


10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

PACS: 0000, 1111
2000 MSC: 0000, 1111

1. Introduction

Pipeline networks are complex systems used to transport fluids like wa-
ter, hydrocarbon, natural gas, among others. Given the size and complexity
of water distribution systems (WDS), they are exposed to several factors that
cause leaks (corrosion, wear, poor installation and/or natural disasters). Main-
tenance operations are vital to prevent or correct most of these factors [1].
However, there exist other factors that cause leaks such as illegal tappings for
stealing of the fluid or the water-hammer effect that can damage the joints
of the pipeline. Additionally, the greatest extension of water distribution net-
works are found underground which makes it harder to visually identify leak
events [2] which in turn increases their lifetime and associated costs.

Leaks are a serious problem globally that have a negative impact both from
the economic and environmental perspectives. It is estimated that globally the
21% of water for human consumption is lost due to leaks in WDS. In Mexico
this problem is dimensioned even higher with a percentage of water lost to
leaks of 40% [3]. Leaks are estimated to generate water losses of around 126
billion cubic meters yearly, which translate into 9 billion USD in economic
terms [4].

To minimize their impact, previous investigations have addressed the is-
sue of leak detection and localization. On the one hand, for the task of leak
detection the objective is to identify whether or not a hydraulic system is oper-
ating under nominal or faulting conditions. On the other hand leak localization
takes the task one step forward and focuses in identifying with a low degree
of error the faulting node where water is being lost. Commonly the detec-
tion stage is considered as a first step to perform before the localization of the
leak [5]. Both the detection and localization tasks are non-trivial and they in-
crease in complexity when the topology of the hydraulic system increases in
size. In the literature it is common to establish a distinction between hard-
ware-based methods and software-based methods. For the hardware-based ap-
proach special equipment is required intrusively or non-intrusively installed in
the pipeline. These methods however tend to be expensive when implemented
in bigger-scale systems [6].

To address leak detection and localization tasks work has been addressed
following a model-based approach. Even if satisfactory results have been found,
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it is undeniable that the proposed methods lack in capability when dealing with
bigger hydraulic systems given the increased complexity in the model of the
system. Besides, parameters in the model need to be known with a low degree
of error to ensure a good fit with its real-world values. Some parameters can be
known through direct measurements (pipe length, inner diameter). However,
other parameters such as the roughness coefficient of the inner pipe of the wall
or the minor head loss coefficient caused by fittings and/or valves are difficult
or impossible to measure directly. Thus with the increasing advances in tech-
nologies as artificial intelligence, machine learning and neural networks new
data-based methodologies have started to be implemented for leak detection
and localization even in real-world systems. In recent years, technologies re-
lated to the deep learning have been applied to tasks in planning, management
and problem-solving in hydraulic systems in general [7]. In these new meth-
ods the main objective is to process data provided by different sensors installed
in the system that measure different physical variables to identify trends that
indicate leak occurrences employing mechanisms as artificial neural networks.

Considering the use of neural networks in leak detection/localization, two
main focuses are identified: classification-based methods and prediction-based
methods. In this paper we focus only in the first approach. The main objective
is to build and train deep learning models with enough data labeled between
leak-free and leaking data. One of the main drawbacks that are found from
this approach is that it is difficult to store and manually label large amounts
of data generated experimentally, since it would require a close collaboration
with urban water management agencies which is often impossible given that
the experiments would compromise the water supply to the population. To
address this issue, several works have proposed the use of hydraulic simula-
tors (e.g. EPANET) to generate synthetic data for the training of the neural
networks [8, 9]. The review of the state-of-the-art has also demonstrated that
one of the main neural network architectures that has been used in leak de-
tection/localization tasks are the convolutional neural networks (CNN). For
example, in[8] a CNN is used to process 2-D pressure maps of a hydraulic sys-
tem under a variety of leak scenarios and train it to be able to classify different
leak events. Similarly, in[9] the uni-dimensional pressure signals of different
sensors installed in a WDS are transformed in a 2-D figure for the training of the
CNN. However, it was noted that these kind of transformations typically carry
some kind of information loss and increase the required computational effort
for the training of the neural network [10]. For this reason, uni-dimensional
CNNs are used to directly process uni-dimensional time series. In this line of
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work in [11] six CNNs trained with manually labeled data for different leak
scenarios obtained high percentage accuracy in the location of up to three leak
events, considering that information of 21 pressure meters is available. Reduc-
ing the number of considered sensors to 8 still provides an acceptable accuracy
but it is undeniable that in practical implementations it tends to be difficult to
account for elevated number of meters a fewer sensors should be considered.
Not only it is made evident that there is still a significant effort to be made in
testing the performance of other neural network architectures that take into
account not only the spatial relation between the considered variables but also
the temporal dependency between them [7] but also it becomes relevant to
consider novel methods to pre-process the available data that simultaneously
lower the computational effort required for the training of the neural network
and provide an elevated sensibility to detection and location of leak events.

LSTM neural networks are useful for different applications involving dy-
namic time-changing data. In the context of water distribution networks they
have been used mainly for effluent prediction [12], monitoring and forecast-
ing of wastewater treatment performance [13], groundwater quality analysis
[14], water pollution prediction [ 15] among other tasks mainly focused around
water quality assessment. Given their strengths in processing time-dependent
data, LSTM neural networks have also been applied for leak diagnosis. Even
if not directly applied to water pipelines, in the study by [16] an LSTM with
initial weights proposed by the attention mechanism (AM) is used for leak lo-
calization in a natural gas pipeline, achieving a high accuracy (AUC = 0.99). In
[17] a multivariate LSTM multi-encoder based approach is proposed for leak
diagnosis. First, different threshold values are considered for different zones in
the water distribution networks for anomaly detection. The neural network is
trained both with pressure and flow data, achieving elevated detection metrics
(97% with pressure data and 100% with flow data) and a true-zone identifi-
cation of 95% of the leak cases. Similarly in [18] a mixed autoencoder-LSTM
framework is proposed for leak diagnosis demonstrating and enhancement in
both the robustness against noisy signals and the accuracy and precision of
leak detection. However, the leak localization problem was not addressed in
the later work.

The main contribution presented in this paper is a novel leak location method
where data provided by pressure meters installed in a WDS is processed to cre-
ate a new leak-sensitive feature refereed to as the pressure center of gravity.
This center of gravity can be imagined as an imaginary location within the
WDS where measured pressures find equilibrium and it is constructed from
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known x and y geographical coordinates of nodes with sensors and their mea-
sured values and can be computed even if few nodes have sensors installed.
Under leak-free conditions of operation it is expected to find this center of
gravity around some known coordinates. However, once a leak takes place it
is expected that the coordinates of the center of gravity will shift towards a
new location given the induced drop in measured pressure head. Relying only
in measured pressure head and known-beforehand coordinates of nodes with
sensors one can compute the location of the pressure center of gravity once
a leak is known to occur. Then, a deep learning model trained with data for
all possible leak scenarios can be used to localize the leak at a node level. To
consider multiple leak conditions per candidate node, leaks of different values
are simulated synthetically using the EPANET-MATLAB® Toolkit by OpenWater
Analytics [19].

As far as the authors’ knowledge goes, the main novelty of the work here
presented lies in the following main considerations:

* For leak detection/localization purposes the main features considered in
the majority of the studies are pressure head/flow rate measurements.
Geographical data like sensor node coordinates has not been directly in-
troduced as part of the training features available. Our novel feature
considers both the measured data, significantly weighted by where the
sensor node is located, thus maximizing the usefulness of all available
data.

* The novel pressure center of gravity feature greatly reduces the dimen-
sionality of the problem mainly during the training stage of the LSTM
neural network, since regardless of the number of available sensors the
number of training features is reduced to two, which in turn results in a
lighter training.

* When a leak occurs there are changes in both the pressure and flow in the
water distribution network. Even if both changes can be graphically visu-
alized by comparing the before/after values, the novel feature provides
a greater insight in understanding these before/after changes caused by
the leak allowing to geographically visualize how this value shifts with
respect to the leak location and size.

This paper is structured as follows: Section 2 presents with the proposed
leak-diagnosis methodology. First the case study is presented, then the method-
ology for computing of the pressure center of gravity is explained. Following,
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the methodology for creation of the datasets for the training and validation
stages is detailed. Finally, the architecture of the proposed recurrent neural
network is described. Sections 3 and 4 present with the diagnosis results using
the proposed approach in two selected study cases: The Hanoi DMA (a popular
benchmark DMA used in many leak diagnosis studies) and the Madrid DMA (a
real-world study case). Finally Section 5 presents some conclusions and future
work proposals.

2. Methodology

2.1. Computing of the pressure center of gravity

The methodology here presented proposes the use of the center of gravity of
pressure in the WDS. This center of gravity is an imaginary location that should
be understood as the center of pressure of the WDS. It is assumed that under
nominal operating conditions this center of gravity is shifted towards the nodes
with higher pressure. After a leak has taken place it is expected to experience
a drop in pressure head across the entire WDS. However, nodes geographically
closer to the leak event will experience a more notary drop in pressure head. In
consequence, pressure head meters closer to the leak event will be more sensi-
ble towards this fault event. Previous research has been directed towards the
issue of optimally-placed sensors in water distribution networks [20, 21]. Even
if the performance of any leak diagnosis method can be greatly improved by
optimally placed sensors, in real-world implementations water agencies may
use other criteria (like physical limitations) to decide the location of their sen-
sors. To account for both scenarios we will consider two cases: one considering
a hypothetical small-sized DMA with an optimal sensor placement and other
considering a real-world DMA where the sensors are placed according to the
water distribution agency criteria.

Given this information, it is safe to ensure leaks taking place in a water
distribution system have two main effects in the pressure center of gravity co-
ordinates:

¢ The location of the leak is related with the direction of the coordinate-
shifting.

* The size of the leak is related to the magnitude of the shifting.

Both effects combined can be referred to as a leak-signature and can be clearly
visualized in Figure 1. In Figure 1, same-colored markers are used to represent
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181 the coordinates of the pressure center of gravity when leaks occur at different
132 nodes of the Hanoi DMA. Leak of various magnitudes were simulated. As the
183 leaks grow in size from 1 L/s to 15 L/s the shifting of the coordinates of the
184 pressure center of gravity becomes more evident. The effect of measurement
185 noise can be seen in Figures 2 and 3. In Figure 1 the two effects are better
186 visualized: different leak nodes cause the pressure center of gravity to move
1e7 towards an specific direction and magnitude of the leak produces an equiv-
188 alent shifting. Figures 2 and 3 depict different levels of degradation, where
180 data in Figure 2 is still somewhat separable whereas data in Figure 3 is heavily
100 clustered together, greatly reducing the ability of the diagnosis method in cor-
101 rectly separating the leak scenarios. This limitation of the 2D representation
102 and how the separability can be enhanced even under heavy noise conditions
103 Will be further explored in Section 3.4.
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Figure 1: Graphical representation of the effect of differently-sized leaks at different nodes in
the Hanoi DMA (ideal conditions).

104 Even if not directly separable, the significant-enough different leak signa-
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Figure 2: Graphical representation of the effect of differently-sized leaks at different nodes in
the Hanoi DMA (1% measurement noise).
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tures motivate the idea of using a neural network for leak localization using
the proposed leak-sensitive signature of the pressure center of gravity.

The location of the pressure center of gravity is computed as follows: Let us
define a WDS consisting of n junction nodes from which s nodes have pressure
meters installed. Since the topology of the WDS is known with an acceptable
degree of accuracy and a 2-D representation such as the one shown in Figure

4 can be constructed, let us define vectors:

Xg= |:x1 Xg ... xs]
(D
Ys = [J’1 Yo .- J’s];

where x; and y; define the coordinates of the i-th node with sensor (i =
1,2,...,s). Assuming that pressure head measurements are recorded over T
time steps, let us also define a measured pressure head matrix P, € R**T as:

P11 P21 " DPs1
p_ = P'lz P.zz P'sz ’ @)
Pir P2t " Dst

where the i-th column contains the pressure head measurements recorded by
sensor i for time steps t =1,2,..., T. Matrix P, can be divided into rows for
individual time steps as:

Pt:[plt Pat .- pst]; 3)

for the t-th time-step. Then, the first moment of pressure-inertia for each node
with sensor both with respect to the x and y axis are computed using the
Hadamard product as:

P oXs= [pltxl Dot Xy v pstxs] @
P, OYs= [plt.yl Doty - pst.ys]-
Finally, the coordinates of the pressure center of gravity are computed as:
C. = Zj:l (Pt GXS)i
X S {
t ) Pl
2im P (5)

C. = Z?:l (Pt O YS)i

Ye 251:1 Pti
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where super-index i indicates the position within the corresponding vector.
As expected, the computing of the coordinates of the center of gravity can
be performed at each time step when pressure measurements are available.
During steady state operation it is not expected to experience a significant shift
of the position of the center of gravity. In real-world water distribution systems
it is normal to expect variations both in the user demands as well as recorded
pressure through the day that can result in a natural shifting in the position of
the center of gravity. In this paper we only focus in the effect after the leak
has occurred considering steady-state operation of the WDS (constant user
demands) for demonstrative purposes of the proposed methodology.

2.2. Case study: Hanoi WDS

For demonstration of the proposed methodology, a simplified hydraulic
model of the Hanoi WDS is used as the model under study (see Figure 4). The
Hanoi WDS is a popular benchmark for studies in leak diagnosis [22, 23, 24].
Particularly the work performed by [25] and [26] demonstrate applications
where Bayesian classifiers are used to perform leak diagnosis using this WDS
as study case. The water distribution network is composed of one reservoir, 31
demand nodes and 34 pipes. It is assumed that pressure head is measured only
at nodes 12, 21 and 28 as reported in[21] as the optimal sensor locations. For
simplicity, nodes with sensors and the reservoir node are excluded as possible
nodes with leak, leaving 28 possible leak locations.

Datasets are created using the EPANET-MATLAB Toolkit by OpenWater An-
alytics [19]. The hydraulics of the system are simulated inducing additional
demands of magnitude 1 L/s and 15 L/s with a random deviation of £30%
for all nodes except those with sensors and the reservoir. Given that the mean
demand in the simplified Hanoi WDS model is of 178.6742 L/s, the simulated
leaked outflow values are found below the 10% of the mean base demand. This
small-sized leaks are selected because leak-diagnosis methods tend to provide
with accurate results with large-sized leaks given the evident change in the
operating conditions induced by them. However, there is more interest in an-
alyzing how the methods perform with smaller leakages that more accurately
represent how leaks occur in a real-world WDS. Also, to account for variable
leak sizes, multiple simulations are performed per node considering a random
leak value in each simulation iteration to ensure that the neural network has
varied enough data to train.
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Figure 4: The Hanoi WDS.
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