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S-PLACE GA for optimal water quality sensor locations in
water distribution network for dual purpose: regular
monitoring and early contamination detection – a
software tool for academia and practitioner
Shweta Rathi

ABSTRACT
Security concerns about water distribution networks (WDNs) have led to increased interest in optimizing
sensor locations in WDNs achieved through a calibrated hydraulic model. This paper presents a
methodology, which consists of two stages. The ﬁrst stage consists of calibration of a hydraulic model
using a genetic algorithm (GA). A real-life network of one of the hydraulic zones of Nagpur city, India, is
considered, which optimizes the settings of a throttled controlled valve at different timings for
calibration. In this stage, a detailed case study, GA calibration model, methodology and results of
calibrated models are discussed. The second stage consists of identifying optimal sensor locations using
a newly developed software tool named ‘S-PLACE GA’ and its efﬁciency and effectiveness are
discussed. It can be used for the dual purpose of routine monitoring of water quality and for early
detection of contamination. The optimal locations are obtained considering two objective metrics,
‘Demand Coverage’ and ‘Time-Constrained Detection Likelihood’. These two objectives are combined
into a single objective by using weights. Key features, input data required for the software and their
applications on (1) BWSN network 1 and result comparison with others and (2) calibrated model of the
ﬁrst stage are discussed. Results showed the effectiveness of S-PLACE GA for practical applications.
Key words

| calibration, contamination detection, sensor placement, S-PLACE GA, TCV modeling,
water distribution networks

HIGHLIGHTS

•
•

Paper highlights the calibration of hydraulic model of water distribution system (WDS) using
genetic algorithm performing the modelling of throttled control valve.
The new software tool ‘S-PLACE GA’ is developed for dual purpose of routine monitoring of
water quality in WDS and for early detection of contamination in case of accidental or intentional

•

contamination simultaneously.
The new formulation is suggested considering weighted objective function comprising two
objective metrics, ‘Demand Coverage’ and ‘Time-Constrained Detection Likelihood’. Application
and result comparison are shown on benchmark problem.
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LIST OF ACRONYMS
ajp

Binary variable, value is 1 or 0

Z

Objective function of sensor placement

bxp

Binary variable, i.e if contamination event x

ZC

Objective function of calibration

during pattern p is detected/non-detected,

Z1

Expected time of detection

1 or 0

Z2

Expected

population

affected

prior

to

detection

p

Pattern

q

Nodal demand

tin
s
tsd

The start time of injection
Detection time for any contamination

Z4

Expected detection likelihood

BV

Butterﬂy valve

WDN

Water distribution network

BWSN

Battle of sensor networks

WDS

Water distribution system

CP

Critical point

F(i)

The combined ﬁtness value of chromosome i

DC

Demand coverage

F(x)

Minimization of ZC

DL

Detection likelihood

f(i, k)

DS

Distribution systems

EPANET

United States Environmental Protection

Z3

Multi-species extension

MSX
ESR

Elevated service reservoir

GA

Genetic algorithm

IRA-WDS
LOS

Level of service

MLC

Minor loss coefﬁcient

MLD

Million liters per day

PE

Population exposed

PMPs

Pressure monitoring points

PTN

Total number of patterns

R

Reservoir/source

of

contaminant

A ﬁtness value of chromosome i for an individual objective k

f*(i, k)

A normalized ﬁtness value of chromosome i
for an individual objective k

fi

Fitness function

fmax(k)

The maximum ﬁtness value for an individual

fmin(k)

The minimum ﬁtness value for an individual

objective k

Integrated risk assessment of water distribution systems

consumption

water prior to detection

Agency Network
EPANET-

Expected

objective k
m
i Pt

Measured pressure head at test node i at
time t;

s
i Pt

Simulated pressure or model predicted head

x

Trial solution containing valve settings

at test node i at time t

INTRODUCTION

S-PLACE GA Sensor placement genetic algorithm
TD

Time to detection

Concerns about water quality and vulnerability of water dis-

TCDL

Time-constrained detection likelihood

tribution systems (WDS) to contamination have led to

TCV

Throttled controlled valve

increased interest in on-line monitoring through sensors to

TEVA-SPOT

Threat ensemble vulnerability assessment

have early warning against contamination events to mitigate

and sensor placement optimization tool

its impact. Thus, water quality sensors basically serve two

Water distribution analysis geospatial engin-

purposes. Firstly, they provide practical or real-time water

eering modeling systems

quality monitoring to detect water quality degradation in

WDSA

Water distribution system analysis

the distribution systems (DS) caused by naturally occurring

VC

Volume of contaminated water consumed

processes such as nitriﬁcation, iron corrosion, bacterial re-

W

Pre-speciﬁed weights assigned to the objec-

growth and so on. Secondly, they help in detecting contami-

tive DC

nation events to minimize public health exposures after

WaterGEMS
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release of a chemical contaminant or biological agent into

cluster-wise can be considered the best solution for network

the DS (in case of accidental or deliberate contamination).

reduction. (2) Selection of contamination events (Watson

Installation, operation and maintenance of water quality

et al. ; Perelman & Ostfeld , ; Shen &

sensors are costly, and therefore the number of sensors to

Mcbean ; Davis et al. ) – due to the uncertain

be installed must be limited. Therefore, optimal locations

nature of contamination events (i.e what, how much,

for sensors in the network are required.

when, where and for how long an event will occur) the

Lee & Deininger () were the ﬁrst to address the pro-

size of the problem should be reduced either by restricting

blem of optimal sensor placement in WDS based on the

the number of injection locations and limiting injection

concept of ‘demand coverage’ (DC). Watson et al. ()

time or by random sampling, considering importance-

were the ﬁrst to introduce multi-objective formulation to

based sampling, or by designing a system based on consider-

sensor placement by employing a mixed integer linear pro-

ation of high impact scenarios. (3) Event modelling (Ostfeld

gramming model over a wide range of design objectives.

& Salomons ; Weickgenannt et al. ; Afshar &

Several researchers participated in the ‘Battle of Sensor Net-

Marino ) – consideration of each and every scenario

works’ (BWSN) to locate sensors in two-example networks

for simulation requires high computational cost in terms of

using their algorithms (Ostfeld et al. ). Ostfeld et al.

computer memory and computational speed; hence, the

() compared solutions provided by several algorithms

computational requirement can be reduced by identifying

based on four objectives: (1) time of detection (TD) (Z1);

a few important scenarios with respect to nodal demands,

(2) population exposed (PE) (Z2); (3) volume of contami-

pump on and off situations and ﬂow in and out conditions

nated water consumed (VC) (Z3); and (4) detection

from tanks. Further, some have focused on conservative

likelihood (DL) (Z4). The solutions from different algor-

contaminants (Dorini et al. ; Weickgenannt et al.

ithms provided a distinctive set of sensor locations. The

), changes in the contaminant due to chemical reaction

main emphasis was thus given to early contaminant detec-

(Cozzolino et al. ) and EPANET-MSX for event model-

tion and minimizing the negative consequences. No

ing with contaminant reactions (Ohar et al. ).

importance was given to network coverage in terms of

(4) Number of performance objectives (Huang et al.

demand. Eliades & Polycarpou () suggested including

; Krause et al. ; Xu et al. ; Aral et al. ) –

demand coverage (DC) as a ﬁfth objective, Z5, with the con-

selection of objectives should be such that a balanced

sideration that it would be more useful in comparison when

design can be obtained with respect to different objectives.

the only objective; that is, the detection likelihood, is the

A uniﬁed single objective formulation (Aral et al. )

same for two or more solutions. They further obtained the

jointly considers various parameters affecting sensor

values of DC for different solutions suggested in the litera-

locations, which makes the problem formulation simple

ture for the BWSN networks. Hart & Murray () and

and provides better sensor locations compared to other

Rathi et al. () provided a review of various method-

methodologies.

ologies on sensor placement and discussed several
challenges

and

issues

regarding

methodologies

and

applications.

(5) Type of solution methodologies and software – Preferred solution methodology is one which can prioritize
selection with respect to different objectives considered in

Some of the issues of concern with reference to appli-

the sensor location problems. Prioritization selection helps

cation of methodologies to large WDNs are as follows. (1)

in future extension of monitoring locations. Software like

Skeletonized network (Dorini et al. ; Huang et al.

TEVA-SPOT (Berry et al. , ; Hart et al. ), and

; Wu & Walski , Aral et al. , Perelman et al.

the S-PLACE tool kit (Eliades et al. ), are required to

; Perelman & Ostfeld ) – the skeletonization of

handle large size networks, select ﬂow distributions, restrict

the network should be such as to reduce the size the of

contamination events and limit objectives.

the network without compromising the hydraulic and

(6) Uncertainty consideration – Shastri and Diwekar

water quality equivalences between the whole and reduced

(), Ostfeld & Salomons (), Ostfeld et al. , Com-

network. Therefore, clustering of nodes and placing sensors

boul & Ghanem (). The complexities in sensor network
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design are due to various uncertain parameters, such as:

calibration and initial calibration results are discussed in

ﬂow reversal in some links (requiring consideration of

detail in Rathi et al. (). After detailed study, it was

either multiple or dynamic simulations), uncertainty in

observed that there is a need to calibrate the model using

attack in terms of location, time, type, strength and duration

optimization techniques because of uncertain data. There-

of contaminant intrusion (requiring consideration of a large

fore, a hydraulic model is developed in EPANET

number of contamination scenarios and water quality simu-

consisting of 69 throttle control valves (TCVs) and openings

lations), uncertainty in nodal demands, sensor detection

are approximated by the minor loss coefﬁcient (MLC),

limits, delay by sensor in registering an event and raising

which replicates actual valve status in the ﬁeld. After

alarm, imperfectness of sensors resulting in false alarms,

detailed analysis, it was observed that one of TCVs is critical

imperfect mixing at nodes, uncertainty involved in quantiﬁ-

and there is a need to calibrate the status (settings) of this

cation of impacts on human health and other impacts, etc.

identiﬁed TCV in the Ramnagar ESR premises zone

Sensor network design to select optimal locations of a lim-

(Figure 1), which is operated at different timings in a day.

ited number of sensors involving these complexities is

Therefore, in this study model, it is calibrated using a genetic

computationally expensive. and further requires a calibrated

algorithm (GA) which optimizes one of the throttled con-

hydraulic model for proper placement.

trolled valve statuses (settings) which are operated at

(7) Mobile sensors – Mobile sensors, along with station-

different timings in a day.

ary sensors, are to be considered for applications in WDNs

Considering the two aspects of regular/routine water

which improve effectiveness and help in reduction of cost

quality monitoring and contamination event detection two

(Perelman & Ostfeld ; Oliker & Ostfeld ()).

objective metrics, ‘demand coverage’ (DC) and ‘time-con-

Recently, Berglund et al. () provided a compressive

strained detection likelihood (TCDL)’ are selected for

review for several challenges that the water industry faced

optimal locations of sensors in WDNs. The demand cover-

for managing WDS security. This review provided a model-

age is a useful parameter for regular monitoring as it

ing framework that has been developed to assist in the

provides the importance of including maximum nodes on

management of emergencies and WDS security.

the paths from source to various sensor locations to cover

Calibration of the hydraulic model is the basic require-

maximum nodal demands. Thus, quality of water can be

ment for obtaining optimal sensor locations in WDS.

considered satisfactory at all the upstream nodes if the qual-

However, calibration of a hydraulic model of a water distri-

ity of water is found to be satisfactory at the sensor node. To

bution system is a challenging task as there are a large

maximize DC, any optimization algorithm tends to place

number of input parameters such as nodal elevations and

sensors away from the source. The time constrained detec-

demands, including water losses, pipe length, diameter and

tion likelihood provides the importance to detection of

roughness coefﬁcients, water level at the source and pump

contamination events within permissible time called as

characteristics, valve settings etc. It is desirable that most

level of service (LOS). Thus, depending upon the LOS,

of these parameters are measured accurately during ﬁeld

location of sensors from source and the distance between

observations so that few uncertain parameters require

them is optimized. This is a useful parameter for accidental

adjustments during the calibration. The ﬁeld survey provides

or intentional contamination. Therefore, two objectives of

reliable data regarding pipe length, ground levels, operating

sensor locations; that is, regular monitoring and contami-

valve settings and status, and water level at the sources. In

nation detection, were considered together in optimizing

general, data regarding the nodal consumption and pipe

the sensor locations (Eliades & Polycarpou ; Rathi &

roughness coefﬁcients are less reliable and therefore may

Gupta ; Rathi & Gupta a). Several solutions can

need adjustment during the calibration. Recently, Rathi

be obtained by varying the weights of two objectives.

et al. () considered a case study of a real-life network

Based on this methodology, a software program called

of one of the hydraulic zones of Ramnagar Elevated Service

S-PLACE GA as a tool was developed in ‘C’ programming

Reservoir (ESR) of Nagpur city, Maharashtra State in India.

language to select optimal locations of a given number of

Study area, complexity, challenges and steps for traditional

water quality sensors using the GA for easy application to
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Layout of water distribution network of Ramnagar ESR Nagpur, Maharashtra, India, consisting of 69 TCV (EPANET Model).

large WDS problems. S-PLACE GA is used for the dual pur-

about new developed S-PLACE GA – a tool for optimal

pose of regular monitoring of water quality and for early

locations of water quality sensors for regular water quality

detection of contamination in WDN. Another important fea-

monitoring and contamination event detection simul-

ture of the S-PLACE GA is that optimal sensor locations can

taneously in WDS. Key highlights of the software, objective

be obtained under these conditions: (1) when all nodes of

function, input data required for the software, and GA

the network are considered as vulnerable points; (2) when

process and operator are also discussed. Applications of

some nodes are considered as vulnerable points of the

S-PLACE GA software as a tool are shown through two pro-

system based on risk analysis with equal probability of

blems, one a benchmark problem of BWSN network 1 and

occurrence; and (3) vulnerable nodes are considered with

comparison of results with other methodologies are shown

probability of occurrences based on the risk score.
The methodology of the manuscript is organized into two

(Rathi & Gupta b), and another is on a calibrated
model of stage 1.

stages. (1) Stage 1 – discussed in detail about calibration of

The novelty of the paper is that in the ﬁrst stage, cali-

hydraulic model using GA using TCV modeling which

bration of the hydraulic model is done using GA using

includes about the study area and network details, traditional

throttle control valve (TCV) modeling, wherein one TCV

calibration and GA calibration model. (2) Stage 2 – discussed

valve’s status and settings are optimized at different times
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of a day. Time is known from ﬁeld operations; however, the

replaced/repaired, illegal connections were removed/regu-

settings are unknown. Therefore, the hydraulic model is

larized, public stand posts were converted to grouped pipe

calibrated using GA. In the second stage, S-PLACE GA –

connections with metering, and old pipelines (about one-

a software tool – and its efﬁciency and effectiveness are dis-

third of the total pipelines) were replaced by new pipelines.

cussed. Key features, input data required for the software

The water distribution network shown in Figure 1 has

and its application on a large real-life calibrated model

one source of supply (R-1), 619 nodes and 733 pipes. The

are discussed. Even though Rathi & Gupta (b) carried

network is organized in 33 subzones and consists of 12

out a comparison of S-PLACE GA on BWSN network 1,

wards. Out of 33 subzones, 26 are fully served by Ramnagar

its applicability on a real life calibrated model having 619

ESR and seven are partly served. The pressure and ﬂow in

nodes and 733 pipes is shown here. On a calibrated net-

these 33 subzones are controlled by 69 valves. Each of the

work it is observed that only 21 sensors are required for

subzones is controlled by one or more valves. Two pre-

50% coverage in terms of demand and contamination

deﬁned pressure monitoring points (PMPs), or critical

detection and 32 sensors are required for covering 60%

points (CPs), are installed in the network, named as Amba-

of coverage criteria. Further best 5, 20, 30 and 40 optimal

zari Hill-Top Slum (PMP-1), which is on higher elevations,

sensor locations are also obtained covering 25%, 49, 58

and the other PMP-2, which is named as Telankhedi Slum,

and 65% of the coverage area respectively in the case

is on lower elevation; these are shown by circle in Figure 1.

study. This shows the effectiveness of S-PLACE GA for
applications. After comparison on a BWSN network by

Traditional or manual calibration of the model

Rathi & Gupta (b), it was observed that high demand
coverage is achieved with a little compromise on other

Rathi et al. () discussed in detail several challenges in

objectives. Discussion of results of stage 1 and stage 2 are

the study area and performed various stages of traditional

discussed in section 4 and conclusions are given in section

calibration, which include the following. (1) Collection of

5.

data – this includes network data, demand data, operational data and source head data and supply from the
source(s), which are collected from ﬁeld survey and the

METHODOLOGY USED

water authority. (2) Hydraulic model preparation and
initial calibration results – based on the available data, a

Stage 1: calibration of hydraulic model using genetic

hydraulic model is developed consisting of 69 partially

algorithm

closed valves. Most of those valves are adjusted at a particular ﬁxed setting values; for example, percentage closer

Study area and network details from Rathi et al. ()

are shown in Table S1 (supplementary material) (Rathi
et al. ). The valve can be operated and set at different

Nagpur, a second capital of Maharashtra State, is situated in

degrees of opening, which will result in different pipe ﬂows

the center of India. The population of the city is 2.53 million

and junction pressures. These valves are considered as

(2015) spread over 217 sq. km. The total water supply to the

throttled control valves (TCVs) in EPANET during model-

city is over 650 MLD through 54 service reservoirs and a

ing and are shown in Figure 1. In hydraulic simulation

3,200 km long distribution network covering 239,000 con-

models, the effect of the valve openings can be approxi-

nections. The study area consists of a very complex

mated by the minor loss coefﬁcient (MLC). Results

hydraulic zone of Ramnagar ESR, located in the western

obtained using the initial calibration showed that there is

part of Nagpur City and composed of a residential area

a large pressure difference between observed and simulated

with all types of dwellings, including slum areas, as well

pressure at both the PMPs shown in Figure S1 (supplemen-

as institutional and commercial areas. During the con-

tary material). (3) Data validation, hydraulic model

version of mode from intermittent to continuous, all

improvement,

property connections were changed, faulty meters were

conclusions – detailed study of the network from ﬁeld
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¼ simulated pressure or model predicted head at test

survey, physical veriﬁcation and macro and micro level of

s
i Pt

calibration is performed. It was observed that there are

node i at time t.

two valves that are operated in the ESR premises, of

The decision variables are valve status (settings) identiﬁ-

which one is ﬁxed at a particular valve setting value and

cation at different timings for the identiﬁed critical valve

the other is operated at different times of the day. A

(from ﬁeld survey) in Ramnagar ESR premises, which is

number of trials have been carried out for calibration of

shown by circle in Figure 2. From a ﬁeld survey, it was

the model. Initially, the valve status of both the selected

observed that the valve’s operation schedule at different

valves in ESR premises are considered as unknown par-

times in a day are: at 8 am, 8 pm, 8.25 pm, 10.25 pm, 12

ameters and calibration of the model using GA was tried.

am and so on. Therefore, the trial solution valve settings

However, the complexity is greater in the model, and

of the identiﬁed valve at different timings are considered

from the ﬁeld visit it was known that one valve from

as the decision variables. The valve setting variables are

ESR premises is operated at different times in a day. There-

the values that represent open, closed and partially open.

fore, in this study, the model is calibrated by identifying the

Let x represent the trial solution containing valve settings

valve status at different times in a day for the valve, which

of a selected valve, the valve identiﬁcation model is then for-

is operated in ESR premises and is shown by circle in

mulated as a nonlinear optimization problem (Wu et al.

Figure 2.

):

GA calibration model

Search for x

The objective function (Equation (1)) is the minimization of

Minimize F(x)

the sum of the square of difference between the measured
F(x) is the objective function given in Equation (1).

and simulated value of pressure heads at test nodes.

min ZC ¼

n X
T
X

Thus, the valve settings of the unknown identiﬁed valve
s 2
( i Pm
t  i Pt )

(1)

i¼1 t¼0

have multiple possible values at different times of a day; say,
for example, at 8 am, 8 pm, 8.25 pm, 10.25 pm, 12 am etc
(Table 1). The valve is operated and set at different degrees

where, i Pm
t ¼ measured pressure head at test node i at time t;

of opening, which will result in different pipe ﬂows and junction pressures. In the EPANET hydraulic simulation model,
the effect of the valve openings is approximated by the
Minor Loss Coefﬁcient (MLC). For an identiﬁed valve,
random settings are selected from a range of minimum and
maximum values of 0–3,500 are considered. The MLC value
0 represents fully open status and the value of inﬁnity or a
large MLC value in practice can be used to represent fully
closed status. Examples of the trial solution are given in
Table 1.
Measured values are obtained from ﬁeld measurement
devices using pressure loggers, which are installed at two
Table 1

Figure 2

|

TCV in ESR premises in EPANET model, which are operated at different times in
a day.
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Trial
Solution

0 to 8
am

8am to 8
pm

8 pm to
8.25 pm

8.25 pm to
10.25pm

10.25 pm to
24 am

Value

100.00

250.00

3,000.00

10.50

1,000.25
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pre-deﬁned places, and model pressure head values are

collected from SCADA and ﬁeld survey and observed press-

obtained by running a hydraulic simulation toolkit such as

ures are measured at two pre-deﬁned PMPs (Figure 1).

EPANET with randomly generated solutions. Flows, heads

An initial population of chromosomes is randomly gen-

and nodal demands are time dependent. Measured pressure

erated. Randomly generated valve statuses (openings or

head at test nodes and readings from supervisory control

minor loss coefﬁcients) selected from a range of minimum

and data acquisition (SCADA) were taken at a time interval

and maximum value of 0–3,500 are considered. This range

of every 15 minutes during an extended period simulation.

is considered from the rough approximations from the ﬁeld

The generalized diurnal demand pattern was created based

survey and observations of the case study from Rathi et al.

on an hourly ﬂow recorded by the ﬂow meter installed on

(). This status is assigned to this identiﬁed critical

the outlet pipe of the Ramnagar ESR; that is, at the inlet

valve, which is at different timings, and EPANET is sub-

of the distribution network. The observation of ﬂow from

sequently called to simulate the steady-state hydraulic

the source, the water level in the reservoir and ﬂow multi-

analysis of the system. Simulated pressures at the measure-

pliers on the day of observation (31 October 2018) are

ment locations are obtained and compared with their

given in Table S2 (supplementary material). The average

measured values through the calculation of the objective

ﬂow during the day was 734.14 m3/h.

function. The ﬁtness function for each member of the GA

The GA calibration model implemented has been writ-

population is deﬁned as the inverse of the objective func-

ten in C language and the ﬂow chart of the algorithm is

tion applied to deﬁne. Using GA operator’s selection,

shown in Figure 3. Input for calibration of a model is

crossover and mutation, new generations of populations

Figure 3

|

Flow chart of hydraulic calibration model using GA.
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are created and the calibration process is then repeated

the performance of the GA model, as recommended by

until the stopping criteria are met. In this study, a tourna-

Goldberg & Deb () for better convergence. Results of

ment selection, two-point crossover, and bitwise mutation

the GA model are given in Table 2 and in Figure 4(a)

have been applied in the GA calibration model to improve

and 4(b).

Table 2

|

Final solutions obtained using GA for calibration

Trial solution

0 to 8 am

8am to 8 pm

8 pm to 8.25 pm

8.25 pm to 10.25pm

10.25 pm to 24 am

Value

5.95603

929.72033

1,758.04126

2,964.26977

5.95603

Figure 4

|

Comparison of computed/simulated pressure with observed pressure at both CPs. (a) Ambazari Hill-Top Slum (PMP-1/CP1) (b) Telankhedi Slum (PMP-2/CP2).
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The demand coverage (Equation (3)) is deﬁned as the
percentage of network demand monitored by a particular
sensor or set of sensors located at different nodes in a
WDS (Lee & Deininger ; Rathi & Gupta ). Kumar

Key highlights of the software

•

•

et al. () deﬁned detection likelihood (DL) considering
A newly developed software tool named S-PLACE Gen-

only those events in the list of detected events that have

etic Algorithm (GA) is used to select optimal locations

time of detection (TD) less than some acceptable time and

of a given number of water quality sensors in WDN

are termed as time-constrained DL (TCDL) (Equation (4)).

using the methodology of Rathi & Gupta () for easy

Thus, any event detected beyond a speciﬁc time interval is

application to a large WDS network.

not included with computing detection likelihood. Maximiconsidering

zation of TCDL would restrict sensor locations to move

two objective metrics, ‘demand coverage’ (DC) and

away from the source, but within the considered TD. Thus,

‘time-constrained detection likelihood (TCDL)’. These

TCDL combines the impact of two objectives, TD and DL.

The

optimal

locations

are

obtained

two objectives are combined into a single objective by

DC is maximized to assure the quality of delivered water

•

using weights. This code is written in C language.

to consumers during regular monitoring; TCDL is used for

It can be used for regular water quality monitoring and also

early detection of a greater number of contamination

•

in case of accidental or intentional contamination in WDSs.

events. Maximization of TCDL minimizes the undetected

This tool is simple, easy to use and is veriﬁed on a bench-

events and their negative consequences indirectly in terms

mark problem; that is, BWSN network 1, and the results

of PE, VC, EC and risk and assuring early detection of con-

are compared with other studies. It is observed that high

tamination events.

demand coverage is achieved with a little compromise on

These two objectives are combined by assigning differ-

other objectives (Rathi & Gupta b). Further, its appli-

ent weights to them, and determination of DC and TCDL

cations are shown on a calibrated real-life network. The

are given by Rathi & Gupta ().

best 5, 20, 30 and 40 optimal sensor locations are also

Max Z ¼ W × DC þ (1  W) × TCDL

obtained covering 25, 49, 58 and 65% of the coverage

•
•

area respectively in the case study.
The genetic algorithm requires hydraulic simulation
results from software like EPANET, or WaterGEMS or
WaterCAD or others.

W ¼ pre-speciﬁed weights assigned to the objective DC.
The objective of regular monitoring through maximization of DC is given by f1:

Another important feature of GA is that robust sensor

J
PTN
XX

network design is obtained under various conditions:

p¼1 j¼1

(1) when all nodes of the network are considered as vul-

(2)

DC ¼ f1 ¼

nerable points; (2) when some nodes are considered as

a jp × q jp

J
PTN
XX

(3)
q jp

p¼1 j¼1

vulnerable points of the system based on risk analysis
with equal probability of occurrence; and (3) when vul-

where, ajp ¼ 1, if node j is covered by any of the sensor nodes

nerable nodes are considered with probability of

during pattern p, else ajp ¼ 0; q ¼ nodal demand. J ¼ number

occurrences based on the risk score.

of covered nodes, PTN ¼ number of ﬂow patterns.
The objective of contamination detection through maxi-

Objective function

mization of TCDL is expressed by f2
s

The objectives of regular monitoring and contamination
event detection are considered through (1) maximization

TCDL ¼ f2 ¼

td
J P
TN X
X
X

αxp bxp

(4)

x¼1 p¼1 t¼tin
s

of demand coverage (DC) and (2) maximization of time-con-

where, αxp ¼ probability of event x during pattern p and it is

strained detection (TCDL) likelihood respectively.

calculated as per the expert’s knowledge of network
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vulnerability; bxp. ¼ 1, if contamination event x is detected

number, upstream node, downstream node, length, travel

during the pattern PTN. tin
s is the start time of injection of

time and ﬂow (Table 3) and node data; that is, node

tsd

is the maximum detection time for any

number and nodal demand, are required (shown in

contamination event, which is pre-deﬁned or pre-speciﬁed

Table 3). Hydraulic simulation of a network can be used

or it is the maximum level of damage prior to a pre-deﬁned

for obtaining the data of travel times and ﬂows in different

detection time. These two objectives are combined by

pipes.

contamination.

assigning weights based on the priority of these objectives,
as also done by Krause et al. () and Xu et al. ().

S-PLACE GA can be used for robust sensor network
design. Although intrusion may take place at any point in

Since the objective function consists of two different

the network, only the nodes that are in risk-prone areas

parameters with different units, a normalization method

can be considered to limit the number of contamination

for these ﬁtness functions is necessary. The following

events. Value of 1 indicates the node is selected as a possible

describes the normalization method and the same used

location of contaminant intrusion and 0 indicates no risk at

herein, as suggested by Huang et al. (). Let f(i, k) ¼ a ﬁt-

that node, and based on the probability of contamination

ness value of chromosome i for an individual objective k,

of any node risk is assigned to that node. This is a useful

where i ¼ 1, …, P and P is the population size; f*(i, k) ¼ a

feature to restrict the number of nodes as possible

normalized ﬁtness value of chromosome i for an individual

contamination events for simulation. Restricted nodes for

objective k as given in Equation (3); fmax(k) ¼ the maximum

objective function evaluation and their probability of con-

ﬁtness value for an individual objective k; fmin(k) ¼ the

tamination are given in Table 3.

minimum ﬁtness value for an individual objective k; and

Using any risk analysis model or software, such as the

F(i) ¼ the combined ﬁtness value of chromosome i as

improved risk assessment of water distribution systems
(IRA-WDS) developed by Vairavamoorthy et al. ()

given in Equation (4).

and used by Rathi et al. () or Naserizade’s model
f(i, k)  fmin (k)
fmax (k)  fmin (k)

f(i, k) ¼
K
X

F(i) ¼

(5)

(Naserizade et al. ) or methodology, vulnerable nodes
are identiﬁed. Once the vulnerable nodes are identiﬁed,
then based on the probability of their occurrence, the ﬁt-

w × f(i, k)

(6)

k¼1

ness function is evaluated. Thus, S-PLACE GA has a
special feature that it can model those contamination

The objective function needs to be maximized; w ¼ prespeciﬁed weights assigned to the objective DC. F(i) ¼ combined ﬁtness value of chromosome i.

events that are at risk and different probabilities of contamination can be added to those nodes. Accordingly,
sensor network design is obtained.

GA process and operator
Input data required for the software
For ﬁtness function calculation, three parameters are
S-PLACE GA requires the hydraulic analysis data obtained

needed: T-hour LOS - for example, 5 hours; TCDL multi-

from any hydraulic simulation software like EPANET,

plier - for example, 0.5; DC weightage - for example, 0.5,

WaterGEMS, WaterCAD or others. Pipe data; that is, pipe

crossover rate; for example, 0.95, mutation rate; for

Table 3

|

Pipe and node data for S-PLACE GA

Pipe no.

Upstream node

Downstream node

Length (ft)

Flow (GPM)

Travel time (Hour)

Node no.

Nodal demand (GPM)

Probability of
contamination

1

0

17

359

2,964.26977

0.554

1

3.83

0.5
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example, 0.05; population size - for example, 100; gener-

Rathi & Gupta (b) considered Network 1 of BWSN,

ation size - for example, 100; selection type - for example,

which has 126 nodes, 1 source, 2 tanks, 168 pipes, 2 pumps,

roulette wheel selection, tournament selection, crossover

and 8 valves having four variable demand patterns shown in

type – one point crossover, two point crossover, uniform

Figure S2 (supplementary material), which were considered

crossover, number of sensors, mode: maximization, elitism:

for obtaining an optimal solution using S-PLACE GA. The

true, crossover rate: 0.95 (e.g.), mutation rate: 0.05 (e.g.),

EPANET input ﬁles of the network are available on the web-

population size: 100 (e.g.), generation size: 100 (e.g.).

site http://www.exeter.ac.uk/cws/bwsn (Ostfeld et al. ).

Required number of generations, best solutions, worst
solution, maximum, minimum and average ﬁtness values

GA and its parameters

are obtained at the end. GA is used to solve the optimization
problem in Equations (2) and (6).

The unconstrained optimization problem (Equation (6)) is

A simple GA started with selection of a random popu-

solved using simple GA by pre-deﬁning a number of

lation of candidate solutions. Each member in the

sensor locations on BWSN Network 1. Considering all

population is given a chance to improve in the next gener-

nodes as a possible contamination event (equal probability

ation based on its ﬁtness. Three basic GA operators ─

in Equation (4)), the ﬁtness function is evaluated. A contami-

reproduction, cross-over and mutation ─ are used. Elitism

nation event is considered detected if its time of detection is

is also used to retain one or a few good solutions in the

found to be less than the selected level of service. Level of

next generation without change. The process of improve-

service is the permissible time within which any contami-

ment continued for a pre-selected number of generations

nation event is desired to be detected.

and the best solution at the end is considered as the optimal
solution (Deb et al. , Ostfeld & Salomons ). The

Results from Rathi & Gupta (b)

chart of S-PLACE GA is given in Figure 5.
The network was simulated for 96 hours to acquire the information of the dynamic ﬂow pattern. The dominating ﬂow

APPLICATIONS OF S-PLACE GA ON EXAMPLE
NETWORKS

patterns and average discharges and velocities in the pipe
lines of the network are calculated and used for location
of sensors. Initially, the weights are varied for both the

Application to BWSN network 1

objectives. The best 5 and 20 sensor locations are obtained
by considering LOS given by a time of detection of 3 hrs.

‘The Battle of Sensor Network (BWSN): A Design Chal-

Thus, a contamination event is considered detected if is

lenge for Engineers and Algorithms’ was held as a part of

detected within 3 hours by any of the sensors. The GA pro-

the Eighth Annual Water Distribution System Analysis

gram is run ﬁve times and solutions with maximum

(WDSA) symposium in Cincinnati, Ohio, in 2006. This

objective function values in ﬁve runs are reported for each

was prepared to discuss the most efﬁcient and effective sol-

combination of weights. GA parameters used for this net-

ution for optimizing sensor deployment locations to

work are given in section 2.2.4. The results of the best ﬁve

minimize the impact of contamination events (Ostfeld

and 20 locations are provided in Tables S3 and S4 (Sup-

et al. ). The BWSN organizer asked the participants to

plementary Material) and some observations are given in

place 5 and 20 sensor locations using their algorithm or

the supplementary material (Rathi & Gupta b).

methodology for the two networks of BWSN, network 1
and network 2 of increasing size for base case A and three

Comparison of results (Rathi & Gupta b)

derived cases B, C and D (Ostfeld et al. ). In contrast
to network 1, network 2 is a large WDN and with greater

Various optimization or heuristic models with a total of 14

complexity. Four test scenarios, A, B, C and D, are explained

different algorithms were discussed, compared, and applied

in detailed in Ostfeld et al. ().

to determine the optimal locations of sensors with respect to
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Flow chart of S-PLACE GA.

a pre-deﬁned (ﬁve and 20) number of sensors for BWSN net-

to events that can occur due to intentional attack from ter-

work 1. Four design objectives, including the expected time

rorists. The optimal solution, say SGA1; that is, the best

of detection (Z1), the expected population affected prior to

ﬁve nodes obtained using the S-PLACE GA for sensor

detection (Z2), the expected consumption of contaminant

locations for 10-hour LOS are 58, 83, 101, 118, and 124,

water prior to detection (Z3), and the detection likelihood

shown in Table 4. To compare the performance of the S-

(Z4) were used to evaluate various algorithms in response

PLACE GA against these existing 14 optimization and
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Comparison of results obtained from proposed GA with other optimization and heuristic algorithms for ﬁve sensor solutions (Rathi & Gupta 2017b)

Methodology (1)

Sensor location (nodes) (2)

Z1 (min) (3)

Z2 (People) (4)

Z3 (gallons) (5)

Z4 (DL) (%) (6)

Z5 (DC) (%) (7)

Berry et al. ()

17,21,68,79,122

542

140

2,459

0.609

25.23

Dorini et al. ()

10,31,45,83,118

1,068

258

7,983

0.801 (1)

30.37

Eliades & Polycarpou ()

17,31,45,83,126

912

221

7,862

0.763 (3)

34.39

Ghimire & Barkdoll (a)

126,30,118,102,24

432

357

4,287

0.367

68.06

Ghimire & Barkdoll (b)

126,30,102,118,58

424

331

3,995

0.402

71.40

Guan et al. ()

17,31,81,98,102

642

159

2,811

0.663

22.88

Gueli ()

112,118,109,100,84

794

403

10,309

0.699

31.00

Huang et al. ()

68,81,82,97,118

541

280

4,465

0.676

33.44

Krause et al. ()

17,83,122,31,45

842

181

3,992

0.756 (4)

24.02

Ostfeld & Salomons ()

117,71,98,68,82

461

250

4,499

0.622

22.76

Preis and Ostfeld ()

68,101,116,22,46

439

151

7,109

0.477

12.63

Propato & Piller ()

17,22,68,83,123

711

164

3,148

0.725 (5)

27.45

Trachtman ()

1,29,102,30,20

391

142

2,504

0.237

26.41

Wu & Walski ()

45,68,83,100,118

704

303

8,406

0.787 (2)

37.34

Chang et al. ()

47,68,76,97,118

479

209

2,824

0.575

31.83

Rathi & Gupta ()
(SGA1)

58, 83,101,118,124

724

297

4,510

0.725 (5)

43.85

heuristics models, four designed objectives, denoted by Z1–

and algorithms is further evaluated using the same software.

Z4, were used as the performance criteria applied for

This general analysis program can further be used to evalu-

BWSN networks.

ate DC and TCDL values for known sensor locations, as

BWSN software utilities developed by Salomons ()

suggested by the methodology of Rathi et al. ().

were used to achieve the comparisons. Utility 1, which is
‘Build injection data’, allows the user to create the data
needed to evaluate the ﬁtness function for a given sensor

Application of S-PLACE GA on calibrated model of case

layout design, and utility 2; that is, ‘Calculate ﬁtness’,

study

allows the user to calculate the ﬁtness function for a given
sensor layout design. After running both utility 1 and utility

Application of S-PLACE GA is further shown on a cali-

2, respectively, the four design objectives from Z1 to Z4 can

brated model of the case study of Nagpur city, India (stage

be generated based on the sensor deployment locations ana-

1). The optimal sensor locations are also obtained with the

lyzed by S-PLACE GA. The four performance objectives

combined objective of maximizing DC and TCDL, which

were evaluated by using the BWSN utility software are (1)

is given by Equation (2) using S-PLACE GA. The best ﬁve,

Z1 ¼ 724 minutes, (2) Z2 ¼ 297 persons, (3) Z3 ¼ 4,510 gal-

20, 30 and 40 sensor locations are obtained for equal

lons, and (4) Z4 ¼ 0.725 (i.e. 72.5%). These values are

weights of 50% for each objective by considering 1-hour

observed to be comparable with solutions provided by

LOS. The results are provided in Table S4 (supplementary

other researchers. The same comparison is provided by

material). It is observed that the objective function values

Rathi & Gupta (b).

vary from 0.2569 to 0.6596 for ﬁve sensor locations to 40

An analysis program is also developed herein based on

sensor locations. It is observed that 21 sensor locations cov-

Equation (2) to obtain the values of DC or TCDL for sol-

ered a combined objective function value of 0.5077 (that is,

ution (shown in Table 4) SGA1. The DC (Z5) obtained for

50.77% coverage in terms of demand and contamination

solution SGA1 is 0.439 (43.9%). DC for all the 14 models

detection) and 32 sensor locations covered a combined
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objective function value of 0.6046. Figure 6 shows 32 sensor

and simulated pressure goes to 4 m. However, 96 values

locations with 60% coverage criteria.

(after every 15 minutes) are considered for simulation and
calibration. For another critical point, such as for Telankhedi Slum (PMP-2/CP2) located at a lower elevation,

DISCUSSION

from 12 am to 6 am, the difference is less; that is, up to
2.5 m and from 6 am to 8am, ranges from 4 m to 6 m, for

Discussion of results of stage 1

timings 8 am to 9 pm and ranges from 0.8 m to 2 m. In timings, 9 pm to 10 pm, values lie between 2 m and 3 m;

Results of hydraulic calibration of the model showed that

however, this difference is high during the period from 10

the difference between observed and simulated pressure is

pm to 11 pm and the values range between 6 m and 7 m.

small for Ambazari Hill-Top Slum (PMP-1/CP1) located at

Looking to this result, it is recommended that a greater

a higher elevation, say 1–2 meters for all timings and for

number of pressure loggers should be installed in the ﬁeld

one of the 15 minute slots difference between observed

for this zone since it is a very complex and large network

Figure 6

|

Location of 32 optimal sensor locations on calibrated zone of case study.
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for calibration. However, one can use this model for various

GA with the formulation of Rathi & Gupta () is compar-

purposes for design, analysis, and operation of water distri-

able with those obtained through other methodologies.
Further, S-PLACE GA is an efﬁcient and effective tool for

bution systems.

applicability on a large network having 619 nodes and 733
pipes. Further, only 21 sensors are required for 50% coverDiscussion of results of stage 2

age in terms of demand and contamination detection and
32 sensors are required for 60% coverage criteria. Results

Rathi & Gupta (b) compared the result (SGA1) with

are shown in Table 6. This shows the effectiveness of S-

others. On comparison of the solution SGA1 with others

PLACE GA in application.

(Table 4) in BWSN network 1, it is observed that SPLACE GA provided a detection likelihood (Z4) of 0.725.
Now, the solutions that have a higher detection likelihood
are considered and used for comparison (Table 4). The

CONCLUSIONS

reason for consideration is that it is assumed that the solutions that have higher detection likelihood (DL) reduce

Water distribution system are vulnerable to various types of

negative consequences through volume consumed (VC),

contamination events, natural, accidental and intentional.

population exposed (PE) and extent of contamination (EC)

Delivering safe water through water distribution systems

as discussed in Ostfeld et al. (). Thus, herein one of

(WDSs) is a challenging task that has led to increased inter-

the objectives considered is maximization of TCDL, which

est in on-line monitoring through sensors to have early

assures early detection of a greater number of contami-

warning against contamination events to mitigate their

nation events. Therefore, TCDL assures that all the

impact. For accurate identiﬁcation of optimal sensor

detected events have a time of detection within the required

locations in the water distribution network, there is a need

level of service (LOS). Therefore, solutions are arranged

for a calibrated hydraulic model. However, calibration of a

based on descending order of DL (Table 5). On comparing

hydraulic model is a challenging task for large, real water

solution SGA1 with others, it is further observed that sol-

distribution systems but is useful for accurate determination

ution SGA1 is ranked 3rd, 5th and 3rd in order in terms

of optimal locations of water quality sensors in the water dis-

of Z1, Z2 and Z3, respectively. The higher value of DL

tribution network. Therefore, in this paper, a methodology is

shows that the risk of contamination is less. The DC is maxi-

presented which consists of two stages: (1) calibration of a

mum for the proposed solution in comparison to others.

hydraulic model using GA using TCV modeling and (2)

Thus, S-PLACE GA is not only giving importance to detect-

development of a new software tool named S-PLACE GA;

ing a higher number of contamination events but also

its effectiveness by comparing with others and applicability

covering higher consumption nodes. Even though the pro-

to a large sized network’ are discussed.

posed methodology has not resulted in the best solution

In the ﬁrst stage, a case study of a real-life network of

considering the objectives Z1–Z4, the solution obtained by

one of the hydraulic zones of Ramnagar ESR of Nagpur

Table 5

|

Best solutions as compared to Detection Likelihood (Rathi & Gupta 2017b)

Methodology (1)

Sensor location (nodes) (2)

Z1 (min) (3)

Z2 (People) (4)

Z3 (gallons) (5)

Z4 (DL) (%) (6)

Z5 (DC) (%) (7)

Dorini et al. ()

10,31,45,83,118

1,068 (6)

258 (4)

7,983 (5)

0.801

30.37 (4)

Wu & Walski ()

45,68,83,100,118

704 (1)

303 (6)

8,406 (6)

0.787

37.34 (2)

Eliades & Polycarpou ()

17,31,45,83,126

912 (5)

221 (3)

7,862 (4)

0.763

34.39 (3)

Krause et al.()

17,83,122,31,45

842 (4)

181 (2)

3,992 (2)

0.756

24.02 (6)

Propato & Piller ()

17,22,68,83,123

711 (2)

164 (1)

3,148 (1)

0.725

27.45 (5)

Rathi & Gupta () (SGA1)

58, 83,101,118,124

724 (3)

297 (5)

4,510 (3)

0.725

43.85 (1)
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city, India, is considered. A hydraulic model is developed in
EPANET consisting of 69 TCV and openings are approxi-

0.5971

0.5036

0.3996

TCDL

0.1509

mated by the minor loss coefﬁcient (MLC), which
replicates actual valve status in the ﬁeld. Rathi et al. ()
carried out detailed analysis, ﬁeld veriﬁcation and micro

0.7225

to calibrate the status (settings) of identiﬁed TCV that are
operated at different times in a day. Therefore, this study
model is calibrated using a genetic algorithm (GA), which
optimizes identiﬁed TCV status (settings) at different times
in a day. Results of stage 1 are given in the discussion section. Results showed that for both PMPs, at some of the 15
minutes slots, the difference between simulated and

904,346,482,151,402,307,223,39,136,298,422,47,283,462,329,197,271,43,98,115,439,102,329,304,
123,98,257,27,103,385,323,178,8,299,436,458,416,147,372,468

observed pressure is high and for the rest of the timings

For 40 sensor locations

904,346,482,151,402,307,223,39,136,298,422,47,283,462,329,197,271,43,98,115,439,102,329,304,123,98,257,27,103,385

For 30 sensor locations

0.6761

0.5945
904,346,482,151,402,307,223,39,136,298,422,47,283,462,329,197,271,43,98,115

For 20 best sensor locations

904,346,482,151,402

For 5 best sensor locations

Sensor location at nodes

(in Ramnagar ESR premises) is critical and there is a need

this difference is less. The identiﬁed reason for the high
pressure difference between simulated and observed pressures is that this network is very complex, large and there
are too many challenges for calibration (Rathi et al. ).
In future, this difference can be minimized by installing a
greater number of pressure loggers in the case study at
lower and higher elevation areas. However, one can use
this model for various purposes for design, analysis, and
operation of water distribution systems. Therefore, for identifying the optimal sensor network layout, this calibrated
model is used in the second stage.
The calibrated model of the ﬁrst stage is then used for
the second stage. The second stage consists of application
of a software tool named S-PLACE Genetic Algorithm
(GA) and its efﬁciency and effectiveness are discussed. It
can be used for the dual purpose of routine monitoring of
water quality and for early detection of contamination in
WDN based on the methodology of Rathi et al. ().
The optimal locations are obtained considering two objective metrics, ‘demand coverage’ and ‘time-constrained
detection likelihood’. These two objectives are combined
into a single objective by using weights. Key features,
input data required for the software and its application in
large real-life calibrated models are discussed. Even
though Rathi & Gupta (b) carried out a comparison
of S-PLACE GA on BWSN network 1, its applicability to
a real life calibrated model with 619 nodes and 733 pipes
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Table 6

|

Best sensor locations using GA

DC

0.3625

calibration of the network and showed that one of TCV

that only 21 sensors are required for 50% coverage in
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terms of demand and contamination detection and 32 sensors are required for 60% coverage of the network. A
further best 5, 20, 30 and 40 optimal sensor locations are
also obtained covering 25, 49, 58 and 65% of the coverage
area respectively in the case study. Application on BWSN
network 1 (Rathi & Gupta b) showed that high
demand coverage is achieved with a little compromise on
other objectives using S-PLACE GA. S-PLACE GA is not
only giving the importance to detect a higher number of
contamination events but also to cover higher consumption nodes. Even though it is not best in evaluating the
objectives of Z1–Z4, the results are however comparable.
Application in these two examples and comparison in
benchmark problems shows the effectiveness of S-PLACE
GA for applications in practice.
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