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ABSTRACT

Leak detection and localization in water distribution networks (WDNSs) is of great significance
for water utilities. This paper proposes a leak localization method that requires hydraulic measure-
ments and structural information of the network. It is composed by an image encoding procedure
and a recursive clustering/learning approach. Image encoding is carried out using Gramian Angular
Field (GAF) on pressure measurements to obtain images for the learning phase (for all possible
leak scenarios). The recursive clustering/learning approach divides the considered region of the

network into two sets of nodes using Graph Agglomerative Clustering (GAC), and trains a deep
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neural network (DNN) to discern the location of each leak between the two possible clusters,
using each one of them as inputs to future iterations of the process. The achieved set of DNNs is
hierarchically organized to generate a classification tree. Actual measurements from a leak event
occurred in a real network are used to assess the approach, comparing its performance with another
state-of-the-art technique, and demonstrating the capability of the method to regulate the area of

localization depending on the depth of the route through the tree.

INTRODUCTION

Nowadays water distribution networks (WDNs) are critical infrastructures in cities. Their
efficient operation can reduce water losses, which are estimated to account for a 30% of the total
amount of distributed water (Puust et al. 2010), producing high associated operational costs, as
well as environmental (Xu et al. 2014) and sanitary (LeChevallier et al. 2003) problems. Thus,
leak detection and localization approaches are widely researched (see (Chan et al. 2018) for an
extensive review). The different solutions can be classified considering several aspects. One of the
most important classifications separates model-based approaches from data-driven methodologies.

Model-based techniques rely on the estimation of hydraulic dynamics using mathematical
models (Savic¢ et al. 2009). A leak localization approach using pressure sensors, proposed in Pérez
etal. (2014), compares pressure disturbances caused by a leak with a fault signature matrix obtained
by means of hydraulic model simulations. This sensitivity analysis is also exploited in Sophocleous
et al. (2019), included into a two-phase approach that uses search-space reduction to decrease the
number of decision variables and their range of values, and an optimization strategy that solves the
detection and localization problem. Another solution, presented in Sanz et al. (2015), compares
calibrated parameters with historical values to find changes produced by a leak.

However, while model-based methods can work effectively under ideal conditions, their per-
formance is limited by the availability and accuracy of the mathematical models (Menapace et al.
2018). Hydraulic models may contain structural modelling errors, nodal demand uncertainties and
measurements noise (Blesa and Pérez 2018). Besides, the high computational cost and the uncer-

tainty in parameter estimation hinder the application of these approaches. These drawbacks are
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gradually overcome by the appearance of machine learning and data-driven procedures, which are
based on the mining of knowledge from the available data, gathered by installed sensor networks.

These methods typically use pressure sensors due to their lower cost in comparison to other
metering devices. In Han et al. (2018), a two-phase strategy is used to estimate the complete
state of the WDN from hydraulic heads at certain nodes by means of a Gauss-Newton Belief
Propagation inference scheme and to decompose the network to locate the leak. A deep-learning
(DL) framework is proposed in Zhou et al. (2019) to locate bursts using data from pressure sensors.
More recently, Soldevila et al. (2020) proposed a leak localization method that interpolates the
pressure at every node of the network from the measured values, comparing leak and leak-free
scenarios to locate the leak and using Dempster-Shafer reasoning to deal with uncertainty.

Other methodologies deal with additional types of sensors, mostly flow meters. A data-driven
method, proposed in Arifin et al. (2018), applies the concept of Kantorovich distance to detect
and locate leaks from flow rates and pressure measurements. In Navarro et al. (2019), a real time
leak localization method using Time Delay Neural Networks and flow/pressure measurements is
presented. A combined artificial neural network method is presented in Pérez-Pérez et al. (2021)
to perform leak diagnosis in pipes considering pressure and flow data.

Finally, other works deal with less common types of sensors. In Kang et al. (2017), data from
accelerometers is used to feed a two-stage approach, based on a convolutional neural network
(CNN) - support vector machine (SVM) architecture that detect leaks and a graph method based on
virtual nodes for their location. Besides, Huang et al. (2020) presents an efficient multistage leak
localization method that uses valve operations (VOs) to divide the demand metering area (DMA)
into two regions and water balance analysis based on smart demand meters to locate the leaks.

This paper proposes a leak localization method based on the use of the network topology and
pressure data from some inner nodes. The pressure information is encoded in the form of images, in
order to exploit the power of classical image-classification DL techniques. In this way, the degree of
freedom in the implementation of the method is higher, regarding the available software languages

and platforms. The localization operation is performed by means of a recursive clustering/learning
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procedure. The structural information of the WDN is used by the clustering process to split a
certain (sub)network into two clusters of disjoint nodes, generating a set of binary labels. The
hydraulic images, together with the produced labels, feed a training process which must produce
a deep neural network (DNN) that indicates which one of the two generated clusters contains the
leak. The recursivity affects the clustering stage, since these clusters are provided as inputs of the
explained process for subsequent iterations.When all the generated DNNs are organized depending
on the hierarchy of their (sub)network, a classification tree is produced.

In comparison with previous DL-related works like Javadiha et al. (2019), a smart application
of the image-encoding process allows to limit the size of the images to be fed to the DL algorithm,
thus reducing the computational cost. Moreover, Moreover, it is guaranteed that the set of possible
candidates for the leak location are connected, due to the clustering stage dividing the (sub)network
into connected components. This feature provides a secondary advantage: if a hydraulic simulator
is not available to obtain the necessary pressure data for the training phase (hence using the strategy
as a mixed model-based/data-driven approach), leak experiments can be performed over certain
points of the real network after defining a set of subnetworks that will be the targets of the DNN
classification tree.

Additionally, the hierarchical structure of this classification tree allows to tackle one of the
main problems of learning-based leak localization methods: the similar effect of neighbouring
leaks in the hydraulic behaviour of the WDN. When this similitude affects a group of nodes,
it may become even impossible to discern the origin of the leak among them. The proposed
recursive clustering/learning approach handles this behaviour by retrieving information about the
classification limitations (directly related to the leaks resemblance) from the training performance
results at each level of the classification tree. Thus, the hierarchically organized DNNs of the trained
tree are applied to new samples if and only if the training accuracy was high enough. In this way,
an ad hoc solution for the studied WDN would be obtained, as it is adaptable to its characteristics
and limitations from the leak localization point of view. This fact demonstrates the qualitative

improvement at the leak localization solution that the proposed method offers in comparison with
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strategies that lack this flexibility and hence provide unreliable solutions if the sensors amount
and/or precision are not appropriate.
Furthermore, some of the implemented techniques are adapted from their original design to

efficiently and effectively tackle their specific tasks, hence implying novelty in their exploitation.

METHODOLOGY
The proposed approach requires considering a set of assumptions, that should be fulfilled in

order to proceed with the method application:

* Pressure sensors are installed in a set of inner nodes. Besides, topological information about
the network must be available, i.e., the junctions connectivity and the pipes length.

* Records of pressure measurements are available for all possible leak cases. Since this
requirement may not be practical, these records could be obtained using a hydraulic simulator
and/or performing artificial leak experiments over a set of locations of the network. However,
this records are only needed at the off-line training stage.

* Due to the previous requirement, only single-leak scenarios are considered. The analysis
of multi-leak episodes would require data about every combination of leaks. Besides, the
leaks are supposed to appear at the network nodes, as usually considered in the literature
(Blesa and Pérez 2018; Sophocleous et al. 2019).

* The leak detection process is handled by an external method so that the proposed localization
technique is applied after a detection event occurs. A typical approach to detect the presence

of leaks consists of tracking changes in the night consumptions (Puust et al. 2010).

The following subsections describe the details of the methodology components and then the

general procedure thereof.

Hydraulic Data Encoding
The installation of pressure sensors allows to collect hydraulic information of the network state.

These measurements are converted into hydraulic heads by adding the elevation of each junction,
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as these values are important to determine the availability of water service. The hydraulic heads
are stored into data vectors (with a component for each sensor) that can be gathered at each time
interval, considering the sampling time of the measuring devices.

Besides, as mentioned above, information about the widest possible range of leak scenarios is
required, either from a hydraulic simulator or from artificial leak experiments at the real network.
Concretely, considering the importance of the size of a leak in its effect on the WDN behaviour,
the strategy that must be followed to handle different leak sizes must be adapted to the hydraulic

information source:

* On the one hand, if a hydraulic simulator is available, different leak scenarios can be
derived considering an estimated leak rate value, which can be obtained from an external
leak detection method, as most of these approaches handle the estimation of the leak size.

* On the other hand, proper artificial leak experiments could be performed over the real WDN,
considering that water utilities are usually interested in a concrete range of leak sizes that

depends on the operational characteristics of their network.

The achieved hydraulic measurements can be arranged in a multidimensional matrix H that
stores the gathered data vectors: the value hf ; would represent the hydraulic head at time instant
i of sensor j at leak scenario /, i.e., the leak is located at node /. The total number of time steps,
sensors and possible leak scenarios will be referred to as M, N and P respectively. To highlight
the time dependency, the notation hll. ; is henceforth substituted by hi.(i). Thus, a single data vector

from the multidimensional matrix H can be referred to as:

b (i) = [R} (D), K5 (i), ... KL (D), o Ry (D)] (1)

where each vector h' (i) corresponds to a collection of the hydraulic heads of the N sensors for time
instant i and leak scenario /.
The purpose of the data encoding process consists of converting the dataset H composed by

M - P vectors h' (i) € RV into a image set L comprised by M - P images L' (i) € RV*V.
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The application of this process, despite the increase in the required memory space due to the

use of images, is justified by two main advantages:

1. In this way, the training stage can be tackled by means of standard DL techniques for image
classification, and hence a wide variety of tools are available for this task.

2. This procedure is handled by the Gramian Angular Field (GAF) method, presented in
Wang and Oates (2015) (concretely, the Gramian Summation Angular Field approach is
considered). It not only converts vectors into images, but also extracts correlations among

the components of the vector, enhancing the information provided to the learning stage.

However, the GAF technique has been adjusted to fulfil the requirements of a leak localization
approach: the novelty of its application lies in the selection of the vectors that are converted into
images. Despite its original design for the imaging of time-series, for this work, GAF is applied to

the hydraulic data vectors h/(¢). This is justified by the following key points:

* A small number of measuring devices is available at most of the WDNs (Savi¢ et al.
2009). The reduced length N of the hydraulic information vectors h'(i) implies a low
dimensionality of the generated images, greatly diminishing the computational cost of the
learning phase. Thus, the major drawback of the original usage of GAF is removed and the
application of post-processing techniques to reduce the image size is not required.

* The proposed selection of data vectors h (i) entails the training of the different DNNs with
a wide variety of time instants, hence generalizing the neural network learning by inducing
an independence of dynamical variables like the nodal demands.

» Besides, considering the opposite situation, the selection of time-series as the data vectors

for the imaging process (that is, the vectors h; of H), would imply some drawbacks:

1. The selection of a suitable time window 7" < M (to split the complete time-series
into a set of time slots) would require analysing the length of the smallest set of time

instants whose information is rich enough to explain the leak location.
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2. The collection of T-dimensional time-series would be required to feed the leak
localization algorithm. This implies the existence of a minimum necessary time

lapse to achieve a single localization.

GAF exploits the angular perspective of the polar-encoded hydraulic information. Thus, each
input vector is rescaled to a range of values between -1 and 1 to fit the image of the cosine function.

The vector h'(i) is processed as follows:

21 (i) = (max(h' (i) + min(h' (i)))
max (b (i)) — min(h' (i)
gbll(l) = arccos(flﬁ. (7)) 3)

2

R (i) =

By considering the trigonometric sum between each pair of polar-encoded head values, the

associated GAF image is generated:

LG) = [eos(dl) + 6y0)] = B@) K@) - (Vv - B 0)2) - V- Eo2 @

where a and b are possible values of j and 1y is the unit row vector of length N.
The resulting image L'(i) is a N x N matrix whose a — b component encodes the relation
between the heads at the sensorized nodes a and b. Each L'(i) is processed to scale its values in

the range 0-255 to use the standard format of an image, achieving the rescaled dataset L.

Recursive Clustering/Learning
Once the image set L has been generated, the recursive clustering/learning stage uses this

information, as well as the WDN topology, to produce the previously mentioned classification tree.
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Clustering stage

In order to manage the topology of a network, let us model its structure by means of a graph
represented as G = (7, €). V stands for the set of nodes/junctions and € is the set of edges/pipes.
A node is represented as v, € V" while ey, = (v,,vy) € € denotes an edge connecting v, and
vy. Nodes from 7/ are said to be adjacent if they are connected by edges in ‘€. Each edge ey, is

associated to a weight w,,, and hence a weighted adjacency matrix W € RM*N can be constructed:

Cij» if ejj € é
wij = (5)
0, otherwise

where ¢;; represents the length of the pipe connecting junctions v; and v;.

An extended version of W that stores the relation among all the nodes in the network can be
derived: a non-adjacent pair of nodes, i.e., ey, = (vy,v,) ¢ €, is given an estimated weight W,,,
computed as the sum of the weights of the edges composing the shortest path (see Festa (2006) for
an extensive review about algorithms for its computation) from v, to v,, and this translates to the
sum of the lengths of the pipes in this shortest path. Thus, it can be regarded as a pairwise distance
matrix, referred to as W € RV,

The structural information stored in W is exploited by the Graph Agglomerative Clustering
(GAC) method, developed in Zhang et al. (2013) to segment the nodes of a graph into clusters.

Basically, the GAC approach performs an operation composed of three main phases:

1. A k-nearest-neighbours (k-NN) graph (see the introduction in Wang et al. (2012) for a
formal definition) is generated from the provided pairwise distance matrix W by means of
the computation of an asymmetric weighted adjacency matrix.

2. A set of small clusters is computed considering the weakly connected components (Pem-
maraju and Skiena 2003) of the k-NN graph with a low neighbourhood size k.

3. Those clusters are iteratively merged into larger ones until the settled number of clusters is

reached, selecting the two clusters with the highest affinity at each iteration.
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In this work, graph average linkage (Sokal and Michener 1958) is chosen as the agglomerative
clustering algorithm that handles the affinity comparison. It uses the edge weights of the k-NN
graph as the similarity metric, averaging the values between clusters.

Once the clustering procedure is performed, two disjoint sets of nodes are obtained, i.e., £; € 7
and £, C 7V holding that £ N E, = @ and £ U E, = V. Assigning a different label to each

subset, a label or target vector t € RY can be derived:

1, ifvx S ZEI
t, = Vx=1,..,N (6)

2, ifvyeZ,

The GAC process, as explained for graph € = (7, €) (corresponding to the complete WDN),
is also applicable to graph G5 = (F,Ex) (associated to a certain subset of nodes F), hence
allowing the recursiveness of the clustering strategy. Similarly, the pairwise distance matrix and
the targets vector would be W € RIFX#l and t4 € RI#! respectively.

Several aspects about the implementation of the clustering strategy must highlighted due to

their importance with regard to the requirements of the leak localization method:

» Each clustering operation produces two clusters due to the binary classification approach.

* The pairwise distance matrix W associates a higher cost to distance nodes than to close
nodes.

* The value of parameter k directly influences the generation of the required k-NN graph by
setting the size of the considered neighbourhoods. For each clustering operation, depending

on the cardinality || of the node set of graph €<, it is computed as follows:

kg =randi(|£| - o0) +0 -1 7

where randi(X) is a function generating a pseudo random integer from 1 to X, and o is an
offset, which must be set for the studied network, in order to discard possible values that

are too close to 1 and X.

10
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Learning stage

The above-described procedure provides the last ingredient for the learning phase. On the one
hand, the complete dataset of images L, composed of M - P N x N samples, is obtained from
the image encoding process. However, only M - |£| images would be applicable if considering an
arbitrary iteration of the recursive clustering/learning approach that operates over G« . Furthermore,
considering that only M,, time instants out of the M available ones are used for training purposes,
the final number of training images corresponds to M;, - |£|.

On the other hand, a vector of labels t was obtained from the clustering strategy. It must be
repeated M;, times to produce t%“ € RM 1%l which matches the length of the samples set.

Apart from the described training target set, the validation and testing sets must be generated.
Whereas the training set is employed during the learning phase to update the DNN parameters,
the validation set is used periodically in the same phase to assess the DNN accuracy. Finally, the
testing set is employed to evaluate the final performance of the DNN, once trained. Their lengths
would be M,; - |£| and M,,,, - |ZE| respectively, with M, ;, M;.;; < M. These sets are used to
train, validate and test DNNs as shown in Fig. 1.

The procedure is designed to be complete enough to extract features from the images and to use
them to learn how to classify those images, as well as simple enough to reduce the computational
cost of the training process. Additionally, the design is conceived to be general enough to be
applicable to different networks, as the only configuration parameter that is related to the studied
WDN is the number of sensors. The DL structure is composed by a set of three layers, associated

to different roles during the learning process, namely:

1. Convolutional layer (C in Fig. 1): It applies sliding convolutional filters to its input,
extracting key features that allow to assign a label to the analysed image (Murphy 2016).

2. Batch normalization layer (BN in Fig. 1): It normalizes its inputs (outputs of the con-
volutional layer) over each input channel (there is one channel per filter in the associated
convolution) and over a concrete mini-batch, i.e., the set of samples processed before updat-

ing the model parameters. This technique speeds up the training and reduces the dependence

11
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on the initialization of the DNN. Besides, it adds a regularization effect due to the partition
of the dataset in mini-batches and the associated parameter update only occurring after a
complete mini-batch is analysed (loffe and Szegedy 2015).

3. ReLu layer: The ReLu layer applies a non-linear activation function to its inputs. It consists

of a threshold operation, setting to zero any negative value (Agarap 2018).

After the instances of the presented set of layers, a fully connected network (FCN) is applied.
It multiplies its input by a weight matrix and adds a bias vector, combining the features learned
by the previous layers to identify larger patterns. Finally, a softmax layer (Bishop 2006) is used to

compute the conditional probability of each one of the classes for the analysed sample.

Procedure Overview
The above-described elements and processes pursue the goal of the generation and subsequent

application of a classification tree, formed by the hierarchical organization of the trained DNNs.

Classification tree generation

The generation of the classification tree is an oft-line operation, carried out with pre-collected
measurements and the available network topology, as summarised in Fig. 2.

The algorithm starts with a preprocessing stage, where the graph associated to the WDN
structure is extracted, and the hydraulic measurements at the available historical dataset of leaks
are converted into an image set, by means of the described image encoding process.

Then, the recursive clustering/learning operation is executed until the number of iterations
reaches a certain limit. Each iteration is repeated until the testing accuracy of the considered
DNN reaches a predefined threshold. Re-training may be performed to check the suitability of
the k& parameter of the clustering algorithm, which is initially random to explore the range of
possible values while pursuing an effective performance of the DNN. For every generated &, the
corresponding (sub)network is clustered and the labels are obtained. Taking into account that the
image samples are already available and divided into learning (including training and validation)

and testing sets, the learning process is performed. If the testing accuracy is good enough, the

12
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current iteration will be finalized by adding the subnetworks generated during the clustering at the
bottom of a queue that stores the subnetworks to be clustered in subsequent iterations.

Once the process is finished, all the trained DNNs are organized depending on their correspond-
ing (sub)network, obtaining the classification tree: the result of the application of a certain DNN
of the tree indicates the next DNN to be used, continuously functioning in this way from the first
DNN, which operates over the complete WDN, to the desired depth.

The classification tree generation scheme has an additional advantage: the testing accuracy at
the different levels of depth of the tree allows to gain crucial knowledge about the limitations of the
leak localization process, regarding issues like the WDN structure and the sensorization properties,
i.e., the amount, distribution and precision of the sensors. All the gathered information about these

limitations allows the operator to decide a proper depth for the application of the tree.

Classification tree application

This procedure is represented by the flow chart of Fig. 3.

The application of the classification tree is carried out online, and hence hydraulic measurements
are converted into an image that is provided to the trained classification tree in real-time, in order to
locate an occurring leak once it has been detected. The depth to traverse through the tree is decided
considering the gained knowledge about the limitations of the leak localization process.

Firstly, the top DNN of the tree is fed with the generated image, obtaining a label which indicates
the subnetwork where the leak is located from the two possible clusters. This label indicates the
next DNN to apply, and the process is repeated until the localization depth is reached. Then, the

application of the final DNN provides the set of candidates where the leak can be located.

CASE STUDY
The application of the presented methodology is illustrated by means of a case study. It corre-
sponds to a District Metering Area (DMA) (see Savi¢ and Ferrari (2014) for extensive information
about DMAs) from a real network referred to as E-Town. It is graphically represented in Fig. 4.
The considered DMA is formed by 125 pipes and 120 inner nodes, of which 8 are equipped

with pressure sensors (pink stars at Fig. 4). The water supplied to the area is obtained from a single

13
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water inlet (green square at Fig. 4.). The location of a real leak, that will be studied to show the

methodology performance, is indicated with a red hexagram at Fig. 4.

Hydraulic Data Encoding For E-Town

In order to illustrate the image encoding process, Fig. 5 and Fig. 6 respectively show the GAF
images associated to eight nodes of E-Town and their locations, at a certain time instant.

As mentioned above, the approach requires hydraulic information of the complete range of
possible leaks. In this work, EPANET 2 (Rossman 2000) is used to simulate the necessary leak
scenarios. Since only eight sensors are installed, the associated images have a size of 8 X 8. A pixel
ij of the image encodes the relation between components i and j of the data vector.

The majority of the GAF images presented in Fig. 5 exhibit clear differences among them due
to the effect of the leaks on the readings of the different sensors. These differences are exploited
by the DL algorithm to discern the leak location between the possible clusters. However, in the
case of nodes 39 (Fig. 5c) and 58 (Fig. 5f), which correspond to rather close junctions, little
differences appear between their images. Both facts illustrate the suitability of an approach that
allows to regulate the localization area: the location at node-level is nearly impossible, due to the
extremely slight differences of the corresponding leak effects. Hence, a trade-off between location
accuracy and area must be considered while applying the classification tree in order to optimize the

methodology performance.

Recursive Clustering/Learning For E-Town

The iterative application of the clustering process up to a third level of depth is shown at Fig. 7.

The produced clusters clearly arise from a topological perspective, partitioning the (sub)networks
at links that connect distant nodes. However, it is interesting to remark the specific case of sub-
networks 1.1 and 1.2.1 (referring to the numbering in Fig. 7, which are split into two sets that are
very different in size. This effect is produced by the explained re-training policy, which repeats
the learning stage of the corresponding iteration, modifying the k£ parameter of the clustering, in
search for a testing accuracy that reaches the desired threshold (a 95% in the cases at Fig. 7.

Thus, the clustering depends on the network structure, but it is also indirectly affected by the leak

14



349 information, since the learning phase also seeks to improve the localization.

350 For the learning stage, the DL architecture has been implemented using the MATLAB® Deep-
asi Learning Toolbox™. The learning process is configured by means of the following parameters:

a2 * Solver: It specifies the algorithm to be used. Stochastic Gradient Descent with Momentum
353 (Qian 1999) is selected, keeping the default momentum value of 0.9. In this way, the
354 oscillations along the path of the steepest descent towards the optimal point are reduced.
as5 * Learning rate: It is configured by means of four parameters, whose values are tuned and
a6 refined to maximize the classification accuracy:

as7 * Initial learning rate: It is the value at the start of the training and it is set to 0.01.

a8 * Learning rate schedule: It is set to decrease the learning rate piecewise during the
359 training, after a certain number of epochs, by multiplying it by a factor. This is
360 interesting to refine the learning process at the final steps.

a6 * Learning rate dropping period: It corresponds to the required number of epochs to
a2 drop the learning rate. It is settled to 8 epochs, to maintain each learning rate value
363 a minimum number of iterations.

364 * Learning rate dropping factor: It is the multiplicative factor that affects the learning
a5 rate every learning rate dropping period and it is configured to 0.9.

a6 * Convolutional filter size: It settles the length of the square filters at the convolutional layers.
a7 These lengths are different for each one of the three instances of the set of layers presented
a8 in the explanation of Fig. 1, and they depend on the number of sensors N to facilitate the
369 adaptation to different networks: [I_N /2] IN/3] [N/ 4]] .

a70 * Number of filters: It corresponds to the number of filters at each one of the convolutional
a7t layers: [8, 16, 32].

a2 The rest of available parameters are maintained as default. The image/label set is shuffled

a7 before every epoch in order to improve the regularizing effect of the batch normalization, as the
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activation of a concrete image during training depends on the rest of images of the mini-batch. The
division of the dataset at each learning operation includes a 75% for training, a 15% for validation
and a 10% for testing purposes. The different neural networks composing the classification tree are

trained by means of a NVIDIA GeForce MX130 GPU and a Intel® Core™ i7-8565U processor.

RESULTS

A real leak event was evaluated with the trained classification tree to evaluate the goodness of
the solution. The leak is estimated to have a size of 1.15 I/s, and hence the DNNs were trained with
hydraulic data obtained using EPANET?2 and considering this leak size. The dataset of the real leak
pressure measurements is composed of 720 entries (that is, 24 hours with a sampling period of 2
minutes) which are affected by different sources of uncertainty due to their real nature. Therefore,
the EPANET?2 scenarios were generated considering a 5% of uncertainty at the user water demands
and the pipe roughnesses. Moreover, in order to consider the measurement noise in the sensors,
the data from the hydraulic simulator was truncated to emulate a sensor precision of £0.01 m. The
location of the leak in E-Town is indicated in Fig. 4.

The application of the classification tree to the real leak data is graphically presented in Fig.
8. The green line circles indicates the subnetwork that is selected by the localization algorithm at
each level of the tree. The black cross marks the location of the real leak.

The information from the figure can be completed by these numeric results:

* Considering the levels from (a) to (c¢) (the letters refer to the coding at Fig. 8), the localization
is properly performed, as the leaky node is located in the highlighted area. This area is
composed by a total of 34 nodes, with a mean pipe distance of 576.41 m from these nodes
to the leaky one. Moreover, 8 clusters are formed at this level of depth of the tree, i.e., 8
possible outcomes of the algorithm if the tree is traversed until this depth.

* At level (d), the localization remains correct, reducing the localization region to 16 nodes
and the mean pipe distance to 357.02 m. There are 16 final clusters at this level of depth.

* Progressing to level (e), the correct localization diminishes the number of nodes to 13 and
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the mean pipe distance to 335.18 m while the number of final clusters adds up to 29.

* However, at level (f), the localization turns out to be incorrect, as the leaky node is not
considered in the localization area, which is formed by 11 nodes. The mean pipe distance
and the number of final clusters get increased to 393.62 m and 52 respectively.

* Considering levels from (g) to (h), the incorrect localization continues increasing both the
mean pipe distance and the number of final clusters to 418.98 m and 85 respectively, whereas
6 nodes are included at the achieved localization region.

* Finally, considering the single-node level (which implies the existence of 120 clusters, one

per node), the pipe distance from the reached node to the leaky one is 442.01 m.

DISCUSSION

Several aspects can be discussed about the presented results:

* The localization operation works properly until the (f)-level is reached, referring both Fig.
8 and presented numerical results. Therefore, branch (e) of the tree would correspond to
the localization area limit regarding the region where the real leak is located.

* The mean pipe distance is increased by the amount of nodes at early stages of the tree,
as well as the large separation between nodes of interest. For example, the pipe distance
between the leaky node and its neighbour from the right is 267.25 m.

* Regarding the final number of nodes at level (e), the search area is successfully reduced to
approximately a 10% of the total network. The value of 29 final clusters at this level shows
that the clusters of the region of the leak are quite big in comparison with the rest of the
network. The heterogeneity of the density of nodes per cluster at the different regions is

produced by the network structure and the re-training approach.

The performance of the proposed localization approach for the considered real leak can be
compared with that of a well-known model-based methodology, based on a fault sensitivity analysis
of the residuals (Casillas et al. 2013). The application of this strategy is represented in Fig. 9.

The light blue nodes of this figure and the red ones at level (e) of Fig. 8 correspond to a similar
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region of the network, and therefore the localization result of the proposed methodology can match
the degree of performance of a model-based state-of-the-art technique. Furthermore, the proposed

method produces an even more accurate result:

* Regarding the exact localization, the model-based strategy indicates a node that is 501 m
away from the real leak, while the proposed approach finds a node that is 442 m away.
» About the selected area of localization, the proposed methodology produces a more precise

result due to the exclusion of outliers, whereas the model-based method highlights one.

Therefore, the aforementioned model-based method is outperformed at both the leak candidate
set selection and the node-level localization by the proposed methodology. Regarding these two
aspects, it is important to focus on the selected area of localization because it is directly related
to one of the novelties of the proposed approach in comparison with previous methods: the
hierarchical organization of the classification tree. The differences between training data (which
in this case is obtained from a simulator) and real measurements may introduce errors at the node-
level localization, but the classification tree can be traversed backwards in order to search the leak
at a larger set of nodes, which are also guaranteed to be in the same area of the network due to
the topology-based clustering. This characteristic entails an advantage in comparison with other
methodologies: for example, in the case of the compared model-based approach, there exists an
outlier in the final set of most probable leak origins (the light blue point in Fig. 9 that is located out

of the branch where the leak occurs) that hinders the localization of the real location of the leak.

CONCLUSIONS

This article presents a leak localization approach based on image encoding, graph-based clus-
tering and deep-learning. It uses information about the different possible leak events at a WDN,
converted into images via a data encoding process, to produce a classification tree by means of a
recursive clustering/learning approach. The techniques selected to perform these operations are
configured and applied in customized ways to fit the necessities of the leak localization task.

The application of the methodology allows to naturally gain knowledge about the leak local-
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ization limitations due to the sensors accuracy, placement and number, as well as network charac-
teristics. Accordingly, the best leak localization area can be selected, as the classification tree can
be traversed from the first clustering of the complete network to any pre-trained intermediate state
until the single-node level is reached. Besides, this localization-area-based approach guarantees the
selection of congregated nodes due to the exploitation of the structural and topological information.
The method has been applied to the case of a leak at a real network, using data from the actual
WDN. The results are compared to the performance of another state-of-the-art technique, showing
improvements regarding both the leak localization area definition and the node-level operation.
Some tasks remain open regarding the research in this field. On the one hand, a review of the
different components of the methodology can be performed to find even more suitable elements to
substitute the current ones. On the other hand, regarding the selected methods, their configuration
and calibration can be improved by means of their inputs and parameters. Furthermore, extra studies
about the effect of uncertainty and inaccuracies at the hydraulic model, sensor measurements and
network characteristics can be performed in order to analyse the sensitivity of the method to those
aspects. Finally, it could be interesting to test the methodology considering that the hydraulic
model of the WDN is not available, that is, working together with a water utility to perform several

artificial leak experiments to gather data for the training of the DNNSs.
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(a) (b)
Fig. 9. Result of the application of a model-based approach to the leak localization of the real

leak. (a) Correlations map - the bluer the node, the higher the correlation, and hence, the higher
the probability of the node to be the origin of the leak. (b) Zoom of the most probable leak area.
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