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Placing an ensemble of pressure sensors for leak
detection in water distribution networks under
measurement uncertainty
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ABSTRACT
Large volumes of water are wasted through leakage in water distribution networks, and early
detection of leakages is important to minimize lost water. Pressure sensors can be placed in a
network to detect changes in pressure that indicate the presence of a new leak. This study presents
a new approach for placing a set of pressure sensors by creating a list of candidate locations based
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on sensitivity to leaks that are simulated at all potential nodes in a network. The selection of a set of
sensors is explored for two objectives, which are the minimization of the number of sensors and
the time of detection. The non-dominated sorting genetic algorithm (NSGA-II) is used to explore
trade-offs between these objectives. The effect of measurement uncertainty on the selection of
sensor locations is explored by identifying alternative non-dominated fronts for different values
for sensor error. The evolutionary algorithm-based approach is applied and demonstrated for the
C-Town water network.
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INTRODUCTION
Water distribution networks are designed and operated to

the permanent effect of a leakage is a readjustment of press-

reliably deliver water to meet demands while maintaining

ures in nearby pipes (Filion & Karney ). The combined

pressures throughout a network. Leakages cause failures

effect of multiple leakages is a substantial pressure drop in a

in delivering water reliably, and water loss reduction is a

water network, which causes consumer complaints and low

critical goal for managing infrastructure and water

water quality issues. To address loss of performance, utilities

resources. In the UK, 3,281 mega liters (106 ) of water were

apply strategies to increase pressures in affected areas, such

reported as wasted due to leaks in pipelines during 2009–

as managing pressure through tight control over isolated

2011, and some utilities in the USA report 15% of water

sub-sectors, or district metered areas (DMAs) (Perelman

lost each year (Sadeghioon et al. ). Leakages contribute

et al. ; Laucelli et al. ; Samir et al. ). Utilities

to failures in infrastructure and lead to economic impacts

may add booster pumps, tune pressure reducing valves to

through lost revenue, excessive power consumption, and

deliver higher pressures, close selected loops to deliver

costs that are passed on to end users (Ponce et al. ).

water along shorter paths, and reschedule pump operations

While the immediate effect of a new leak is the propagation

to increase pressure in affected areas. Water utilities have

of a transient wave in the pipe network, the transient wave

also begun to invest in tools for detecting leakages to more

disappears quickly after the event (Duan a, b), and

effectively manage water losses (Mutikanga et al. ).
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Acoustical listening leakage detection devices may not

reliability of a pressure sensor layout. The time of detecting

be practical for utilities due to the length of pipe that

a leakage is important as water distribution networks may

should be tested, limited municipal budgets, and a lack of

reach a new equilibrium relatively quickly after a leak

available personnel; additionally, the deployment of these

is introduced to the system. In addition, the presence of

devices require ﬁeld experience and training (Hamilton &

measurement error should be addressed as it introduces

Charalambous ). Computational methodologies that

uncertainty to the estimate of the performance of a design.

identify leakages may be more useful for utilities, because

The research presented here develops a framework to

they are typically inexpensive to implement and can provide

model potential leakages that can occur in a network and

insight about the location of leakages and replacement

to place sensors based on a set of performance goals. An

of water system components (Vairavamoorthy & Lumbers

evolutionary algorithm-based approach is developed to

; Poulakis et al. ).

detect a pressure anomaly due to a leakage at any node in

Many computational methodologies for identifying

the network. The framework couples a hydraulic model

leakages are based on inverse methods, which require a

with a multi-objective genetic algorithm-based methodology,

large amount of data about system parameters, such as

the non-dominated sorting genetic algorithm-based (NSGA-

pressure and ﬂows (Liggett & Chen ; Poulakis et al.

II) approach (Deb ), to identify a set of nodes for

; Soares et al. ). Inverse methods compare measured

placing pressure sensors. Uncertainty associated with the

data with the results of a numerical model to identify the

detection of leakages is addressed using a set of pressure

location and size of leakages (Puust et al. ). A range of

sensor errors. Four scenarios are developed to simulate

optimization methods have been applied to solve inverse

leakages that occur at varying times of day to capture the

problems for water distribution systems, including evolution-

diurnal changes in demands, and every node is tested for

ary computation, which provides a heuristic search that can

introducing leaks. Different leakage scenarios paired with

be coupled with a hydraulic simulation model (Casillas et al.

assumptions about measurement uncertainty lead to alterna-

; Cuguero-Escofet et al. ). Pressure sensors are the

tive pressure sensor layout designs for detecting a range of

primary device to measure water pressure in a pipe network

leakage magnitudes. The outcome of this approach is a set

and are subject to measurement errors associated with any

of pressure sensor networks that detect pressure anomalies

measuring device. Differences between measured and

due to leakages. The ﬁnal locations for installing pressure

expected data can conﬁrm leakages, but there is uncertainty

sensors are identiﬁed from a large number of locations to

in using these values due to the possible range of errors for

minimize the number of sensors and the time of detection.

these devices. The difference between measured data and the

The new framework is applied to illustrate the design of a

expected value for the data must exceed the measurement

pressure sensor network for the C-Town water network.

error to be considered an anomaly in the performance of

The manuscript is organized as follows. In the section

the network. Small leaks may be difﬁcult to detect and

immediately below, an overview of sensor placement for

leaks may occur at any location in a network; therefore, the

leak identiﬁcation literature is presented. The problem for-

effective placement of pressure sensors is essential for collect-

mulation is then presented followed by the methodology

ing reliable data to identify leakages. Because the function of

that is developed in this research. The case study follows,

leak detection and localization is directly related to sensor

along with modeling scenarios and assumptions. Results

location and sensor performance, the optimal position and

are then presented followed by discussion and ﬁnally

number of sensors is affected by uncertainties. Sensor designs

conclusions.

that are developed using assumptions of perfect sensors can
perform sub-optimally when implemented (Casillas et al.
; Steffelbauer & Fuchs-Hanusch ).

BACKGROUND

In the design of pressure sensor networks, alternative
solutions should be evaluated for a set of management

Pressure sensors can be strategically located within water

objectives,

distribution networks through the use of systems analysis

including

the

practicality,

feasibility,
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methods, including simulation and optimization. Leaks

matrix, and found that sensor positions are not sensitive to

create both short-term and long-term signatures that can

the size of leaks, but to the ﬂows within the WDS.

be used through analysis methods to identify leak locations.

The research presented here develops the pressure

Short-term signatures may be noticeable if unsteady charac-

placement problem with measurement uncertainty as a

teristics of the networks are monitored. Small leaks can

multi-objective problem to explore trade-offs between the

create permanent or long-term effects, which may be

number of sensors and the time to detection. The effect of

detected based on pressure drops that are larger than

measurement errors on the placement of sensors is explicitly

expected.

represented using a set of alternative expected pressure

A number of algorithms have been developed to place

sensor errors. An evolutionary algorithm approach (Bäck

pressure sensors using these signatures. Early works estab-

et al. ) is used to search for locations to place sensors.

lished the use of the sensitivity matrix to design sensor

Evolutionary algorithms are widely used to solve water

networks. The sensitivity matrix is calculated by subtracting

distribution network problems. New solutions are created

pressures of simulations with no leak from the pressures

using probabilistic approaches to recombine and mutate a

which are calculated at the same position under a leak scen-

set of good solutions. Each solution is evaluated based on

ario (Farley et al. ; Pérez et al. ). Blesa et al. ()

the ﬁtness, which represents the satisfaction of a set of objec-

use a clustering approach to place sensors, Sarrate et al.

tives. NSGA-II is an evolutionary algorithm that is designed

() use a branch and bound approach, and Cuguero-

to solve multi-objective problems and is applied here to

Escofet et al. () and Casillas et al. () use gentic

explore trade-offs in the time of detection and the number

algorithm approaches to place sensors. Another method-

of sensors.

ology was developed to place sensors by creating a library
of possible leakages, which is passed into a classiﬁer algorithm to identify the most effective locations for placing
sensors (Soldevila et al. ). Forconi et al. () formulate
the sensor network design problem as a ranking problem
where the sensor locations are ranked based on the risk of
non-detection of leaks. Blesa et al. () formulated the
sensor placement problem as a multi-objective problem to
minimize leaks that are not detected and maximize the
locatability of leaks, based on the magnitude of the residual
in pressure as calculated for leak and no-leak scenarios.

PROBLEM STATEMENT
A multi-objective problem statement is formulated to identify a pressure sensor network. The multi-objective problem
locates a set of pressure sensors to detect pressure differences and identify leakages by minimizing the number of
sensors and the time of detection. The problem formulation
is represented mathematically as follows:

A set of studies explores the effects of uncertainty on the
performance of sensor placement problems. Forconi et al.
() use a risk-based approach, where they account for
the uncertainty in the performance of sensor networks,

minimize Z2 ¼

minimize Z1 ¼ ks
Pn PTL

tl tdetection,i,tl (es )
i
N × TL

based on the measurement error of sensors. They represent

subject to m  ks  ms

the likelihood of detection as zero for locations where the

ms  N

(1)

pressure difference is lower than the accuracy of the
sensor. Steffelbauer & Fuchs-Hanusch () also address

where the variables Zj (∀ j ¼ 1 & 2) are the objective

uncertainty in the placement of sensors. They account for

functions; the variable ks is the number of pressure sensors

the effect of demand uncertainty on modeled predictions

that is deployed for the water networks; and the variable m

of pressure, and use Monte Carlo simulation to calculate

is the minimum number of sensors required by a utility.

pressures for multiple realizations of nodal demands. Blesa

Sensor readings are expected to be used in a leak detection

et al. () explore the effects of uncertainty in the magni-

algorithm, and the number of sensors required may be deter-

tude of leaks and inﬂows to the network on the sensitivity

mined by the requirements of the leak detection algorithm.
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The variable TL is the set of times, at which a leakage starts

By considering a range of thresholds, the effect of measure-

at the ith node and represents the number of time periods

ment uncertainty on the timing and location of detecting

within each diurnal pattern. The variable ms is the number

leakages can be determined. In addition, the sensor net-

of nodes where sensors can be placed. The variable N

work, which is the result of this study, may vary as the

is the number of nodes in the network. The variable
tdetection,i,tl (es ) is the time at which a leakage at the ith node

sensor errors increase.

is detected by one of the ks sensors. The time of detection
is the time at which one sensor out of the set of sensors
registers a pressure difference that is larger than an error
threshold, deﬁned as es . An approach for setting the

SIMULATION-OPTIMIZATION FRAMEWORK FOR
IDENTIFYING PRESSURE SENSOR NETWORKS

threshold es is described as follows.

A simulation-optimization framework is developed here to

Capturing uncertainty in pressure reading for sensor

model is used to simulate a set of leakages that could occur

identify a pressure sensor layout (Figure 1). First, a hydraulic
placement

at each node in a water network. The second step identiﬁes
a list of candidate nodes for placing sensors, based on

The error in pressure sensors creates some uncertainties in

locations where the change in pressure is relatively high

determining the difference in pressure that should be used

when leaks are present. Finally, the list of candidate nodes

to indicate a leak. Theoretically, a device can measure readings in a network with zero error; however, this perfect
reading is practically impossible. The error associated with
pressure readings is typically unknown, and it is difﬁcult
to explicitly separate the pressure difference and the error.
For example, assume that e is the error of a pressure
sensor that is reported by a sensor manufacturer, and the
difference r between the expected pressure and the pressure
reading is used to indicate that a leakage has occurred. The
smallest value of r that could be used to identify that a leak is
certainly present is 2e. Here, we assume that the uncertainty
in the calculation of expected pressure, or uncertainty
associated with the simulation model, is neglected. To elaborate, if the expected value of pressure is pex , a pressure
difference in the range of pex ± e should indicate that there
is a leakage; that is, for a ﬁeld pressure at pex , the range of
potential pressure reading is [ pex  e, pex þ e]. A pressure
difference larger than 2e, therefore, indicates that a leakage
has occurred.
To treat this uncertainty that affects the performance
and best placement of pressure sensors, a range of error
thresholds is used in assessing pressure differences and
time of detection in Equation (1). This range of thresholds
is determined based on the commercial pressure sensors
available to be used in the market. Each threshold is a
predeﬁned input for Equation (1) to compare with the difference between the no leakage model and leakage model.
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pressure sensors for water networks. The variable e
 s for each execution of the evolutionary algorithm. This
and updated by Δe
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represented by Equation (1) is solved using NSGA-II, and
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solutions, between the number of sensors and the time to
detect the leakage. As shown in Figure 1, the approach
iterates through decreasing values of es , which lower the
threshold for the pressure error and assume the use of
increasingly accurate sensors.
As described here, EPANET (Rossman ) is
loosely coupled with the NSGA-II library using MATLAB
software to develop the simulation-optimization framework.
EPANET is run to develop a list of candidate nodes, but is
not tightly integrated with NSGA-II. Each component of
the framework is explained in detail as follows.
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node. The new demand is calculated as follows:

utionary algorithm-based approach, which selects nodes
for placing pressure sensors. The multi-objective problem

Journal of Hydroinformatics

(
dnew,n,i ¼ dinit,n,i þ

c p0:5
init,n,i ,
0,

if i  tl
otherwise

(3)

∀ i ∈ 1, . . . , T & n ∈ 1, . . . , N,
where the variable dnew,n,i is the new demand for a leak modeled at node n at time step i of the simulation. The variable
dinit,n,i is the initial demand that is exerted at node n at time
step i. The constant c is the emitter coefﬁcient to simulate a
leak at node n. The hydraulic model is executed without
leaks present to calculate pressures at node n, and values
for pinit,n,i are reported as the pressure at node n and time
step i. tl is the time step at which the leak is initiated at
node n, and T is the total simulation time, and in this
work, the time step (tstep) is equal to 1 hour. N is the
number of nodes in the network.

Hydraulic simulation of leakages in water distribution

bution network. Pressures at nodes vary during the day

networks

due to ﬂuctuations in the water demand, which is typically

Leakages can occur as various forms and types in a network.
Experimental studies explored equations for alternative
types of leakages such as longitudinal cracks, circumferential cracks, and round holes (Greyvenstein & Van Zyl
; Shafiee et al. ). Here, leakages are simulated as
round holes using an oriﬁce model. The emitter equation
(Equation (2)) simulates the ﬂow through leaks as:
q ¼ cpγ

Leaks are modeled at every node in the water distri-

represented as a diurnal pattern. The start time for leaks generates different pressure proﬁles at pressure sensors. To
exhaustively identify the effect of leakages in a water network, leaks should be modeled at each location in the
network for start times that vary in small increments (such
as every 1-hour period). This approach would be computationally expensive. To capture the effects on pressure
readings of leaks that may be initiated at various times in

(2)

where the variable q is the amount of ﬂow through the leak,
which varies as the function of the pressure, p. The variable
c is the discharge coefﬁcient, and the variable γ is the
pressure exponent. The pressure exponent is 0.5 for an
emitter modeled as an oriﬁce (Rossman ). This is the
same value used by Forconi et al. () in their approach
to place sensors for leak detection. Equation (2) can also
be implemented within EPANET to represent alternative

a day, we assume that leaks that are initiated during time
periods when changes in demands are negligible create
similar patterns in pressure readings. Periods of relatively
constant demand patterns are determined from diurnal
demand patterns that are used as input for the hydraulic
simulation model. The start time for each leak is modeled
at the beginning of each time period, and as a result,
TL × N leak events are created, where TL is the number of
time periods determined from the diurnal pattern. The
hydraulic model is executed once to simulate each leak event.

geometries of leaks.
Here, we model leaks using a demand-driven approach,

Identifying candidate nodes for sensor placement

and a new demand is calculated that varies based on the
pressure at a node for each time step of the simulation.

Candidate nodes are identiﬁed based on their pressure detec-

The new demand is added to the existing demand of the

tion for all leak events that occur within time period tTL .
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For one leak event, a matrix of pressure values is created by

The score can vary in the range of zero to (N  1)2 . The

recording the pressure at every time step for each node.

best score is (N  1)2 , representing the most effective

A matrix of pressure differences is calculated as the absolute

location for placing a pressure sensor that detects leakages

value of the difference between the leak event and the base-

that occur at all other nodes in a network. For each time

line hydraulic model (without any leaks present) for each

of leak setting, the top ranking m nodes are selected as can-

element of the pressure matrix. ri is the difference between

didates for placing pressure sensors. The size of the

the pressure measurement (Pi ) and its corresponding esti-

combined set of candidate nodes across the time of leak set-

mated value (∧ Pi ) obtained from the simulation model

tings varies from m to m × TL .

with no leak:
r i ¼ Pi  ∧ Pi

i ∈ 1, . . . , N

(4)

Multi-objective optimization approach
A non-dominating sorting genetic algorithm is implemented

The pressure difference (r ji ) is calculated for each node

to solve the multi-objective problem (Equation (1)). Evol-

i at time step j, except for the node where the leak is

utionary algorithms use a population of solutions and

initiated. The pressure difference matrix (LS ) is calculated

apply heuristic rules at each iteration to converge to a

for leak S:

near-optimal solution(s). A solution is represented as an
array of decision variables that may be speciﬁed as binary,

2

3

r11 . . . r1j
T
6 . .
7
LS ¼ 4 ..
. . ... 5 i & S ∈ 1, . . . , N, j ∈ 1, . . . ,
tstep
ri1 . . . rij

real, or integer values. At each generation, selection is
(5)

applied to select high performing solutions for crossover,
which is applied to combine decision values across multiple
solutions that perform well. Mutation is applied to
make random changes to existing solutions. NSGA-II is

where LS is the difference between the measured and the

widely used for generating non-dominated solutions for

estimated pressure, affected by leak S among all nodes (col-

water resources planning and management problems

umns of the matrix) throughout the simulation time steps

(Nicklow et al. ). NSGA-II follows the steps for a genetic

(rows of the matrix).

algorithm and ranks solutions based on dominance.

For each column j in LS , the nodes are ranked, where

To maintain diversity in the Pareto front, NSGA-II uses

the highest and lowest values of rij receive the ranks of

elitism and a crowding distance to select solutions without

N  1 and 0, respectively. Nodes that have maximum

specifying additional algorithmic search parameters (Deb

pressure difference smaller than the error threshold are

).

not included as potential nodes for detecting leakage for

A solution is represented as an array of integers, which

that leak event. These nodes receive a rank of zero in the

shows sensor locations. The length of the array is the

ranking process.

number of pressure sensors that will be placed in a network

To calculate a score (R) for each node, leaks are grouped

(Z1 ). Using the hydraulic model, four leakages are modeled

according to the time of leak (tTL ). A candidacy number,

at every node with the various start times using Equation (3).

tT

denoted as RS L , is the maximum rank over all time steps

The pressure difference is calculated for every node at each

for leak S. By iterating over all leaks with the same time,

time step by taking the absolute difference between press-

each node receives N  1 candidacy numbers, and the candidacy numbers for each node are aggregated to assign a score

ures reported by the no-leakage and the leakage hydraulic
model. The time of detection (tdetection,i,tl (es )) for each leak

for each node:

event is the earliest time step that a sensor from the sensor
list registers a pressure difference larger than the threshold.

R¼

X

tT

tT

[R1 L , . . . , RS L ]

S ∈ 1, . . . , N
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C-Town water distribution network.

ILLUSTRATIVE CASE STUDY: C-TOWN

This study is based on a numerical experiment, and
ﬁeld data are not used for validation of the model. It

The pressure sensor framework is demonstrated here to

is assumed the hydraulic model is calibrated and rep-

simulate and identify leaks for the virtual city of C-Town

resents the conditions of the C-Town system, which is a

(Marchi et al. ). C-Town has ﬁve distinct pressure

virtual city.

zones, which are distinguished from each other by varying
topographical regions (Figure 2). The original C-Town

Simulation scenarios and model settings

network has 388 nodes, seven water tanks, one reservoir,
and 11 pumps. The lowest and highest elevations among

Four time periods are modeled to capture the effect of

nodes are 3.48 and 113.08 meters, respectively. Leakages

diurnal patterns on the volume of water that is wasted.

are introduced at all 388 nodes, except the nodes that are

Diurnal patterns are divided into four periods based on

located after each pump. The simulation time is 96 hours.

the consumption behaviors of end users (Figure 3). These
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in Equation (1)). The trade-off that is identiﬁed by the algorithm provides a range of sizes for the sensor network that a
manager can evaluate to make a ﬁnal decision.

RESULTS
NSGA-II is executed for each error threshold. The settings
for NSGA-II are a population size of 400, 100 generations,
a crossover rate of 0.8, and a mutation rate of 0.2. The
Figure 3

|

The average diurnal pattern of C-Town water network over ﬁve residential and

MATLAB toolbox is used to calculate the objective

commercial diurnal patterns, which are deﬁned in the C-Town water model.

functions Z1 and Z2 . Due to stochasticity in the conver-

periods consider ascending, descending, and ﬂat changes.
The ﬁrst period (Scenario 1) lasts from midnight to 6am,
during which the demands are at the minimum. The
demands increase after 6am until 12pm, and maximum
demands are observed at lunchtime (Scenario 2). During
the afternoon period (12pm–6pm) (Scenario 3), demands
remain at the largest value for the commercial and industrial
demands and at the smallest values for residential demands.

gence of NSGA-II, three runs of NSGA-II are executed
for each error threshold, and the best non-dominated set
is selected as the Pareto front for this error. The best
Pareto front is determined by calculating the hypervolume
for each run. The results of the 27 NSGA-II runs are
used to identify nine trade-off fronts between the objectives. Each of these Pareto fronts corresponds to an
error threshold.

There is an increase in the residential demands towards
the end of the day as consumers arrive at residential

Candidate nodes for placing pressure sensors

nodes. This shift in the value of demands begins at 6pm
and lasts until 12am (Scenario 4), when most consumers
are asleep. For each scenario, leakages are introduced at
the beginning of the time period, or 12am, 6am, 12pm,
and 6pm (TL ¼ 4 in Equation (1)).
We use values for the c coefﬁcient to generate leaks at a
lt
. This range of leakages was tested to
sec
ensure that a minimum level of change occurs in the
rate of 0.2–0.5

pressure in the network. These tests were conducted to

Figure 4 shows the candidate nodes that are identiﬁed as
potential nodes for sensor placement. In total, 110 nodes
are found as the most sensitive nodes to all leak events. As
some nodes are sensitive to two or more events, the original
list of potential sensors was reduced by 40 by removing
repeated nodes. All potential nodes have the same likelihood
to be selected by the NSGA-II algorithm for a solution. Only
a few nodes that are located at an elevation lower than
30 meters are selected as part of the candidate list.

check that the addition of leakage demand to the water
network did not violate the minimum pressure at nodes. If

Effect of error threshold: trade-offs between number of

the minimum pressure is not satisﬁed, the Wagner function

sensors and time of detection

can be used instead of Equation (3).
The set of error thresholds is generated and used to

Figure 5 shows the best (based on the calculated hypervo-

generate the rank matrix. These thresholds determine the
score of nodes for each leakage event and are tested at

lume) trade-offs between the number of sensors and the
average time of detection for each setting of (e)s . The

nine equidistant values within the range of 0.35 psi and

average earliest time of detection is 18.3 hours (66,000

1.05 psi (0.35, 0.4375, 0.525, 0.6125, 0.7, 0.7875, 0.875,

seconds) when 20 or more sensors are deployed and the

0.9625, and 1.05 psi).

devices work with a small error value. The average time of

The minimum number of sensors (m) required by

detection increases to 21.4 hours with 16 pressure sensors

the leakage detection algorithm is set to three (m ¼ 3

that perform with low precision (error is equal to 1.05 psi).
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Candidate nodes that are identiﬁed as potential nodes for sensor placement. The results of four scenarios are combined, and 110 nodes are selected as input for NSGA-II.

Using three sensors, however, increases the average detection time by 3.6 hours with the same precision. With the
deployment of three sensors, utilities can detect a leakage
within 20 to 25 hours after it started. With only three
sensors, however, the amount of pressure data may not
be sufﬁcient to use in inverse methods to identify the
leak location. Deploying a larger number of pressure
sensors has a small inﬂuence on the average time, but it
provides more data points for leakage identiﬁcation algorithms, which can increase the uniqueness of solutions
that are identiﬁed by inverse approaches (Zechman &
Figure 5

|

Trade-offs between the number of sensors, Z1, that is deployed in the network

Ranjithan ; Zechman et al. ). There is a negligible

and the average time of detection, Z2. Each trade-off curve is generated

increase in the average detection time for six to ten pressure

corresponding to an error threshold. From left to right, the trade-offs are
identiﬁed for error thresholds of 0.35, 0.4375, 0.525, 0.6125, 0.7, 0.7875,

sensors, and the decision to select a number of sensors

0.875, 0.9625, and 1.05 psi, respectively.

from within this range can be further explored based on
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Leak event coverage using the ensemble of ten pressure sensors, which are selected from the trade-off for 0.7 psi error threshold when the leak event start time is (a) Scenario
1, (b) Scenario 2, (c) Scenario 3, and (d) Scenario 4. The map shows the number of sensors that detects a leak at that node. The shade represents the number of sensors (out of
ten) that detects the leak event that is started at a node.

budget limitations and the use of data for leakage detection

Effect of device error on sensor placement

algorithms.
Figure 7 shows the effect of the device error on the sensor plaLeak event coverage using an ensemble of pressure

cement for networks of three, six, eight, and 15 sensors. For

sensors

small sensor networks, sensors are located near the central
region of the network, and additional sensors are placed on

Figure 6 shows the coverage of an ensemble of pressure sen-

the periphery of the network for larger sensor networks.

sors for detecting leakage events for C-town for the sensor

There are a few nodes in the network that are included in

network shown in Figure 7. The coverage is 100% for this net-

the solution for nearly every size of sensor networks. These

work, because ten sensors are sufﬁcient to cover all the

nodes are effective at detecting pressure changes and, thus,

leakage events that are simulated. The coverage rate may

are included in most solutions. Repeated nodes are advan-

be lower for fewer sensors or networks that are made up of

tageous in selecting the number of nodes for utilities, as

isolated sub-systems, such as district metered areas. For sys-

these nodes may be considered as robust components of a

tems where lower coverage of leakage events is likely, the

network for multiple sensor designs and sensor error.

optimization model can be reformulated to maximize cover-

These solutions can also provide guidance for a phased

age explicitly, rather than minimizing time of detection.

deployment of a large sensors network. Sensors that are
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The effect of device error on the location of pressure sensors. The solutions that have the ensemble size of (a) 3, (b) 6, (c) 8, (d) 15 sensors are selected from Figure 5. The
number next to each sensor location corresponds to the error code. Error codes of 1, 2, …, 9 represent 0.35, 0.4375, …, 1.05 psi error thresholds, respectively.

selected for both the small and large networks can be

Figure 8 shows the relationship between the average

deployed ﬁrst, followed by sensors that are included in the

time of detection and the volume of water that is wasted.

large sensor networks.

The volume of wasted water is between 20 to 26 thousand
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interruption (or leak) creates a signiﬁcant deviation from
normal operations. As total demands decrease in Scenario 1,
pressure sensors require more time to register a pressure difference. In addition, sensors perform poorly when demands are
at the lowest, from 12am to 6pm.
As shown in Figure 9, higher numbers of sensors are
most effective in reducing time to detection for Scenario
1. The ﬁrst quantile of Scenario 1 decreases signiﬁcantly
by using ﬁve sensors instead of four sensors. The median
Figure 8

|

The average volume of water that is wasted at the average time of detection.

of Scenarios 2, 3, and 4 remains unchanged as the number

Each dot represents an ensemble of sensors as identiﬁed in Figure 5. The ei is

of sensors increases, and the performances for Scenarios

the error threshold that is used to determine the threshold for detecting
leakages, where e1 is 0.35 psi, and e9 is 1.05 psi.

2, 3, and 4 are similar when a large number of sensors are
used. This is because a common set of sensors that are

of liters for the set of sensor networks. As expected, lower

located at the middle of the network are used for Scenarios

times of detection correspond to lower volumes of wasted

2, 3, and 4. As more sensors are deployed, additional sensors

water. The lowest average detection time results in the mini-

are located on the perimeter of the network for Scenario 1

mum average volume of wasted water, corresponding to an

(Figure 7) to reduce the detection time (see Pareto front

ensemble of 19 sensors for the error threshold of 0.35 psi. In

for 0.7 psi error threshold in Figure 5). Large sizes of

contrast, the maximum average wasted water corresponds to

sensor networks reduce the ﬁrst quantile in Scenarios 1

the deployment of three sensors for the 1.05 psi error

and 2, and the third quantile is not changed for varying

threshold. Because the detection time and wasted water

sizes of sensor networks. As shown above, the performance

are presented as averages over all leak events in C-Town,

of pressure sensor networks is similar for scenarios of high

there is a strong linear relationship that is observed between

demands.

these two parameters. As previously shown in Figure 5,

Figure 10 shows the effect of the leakage start time on

there is some overlap in the performance of sensor networks

the time of detection for each node. For each node, the

of various sizes.

detection times are shown for leakages that are introduced
using the four scenarios when 11 sensors (Figure 11(b))
are deployed and the error threshold is 0.7 psi. As shown

Effect of leakage start time on the performance of

in Figure 9, ten-sensor networks perform poorly in detecting

pressure sensors

leakages for Scenario 4. Figure 10 shows that the sensor
layout is able to detect leakages introduced at some nodes

Figure 9 shows the effect of leakage start time on the time of

signiﬁcantly earlier than the other nodes. For example, the

detection by plotting the performance (detection time) of an

sensor layout detects leakages that occur at the nodes with

ensemble of sensors for all 388 leakages that are simulated

the index of 100–150 more quickly. These nodes are located

in C-Town. The sensor ensembles are of different sizes as

near the center of the network.

identiﬁed for the trade-off for 0.7 psi error threshold
shown in Figure 5. The start time of leakages is plotted sep-

Effect of the range of device error on the time of

arately for four scenarios. In general, pressure sensors

detection

perform better for leaks that start during high demand
hours (Scenarios 2, 3, and 4). This is because the total

To evaluate the effect of device error on the time of detec-

demand is high throughout the network (Figure 3), and

tion, an experiment is performed by selecting three

any leakage produces a signiﬁcant disturbance in pressures.

solutions that have ten sensors from the 0.35, 0.7, and 1.05

During peak hours, many components of the network

error threshold trade-offs in Figure 5. The error threshold

perform together to deliver water, and, therefore, an

may have a negligible effect on the location of sensors.
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Effect of leakage start time on the time of detection. Boxplots represent the detection time for leak events simulated at 388 nodes in the C-Town water network for four start
times. Each boxplot is depicted for a sensor ensemble with size of 3–10, using an error threshold of 0.7 psi.

Figure 11 demonstrates the placement of three ten-sensor

calculated as the difference in the time to detection for an

networks, corresponding to error thresholds of 0.35, 0.7,

event initiated at one node for two error threshold values.

and 1.05. The layouts of these solutions are similar, as

The delay shows that for a majority of leakages, the time

some sensors are located in the center of the network and

of detection is not dependent on the range of device

a few sensors near the upper part of the network. Figure 12

errors. For 30.5% of leakages, however, the range of errors

shows the delays in detecting a leakage, where the delay is

can lead to up to 26 hours’ delay in detecting leakages.

Figure 10

|

Effect of leakage start time on time of detection for each node, at which a leakage is modeled. The error threshold is assumed at 0.7 psi, and ten sensors are deployed
(Figure 11(b)). The location of sensors is determined using the 0.7 psi error threshold trade-off in Figure 5.
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DISCUSSION
This study uses a demand-driven model for leaks. Speciﬁcally,
Equation (3) is an expansion of the implementation of the oriﬁce model in EPANET (Rossman ). Braun et al. ()
revisited the assumptions which are made for solving hydraulics of a water network and reviewed the advantages and
disadvantages of both demand-driven and pressure-driven solution approaches and suggested improvements to ﬁnd more
realistic modeling results. In this study, we use a demanddriven approach and enforce a minimum pressure constraint
for nodes. The pressure constraint ensures that the water
pressure at every node is sufﬁcient for ﬁreﬁghting purposes.
In preliminary work, we tested an iterative approach to
adjust dnew,n,i based on the pressure values that are produced
after leaks have been introduced to the network. The experimental results showed only an incremental change in the
demand, dnew,n,i , when pressures were changed to reﬂect
leaks. Therefore, neglecting the effect of pressure variation
on the ﬂow of leaks is reasonable for this methodology.
Shafiee & Berglund () demonstrated that demand changes
in response to contaminated water can signiﬁcantly affect the
movement of a contaminant in a network. Similarly, pressure
variation is affected by the amount of water that is extracted
from the networks and drives the volume of leaks that is lost
through compromised pipes. As the layout of a network
inﬂuences the hydraulics of the network, this assumption
concerning pressure variation should be re-evaluated for application to real-world networks. Therefore, for real networks,
an analysis of the pressure variation is important before
implementation of this methodology to place sensors. In
addition, this research approach does not solve for the size
of leaks, but places sensors to detect pressure variations. The
use of pressure-driven modeling may more signiﬁcantly
affect methodologies that detect the location and size of
leaks using optimized sensors.
The hydraulic solver is an extended-time hydraulic
model (EPANET), which is a quasi-steady state model. The
fundamental assumption of EPANET is that ﬂows and pressures in a system change slowly. Considering slow changes in
Figure 11

|

The location of sensors when the error threshold is (a) 0.35, (b) 0.7, and (c) 1.05
and the size of sensor network is ten. The number is the index of nodes in the
hydraulic model ﬁle.
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The delay between the time of detection for Scenario 1 leakages when an ensemble of ten sensors is used. The error threshold is modeled at discrete values of 0.35, 0.70, and
1.05 psi. The sensor conﬁguration is presented in Figure 11, respectively.

violated through manipulation of pumps and valves in the

NSGA-II, which selects a smaller set of nodes that can be

network. Improvements in hydraulic simulation capabilities

used as an ensemble of pressure sensors. Because pressure

may affect the results of the framework developed here.

sensors read pressure measurements with some error, the

As shown, results are only slightly sensitive to the error

uncertainty that arises from the device error is captured by

threshold. For example, in Figure 11, the location of ten

considering a range of pressure sensor error. The device

sensors are similar for three different error thresholds.

error is modeled as a threshold for detecting leakage

Future research can test the sensitivity of this method to

events, and, for each device error, a set of solutions is

alternative hydraulic models.

obtained using NSGA-II. The developed approach is applied

The methodology that is developed here relies on the

to the illustrative virtual city of C-Town.

discretization of the demand pattern into four clusters to

The new approach that is developed here is able to

represent different starting times. The number of starting

identify a set of locations for placing pressure sensors.

times was selected to capture variations in demand patterns

Considering a range of device errors quantiﬁes the threshold

and their effects on hydraulics within the network. Simulat-

in the nodal ranking mechanism for improving the robust-

ing leaks at every time step (e.g., every 1-hour period) would

ness of pressure sensors in detecting leakages. Results

create a large computational burden, as leaks are simulated

demonstrate that a large ensemble of pressure sensors is

at every node in the network. The required number of simu-

needed to register pressure readings within the range of

lations may be tractable for high performance computing

error variation. The analysis of the sensor networks shows

cluster, although for typical desktop computers, reducing

that the deployment of a large ensemble can increase conﬁ-

the number of simulations required to complete the method-

dence in detecting leakages by 30.5%. It is expected that the

ology presents an advantage for encouraging its use in

size of a sensor network would increase with the level of

practice. Further research can explore the effects of using

complexity for a water network. A more complex water

higher numbers of simulations on sensor design.

network is likely to have various independent pressure
zones. Within these complex networks, the effect of a leakage is not transmitted to other zones as zones are separated

CONCLUSIONS

by valves and pump stations.
Future research can explore the effect of the character-

This study focuses on the placement of pressure sensors to

istics of a water network on the number of sensors

detect water leakages at nodes within a water distribution

required and the performance of sensor networks. The

network. A new framework is developed that uses an enu-

C-Town water network is similar to real water networks;

meration approach to simulate leakages that can occur at

however, it is a skeletonized system, and a more descriptive

nodes in the network and different times of day. A set of

model may create complications in convergence of the algo-

nodes is selected as candidate locations for placing pressure

rithmic approaches used here. The same approach should

sensors. Once a list of candidate nodes is created, the list is

be evaluated for a mesh or looped water network. In an

passed into a multi-objective optimization algorithm,

ongoing study, we explore the use of this approach for a
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larger, more complex network. The use of ﬂow meters is
integrated with an ensemble of pressure sensor and explored
to improve certainty in detecting leakages for alternative
types of leaks.
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