ensuring
consistent feature extraction and anomaly detection bound-
aries.
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C. PARAMETERS SELECTION
In this section we report additional details about the parame-
ters we adopt in our pipeline.

We set the window length to cover exactly one week of
measurements, i.e. L = 336 samples at our simulation’s
sampling rate. This choice ensures that each sliding window
naturally captures both daily and weekly periodicities, while
remaining robust to slower seasonal variations. The initial
“setup time”, the period required to accumulate enough data
to fill the first window, is therefore also one week.

The second parameter is the threshold ~ reported in Sec-
tion IV-B3. The ~ value has been chosen comparing the
results obtained with different values of False Positive Rate
(FPR), on a validation set formed by 50 simulations. In our
method we decide to adopt a FPR of 10% which gave as a
threshold value of 7.44.

For each WDN, nodes are ranked by centrality and we
monitor the top 20%. Restricting attention to one-fifth of the
nodes significantly reduces computational load while main-
taining strong coverage of critical junctions, including both
high-degree hubs and essential bridge nodes, thus preserving
the network’s structural diversity in the detection analysis.

VI. RESULTS

A. TOPOLOGY COMPLEXITY

This section evaluates the structural resilience of WDNs using
a novel graph-theoretic measure: medium articulation com-
plexity. This metric quantifies a network’s vulnerability to
fragmentation, with direct implications for operational ro-
bustness and leak detection reliability.

Traditional articulation point analysis identifies critical
nodes whose removal disconnects a graph [59]. However,
WDN:ss require a more nuanced assessment of average nodal
criticality. To address this, we define medium articulation
complexity for a graph G = (K,E)as

vEK

Amed

where x(G) denotes the number of weakly connected com-
ponents. The metric computes the average increase in com-
ponent count when individual nodes are removed, normalized
by network size.

Ammed(G) characterizes systemic redundancy rather than
isolated critical nodes:

o Low values: Indicate high robustness, with multiple
redundant paths maintaining connectivity despite node
removals. The network lacks single points of failure.

« High values: Reveal structural fragility, where indi-
vidual nodes disproportionately influence connectivity.
Removal of such nodes fragments the network.

For WDNs, weak connectivity ensures the metric reflects
physical redundancy in pipe-junction topologies rather than
operational flow constraints. This is critical for assessing
supply continuity risks, as infrastructure damage disrupts
physical connections regardless of nominal flow directions.
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TABLE 2. Medium Articulation Complexity metric results.

WDN | Medium Articulation

Modena 0.049
Pescara 0.22

Table 2 compares Aq for the Modena and Pescara
WDNSs:

o Modena: The low Aj,cq value signifies a resilient loop-
dominated topology. Node removals cause minimal frag-
mentation, preserving hydraulic connectivity for leak
detection across diverse sensor placements.

o Pescara: The high A,,.q highlights a branch-dominated
structure. Critical junctions act as choke-points; their re-
moval creates numerous disconnected components, am-
plifying leak detection variability depending on sensor
locations.

B. NODE SELECTION

This section analyzes sensor placement strategies for leak
detection in WDN’s, comparing the four centrality-based node
selection methods adopted in this study: betweenness, close-
ness, PageRank, and degree. Figure 6 and Figure 7 visualize
the top-ranked nodes, highlighted in red, for the Modena and
Pescara networks, respectively, using these metrics.

For Modena, the low medium articulation complexity
Aned = 0.049 reflects its loop-dominated topology:

« The presence of many alternative paths means that re-
moving a single node rarely disrupts connectivity.

« Betweenness highlights nodes near major flow intersec-
tions or reservoirs, since they frequently lie on shortest
paths between different network regions.

« Closeness unexpectedly favors peripheral nodes. In a
dense, looped network, even boundary nodes can reach
the rest of the system with only slightly longer paths,
making them appear ‘““centrally located” from a distance
perspective.

« PageRank tends to emphasize highly connected hubs,
overlapping partly with betweenness selections, but with
additional weight on nodes connected to other important
nodes.

o Degree identifies nodes with the most direct connec-
tions, typically major junctions where multiple pipes
converge. In Modena’s dense topology, these high-
degree nodes are distributed throughout the network
rather than concentrated at specific critical points,
achieving competitive but slightly lower performance
than closeness and PageRank.

Overall, Modena’s redundancy reduces reliance on a small
set of critical nodes, even peripheral junctions remain well
integrated. The strong performance of closeness and PageR-
ank suggests that in highly looped networks, global reacha-
bility metrics effectively identify nodes with comprehensive
network coverage through multiple paths.
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For Pescara, the moderate medium articulation complexity
Amea = 0.22 reflects its branch-like structure:

« Connectivity relies on a hierarchical structure where cer-
tain nodes serve as critical junctions between branches,
and their removal can significantly impact network in-
tegrity.

« Betweenness identifies bridge nodes between different
branches, since they concentrate most shortest paths.
However, in a sparse topology, these nodes may not co-
incide with the highest-connectivity junctions, resulting
in suboptimal leak detection performance.

+ Closeness spreads selections across both central and
peripheral areas, but the sparse connectivity and longer
path lengths result in less effective coverage compared
to other metrics.

« PageRank emphasizes nodes near critical branches, as
their structural position gives them influence over con-
nectivity, but performs less effectively than degree in
capturing local hydraulic information flow.

o Degree proves particularly effective in this topology,
identifying nodes where multiple branches converge.
These high-connectivity junctions serve as natural ag-
gregation points for hydraulic information (pressure and
flow signals), making them ideal monitoring locations.
The superior performance of degree in Pescara demon-
strates that local connectivity is crucial when alternate
paths are limited.

Thus, unlike Modena, Pescara’s limited structural redundancy
makes sensor placement highly sensitive to topology. Degree
centrality’s success reveals that in tree-like networks, mon-
itoring high-connectivity junctions provides comprehensive
coverage by capturing information from multiple branches
at critical convergence points, compensating for the lack of
alternate paths that would allow path-based metrics to excel.

C. DETECTION
In this section we present the result for the leak detection
task making a comparison between the different centrality
measure used to select which node we used in the analysis.
To measure the detection performances we used two metrics
that are the True Positive Rate (TPR) and the Detection Delay
(DD). The TPR measure how many leak that effectively
occurred in the different scenario we were able to detect,
whereas the DD is state-of-the-art metric in the water leak
domain and it measure how fast we are able to detect the leak
with respect to the actual leak starting time. The DD is defined
as

DD=T-T", (10)

were we assume that T > T* as we consider the detected
point before the leak happens as false positive. The DD is
expressed in hours.

In order to have a better comparison among the different
centrality measure, we decided to present the results with
two plots. The first plot represent the variation of the TPR
as a function of the maximum delay accepted as a leak. This

VOLUME 11, 2023
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FIGURE 6. Comparison of node selection results on the Modena network using the different centrality measures evaluated in this study.

means that we state that a leak a started only if our prediction
has a value in hours equal or less that the maximum delay
accepted. The second plot instead shows the DD as a function
of the TPR. We report three version for each plot, at different
FPR used to select the threshold for the detection step.

Furthermore we compared the results achieved with the
three centrality measure against a random node selection.
In order to have a fair comparison for the random node
selection case we have computed the results among 5 different
realization and the averaged the results obtained.

1) Baseline comparison

To validate the choice of the AutoEncoder (AE) as the fea-
ture extraction component of our pipeline, we conducted a
comparative analysis against Principal Component Analysis
(PCA), a standard linear dimensionality reduction technique
widely used for correlated time-series data. PCA offers sig-
nificant advantages in terms of interpretability and compu-
tational efficiency, making it a natural baseline for compari-
son. We implemented a PCA-based pipeline using the same
experimental setup employed for the AE approach. Specif-
ically, we applied PCA for feature extraction followed by
One-Class SVM for anomaly detection, maintaining identical
preprocessing procedures, training/test splits, and evaluation
protocols to ensure a fair comparison. The PCA component
was configured to retain a latent representation of comparable
dimensionality to that produced by the AE encoder. The
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TABLE 3. Comparison between PCA and AE feature extraction methods

Method TPR [%] DD [hours]
PCA + One-Class SVM 84.0 92.5
AE + One-Class SVM 92.0 40.2

comparative results are presented in Table 3. The AE-based
approach achieves substantially superior performance across
both evaluation metrics. Specifically, the AE attains a TPR
of 92%, representing an 8% improvement over PCA’s 84%.
More critically, the AE reduces the average DD by more than
half, achieving 40.2 hours compared to PCA’s 92.5 hours.
This dramatic reduction in detection delay is particularly
significant for real-world water distribution networks, where
early leak detection is crucial for minimizing water loss and
preventing infrastructure damage. The results are summarized
in Table 3.

The superior performance of the AE can be attributed
to its ability to capture temporal dependencies and non-
linear patterns in hydraulic time-series data, which are not
adequately modeled by PCA’s linear assumptions. Water
distribution networks exhibit complex dynamics, including
periodic consumption patterns, transient effects, and non-
linear pressure propagation phenomena. The convolutional
architecture of the autoencoder is specifically designed to
extract hierarchical temporal features that better represent

9
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FIGURE 7. Comparison of node selection results on the Pescara network using the different centrality measures evaluated in this study.

these complex hydraulic behaviors. While we acknowledge
that the AE operates as a "black box" compared to PCA’s
interpretable linear transformations, the substantial perfor-
mance gains, particularly the 52.3-hour reduction in detection
delay, provide strong empirical justification for the additional
complexity. In critical infrastructure applications, the trade-
off between interpretability and detection speed must be care-
fully evaluated; in this context, the ability to detect leaks more
than twice as fast can translate to significant reductions in
water loss and operational costs over the system’s lifetime.

2) Modena WDN

The results obtained on the Modena WDN are shown in Fig-
ure 8 and Figure 9. In this case, the Closeness and PageRank
centrality metrics outperform all other strategies, including
the scenario where all nodes are used, i.e., no selection is
applied, as well as the Betweenness-based degree-based and
random node selection strategies. Specifically, at the selected
threshold of 10% FPR, Figure 8(b) and Figure 9(b), we
observe a TPR exceeding 80% with a DD of approximately
25-28 hours for Closeness and PageRank. This represents
a substantial improvement over the other methods, which
exhibit detection delays of 45-50 hours at comparable TPR
levels, demonstrating nearly a two-fold reduction in delay.

This performance can be explained by considering the
value of Apeq(G) for the Modena WDN, which is 0.049
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Table 2. Such a low value suggests that the network topol-
ogy is highly resilient to node removals and can maintain
its connectivity even when only a small subset of nodes is
selected. As a result, centrality-based methods that prioritize
structurally important nodes, such as Closeness and PageR-
ank, are especially effective in this context.

Further promising results are reported in Figure 8(a) and
Figure 9(a), which show the performance of the proposed
method using a stricter threshold of 5% FPR. Even under this
more conservative condition, Closeness and PageRank selec-
tions continue to achieve high TPR values (approaching 90%)
while maintaining detection delays of approximately 40-48
hours, compared to 50-60 hours for other methods. These
findings are particularly valuable, as they suggest that the
method can operate effectively under conservative settings,
significantly reducing the number of false alarms during the
testing phase while preserving high detection performance.
Simultaneously, we are also reducing the computational cost
of the algorithm by analyzing only a small subset of the WDN
nodes.

Analyzing the results obtained using a threshold corre-
sponding to an FPR of approximately 15%, Figure 8(c) and
Figure 9(c), we observe that all node selection strategies
converge to comparable performance. At this less stringent
threshold, the differentiation between methods diminishes
significantly, with detection delays clustering in the 30-40
hour range at high TPR values. Although this setting results in
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somewhat improved DD values relative to the lower-threshold
scenarios, the associated false positive rate is excessively
high, rendering it impractical for real-world applications due
to the elevated risk of frequent false alarms.

3) Pescara WDN

For the Pescara WDN, the results are presented in Figure 11
and Figure 10. In contrast to the Modena case, these outcomes
reveal more nuanced patterns in node selection performance.
While the all-nodes approach generally performs well, degree
centrality consistently achieves comparable results, demon-
strating that strategic node selection based on degree can be
as effective as full network monitoring. Closeness centrality
also shows strong performance, particularly at lower FPR
thresholds.

This behavior can be explained by examining the structural
properties of the Pescara network. The A4 (G) value for this
network is 0.22, as shown in Table 2, indicating sensitivity
to node removal. However, the network’s topology is such
that high-degree nodes play a critical role in maintaining
connectivity and information flow. By prioritizing these well-
connected nodes, degree-based selection preserves the net-
work’s essential structural properties, enabling effective leak
detection even with partial observations.

At the 10% FPR level, shown in Figure 11(b) and Fig-
ure 10(b), both degree and closeness centrality achieve perfor-
mance nearly indistinguishable from the full-node scenario.
Degree centrality reaches approximately 91% TPR with an
average detection delay of around 43 hours, while closeness
achieves roughly 77% TPR with a delay of approximately
55 hours. The all node approach yields about 91% TPR
with a delay of 37 hours, demonstrating that degree selection
captures most of the monitoring capability while using only
a subset of sensors.

Under the stricter 5% FPR threshold, shown in Figure 11(a)
and Figure 10(a), degree centrality emerges as the most ef-
fective selection strategy alongside all node. Degree achieves
approximately 88% TPR with a mean detection delay around
59 hours, outperforming closeness which reaches about 87%
TPR with a delay of 57 hours. The other selection policies,
pagerank, random, and betweenness, struggle significantly,
with TPR values not exceeding 61%. This result suggests that
in the Pescara network, nodes with high connectivity are more
informative for leak detection than nodes selected based on
betweenness or random sampling.

When a 15% FPR is permitted, as shown in Figure 11(c)
and Figure 10(c), degree and closeness both perform well and
approach the all node benchmark. Degree centrality achieves
approximately 84% TPR with delays around 33 hours at
high detection thresholds, while closeness reaches similar
TPR levels with delays of about 46 hours. Remarkably, at
very high detection thresholds (exceeding 150 hours), both
strategies can slightly exceed the performance of the full-
node approach. However, as noted, the high FPR substantially
limits practical applicability due to excessive false alarms.
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The strong performance of degree centrality in the Pescara
network can be attributed to its alignment with the network’s
topology. High-degree nodes serve as critical junctions where
pressure and flow information from multiple branches con-
verge. Monitoring these nodes provides comprehensive cov-
erage of the network’s hydraulic state, making degree-based
selection particularly effective. This contrasts with between-
ness centrality, which prioritizes nodes on shortest paths but
may miss important local connectivity patterns, explaining its
relatively poor performance in this case.

VIl. CONCLUSION

In this work, we proposed a centrality-guided framework for
selecting sensor nodes in WDNSs to enable efficient and robust
leak detection. By benchmarking degree, betweenness, close-
ness, and PageRank centrality measures on two contrasting
networks, Modena’s highly looped, redundant topology and
Pescara’s sparse, tree-like layout, we have demonstrated that
network structure fundamentally determines which centrality
metric will yield the greatest leak-detection benefit.

In Modena, where multiple alternate paths preserve con-
nectivity, closeness and PageRank emerge as the top-
performing strategies, not only matching but occasionally
outperforming full-network monitoring and allowing an 80%
reduction in sensor count without loss of accuracy. Degree
centrality achieves competitive performance, reaching ap-
proximately 87-88% TPR at saturation, though slightly below
closeness and all node. In contrast, Pescara reveals a striking
reversal: degree centrality becomes the most effective strat-
egy, consistently achieving performance comparable to full-
network monitoring by prioritizing high-connectivity nodes
that serve as critical information junctions. At the 5% FPR
threshold, degree reaches 88% TPR with a 59-hour detection
delay, outperforming all other selection strategies including
closeness (87% TPR, 57-hour delay).

To interpret these divergent results, we introduced the
medium articulation complexity metric, which quantifies how
readily a network fragments under node removal. The contrast
between Modena’s low complexity (Ameq(G) = 0.049) and
Pescara’s moderate complexity (Amed(G) = 0.22) directly
explains why different centrality measures excel in each net-
work. In highly looped networks with abundant redundancy,
path-based centralities (closeness, PageRank) excel by cap-
turing global connectivity patterns and identifying nodes with
optimal reachability across the entire network. In sparser,
tree-like topologies with limited redundancy, local connec-
tivity measures, degree, prove more effective by identifying
nodes where hydraulic information from multiple branches
naturally converges, providing comprehensive coverage de-
spite limited alternate paths. By providing a single scalar
measure of structural fragility, this metric can guide utilities in
selecting the appropriate centrality measure for their specific
network topology.

The contrasting outcomes reveal a fundamental principle
for sensor placement in WDNSs: the optimal centrality mea-
sure must align with the network’s structural characteristics.
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FIGURE 10. TPR as a function of the maximum accepted detection delay for different FPR values in detection selection for Pescara WDN.

In redundant networks, global reachability metrics identify
nodes that provide comprehensive network coverage through
multiple paths, leveraging the network’s inherent robustness.
In sparse networks, local connectivity metrics identify critical
junctions where monitoring captures the maximum hydraulic
information, compensating for the lack of alternate paths.
Degree centrality’s strong performance in Pescara demon-
strates that high-connectivity nodes act as natural aggregation
points for pressure and flow signals, making them particularly
valuable for monitoring in tree-like topologies. This insight
suggests that a topology-adaptive approach, automatically
selecting between degree-based and path-based centralities
based on network complexity metrics, could provide robust

performance across diverse WDN configurations.

As future work, we plan to enrich our framework along
several complementary axes. First, we will weight central-
ity scores with hydraulic parameters, flow rates, pressure
gradients, and pipe diameters, to produce hydraulically in-
formed rankings that more faithfully reflect leak propagation
dynamics and complement topology-based selection. This is
particularly promising for degree centrality, where hydraulic
weighting could distinguish between high-degree nodes with
high-capacity pipes versus those with low-capacity connec-
tions. Second, we will move beyond static rankings by de-
veloping adaptive re-ranking schemes that respond to sea-
sonal demand shifts, valve operations, or detected anomalies,
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FIGURE 11. DD as a function of TPR for different FPR values in detection selection for Pescara WDN.

keeping sensor layouts optimally tuned over time. Third, we
will explore hybrid centrality measures that combine multi-
ple metrics (e.g., degree and closeness weighted by network
complexity) to leverage the strengths of different approaches
across varying network conditions.

A limitation of this work is its reliance on simulated
hydraulic data rather than real field measurements. While
our simulations incorporate realistic demand patterns from
operational networks, field validation would provide stronger
evidence of practical applicability. Future work should prior-
itize collaboration with water utilities to obtain real pressure
measurements and validate our centrality-based framework
under actual operating conditions, incorporating sensor noise,
measurement uncertainties, and real leak scenarios. Finally,
we intend to validate our approach in field settings by col-
laborating with water utilities on pilot deployments, incorpo-
rating realistic sensor noise, failure modes, and maintenance
schedules so as to assess operational robustness and refine our
methods in light of real-world feedback.
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