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Abstract The efficient use of water resources is a subject of major concern for water utilities and authorities. One of the main challenges in improving the efficiency
of drinking water networks is to minimize water loss in pipes due to leakage. Water leaks in water distribution networks are unavoidable. They can cause significant
economic losses in fluid transportation and an increase on reparation costs that finally generate an extra cost for the final consumer due to the waste of energy and
chemicals in water treatment plants. Besides, leaks may also damage infrastructure
and cause third party damage and health risks. The loss of about 15 % of treated
water in developed countries and 35 % in developing countries is a rather critical
issue in a world struggling to satisfy water demands of a growing population [2].
This chapter presents the state of the art of the leak management including the realtime monitoring that allows the leak detection and localization, techniques for repair and minimization based on the system control. Special attention will be given
to model-based approaches. The deep description of a leak location method based
on sensitivity matrix and the correlation analysis will be provided in this Chapter
with the application to a real case study.
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1 Introduction
Waste and loss of water have been sometimes disregarded due to the low water price
and ease of exploitation in developed countries. However, both users and utilities are
increasing their concern to avoid present and future water scarcity. Individual users
can optimise their daily routines to reduce water waste, but burst and background
leakage will be present independently of it.
Leakage in water distribution systems has attracted a lot of attention by both
practitioners and researchers over the past years. Leak identification is divided into
leakage awareness and leak localization, as suggested in the review of leakage management related methods in distribution pipe systems from detection and assessment
to efficient control [22]. Leakage awareness focuses on leak detection in the network, but does not give any information about its precise location [9, 13, 14, 15, 25].
On the other hand, leakage localization is an activity that identifies and prioritises
the areas of leakage to make pinpointing of leaks easier [26]. Leak localization
techniques can be divided into two categories: external and internal [1]. The use of
external methods like acoustic logging [20], penetrating radar [8] or liquid detection methods [7] has some drawbacks like needing a large number of sensors, not
being suitable for application in large urban areas, or being invasive. Internal methods use continuously monitored data to infer the position of leaks using models.
Many techniques in literature are based on transient analysis, which is mainly used
on single, grounded pipelines due to the high effect of the system uncertainty on
results [11, 29, 10, 4]. Non-transient model-based leakage localization techniques
have been also developed during the last years [18, 5, 6, 19]. These techniques analyse the difference between measurements and estimated values from leaky scenarios
to signal the probability of a zone to contain leakage.
The use of models for monitoring and supervising water distribution networks
(WDN) is a common practice in water companies. A good calibration of these models is required to obtain reliable results when using them [28], as it has been analysed in chapters 3, 4 and 5. Once the model is calibrated, the model-based leak
detection and localization methodologies reviewed can make use of it. However,
these methodologies do not consider the evolution of demands in the real system.
This evolution should be taken into account because demands are parameters that
change continuously and leakages may be masked with their evolution [27, 30].

2 Problem Statement
Given a model for the non-transient behaviour of a network and a sequence of measurements from it, the problem is to locate a node in the network where there may
be a leak. Two kind of measurements can be distinguished: boundary conditions,
which are pressure hS and total inflow qin at the nh inputs of the network, and additional ny head measurements y = (y1 . . . yny ) from selected nodes in the network.
Measurements are acquired at sampling time Ts but, as the effect of a leak over the
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measurements is usually small and has fluctuations due to sensor resolution, the
localization methodology is applied at a larger time TL . Thus, NL = TL /Ts measurements are available between two consecutive iterations. Assuming that the boundary
conditions have not changed significantly during TL , the mean of the measurement
yi at instant kTL (ȳi (kTL )) is computed as
NL −1
yi (kTL − jTs )
∑ j=0
ȳi (kTL ) =
NL

(1)

For clarity, the time argument is only made explicit when necessary.

2.1 Model of the network
In the absence of leakage, the total inflow qin is distributed among the network nodes
according to a given demand pattern. The demands of the nodes are represented by
a vector d = (d1 , . . . dnd ) with nd equal to the number of nodes in the network. In a
non-leakage scenario the total inflow is equal to the sum of demands
nd

qin = ∑ d j

(2)

i=1

where each demand di can be related to qin by a weight, i.e.
di (qin ) = αi qin

(3)

Given the boundary conditions, the computation of a prediction ŷnf for a nonleakage scenario is denoted by
ŷnf = gn f (qin , hS , d(qin ))

(4)

where ŷnf ∈ ℜny , gn f : ℜ × ℜnh × ℜnd → ℜny , hS ∈ ℜnh and d ∈ ℜnd . Subscript n f
indicates non-faulty, i.e. non-leakage scenario. The difference
r = y − ŷnf

(5)

that quantifies the consistency of the measurement with the model prediction is
called a residual. We will also call it observed residual to distinguish it from predicted residual as it will bee seen later. If there is no uncertainty in model (4), the
absence of leakage implies r = 0.
In a leakage scenario, only the possibility of one leak of nominal value f 0 in an
unknown node of the network is considered. The nominal value of the leak affects
equations (2) and (3)
nd

qin = ∑ d j + f 0
i=1

(6)
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di (qin − f 0 ) = αi (qin − f 0 )

(7)

Consider the nd predictions ŷfi , each one corresponding to a leak of nominal value
f 0 in node i
ŷfi = g fi (qin , hS , d(qin − f 0 ), f 0 )
i = 1 . . . nd
(8)
where ŷfi ∈ ℜny , g fi : ℜ × ℜnh × ℜnd × ℜ → ℜny . Subscript fi indicates a faulty scenario consisting of a leak in node i. The differences r̂fi = ŷfi − ŷnf are the predicted
residuals for the nominal leak f 0 .

3 Proposed Approach
Given a set of measurements and models that represent different leakage scenarios,
the proposed methodology aims to select the model that is more consistent with
these measurements. Each scenario considers only one leak in a different location
(node) of the network. Therefore, selecting the most consistent scenario is equivalent to selecting the most consistent location for the leak. Different authors have
studied the problem of leak location from different perspectives. In [21] a complete
mathematical view of the consistency problem as an inverse problem is given. In
[18, 23] the point of view of model-based fault diagnosis is taken [3] In all mentioned works, the idea is to solve the consistency problem with algorithms that can
use existing efficient network solvers for the forward problem. This work takes the
approach described in [24] and it differs from the one in [16, 23] only in the correlation measure. In this approach, a leak in a node will be considered to be a fault
that is to be localized. The algorithm gives the most consistent location for a leak
given a set of measurements from the network. First, the leak location problem will
be tackled for one time step and the time argument will be omitted. Later, the use of
information from more than one time steps will be described.
For clarity we first explain how the location would be performed if only measurements from one time step were available. If there is no uncertainty in model (8) and
the value of the unknown leak to be located is small enough, then the dependency
of the observed residual r can be supposed to be approximately linear in leak f
r = r̂fi ·

f
f0

i = 1 . . . nd

(9)

And the residual leak sensitivities collected in the Fault Sensitivity Matrix denoted by Ω
 ∂r

∂ r1
1
·
·
·
∂ fnd

 ∂ f1
. 
 .
(10)
Ω =  .. . . . ..  .
 ∂r

∂
r
ny
ny
∂ f · · · ∂ fn
1

d

following the ideas in [21], this matrix can be approximated by
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Ω'

1
[r̂f , . . . , r̂fnd ]
f0 1

(11)

Because of linearity of r in f , if vectors r̂fi are linearly independent, then each r̂fi
characterizes a different leak. Therefore a correlation measure to test linear dependency between r and r̂fi can be used to select the most consistent leak with r. Thus
the selected leak is the one maximizing the correlation measure
ρ(r, r̂fi ) =

rT · r̂fi
k r k k r̂fi k

(12)

where k . k denotes the norm associated to the vector dot product. In this work the 2
norm is used.
Algorithm 2 summarizes the leak location procedure for one time step.
Algorithm 1 Leak location for one time step
T
qin , hS , y , α1 , . . . , αnd , f 0

T
d = qin α1 , . . . , αnd
ŷnf = gn f (qin , hS , d)
r = y − ŷnf to discard a leakage scenario
if r = 0 then
return ’No leakage scenario’
else
T
d = (qin − f 0 ) α1 , . . . , αnd
ŷfi = g fi (qin , hS , d, f 0 ), i = 1 . . . nd
r̂fi = ŷfi − ŷnf , i = 1 . . . nd
Select the node index i∗ that maximizes ρ(r, r̂fi )
end if
return i∗

Require:

3.1 Using information from more than one time step
As it is described in Section 2, measurements are acquired at sampling time Ts but
the localization methodology is applied at a larger time TL considering the average
of the last NL measurements. Then every time TL , an average residual r̄(kTL ) is
computed as the difference of the average measurements ȳ(kTL ) and estimations
ŷ¯ n f (kTL ). In the same way, average predicted residuals r̂¯ fi (kTL ) i = 1, . . . , nd can be
computed.
To improve the characterization of a persistent leak, instead of only r̄(kTL ) and
r̂¯ fi (kTL ), the concatenation of these two vector over the last M samples r̄((k − M +
1)TL : kTL ) and r̂¯ fi ((k − M + 1)TL : kTL ) are considered, where
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Ramon Pérez, Josep Cugueró, Gerard Sanz, Miquel A. Cugueró, Joaquim Blesa

r̄((k − M + 1)TL : kTL ) = (r̄T ((k − M + 1)TL ), . . . , r̄T (kTL ))T
T
T
r̂¯ fi ((k − M + 1)TL : kTL ) = (r̂¯ fi ((k − M + 1)TL ), . . . , r̂¯ fi (kTL ))T

Therefore, the correlation to be maximized to select the most consistent leak at
time kTL considering a past time horizon HM = M · TL is
ρ(r̄((k − M + 1)TL : kTL ), r̂¯ fi ((k − M + 1)TL : kTL ))

(13)

Algorithm 2 summarizes the leak location procedure in steady state, i.e. after a
time M · TL .
Algorithm 2 Leak location in steady state
T
Require:
α1 , . . . , αnd , f 0
At each jTs :
Obtain the sensor values and save in y( jTs ), qin ( jTs ), hS ( jTs )
Compute d( jTs ), ŷnf ( jTs ), ŷfi ( jTs ), i = 1 . . . nd
Compute r( jTs ) = y( jTs ) − ŷnf ( jTs )
Compute r̂fi ( jTs ) = ŷfi ( jTs ) − ŷnf ( jTs ), i = 1 . . . nd
At each kTL :
Compute the means r̄(kTL ) and r̂¯ fi (kTL )
Construct vectors r̄((k − M + 1)TL : kTL ) and r̂¯ fi ((k − M + 1)TL : kTL )
Select the leak fI (kTL ) that maximizes ρ(r̄((k − M + 1)TL : kTL ), r̂¯ fi ((k − M + 1)TL : kTL )),
i = 1 . . . nd
Output fI (kTL ) to the user

4 Simulations and Results
The leak location methodology presented has been tested in a DMA of Barcelona
under a real leak scenario called Nova Icaria, described in Chapter ??. The Nova
Icària DMA has flow and pressure sensors at every inlet, and six inner pressure
sensors, whose placement is also marked in Figure 2.
Generally, flow and pressure sensors existing in the DMA networks are integrated
with a SCADA system used to supervise these complex systems. The SCADA system monitors the pressure and flow at the inlets of every DMA. This monitoring
process is carried out by multi-channel data loggers linked to every inlet which, on
the one hand, registers these measurements with a sampling time Ts , of 10 min and
on the other hand, is integrated with the SCADA through a GSM (global system mobile for mobile communication) network. Thereby, every day at 7 a.m., the SCADA
system retrieves the inlet measurements of all DMAs from 00:00 h to 23:50 h of the
previous day. After these data are retrieved, a data validation process fills database
with validated data. The inner pressure sensor measurements are required to carry
out the leak localization process. These measurements are recorded in a similar way
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as DMA inlets. Pressure measurements resolution is 0.1 mwc. The oversampling
described in Section 3 is done through the localization period TL , of 1 h.
To ease the access to the DMA measurements stored in the SCADA validated
database, once the DMA measurements of the day before are available, these data
are packed in a XLS file and are sent by e-mail to those workstations where the
leak localization models are available. Figure 1 shows the conceptual integration
between the Nova Icària instrumentation data and the model-based leak localization
methodology.

Fig. 1: A conceptual scheme of the decision support system for leak localization highlighting the
main processes: online measurements gathered by the district metered area (DMA) instrumentation, data transmission from sensors data loggers to the water company supervisory control and
data acquisition system (SCADA), data validation process and validated database population, and
leak localization analysis carried out in the leakage localization tool using the DMA EPANET
hydraulic model (parameter database).

To assess the leak localization methodology, a leak was forced in the Nova Icària
DMA using a discharge component. The experiment took place on December 20,
2012 at 00:30 h and lasted around 30 h; the exact locations exact location of the
leak is indicated in Figure 2. The leak effect can be observed in Figure 3(a), where
the time evolution of the DMA total inflow on December 20, 2012, affected by the
leakage event, and on December 19, 2012, unaffected by the leakage event, has been
plotted, showing the significant flow increase caused by the leakage.
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Fig. 2: The water network of Nova Icària district metered area (DMA) (EPANET model) highlighting inner pressure sensors (green stars), DMA inlets (red stars), and the exact location of the leak
(red arrow) that was intentionally introduced to test the method.
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Fig. 3: Leak size estimation: (a) time evolution of the Nova Icària district metered area total inflow
on December 20, 2012 affected by the leak event and on December 19, 2012 unaffected by the
leak and (b) time evolution of the difference between these two previous flows and its average
value (leakage size estimation).

The first stage in the fault diagnosis process is to detect the occurrence of a new
leakage scenario in the DMA. In general, a detection procedure followed by water
utilities is based on the analysis of the difference between night flows. Although
leakage is pressure dependent, and night-time pressure is lower, the fact that at night
the demand uncertainty is smaller makes the analysis of night flows more reliable
than that of day flows. As shown in Figure 3(a), the total DMA inflow significantly
increased on December 20 when the leak occurred compared to the previous day.
The difference between these two flows (Figure 3(b)) and the average difference
is an estimate of the leak. In this case, the estimated size of the leak is about 5.6
l/s. The model-based leak localization methodology requires the estimation of the
emitter coefficient Ce, which according to Chapter ?? can be obtained using the
estimated average size of the leakage (5.6 l/s, Figure 3(b)) and an estimate of the
average pressure at the leak location. This pressure value has been estimated to be
about 50 mwc by averaging the measurements of the DMA inner pressure sensors
(Figure 4) for December 20. As a result, and using γ =0.5 (the Darcy-Weisbach
formula in Chapter ??), the estimated emitter coefficient is 0.8. The peaks in the
leakage observed in Figure 3 are modulated by the network pressure.
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Fig. 4: The time evolution of the measurements of the inner pressure sensors (black), their model
simulated values (red), and the corrected measurement values (green). Only sensor RE00008615
shows a different trend and shape when simulated, in comparison to the measurement. Sensor
RE00008615 is considered faulty because its mismatch cannot be attributed to bad topographic
data, which was confirmed by the operators of the network. Thus, sensor RE00008615 should not
be used in further leak localization analyses.

After the detection and size estimation of the leak, the calibration of the DMA
hydraulic model and the inner pressure sensors are compared for verification, since
existing model errors or poor calibrations may lead to low confidence in the performance of the leak isolation methodology. To carry out the model verification, the
data of December 19 have been used since no major leaks were present that day. The
general procedure to calibrate the DMA hydraulic model derives from [23] where
the pressure in the DMA inlets at time instant k is fixed while the flow value in the
inlets at this time instant is distributed among all the DMA inner nodes according
to the values of their base demand and related demand patterns. The water demand
model described in Chapter ?? is one of the main sources of uncertainty that may
lead to inaccurate performance, and, consequently, special attention should be paid
in their calibration. In the application considered in this chapter, the base demand of
the network nodes has been obtained from the billing information of this DMA by
Aigües de Barcelona (Chapter ??). Each base demand corresponds to the aggregation of consumers attached to a single node, assuring stability in demands.
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As an output of the whole model calibration process, a calibrated model of the
DMA hydraulic network at every time instant k is obtained, which can be used to
predict flow values in the DMA inlets and the pressure in the monitored DMA inner nodes. In Figure 5, the time evolution of the measured and predicted inflows
at (a) Alaba and (b) Llull inlets for December 19 is observed, showing the degree
of accuracy achieved after the calibration of the hydraulic model. According to the
obtained results (Figure 5), certain bounded modeling errors still exist, which may
be due to the existing uncertainty in the hydraulic network parameters and the considered demand model [17]. Nonetheless, these inflows are acceptable to obtain a
reliable performance of the leak localization methodology.

Fig. 5: The time evolution of the measured (green) and predicted (blue) inflows in (a) Alaba and (b)
Llull inlets for December 19 showing the degree of accuracy achieved once the hydraulic model
has been calibrated.

Regarding the DMA inner pressure sensors, divergence between real measurements and the model simulated values arise, as depicted in Figure 5, due to inaccurate estimation of the depth of the measurement points. Indeed, before carrying
out the leakage scenario considered here, the inner pressure sensor RE00008615
presented an abnormal behavior and consequently, was considered unreliable and
excluded from the analysis. Thereby, assuming that no major leaks were present
on December 19, and that the rest of the pressure sensors were reliable, the dif-
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ferences between measured and model-simulated pressures have been adjusted to
correct topographic errors in the model. In Figure 4, DMA inner pressure sensor
measurements time series, their resulting values after model correction, and the corresponding model predictions have been plotted for December 19. This figure shows
that there is a mismatch between the sensor measurements and the predictions given
by the model. After estimating the average value of this mismatch for every sensor
and correcting the sensor measurements accordingly, the corrected measurements
describe the model predictions. The correction factor used to adjust the sensor measurements and the model predictions have been used to update the known, but inaccurate, sensor depths when the leak localization methodology is applied on December 20 to perform leak localisation.
Applying the data analysis described above, the occurrence of leakage on December 20 was detected and the quality of the calibrated DMA hydraulic model
was evaluated using sensor measurements from December 19. The leak localization
methodology was applied to analyze the sensor data of December 20 to obtain the
most probable locations of the detected leak. This methodology has been packaged
in a model-driven tool to make it easy to apply to different scenarios [12]. The tool
provided an hourly result in the Nova Icària leakage scenario on December 20.
When applying this procedure to obtain the result for a certain hour, it must be
taken into account that the used inner pressure sensors have a constrained resolution,
as defined previously. This low resolution, together with existing noise in the measurements, may be a source of inaccuracy in the computed results. To overcome the
undesired effects derived from the sensor constrained resolution, two main strategies
have been considered. First, the sensor measurement considered at a certain hour is
the result of applying an average filter to the measured values during the last TL = 1
hour (six times Ts = 10 min measurements in (1)). Second, pressure measurements
and model predictions from consecutive hours can be accumulated along a cumulative time window of a given length to obtain an accumulated observed residual and
an accumulated sensitivity matrix. In the present case, a HM =10 h-length cumulative window has been used so the observed residuals (r in (5)) and the Sensitivity
Matrix (Ω in (10)) from the last 10 h are used to generate the resulting correlation
vector (12) at each step, so that those nodes with the highest leak probability can be
determined. To analyze the leakage scenario, data from December 20 to December
21 have been used, obtaining a leak correlation vector at each time instant (that is,
one per hour).
The value of the jth component determines the correlation between the observed
residual and the theoretical fault signature ( jth column of the Ω ) predicted by the
model for a leak placed in the jth node of the network ( (11)). The correlation vector
can be represented graphically on the top of the DMA using a gray map where the
highest correlations are darker than lower correlations. The level of gray depends on
the highest correlation obtained at every time instant, which means that the graphical representation associated with a certain time instant cannot be directly compared
with the one of another time instant since the associated highest correlation value
may be different. In this graphical representation, those nodes with the highest correlation value (cmax ) are depicted with a black star. Additionally, a cross point to the
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center of gravity of the set of nodes with high correlation (in this case, those whose
correlation value c is greater than 0.99cmax ).
Figure 6 shows four graphical representations of the correlation vector obtained
with the leak isolation methodology for December 20 at TL = 14 h (Figure 6a),
TL = 15 h (Figure 6b), and TL = 22 h (Figure 6c), when the leak is still present;
and December 21 at TL = 20 h ((Figure 6d), when the leak is already fixed. Thus,
Figures 6a, b and c signal a potential leak moving around a little zone of the network
with correlations oscillating between 0.6 and 0.75 (maximum correlation value is
one). Figure 6d depicts the correlation vector after the leak is fixed, pointing out the
meaningful decrease of the resulting highest correlation value regarding the cases
when the leakage is still present.

Fig. 6: Correlation vector obtained with the leak isolation methodology for December 20 at (a)
TL = 14 h, (b) TL = 15 h, (c) TL = 22 h and and December 21 at (d) TL = 20 h

In Figure 7, the resulting correlation vectors obtained at every time instant during
December 20 and 21 have been accumulated to determine the nodes with the highest
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correlation. Consequently, the most probable leak locations according to this 48-h
time window are determined (only those correlation values higher than 0.5 are considered). The star size depends on the resulting value of the accumulated correlation.
The bigger the star is, the bigger the corresponding accumulated correlations. Additionally, in Figure 7 the real location of the leak has also been signaled using a
red star and that area containing the nodes with the higher accumulated correlation
values has been marked using an ellipsoid with a red outline. Comparing the leak
localization indications given by the method to the real location of the leak, the resulting error is considered acceptable in the sense that the predicted area of the leak
has an acceptable size containing the real location of the leak. It must be considered
that the resulting error is mainly due to the inconsistency between the hydraulic and
demand models and the sensor measurements. Note that a nodal leak localization
using a small set of sensors determines potential network areas where the leak is
located, rather than the exact node where the leak is. This situation occurs because,
when using few sensors, there could be certain leaks causing the same pressure
disturbance from the point of view of the used sensor network and consequently,
isolation among the potential leaks cannot be carried out.

Fig. 7: A graphical representation (black stars) of the most probable localizations of the leak according to the accumulation of the resulting correlation vectors related to every node through a
48-h time window (December 20 and 21): the bigger the star size, the bigger are the corresponding accumulated correlations. Additionally, the real location of the leak (red star) and the area
containing those nodes with the highest correlations values (red outline ellipsoid) are also shown.
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5 Conclusions and Research Prerspectives
This chapter presents a model-based methodology for leak localization in WDNs
using pressure measurements. The method presented uses residuals obtained from
the pressure measurements and their estimates from the network hydraulic model
that characterizes the behavior of the DMA without leakage. The residuals are compared with the Fault sensitivity Matrix that contains the predicted pressure disturbance caused by each potential leak in all of the monitored networks inner nodes
(theoretical fault sensitivity). Leak isolation relies on correlating the observed residuals with the theoretical fault sensitivity contained in the Fault Sensitivity Matrix.
The leak localization methodology has been implemented in a software tool that
interfaces with a geographic information system and allows the easy use by water
network manager. Simulation results obtained applying the method to a DMA of the
Barcelona WDN highlight the effectiveness of the approach. Finally, a real application of this method on the Nova Icària DMA pilot test has been presented showing
satisfactory results in a real fault scenario.
Regarding future research related to this subject, several issues remain open. One
research issue is to quantify the effect of uncertainties in demands, sensors, and leak
magnitude estimation on the methodology and accuracy of the leak localization procedure. Another related issue is to reduce the impact of uncertainty on the detection
and isolation process. It is also of interest to extend the methodology to the detection
and isolation of multiple leaks, and to complement the methodology with a sensorfault detection process, to guarantee that only valid sensor data are used for leak
detection.
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Ramon Pérez, Vicenç Puig, Josep Pascual, Joseba Quevedo, Edson Landeros, and Antonio
Peralta. Methodology for leakage isolation using pressure sensitivity analysis in water distribution networks. Control Engineering Practice, (10):1157–1167, October.
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