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ABSTRACT
The detection and localization of leaks in water distribution networks (WDNSs) is one of the

major concerns of water utilities, due to the necessity of an efficient operation that satisfies the

1 Romero-Ben, December 11, 2021



25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

worldwide growing demand of water. There exists a wide range of methods, from equipment-based
techniques that rely only on hardware devices to software-based methods that exploit models and
algorithms as well. Model-based approaches provide an effective performance but they rely on
the availability of an hydraulic model of the WDN, while data-driven techniques only require
measurements from the network operation although they may produce less accurate results. This
paper proposes two methodologies: a model-based approach that uses the hydraulic model of the
network, as well as pressure and demand information; and a fully data-driven method based on
graph interpolation and a new candidate selection criteria. Their complementary application was
successfully applied to the Battle of the Leakage Detection and Isolation Methods (BattLeDIM)
2020 challenge, and the achieved results are presented in this paper to demonstrate the suitability

of the methods.

INTRODUCTION

A recent study, developed in Liemberger and Wyatt (2019), estimated that leaks account for up
to 126 billion cubic meters of water per year worldwide (expressed as non-revenue water), which
represents a remarkably significant quantity considering the worldwide growing demand, supposed
to increase by 55% between 2000 and 2050 according to Leflaive (2012). Furthermore, apart from
the associated economical and operational costs, water leaks increase the risk of contamination
(Xu et al. 2014) and health problems (L.eChevallier et al. 2003). Multitude of solutions have been
proposed during the years to address the leak detection and localization problem (see Chan et al.
(2018) for an extensive review). They are typically classified into two categories: hardware-based
and software-based methods (Li et al. 2015).

On the one hand, hardware-based methods use hardware devices to detect the existence and
position of bursts. They are usually divided into acoustic methods, including listening rods, leak
correlators and leak noise loggers (Mutikanga et al. 2013); and non-acoustic approaches, like gas
injection, ground penetrating radar technology or thermal infrared imaging among others (Fanner
et al. 2007). Even if these methods provide a high degree of accuracy, their usage is usually

prohibitive for large pipe networks due to its high associated costs and reduced detection range,
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and hence their application is limited to small zones of the WDNs (Rajeswaran et al. 2018).

On the other hand, software-based techniques rely on models or algorithms that exploit ad-
ditional information from metering devices (pressure meters, flow sensors, etc.) to perform the
detection/localization of the leaks. These methods can be split into three main categories: transient-
based, model-based and data-driven methods.

Transient-based approaches analyse the transients induced by leaks using signal processing
techniques. A leak detection method that exploits transient-based information and genetic algo-
rithms is described in Vitkovsky et al. (2000). The detection task is tackled in Kapelan et al.
(2003) by a hybrid inverse transient procedure, formulated as a constrained optimization problem
of a weighted least-squares cost function. Besides, Wang et al. (2020) proposes a method that
uses matched-field processing to locate leaks by incorporating prior information of the modelling
error. Techniques based on leak transients are also used for leak diagnosis in pipelines, as shown
in Pérez-Pérez et al. (2021) and Torres et al. (2021).

Model-based methodologies use hydraulic models and simulators, calibrating both the network
characteristics and the demands, to compare simulated hydraulic information with actual measure-
ments from the WDN (see the introduction in Sanz et al. (2016) for a review). A leak detection
and localization technique using flow velocities is presented in Goulet et al. (2013), built as an
error-domain model falsification methodology. A widely-used localization approach that matches
pressure residuals to a fault signature matrix obtained by means of hydraulic simulations is proposed
in Pérez et al. (2014). A similar consideration is used in Sophocleous et al. (2019), performing a
sensitivity analysis along with a search-space reduction approach to find the leakage location.

While model-based approaches have been widely researched and exploited due to their efficiency
and effectiveness (Duan et al. 2011), the associated performance is limited by the difficulty in the
selection and calibration of the corresponding mathematical models (Menapace et al. 2018), the
diversity and complexity of WDNs (Kim et al. 2016), and the presence of modelling errors like nodal
demand uncertainties and measurement noise (Blesa and Pérez 2018). Most of these disadvantages

may be gradually overcome using data-driven and machine learning techniques (Ferrandez-Gamot
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et al. 2015) and their reduced or non-existent dependency on an hydraulic model.

Data-driven strategies analyse the measurements from monitoring devices, mining knowledge to
detect leaks and identify their location (see Wu and Liu (2017) for an extensive review). Information
from accelerometers is exploited in Kang et al. (2017) to feed a two-phase method supported by a
convolutional neural network (CNN) - support vector machine (SVM) architecture that detect leaks
and a graph method based on virtual nodes that locates them. The concept of Kantorovich distance
is applied in Arifin et al. (2018) to detect and locate leaks by exploiting the pipeline leak signature
and identifying possible changes in the pipeline status using mass flow rates and pressure data. An
efficient multistage method is presented in Huang et al. (2020), which uses valve operations (VOs)
to split the demand metering area (DMA) into two zones and identify the leak location within these
regions by means of a water balance analysis based on smart demand meters.

Recently proposed data-driven approaches use pressure sensors due to their the lower cost and
easier installation in comparison with other kind of meters, resulting in an attractive option for water
utilities (Soldevila et al. 2021). In Han et al. (2018), a two-stage strategy is used to estimate the
WDN state by means of a Gauss-Newton Belief Propagation inference scheme applied to hydraulic
heads at certain nodes of the network, and a clustering method to decompose the WDN and isolate
the leak. A deep-learning scheme is proposed in Zhou et al. (2019) to locate leaks using pressure
meters that are placed at limited, optimised places for a short period. A data-driven approach is
developed in Soldevila et al. (2021), interpolating the pressure at every node of the network from
certain measured values by means of the Kriging interpolation technique, comparing leak and
leak-free scenarios to locate the leak and using Dempster-Shafer reasoning to deal with uncertainty.

This article proposes two different and complementary techniques to locate leaks: a model-
based method that uses a hydraulic model of the WDN and pressure and demand measurements
and/or well-calibrated demand estimations; and a data-driven approach that only requires pressure
information from some inner nodes and the topology of the network. Both of them are applied to
the Battle of the Leakage Detection and Isolation Methods (BattLeDIM) 2020 challenge (Vrachimis

et al. 2020), using them in a complementary manner to improve the performance.
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Both methodologies present several contributions with respect to previous approaches:

* They handle the multi-leak problem, overcoming the classical hypothesis of the appearance
of a single leak at a time (Goulet et al. 2013; Pérez et al. 2014), which is assumed in most
state-of-the-art techniques (Soldevila et al. 2016).

* Regarding the data-driven method, it reduces the complexity of the interpolation stage
by using a quadratic programming approach that exploits the topology of the network,
concretely the length of the pipes. Other interpolation-based methods like Soldevila et al.
(2021) require extra information to be known (like diameters) or estimated during the
interpolation (distribution of flow in pipes, pipe roughness, etc.). Moreover, in the referred
work, a basic residual computation is employed to select the candidate to be the origin
of the leak. This approach is completed in the method proposed here by combining the
information of both the basic residuals and the relation among the hydraulic heads of all the

nodes of the network (interpolated and measured) in a single metric.

Furthermore, a leak detection and estimation technique is proposed to complete the solution of
the challenge and feed the localization strategies with the leak appearance time instants. Then, the

proposed localization methods depend on the proper operation of the detection stage.

METHODOLOGY

Water distribution networks across the world present different characteristics in structure, size,
demand patterns, components, etc. Moreover, the distribution, amount and properties of the
measuring devices installed throughout the networks varies from one site to another. This fact
indicates the necessity of adapting the selection and usage of software-based techniques.

Thus, two complementary approaches are proposed in the following to locate leaks in WDNs:

* A model-based methodology that exploits the existence of a well-calibrated hydraulic model
of the WDN, as well as the availability of reliable pressure and demand information.
e A fully data-driven technique that only requires minimal topological knowledge of the

network and measurements from pressure sensors distributed at a set of inner nodes.
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The model-based method faces difficulties when there is a lack of demand measurements or
estimations, while the data-driven strategy requires a minimum pressure sensor density in order
to operate, as it is its only source of hydraulic information. The WDNs can be divided into areas
with different features (like in the presented case study), e.g., sensorization properties (amount,
placement, precision and type of installed sensors), existence of weirs, tanks, valves... Therefore, the
best option between these two methods can be selected depending on the availability of information
and/or model of the WDN, and they can be even used in a complementary manner, so that the

weaknesses of one method are compensated by the strengths of the other.

Leak detection and estimation

The proposed method uses sensor fusion calculations to analyse the flow of water supplied to
the DMA at all hours of the day, not only during the night hours. Initially, it is assumed that the
demand forecasting method is calibrated with historical data from the DMAs (Donkor et al. 2014),

which will provide a good approximation of the current inflow y at time k:

y(k) = (k) +e(k) (1

where k =0, 1, 2, ..., denotes the discrete time corresponding to time 0, T, 275, ... (T is the sample
time of the demand forecasting model), $(k) is the demand forecast and e (k) is the error that, for
this study, is considered to be adjusted by a normal distribution (Malik 2016). As the incoming

demand is more accurate in some periods of the day, a periodic variation in time 7 is considered:

e(k) ~N@,c%(k))  with  o2(k)=c*(k+T) )

In the case of the presence of a leak, i.e., f(k) > 0, Equation (1) leads to:

y(k) = 9(k) +e(k) + f(k)  —  f(k)=y(k) = 3(k) = f(k) +e(k) 3)

where f(k) is an approximation of the leak size given by the difference between the actual and the

estimated inlet flow, with a leak estimation error equal to the demand forecasting error.
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Given the current inlet flow value and previous values in a time window with Ny samples,
Equation (3) can be applied considering Ny different leak estimations, approximating the leak as:

Nw—1

flo ~Flky= >

i=0

J(k —1i)

Noy “)

An average leak estimation f (k) can be computed at instant k applying the maximum likelihood

estimation method to the joint probability distribution of the Ny estimations fused in f(k):

Zi:NW—l F(k—=i)

= =0 2(k—i)

fR) = o (5)
Zi:O o?(k—i)

In a non-leak scenario, ?(k) will lead to small values (but different from zero) due to demand
estimation errors, whereas its value will increase in a leak scenario. Thus, the leak detection is
formulated as a change detection problem that can be solved by computing a threshold A that will
determine the value of ?(k) above which it can be assumed that a leak exists. This value can be
computed applying Equation (5) to historical leak-free data, considering the worst-case scenario A
to be equal to the maximum value of ?(k) computed for the whole historical non-leak data.

Then, the leak detection is triggered as stated by the following expression:

f(k) > 2 = Leak
ca (6)

Otherwise = No Leak

Data-driven methodology for leak localization

The proposed fully data-driven approach is based on two phases: a graph-based interpolation
that approximates the complete hydraulic state of the network and a geometric comparison between
the states in leak and leak-free scenarios. This approach removes the need for a hydraulic model,

as it only uses measured pressure values and the WDN topology. It presents the following features:

» It is applicable to the measurements of a single time-instant, but it can be easily extended

to integrate temporal information from time-series.

7 Romero-Ben, December 11, 2021



176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

* The leak-free data can be obtained from a historical dataset of hydraulic measurements,
provided by the water utility. In order to deal with possible differences in the demand
conditions between the leak and leak-free scenarios, updated nominal information can be
obtained from the previous days to the appearance of the leak. Moreover, these demand
discrepancies can be reduced even more by selecting nominal scenarios with an analogous
consumption pattern, e.g., the same day of the week. In this way, an hydraulic model is not
required to obtain the nominal data.

» It provides a set of leak candidate inner nodes. The size of the set depends on the sensors
limitations and network structure. However, it offers the possibility of approximating the
exact leak location with sufficient reliability.

 Itis flexible regarding the network structure, so that modifications of the WDN only imply
the update of the topological information. Besides, it does not require demand information,

which is one of the critical points of most of the model-based strategies.

This leak localization method must be used together with the presented detection technique.

Graph-based state interpolation

In this work, the location of leaks is determined through the comparison between the actual
hydraulic state of the network and a leak-free reference. The hydraulic heads at the nodes are
chosen as a representative state variables due to the advantages of pressure sensors and the usage
of this information by water utilities to determine the availability of water service.

In order to minimize the installation of sensors, the complete state is interpolated from a reduced
set of measurements. The non-linear relation among the hydraulic heads of neighbouring nodes,
typically described by the Hazen-Williams equation, is approximated considering the state of a
node to be computed as the weighted linear contribution of its neighbours, hence simplifying the
interpolation procedure and expanding the set of tools for the derivation of the network state.

Let us model the network structure by means of a simple directed graph referred to as

G = (V,&), where the node set V is representing the set of junctions of the WDN and the
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edge set & stands for the set of pipes. The total number of junctions of the network, i.e. the
cardinality |V| of the node set, is referred to as n, as well as the number of pipes, i.e., the car-
dinality |&| of the edge set, is represented as m. A node is referred to as v; € V, and an edge
€;j = (v;, ;) € & connects source node v; with sink node v, so that they are its endpoints. A set

of important matrices can be extracted from the graph characteristics:

* The connectivity among nodes is used to derive the adjacency matrix A(G) € R

I, ife; €& or e; €&
ajj = (7N
0, otherwise

* The directionality of the graph edges represents the direction of the water flows through the
network pipes. Considering that v; is the source of an edge €, (or €;;), while v is its sink,

the directionality is represented by the incidence matrix B(G) € R™*" as follows:

1, ife,=(v,v;)€ed
baj =1-1, ife,= (vj,vi) €& (®)

0, otherwise

with o from 1 to m indexing the edges of the graph. An approximated B(G) can be estimated
considering the source-sink relation among the reservoirs and all the inner nodes, as the
exact flow direction of each pipe may be unknown and/or it may vary.

* Anedge ¢;; is associated to a cost value, related in this case to the pipe length /;;. The edge
costs are exploited to generate a weighted adjacency matrix W(G) € R™":

L. ifl; #0

wij =" ©)

0, otherwise

where the definition of the weight w;; is designed so that closer neighbours affect the value

of the considered node in a higher degree.
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* The degree matrix D(G) € R™" is derived from W(G), i.e., d;; = X3, _, wip only if i = j;

being zero otherwise (/4 plays the role of the columns index in w;;, because j is used in d;;).

With the aid of the these matrices, the state x; of a certain node v; can be expressed as:

1
Xi = EW,‘X (10)

where d; = d;; = d;j, w; € R>" denotes the i-th row of W(G), and x € R" represents the complete

state vector. The estimation of x can be achieved through the minimization of the sum of the

quadratic difference between each node actual value and the one computed by Equation (10):

Zn: | - lwl-x]2 = (x=D'wx)"(x = D'Wx) =x" (I, - D~'W)" (I, - D'W)x =
(1D
X' (DD -w))" (D™D -W))x=x"(D7'L) (D7'L)x = x" LD Lx

where D = D(G) and W = W(G), and L = LT = L(G) = D(G) — W(G) is the unnormalized
Laplacian matrix of graph G (Mohar et al. 1991). I, stands for the identity matrix of size n.
In order to provide the available hydraulic information to the minimization process, the state of

the metered nodes is filled using the measured hydraulic heads through an equality constraint:

Sx =x° (12)

where S € R is a diagonal matrix which has a value of 1 at its i — i component if there exists a
sensor at v, and a value of 0 otherwise. Vector x* € R” contains the head values of the measured
nodes at the corresponding components, while the rest of values are 0. The pressure at the water
inputs of the network is supposed to be known, as it is commonly available in most of the WDNs.

The approximation in Equation (10) denotes the harmonic property of functions in graphs,
explained in Zhu et al. (2003) to interpolate the value of a function to unknown vertices following

a smoothing strategy. In that work, the harmonic property is implicitly pursued by minimizing a
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weighted quadratic energy function over the function values. However, the harmonic property is
explicitly pursued in Equation (11) by directly minimizing the quadratic difference between the
actual node state and the value estimated by computing the average of the state in neighbouring
nodes. This cost function does not impose a smoothing objective like the one in Zhu et al. (2003),
so all the possible combinations of neighbouring states that produce the same state for a certain
node are equally considered.

This provides a higher degree of freedom in the solution to attain a second objective, related to
the directionality of the flows. In WDNSs, the direction of water flow through a pipe is determined
by the sign of the difference in hydraulic head between its corresponding junctions, taking into
account that water flows in the direction of decreasing hydraulic head. This fact can be translated

to the relation among the states of the nodes of graph G by means of the following inequality:

Bx <y (13)

where B = B(G) is defined as stated in Equation (8) and y € R" stands for a vector with a value of
v for all its components. This expression would imply a requirement about the difference of state
(that is, approximated hydraulic head) between adjacent nodes, so that it must be lower or equal to
a certain threshold . This value is introduced because B(G) is estimated from the WDN topology
and hence some slack is desirable in the fulfilment of the directionality constraints. However, this
threshold is included in a second objective of the optimization cost function to compute its lowest

positive feasible value. Thus, the complete optimization problem can be arranged as:

. e r, 2 2
min E[X LD Lx+a/7]
st. Bx<y
(14)
v>0

Sx =x*

where « allows to settle the importance of the directionality objective.
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Leak candidate selection method

As leak and leak-free scenarios must be compared to locate the leak, the graph-based state
interpolation is applied to both the actual and nominal hydraulic information, i.e., the measured
hydraulic heads at a certain time instant of the detected leaky event and the ones at a leak-free time
instant (with similar boundary conditions (Pérez et al. 2011)). The former are stored in a vector
denoted as X;.4x € R", while the latter are collected to form a vector referred to as x,,,,, € R”.

The proposed leak candidate selection method considers the components of those vectors to
represent the coordinates of n points in R? (Xpom provides the x-coordinates and X;.qx provides
the y-coordinates). In the case of comparing two healthy scenarios, these points should be rather
aligned because they would be only affected by the boundary conditions. However, the presence of
a leak would alter the R? location of the points representing the affected nodes, considering that a
leak produces a reduction of the expected hydraulic head (Adedeji et al. 2017).

Thus, the objective of this stage consists of providing the set of most distant points from
their predicted position, given by the best fitting line of the complete set of points. As this line
is computed considering all of them, the distance between a certain node and the line not only
encodes information about the change of state in that node, but also the relation among the state of
all the nodes of the network. The best-fitting line can be expressed as X;eqk = Xnom®, With X0 =
[Xpom 1,] € R (1, is a column vector whose components are all 1) and ¢ = [¢1 ¢»]” € R?. The
latter is the vector containing the line parameters, which are computed by solving the least-squares
problem, i.e., ¢ = (XnTngnom)_]Xr{oleeak-

The perpendicular distance from the set of points to the best-fitting line can be computed as:

0= [Xnom Xleak ln (15)

| ¢1 -1 ¢2
\/¢%+1 \/¢>f+1 \/¢f+l
so & € R” stands for the vector of computed distances. The sign is kept in the calculation since

only points with a positive distance value can be leak candidates, i.e., points that are located below

the best-fitting line because their y-coordinate value, that is the leaky one, is lower than expected.
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A criterion must be selected to pick a set of nodes from V' depending on the values at 8. In this
case, the standard deviation o of the distance vector is computed to play the role of a threshold,
i.e., a node v; must have an associated distance value ¢; that exceeds o in order to consider this
node as a candidate to be the leak origin. The final candidates can be ordered from most to least
probable by means of their associated distance 9;, and therefore the node that corresponds to the

highest distance value is considered as the best candidate.

Model-based methodology for leak localization

The proposed model-based leak localization method uses a hydraulic simulator to simulate
theoretical pressure values caused by all potential leaks once a leak has been detected and its
magnitude has been estimated. Simulated pressure values at different leak locations (hypothesis)
are compared with the DM A measured pressure values to determine the most probable leak location.
After the leak localization procedure, the hydraulic simulator is updated with the new extra demand,
whose magnitude is the leak estimation value at the leak localization. Thus, the proposed method
can tackle the problem of multi-leaks fjll, f] .22, e fJ JIVVJ; with the constraint that the leaks should
appear at sequential time instants k; < kz < .. < ky, that allow the leak detection, estimation
and localization method to sequentially update the hydraulic simulator with extra demands at leak
localization nodes f 1, fz, e, f Ny - Once a leak has been fixed, the simulator is updated, eliminating
the extra demand related to the fixed leak. This process can be done manually or automatically
detecting negative values in the leak estimation, computed by Equation (5).

The model-based leak localization method performance depends on the accuracy of the hy-
draulic model, sensor noises and the availability of reliable users demand information (Blesa and
Pérez 2018). This third factor is potentially the most critical one because it is not easy to estimate

user demands with high accuracy if there are no AMRs installed in some network nodes.

CASE STUDY AND RESULTS
The presented methodologies are tested by means of their application to achieve a solution for
the BattLeDIM 2020 challenge. This competition aims at objectively comparing the performance

of leak detection and isolation approaches, and hence a common benchmark was prepared for all
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the competitors: L-Town. It is a small and hypothetical town whose WDN is composed by 782
inner nodes, 2 reservoirs, 1 tank and 909 pipes. It is represented in Fig. 1. The inner nodes are
coloured to indicate their elevation (which is displayed by means of a colour bar). Pressure sensors,
reservoirs and tanks are indicated with special markers. The leaks at the provided datasets are
highlighted at the corresponding pipes.

The network is composed of three different zones:

* Area A: itis the larger area, composed of the nodes with an elevation (see Fig. 1) between 16
and 48 m (655 in total). There is a high density of pressure sensors (29 in total) distributed
through the area. Besides, the two water inlets to the network are located within this zone,
as well as a tank that is filled from this area to provide water to Area C.

* Area B: it comprises the nodes that are elevated less than 16 m (31 in total). This zone is
connected to Area A by a Pressure Reduction Valve or PRV (there are also installed PRV's
downstream of the reservoirs of Area A) and there is only one pressure meter in the area.

* Area C: it is composed of the nodes elevated over 48 m (92 in total), and it is supplied with
water by the previously mentioned tank. There are 3 pressure sensors installed through the

zone, as well as 82 Automated Metered Readings (AMRs) that provide demand information.

The competition consists of detecting and localizing the maximum number of leaks from the
ones occurred during 2019, as well as the ones remaining from 2018 (represented in Fig. 1), by
means of readings of pressure sensors, AMRs of Area C and flow meters at the output of the
reservoirs and tanks. Moreover, a nominal hydraulic model of the WDN is given, although it is
affected by inaccuracies at demand patterns, pipe characteristics, valves status, etc.

The different features of the three areas composing the network motivated the usage of the
proposed methodologies due to their complementary nature. In this case, the model-based approach
is utilized over Area B and Area C: the former has an unique pressure sensor, so the data-driven
cannot perform adequately; while the latter has AMRs installed at a high percentage of the nodes,

and hence there is accurate demand information that allows to obtain precise results with the model-
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based technique. Meanwhile, the data-driven method is exploited in Area A, due to the high density
of installed pressure sensors, as well as the lack of accurate demand information.

A schematic flow diagram of the application of each methodology to the benchmark is showed
in Fig. 2.

To remark that, for their usage in a real-world application, the leak detection and localization
stages would be separated, i.e., first the leak would be detected, and then the corresponding
localization algorithm would be applied, finding the leak and fixing it. The presented diagrams
reflect the necessity of dealing with multiple and simultaneous leaks at the BattLeDIM2020 case.

Besides, the localization methods yield a node/group of nodes as the leak candidate/s, so the best
candidates, regarding the corresponding criteria for each method, were used to compute the leaky

pipes, considering that the leak must be located at the pipe that connects the best two candidates.

Leak detection and estimation
In order to apply the proposed leak detection and estimated method, the network was split into
two distinct areas where the demand forecast could be adapted: Area A and Area B, containing flow

meters at the outlet of reservoirs and tanks; and Area C, containing AMR devices.

Area A and Area B
Before applying the leak localization methodology, certain data analyses have to be performed to
create leak-free historical data using the information from the flow meters during 2018. Measured
data are available every 10 minutes, but it was filtered every hour in order to obtain an hourly
demand prediction (7 = 1 hour). In addition, daily periodicity has been considered, i.e., T = 24.
A polynomial has calibrated every hourly flow prediction (feature) variation throughout the year
to obtain the demand forecast with a higher accuracy, considering the variation in the behaviour
during the year, which could reach more than 5 //s on the time of the day analysing:
p
iy = ), ey’ (16)
i=0

where J; 4 day is the demand estimation at hour 2 = 1, ..., 24 (first 1 am and the last 00 am) of day
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Gday; cf’ are the coefficients of polynomial at hour % and n,, is the order of the polynomial.

The leak detection was carried out according to the proposed leak detection and estimation
method, considering Ny = 24 (i.e. one day), using the history of free leak-data to calculate the
maximum possible error and creating a threshold A = 2.5 /s.

As the inlets of Area A and B are the same, when a leak is detected considering demand
estimation (16), if a drop of pressure is observed in the inner sensor of Area B, it is assumed that
the leak is in Area B and otherwise it is assumed that the leak is in Area A.

The result obtained in 2018 with all reported leaks that were detected is shown in Fig. 3(a).

Area C

For this area, due to the AMRs measurement corresponding to 89% of the residences, a more
accurate forecast demand was calibrated. Using the first week of the inlet flow and the measurements
of the AMRs, a constant K was computed, being the percentage value between both flows. The

following equation shows the demand forecast for this area:

9k) =K )" qamr, (k) (17
i=1

where qamr, (k) n =1, ..., n,, are the flow measurements at instant k of the n,, AMRs installed in
Area C. The leak detection method was applied considering 75 = 1 h, T = 24 and Ny = 24, as in
Areas A and B, and a estimated threshold A = 0.3 [/s, that is much lower than the leaks present in
Area C. Using the proposed method furnished the results shown in Fig. 3(b): a leak of 2 [/s at the
beginning of the year, which was not reported by the water utility; and another leak at the beginning

of July with a magnitude of 4.5 [/s and fixed in August.

Application of the data-driven methodology

The data-driven approach is divided into its two composing stages, in order to properly expose
both their separated and complementary operation in the BattLeDIM case study. To remark that, to
face the challenge, the method is applied individually to each time-instant, obtaining a localization

result for each one of them. The leak detection method provides the leaks starting time, so that the
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localization can be applied at the moment of their appearance.

Graph-based state interpolation

The graph-based state interpolation is applied first to recover the complete state of the WDN
for both nominal and leaky situations. The supplied EPANET (Rossman 2000) model of the WDN
is used to extract the network topology, as well as the node elevations to compute hydraulic heads
from the pressure measurements. To perform all the necessary EPANET operations, the EPANET-
Matlab-Toolkit (Eliades et al. 2016) was employed. Interpolation results are compared in Fig. 4
for the case of the leak at pipe p158, considering three possible scenarios regarding the availability
and nature of the represented data: (a) simulated states from the available hydraulic model for a
nominal situation; (b) interpolated states from the available measurements for a nominal case; (c)
interpolated states from the available measurements during a leak event. The hydraulic head is
represented by the node colour: the darkest the node, the lowest the value (all the interpolations are
achieved settling the @ parameter of Equation (14) to 1000).

The great similarity between the results of a leak-free EPANET simulation (Fig. 4a) and the
estimation of the complete state of the network using nominal data (Fig. 4b) confirms the suitability
of the interpolation method and the introduced relaxation of the relation among neighbouring
nodes. Besides, an important reduction in the state value can be found if comparing the area that
is circled in red at the figure associated to the leak event (Fig. 4c) with the same area at the other

two subfigures. This indicates the presence of the leak at the highlighted area.

Leak candidate selection method

Once the complete network state has been computed for both the nominal (x,,,) and leak
(X7eqk) scenarios, the leak candidate selection method can be used. These vectors are arranged to
generate a set of n two-dimensional points, represented as showed in Fig. 5a-b. In this case, Fig. Sa
is produced using two (different) nominal vectors, in order to compare two healthy-situations, while
Fig. 5b considers X4« to contain the interpolated state in Fig. 4c, which is caused by a leak.

On the one hand, Fig. 5a confirms that the cloud of points for two healthy events is mostly

aligned, as the slight differences between expected (by the best-fitting line) and actual coordinates
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of some points are due to the boundary conditions. On the other hand, Fig. 5b shows the leak
effect: the cloud of points is no longer aligned, and a set of them is substantially further to the
line in comparison with the rest. The points below the line are the most interesting ones to be
considered as candidates by the method. Considering the standard deviation of the distance vector
to be a threshold for the selection of the candidates, the result depicted at Fig. 5c can be obtained.
It includes a representation of the set of candidates in comparison with the complete network (left),
and a zoomed subplot highlighting them in colours depending on the probability of being the leak
origin (right). The localization is successful due to the reduced pipe distance between the real leak

and the most probable pipe, as highlighted at zoomed subplot of the figure through the colour map.

Complete data-driven strategy

Both the graph-based state interpolation technique and the leak candidate selection method are
encapsulated into a complete methodology that receives hydraulic measurements from a single
time instant and uses them, together with the network topology, to yield a set of candidates to be
the leak location. As the datasets of measurements for the complete years are available, the method
can be sequentially applied to every time instant (or a subset of them), so that the evolution of the
set of candidates can be analysed to assess the existence of leaks.

Besides, as there is not a provided nominal dataset, two options are available to compute this
information: to use the hydraulic model and to use data from the provided dataset. The former
is discarded due to the data-driven nature of the methodology. Therefore, a certain time window
must be selected as the nominal reference for the leak localization process. This characteristic can
be exploited to obtain more precise localizations in the presence of old leaks, as their effect will be

present at both the nominal reference and the leaky data.

Application of the model-based methodology

The model-based method was applied in two different parts of the network comparing the hourly
average value of inner pressure sensor measurements with pressure estimations computed every
hour by the hydraulic model. Firstly, it was used in Area C, using the measurements of the AMRs

in the respective nodes on the demands, and an average was implemented in the nodes without
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AMRs. Secondly, the method was used in Area B, using the first-week node demands collected

from the provided EPANET model.

Area C

The proposed leak detection and estimation technique is first applied in order to detect leaks and
their magnitudes. As explained in the methodology, individual analysis of each leak is needed to
discover the probability of the location in the network, always starting with the first leak detected.

Fig. 6a-b shows the result of the leakage location in 2018, with the red line indicating the pipe
containing the leak. The leaks were analyzed separately, starting with the first leak, and later it was
added to the system to study the second leak.

Following the analysis of 2019, the leak of Fig. 6a must be added, as it was not fixed in the
previous year. Fig. 6¢-d shows the result for the localization leaks, remark that the area in yellow

is the nodes with more leak potential, all close to the faulty pipe.

Area B

Additionally, the leak detection and estimation method has used the information of the inner
pressure sensor installed in this area with the hydraulic model to determine what is the most
probable leak node location (see Fig. 3a).

A leak was detected each year so the model-based method was applied. Fig. 6e-f show the leak

localization results for years 2018 and 2019 respectively.
BATTLEDIM2020 RESULTS

The application of the detection and localization methods to the BattLeDIM 2019 dataset
yielded the results at Table 1. They translated into a third place in the competition, with a true

positive rate of 43.47% and only 1 false positive, producing savings of 210,772 €.

Several facts about these results must be highlighted to explain the methods performance:

* The model-based approach is applied to Area B and Area C, that is, to leaks p280, p277

and p680. The localization is accurate, with only 1-2 pipes between the real leak and the
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detected one (the leak from 2018 affecting Area C, i.e., p257, was detected and localized,
but this was not submitted as a result due to a misunderstanding).

* Regarding Area A, the data-driven method localized the detected leaks with a significant
accuracy too, except in the case of the leak at p/42, due to the reduced density of sensors in
the area of this localization. Moreover, the application of the data-driven methodology to
single time instants at a time allows to obtain incredibly fast localization results, with only
a few minutes or hours of difference in some cases, e.g., p523, p827, p331 and p142.

* Consulting Table 1, there were several leaks that were not detected, and hence, they were
not submitted. However, the localization methodologies were indeed able to locate them
correctly, as it can be appreciated at Fig. 7 (to remark that the figures for leaks at p426, p455
and p879 were obtained by means of custom experiments, that is, using as nominal data a
week that allow to get rid of remanent leaks). The detection of these leaks was hindered
because they were partially masked by other leaks during the detection phase, and their
influence in the localization stage was not considered important enough to be submitted,

due to the hard penalty on false positives in the BattLeDIM2020 challenge.

CONCLUSIONS

This article presents the application of two complementary strategies to solve the leak detection
and localization problem for the case study proposed by the BattLeDIM challenge. On the one hand,
a data-driven technique is developed to locate leaks by means of the available pressure information.
This method is applied to areas with a high density of pressure meters, in order to attain the best
possible results. On the other hand, a model-based approach is applied at areas where the existence
of demand meters allows to use the available measured demand information to highly increase the
localization precision, as well as to zones where the pressure meters density is too low to properly
utilize the data-driven approach. Therefore, a maximum reduction of the dependency of the model
is achieved while yielding sufficiently accurate localization results.

The results of the application of the proposed methodologies are presented for the dataset of

2019, used to evaluate the localization approaches in the competition. The performance of the
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methods was evaluated with the third place at the challenge, demonstrating the suitability of the
usage of the proposed approaches, due to their natural synergy when exploited in a complemen-
tary fashion: adapting their utilization to the studied network characteristics and the information
availability (hydraulic model, sensors...), the advantages of each technique are boosted and their
drawbacks are diminished, yielding a flexible and powerful leak localization solution.

Finally, it is important to highlight the fact that there are differences between the application
of the presented methods to the BattLeDIM2020 case and most real-world cases, i.e., the datasets
of the former case are provided to be analysed in an offline manner, while the latter case would
be based on an online detection/localization scheme. This fact implies some extra differences that

should be pinpointed:

e The multi-leak problem would exist in both cases, although the importance of a solution
would be radically higher in the offline case, due to the accumulation of leaks that may not
be repaired. In a real exploitation, the localized leaks are repaired to avoid the water loss.

* The influence of uncertainties, noise and sensor precision would be higher in the real-
world case. This could imply the necessity of performing averaging and noise/deletion

pre-processes, as well as increasing the sampling rate and/or number of gathered samples.

Considering these facts, several future worklines remain open: the application of the method-
ologies to real cases, in order to face real-world conditions; a deep analysis of the previously
commented differences, focusing on aspects like the effect of noise, sampling rates, sensorization
properties (amount, placement and precision); as well as the improvement of the techniques to

solve known and new problems regarding the leak detection and localization field.
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battledim.ucy.ac.cy/?page_id=33).
* Some or all data, models, or code generated or used during the study is proprietary or
confidential in nature and may only be provided with restrictions (e.g. anonymized data):

leak detection and localization algorithms codes.
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TABLE 1. Results of the BattLeDIM 2020 for the /RI team

Real leak Start time Detected leak Detection time Distance (m) Distance (n® pipes)
p257 2019-01-01 00:05 - - - -
p427 2019-01-01 00:05 - - - -
p810 2019-01-01 00:05 p798 2019-10-25 06:00 237.48 4
p654 2019-01-01 00:05 p662 2019-02-22 07:00 299.33 5
p523 2019-01-15 23:00 pS00 2019-01-15 23:10 192.88 3
p827 2019-01-24 18:30 po4* 2019-01-24 18:50 335.93 6
p280 2019-02-10 13:05 p278 2019-02-10 20:00 98.41 1
p653 2019-03-03 13:10 - - - -
p710 2019-03-24 14:15 - - - -
pS14 2019-04-02 20:40 po1 2019-04-02 21:00 249.28 5
p331 2019-04-20 10:10 p360 2019-04-20 10:15 278.91 5
pl193 2019-05-19 10:40 - - - -
p277 2019-05-30 21:55 p249 2019-06-26 20:00 119.49 1
pl42 2019-06-12 19:55 p650* 2019-06-12 19:55 435.27 9
p680 2019-07-10 08:45 p207 2019-07-10 09:00 113.87 2
pS86 2019-07-26 14:40 p563 2019-07-31 19:15 224.31 3
p721 2019-08-02 03:00 - - - -
p800 2019-08-16 14:00 pl79 2019-08-25 13:25 74.28 1
pl123 2019-09-13 20:05 - - - -
p455 2019-10-03 14:00 - - - -
p762 2019-10-09 10:15 - - - -
p426 2019-10-25 13:25 - - - -
p879 2019-11-20 11:55 - - - -

* These leaks are not considered to be detected due to the detection range of 300 m

27

Romero-Ben, December 11, 2021



629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

List of Figures

1
2

Schematic representation of L-Town. . . . . . . . ... ... ... ... ...... 29
Schematic flowcharts of the application of the leak detection and localization
methodologies: (left) model-based; (right) data-driven. . . . . . . . .. ... ... 30
Graph of leak detection results in 2018 (a) Analysis of the input flow corresponding
to Area A and B, with the black markers “o" being the time of detection and the red
markers “x" are the leak fix; (b) Analysis of the input flow corresponding to Area C. 31
Graphical comparison of the interpolated states for the case of a leak at pipe p158
among the three possible scenarios regarding the availability and nature of the
represented data: (a) Nominal EPANET data; (b) Nominal interpolated data; (c)
Interpolated data for leak p158 . . . . . . . .. ..o 32
Graphical results of the leak candidate selection method: (a-b) Representation of the
generated clouds of points for the leak-free (a) and leak (b) scenarios (blue markers)
together with the best fitting line (red line); (c) Global localization result showing
the complete network and highlighting the leak candidate nodes in yellow (left),
and local localization result, illustrated by a colour map with blue representing the
least probable candidates, and yellow indicating the most probable ones (right). . . 33
Graphical representation of the localization result for the following leaks: (a) p257;
(b) p31; (c) p280; (d) p277; (e) p673; (£) p680. . . . . . . . . ... ... .. 34
Graphical representation of the localization result for the following undetected

leaks: (a) p653; (b) p710; (c) p193; (d) p721; (e) p762; (f) p426; (g) p455 & p879. 35

28 Romero-Ben, December 11, 2021



Y Coordinate [m]

T T
L] 57
1600 — | *-e Elevation * Sensor
! @z 2018 Leak (fixed) R )
. eservoir
2. - 2018 Leak (not fixed) 16
T W ¥ Tank
e 8 . 2019 Leak 32
1400 [— -3 #
.4 ° 48
* -9 L] *
see °* . 64
e o P o m
1200 - —l 4, —
ip | "V p369
p26g *' . M *
*
1000 — O
Q’g\ ﬁ‘(é’) *
*
o710 800 *
5
* d i * o * R
. )
800 [~ N : * ez, 3 * 8
2232 3 o721 * p827
€5
* * 1% o * & g
600 - praz b ‘,; ” Q b * T
* < » ooy -
= s e e @
el
* »: * 2
‘3; é’? == :' 810 4
40~ F ¢ * | (& e M | é -
¥ by % 'Y e
! 5 S S
i
* 5 = *
200 d
*
1 | | | |
500 1000 1500 2000 2500

X Coordinate [m]

Fig. 1. Schematic representation of L-Town.
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Fig. 2. Schematic flowcharts of the application of the leak detection and localization methodologies:

(left) model-based; (right) data-driven.
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Fig. 4. Graphical comparison of the interpolated states for the case of a leak at pipe p/58 among the
three possible scenarios regarding the availability and nature of the represented data: (a) Nominal
EPANET data; (b) Nominal interpolated data; (c) Interpolated data for leak p/58
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Fig. 5. Graphical results of the leak candidate selection method: (a-b) Representation of the
generated clouds of points for the leak-free (a) and leak (b) scenarios (blue markers) together with
the best fitting line (red line); (c) Global localization result showing the complete network and
highlighting the leak candidate nodes in yellow (left), and local localization result, illustrated by
a colour map with blue representing the least probable candidates, and yellow indicating the most
probable ones (right).

33 Romero-Ben, December 11, 2021



1700 : : . . 1 1700 : : : 1
47 47
1600 | 7 038 gy 1 0.9 1600 [ 7 8348 g4 50 0.9
350,351 0350 o351
L o7 eass ¢ 0358
1500 2 o e o, | 08 1500 |- &2 oas2 59 g 4 08
- i Ty & 00 a2 ey gas 20
€353 ga54 @381 07 353354 0381 0.7
— 1400 04 et a7t g1g @375 Lo — 1400 034 034 ou71 g19 @375 1
E 06 357 g15  gg05 76 E 06 9357 915 gues
@ s o) @345 @383 0.6 @ o4 P @345 383 0.6
g 1800 o2 014 o6 @379 %6 gy | g 13001 o12 014 @16 379 36 g |
5 @5 @355 @356  gig .2.4373 0384 05 5 o5 355 @35 g ';‘378 0384 05
S 1200 | 0346 1 S 1200 | 9346 1
60 60
8 it gu 072 gu55 % iy 0.4 3 §—essient_g iy %59 gutg 04
> L o1 @364 @365 @23 o34 387 > L o1 @364 @365 @23 °387
1100 vy ] =2 1100 o P
©13 9365 9367 g5 ®37 o 0.3 ©13 9365 9367 gng 37 e 0.3
L 02 39 g3 J L 028 039 43 ]
1000 17 0369 g370 goy ¥ gaz 02 1000 O17 0369 370 33 042 0.2
10
900 | O 0373 o35 @33 | 01 900 0216373 435 o386 ] 01
025 38 025 38
800 : : : : 0 800 : : : : 0
100 200 300 400 500 600 100 200 300 400 500 600
X Coordinate [m] X Coordinate [m]
(a) (b)
1700 : : : . 1 1700 T T T T 1
47 47
1600 | 947 %48 g0 1 0.9 1600 | %47 8348 ooy 1 09
of 0350 9351 o 0350 g351
358 358
1500 F 82 o352 035 0o 4 08 1500 - 92 4352 359 gon 1 08
3 10 aep Py 53 o0 oen -
353 363 353 < 363 /
14001 % 054t gq1 s 2] o 1400 N a7 28] 07
E o6 ®19 s 9382 E o Y e
E 57 E 57
@ o g 915 a8 gus 0383 06 o o g T 15w gus 383 0.6
g 1300 o12 014 @16 379 €36 gy | g 1300 | o12 014 @16 8379 36 4
° 5 @355 €356  gig 2‘4378 8384 05 5 o5 @355 @356  gig .;‘375 @384 05
S 1200 8 s #346 1 S 1200 50 346 g
8 360 361 20 \372 #385 ©389 .44’343 0.4 8 L 3 9361 @20 @372 0385 €389 "‘%M; 0.4
> 110364 365123 Sl o ©387 > ®11 @364 @365 @23 34 0387
1100 arr 388 | 1o o7 * 388 ]
13— 936693670 ®37 i 0.3 13 0365 367 g 37 o 0.3
1000 | 17 % 50 43 1 1000 |- 4z 028 g550%%° @43 :
369 0370 33 042 0.2 O17 9369 9370 g3 042 0.2
21 ©40 ' 040
900 - 373 .35 w386 1 0.1 900 - " 8373 ¢35 €386 1 0.1
25 38 025 38
800 : : : ‘ 0 800 : : : : 0
100 200 300 400 500 600 100 200 300 400 500 600
X Coordinate [m] X Coordinate [m]
(© (d)
700 , . 1 . : : : : 1
2
o2 0.9 - 0.9
650 1 27 ) - 4 650 1 027 ..32 4
o3 . 0.8 o3 0.8
o4 i o4
L i b 4 g
600 o2 02 0 o 0.7 026 @20 @ i 07
E os—er—oL_ R} E gi==0Z 16
© 550 | SR o8 © 550 o1 1 B 06
© ©
c c 9
5 o o o° 05 s o 0% of = 05
8 500 o8 S 500 518 1
o 21 0.4 [$) 021 0.4
®
> 1 2 > ol 20
L 8 ] ° ] 03 450 - o8 ° ] 08
450 o2 N
o2 0.2 o2 - 0.2
400 - ezl 400 - 31 5 1
PST o2 o3 e 0.1 ol0 o2 ° -
350 i i i i i : 0 350 ; " . L L \ 0
1500 1550 1600 1650 1700 1750 1800 1850 1550 1600 1650 1700 1750 1800 1850

X Coordinate [m]

(e)

X Coordinate [m]

()

Fig. 6. Graphical representation of the localization result for the following leaks: (a) p257; (b)
p31; (c) p280; (d) p277; (e) p673; (f) p680.
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Fig. 7. Graphical representation of the localization result for the following undetected leaks: (a)
p653; (b) p710; (c) p193; (d) p721; (e) p762; (f) p426; (g) p455 & p879.
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