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Abstract—A wireless sensor network (WSN) is a collection of tiny
and limited-capability sensor nodes that report their sensed data
to a data collector, referred to as a sink node. WSNs are used in
many applications, but are challenged by memory and energy
constraints. To address these issues, solutions have been
proposed on different levels including the topological level where
multiple sinks can be used in the network to reduce the number
of hops between a sensor and its sink node. Topological level
solutions are very crucial in time-sensitive applications where the
maximum worst case delay incurred by a message to get from a
sensor to the corresponding sink should be minimal or at least
less than a certain value. In turn, the maximum worst case delay
can be minimized by choosing near optimal locations of the sinks.
Consequently the network lifetime will be extended since the
energy consumed by the sensor nodes will be reduced. In this
paper, we propose an efficient and robust approach based on
Particle Swarm Optimization (PSO) heuristic to solve the
multiple sink placement problem; more specifically we use
Discrete PSO (DPSO) with local search (LS). We start by
formulating the problem then discretizing it and finally applying
PSO while introducing local search to the inner workings of the
algorithm. When compared to Genetic Algorithm-based Sink
Placement (GASP), which is considered the state-of-the-art in
solving the multiple sink placement problem, our approach
improved the results in most scenarios while requiring less
runtime.
Keywords: Wireless Sensor Networks, Sink Placement Problem,
Particle Swarm Optimization, Genetic Algorithms

I.

INTRODUCTION

Wireless Sensor Networks (WSNs) are currently widely
used in military applications, civil applications, habitat
monitoring, and environmental observations. WSNs are
composed of low-cost, low-power, multifunctional, and tiny
sensor nodes that collect physical information, and forward
them to sink nodes which act as data collectors. Sensors can be
deployed densely and randomly in a certain area without
predetermining their positions. The fact that requires them to
exhibit self-configuring and self-organizing capabilities.
The biggest challenge in WSNs remains to be the limited
energy of the sensor nodes because sensor nodes act as data
sources and routers at the same time. Moreover, the traffic load
on the various sensors is not balanced since nodes near the sink
get more depleted than others. To improve the use of available
resources and increase the lifetime of WSNs, most researcher
adapted approaches that aim to reduce the number of
transmitted messages in the network [3-5, 20]. Such
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approaches include routing [6, 8-10], data reduction [7], event
filtering [11, 12], load balancing, energy efficient circuitry, and
topological control & planning [5]. In this paper, we suggest a
technique that falls under the topological planning area where a
certain number of sinks is added to the network for the purpose
of making the network more manageable and prolonging its
lifetime by reducing the energy dissipated at each sensor node.
This problem is referred to as: multiple sink placement
problem. Unfortunately, finding the appropriate number of
sinks and their best locations is an NP-Hard problem, so no
exact solution can be found for large WSNs. A good
approximation algorithm can still produce good results leading
to (1) better load balancing, (2) fewer number of intermediate
hops needed to reach the closest sink, (3) less delay incurred by
a message from a sensor to the corresponding sink, and (4)
reduced amount of utilized resources. All these advantages
translate to increased network lifetime.
In this paper, we use an enhanced version of the Particle
Swarm Optimization (PSO) to solve the sink placement
problem in WSN. This enhanced version, Discrete PSO
(DPSO) with local search (LS), is composed of (1) discretizing
the sink placement problem, (2) using local search, and (3)
applying PSO to find a solution. Our aim is to find the best
combination of sink locations that minimizes the fitness
function defined as “the maximum worst case delay in the
network”. As shown later in the section V, our proposed
approach outperforms a state of the art algorithm called
Genetic Algorithm-based Sink Placement (GASP) [1, 2], which
is usually used to solve the sink placement problem.
PSO is a heuristic based on artificial life and evolutionary
computing. Its behavior is different from pure evolutionary
computing methods such as genetic algorithms (GA) and
Evolutionary Simulated Annealing (ESA) and according to
[27], it even performs better. In swarm intelligence (SI) [26,
28], the strategy changed from being based on competition as
in GA and the focus became on a social model of optimization.
If a particle’s (individual’s) neighbor has a better performance
for a problem [25], the particle tries to imitate its neighbor.
Basically, the individuals create a working social network
where they collaborate together to get to a better result.
The rest of the paper is structured as follows. In section II,
we discuss the approaches suggested in literature to solve the
sink placement problem. In section III, we present the
analytical details needed to calculate the fitness function which
is used as our evaluation metric. In section IV, we detail our
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approach which solves the Sink Placement Problem using
DPSO with LS. In section V, we present the experimental
results and show how our approach outperforms GASP. In
section VI, we conclude the paper and summarize our
contribution.
II.

RELATED WORK

Various solutions were proposed in the literature to solve
the multiple sink placement problem. In [23], the paper
assumes that the WSN can be deployed in an agricultural field
where the nodes are distributed in a nearly uniformed way
where the sensors can be dropped from a plane or placed
manually. To ensure scalability, the WSN is divided into
clusters where each cluster has its own sink to which all the
nodes in that cluster report to. Three sink placement schemes
were proposed each of which addresses the problem from a
different angle: “Best Sink Location (BSL)”, “Minimizing the
number of Sinks for a Predefined minimum Operation Period
(MSPOP)”, and “Finding the Minimum number of Sinks while
Maximizing the Network Lifetime (MSMNL)”. In BSL, kmeans clustering is used to find the sink locations. In MSPOP,
a brute force technique is used starting with 1 sink and
incrementing the number of sinks, while evaluating the
network lifetime. The solution is obtained when the given
constraint is reached. In MSMNL, the problem is formulated
such that the network lifetime is maximized subject to the most
economical investment, but no simulations were conducted.
In [24], the aim was to extend the network lifetime by
distributing the load among the deployed sensors. The problem
was formulated to improve the lifetime and fairness of the
WSN with multiple sinks. A clustered WSN architecture is
assumed where the cluster head has forwarding functionality.
Two problems were solved: the location of sink nodes and the
traffic flow rates of the routing paths. Both problems were
formulated differently using Linear Programming (LP) and
solved using CPLEX (an Integer LP solver). The main problem
with this method is its failure to run for large WSNs.
In [1,2], several sink placement strategies were presented,
discussed and evaluated to achieve the goal of minimizing the
maximum worst-case delay and maximizing the lifetime of a
WSN. These sink placement strategies are: random sink
placement (RSP), geographic sink placement (GSP), intelligent
sink placement (ISP) and the genetic algorithm-based sink
placement (GASP). GASP was their proposed algorithm that
performed the best under realistic scenarios. For that reason,
we chose GASP to compare our method to. As will be shown
later in section V, our proposed method performs better than
GASP in the sense that it picks better locations for the sinks
and moreover it requires less time to execute.
III. FITNESS FUNCTION CALCULATION
As mentioned earlier, our aim in this paper is to find the
best combination of sink locations that minimizes the fitness
function defined as “the maximum worst case delay in the
network”. Given a WSN, we find the fitness function using
Wireless Sensor Networks Calculus and one of its main
supporting tools known as the DISCO network calculator [15].
In what follows, we overview the WSN concepts needed to
formulate the problem and calculate the fitness function. We

also introduce WSN calculus and the inner workings of DISCO
network calculator.
WSN nodes are characterized by their sensing rate which is
defined by the application. For instance, if a sensor sends
periodically 1 message every 30 seconds to the nearest sink and
every packet message is 288 bits, then the sensing rate of the
sensor is 9 bits/second. In addition, the transceiver in the node
alternates between two states: active (transmit, idle, receive)
and sleep. The duty cycle represents the fraction of time where
the sensor node is in an active state (a.k.a. active time/total
time). It is defined in the application of the nodes and
corresponds to a certain forwarding rate and forwarding
latency (due to the sleep and idle time) in the network. A
smaller duty cycle means that the node’s active time is
decreased, and the sleep time is increased. This has the
advantage of saving energy in the node, since a node consumes
much more energy in the active state. In the MICA2-CC1000
[21] sensor node that we use in this paper, the energy
consumed by the node’s transceiver operating at 868/916 MHz
is less than 1 μA in the sleep state, in comparison with 10 mA
in the receive and 27 mA in the transmit with maximum power.
Sensor network calculus is an analytical framework for
worst-case analysis in WSNs [13, 14]. The sensor network
calculus is used to get maximum message transfer delays,
maximum buffer requirements and lower bounds on duty
cycles. The DISCO network calculator was proposed as an
implementation of the sensor network calculus [15, 18]. It
calculates the network delay and throughput, taking into
account a worst-case analysis instead of the average one. It
uses curves to describe the network traffic and services by
using min-plus (R, min, +) algebra. These curves are increasing
functions that represent accumulated data. In addition,
compression, aggregation and other processing techniques can
be used to cause data scaling (i.e. data is not just forwarded but
also mutated along the path). DISCO network calculator was
used by many researches [1-2, 19-21] and was proven to have
very close results to those obtained by actual simulations [19].
To use DISCO network calculator [18], we used a topology
generator program called BRITE [17] to generate different
topologies of sensor nodes with different sizes. Once the
network topology is modeled, the basic input and output of
each node is described by an arrival curve and a service curve
as explained later. Then, a flow is created between every
source node and its corresponding sink.
To analyze the flows to the sink, several methods can be
used such as fair queuing analysis (FQA), total flow analysis
(TFA), separated flow analysis, and PMOO analysis [22]. In
this paper, TFA is used to get the worst case delay bound for
every flow of interest in the network. It is to be noted that we
formulated an algorithm that enabled us to use TFA for
multiple sink scenarios, but the details of this algorithm are
very mathematical and out of the paper scope. We define next
the arrival and service curves as they are needed later.
A. Arrival Curve
The sensing arrival curve represents the basic input of each
sensor node in WSN. Each sensor node i has its own arrival
curve as shown in equation (1). The arrival curve i at node i is
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basically the sum of the sensed input traffic (i) and all
received sensed data child (i,j) of its child nodes j=1 to ni (with
ni being the number of node’s i children, if i is not a leaf node).
Sensor node i processes its input and then sends it to its parent
node. The arrival curve for the input at node i is given as:
ni

i = i + j=1
child
(i,j)

(1)

Where i is the arrival curve at node i, i is the sensed input
traffic at node i, and i represents the forwarded data from
node’s i children.
B. Service Curve
The service curve depends on the way packets are
scheduled in a sensor node which depends on the transceiver
speed, the chosen link layer protocol and the duty cycle. It
mainly depends on how the energy-efficiency goals are set [13]
and whether aggregation is used in the network. The service
curve equation is given as follows:
i (t) = f , l (t) = fi [t  li ]+
i

i

(2)

Where i is the service curve, fi is the forwarding rate, and li is
the forwarding latency for sensor node i.
Given a certain duty cycle % assigned to the nodes, the
forwarding rate and latency can be calculated. The maximum
forwarding latency li is basically the sleep time plus the idle
time. It is the maximum time a message has to wait until the
forwarding capacity is available again.
IV.

SINK PLACEMENT PROBLEM SOLUTION USING DPSO
WITH LS

We propose to use DPSO with local search to solve the sink
placement problem. The objective function in the sink
placement problem is to minimize the maximum worst case
delay. This problem can be formulated as follows:
min

max { di }

i  {1 ,… ,n}

where
di = f(  | , )
 = g ( s | p , )
(x)

p =

pi

s = (

(x)
si

(y)

, pi

i = 1,…,n
(y)
, si )j = 1,…,k

p i , si 
di is the worst case delay for sensor node i,  is the topology of
the se          
s is the vector containing the actual decision variables (i.e. the
locations chosen from the candidate locations of the k sinks), p
is the vector containing the locations of the n sensor nodes
(given by the problem),  is the routing algorithm (given by
the problem), and is the sensor field (a square field).
The worst case delay di for sensor node i is a function of
the topology of the sensor network field    
and the serv          i. The topology is a
function of the location of the sensors, location of the sinks,
and the routing algorithm  given by the problem. Therefore,
the location of the sinks affects the worst case delay di . In this

problem, it is assumed that the locations of the n sensors and
the used routing algorithm are given. The only decision
variables are the locations of the k sinks. Since this problem is
a continuous optimization problem, where di function is highly
non-linear, we use DPSO with local search to find a feasible
solution. Algorithm 1 outlines the pseudocode of our approach.
Algorithm 1: Multiple Sink Placement Alg. using DPSO with LS
Begin
Initialize sinks locations vector from the list of candidate locations
Calculate fitness value of vector Yi using the DISCO calculator
Do{
Find personal best (Pit )
Find global best (Gt )
For each particle
- Apply velocity component (equation 4)
- Apply cognition component (equation 5)
- Apply social component (equation 6)
- Calculate fitness value of vector Yit using the
DISCO calculator
End
Apply local search (for DPSOLS ) to global best
} while (maximum iteration is not reached)
End

where
Yit =
t
i =
ti =
Xit =

c2
w
c1
c2

F3 (c1
F2 ( w
t1
F1 (Yi )
F2 ( ti , Pit1 )
F3 (ti , Gt1 )

F1 (Yit1 ), Pit1 ) , Gt1 )

(3)
(4)
(5)
(6)

After initializing a population of particles, at every
generation, an exchange operator is applied where two distinct
locations are picked randomly and swapped with a probability
w, as shown in equation (4). Then, in equation (5), one-cut
crossover with a probability of c1 is applied to all particles i,
with ti as the first parent and Pit1 (the personal best of particle
i from the previous generation) as the second parent, and one of
the two children is selected randomly. This equation represents
the cognition part ti . Next, in equation (6), two-cut crossover
with a probability of c2 is applied, with ti as the first parent
and Gt1 (the global best of all particles from the previous
generation) as the second parent, and one of the two children is
selected randomly. This equation represents the social part Xit .
In summary, at every generation, new possible solutions are
explored by each particle by changing its values, and trying to
move closer to the personal best and the global best. The local
search is done by changing the value of one of the sinks
locations in the global best i.e. picking a new location from the
list of candidate locations. The methodology used to find the
pool of candidate locations is discussed next.
A “region of indifference” is defined to be a region where a
sink can be placed anywhere inside it without a change in the
routing topology and thus without a change in the maximum
worst case delay. Each region can have one candidate location
representing it. Given the location of sensor nodes and their
transmission ranges, the total number of regions of indifference
(i.e. candidate locations) is calculated using this equation:
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n1
2  nbi ) + 1
N(n) = (i=1

(7)

where n is the number of sensor nodes and nbi is the number of
neighboring nodes after the elimination of nodes 1,…,i-1.
However, the exact number of regions of indifference can be
different than the number calculated by equation 7 because
some areas are eliminated due to some cyclic dependencies,
scattered indifference regions, or common intersection points.
After getting the number N(n) which represents an upper
bound on the number of candidate locations, getting the actual
candidate locations is done by discretizing the search space [12]. The discretization proceeds as follows. After laying a grid
over the sensor field, we check for each grid point whether the
distance between the candidate position on the grid and the
node position is strictly less than the transmission range of the
node (i.e. determining the neighborhood of the grid point in
terms of the transmission areas in which it is contained) and the
distance of the candidate position to the origin is less than the
radius. If yes, we add this candidate position to the candidate
locations as shown in algorithm 2.
Algorithm 2: Candidate Locations
1. read sensor nodes positions
2. calculate total number of regions (N(n)) from equation 7
3. adjust sampling granularity and map a candidate location for each
region:
forall (n)
if(candidatePosToNodePos < txRange &&
originToCandidatePos < radius)
candidate locations ++

The simulation environment is a topology of N sensor
nodes that communicate in an ad hoc fashion to send messages
to the nearest sink. The application used is time-critical,
meaning that messages should get to the nearest sink with a
delay strictly less than a certain value. Our objective therefore
becomes to calculate and minimize the maximum worst case
delay incurred by any message to get to the nearest sink.
In order to minimize the maximum worst case delay in the
WSN, GASP and DPSO algorithms are used to find near
optimal solutions for sink placement. Given the topology, the
number of sensors and their positions, along with the
corresponding candidate list and candidate list neighbors
(calculated using the method discussed in section IV), the
algorithms initialize the first population of solutions. The
fitness is then calculated by DISCO network calculator and
returned to GASP or DPSO, and decisions are made about
what combinations of sink locations will be used in the next
generation of solutions.
In all the simulations, sensor nodes are placed randomly or
in a heavy-tailed distribution in an area size of 10000 m2. The
reported results are the average of 5 runs. The sensor nodes are
MICA2 sensors [21] with a data rate of 19.2 kbps and a
transmission range of 16 meters. Sensors and sinks are
assumed to be stationary (not mobile), and the routing protocol
used is a shortest path based protocol, where each sensor
reports its data to the nearest sink. Sinks are ultimately placed
according to GASP or DPSO. Table 1 presents a summary of
the parameters used in the simulations along with their values.
Tables 2 shows the effect of the assigned duty cycle on the
effective throughput f and the maximum forwarding latency l,
which are needed as parameters for the service curve.
TABLE 1. SIMULATION PARAMETERS AND THEIR VALUES

Figure 1. Laying a grid with
certain granularity

Figure 2. Laying a grid with
increased granularity

Then, we merge the grid points which have identical
neighborhoods by choosing only one of them as a
representative node for that particular region of indifference in
which they belong to. The number of acceptable grid points is
then compared with the number N(n) previously calculated. If
that number is still significantly less than N(n), then the
granularity is increased as shown in Figs. 1 and 2. By
decreasing the cell size in the grid, we get more grid points to
check. This process gets repeated until the sampling accuracy
is high enough i.e. all or most of the regions of indifference
have been identified and each region is represented by a grid
point (i.e. sink candidate location).
V.

Parameter
Number of sensor nodes, n
Number of sink nodes, s
Topography
Distribution
Routing protocol
Transmission range
Packet length
Data rate
Arrival curve
Sensing Rate
Service curve
Duty cycle
Simulation Time

EXPERIMENTALRESULTS

In this section, we evaluate the performance of our
approach (DPSO) and GASP algorithms when used to solve
the sink placement problem. We describe the performance
evaluation environment model and parameters used. Then we
present the experimental results and analyze them while
varying the number of sinks, duty cycle, and other parameters.

Value
100, 200, 500 nodes (homogeneous)
2, 3, 4, 5, 6, 7, 8 sink nodes
100 x 100 meters
Random, heavy-tailed
Shortest Path based protocol
16 meters
36 bytes (MICA 2)
19.2 kbps (MICA 2)
Token bucket
36 byte TinyOS packet every 30 seconds
Rate latency
1 %, 2.22 %
30 min, 1 hr. 30 min, 5 hrs, 12 hrs, 90 hrs.

TABLE 2. THE EFFECT OF THE DUTY CYCLE ON THE MICA2 PROPERTIES
Duty
cycle
(%)
100
35.5
11.5
7.53
5.61
2.22
1.00

Max
packets
(packets/s)
42.93
19.69
8.64
6.03
4.64
1.94
0.89

Effective
throughp
ut (kbps)
12.364
5.671
2.488
1.737
1.336
0.559
0.258

Preambl
e length
(bytes)
28
94
250
371
490
1212
2654

Sleep
Time T2
(ms)
0
20
85
135
185
485
1085

Max
forwarding
latency (l) (ms)
11
31
96
146
196
496
1096

               
throughput f is equal to 0.258 kbps (a.k.a. 258 bits per second)
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and the latency l is equal to 1.096 s. Using equation 2, the ratelatency service curve used in DISCO network calculator can be
derived as follows: i (t) = f , l (t) = fi [t  li ]+ = 258 (t –
i i
1.096)+ [bit]. W                
following rate-latency service curve is used: i (t) = f , l (t) =
i i
fi [t  li ]+ = 559 (t – 0.496) + [bit]. Tables 3 and 4 present
the parameters used for GASP and DPSO.
TABLE 3. GASP PARAMETERS
Parameter
Population size
Max. number of generations
Parent Selection
Mutation probability r

Value
14, 40, 100 chromosomes
25, 40 generations
Random method
0.4

TABLE 4. DPSO PARAMETERS
Parameter
Swarm size
Max. number of generations
Cognitive probability c1
Social probability c2
Inertia Weight w

Value
40, 100 individuals
25, 40 generations
0.5
0.5
0.9

Two metrics are calculated to evaluate the performance:
1. Maximum worst case delay which is defined as the
maximum worst case delay incurred by the whole
network.
2. Execution time that is incurred by the two algorithms
while increasing the number of nodes and the number of
sinks.
We ran the algorithms on an Intel processor Core2 Quad
CPU, 2.33 GHz and 3.21 GB of RAM. Before applying GASP
or DPSO, we find the initial pool of candidate locations. For
100, 200, and 500 randomly generated nodes, the average num
of candidate locations was 1490, 4074, and 8075 respectively.
When heavy tailed distribution is used, the number of
candidate locations increased by almost 15%.
In the first set of experiments, we compared the execution
time of GASP and DPSO on all random topologies (100, 200
and 500 nodes), while varying the population size and the
number of generations. The results show a significant
advantage of DPSO over GASP as the execution time of DPSO
was much less than GASP while obtaining similar or even
better sinks’ placement. For instance, for 100 nodes topology,
the execution time of GASP having 100 chromosomes and 40
generations was almost 4 hours, while the execution time of
1
DPSO having 100 particles and 40 generations was almost 1
2
hours. Similar results were obtained for larger topologies. This
is due to the fact that when using GASP, in every generation,
the initial population of P combinations does crossover and
mutation producing 3P new combinations, each of which will
be evaluated for their fitness. Whereas, in DPSO in every new
generation, the initial population of P combinations just change
its values without producing any new populations and thus
only P fitness evaluations will be performed.
In the second set of experiments, we compared the
maximum worst case delay (fitness function) when GASP and
DPSO are used. The delay is calculated using the sensor
network calculus with the Total Flow Analysis (TFA) method.

Under the assumptions of homogeneous sensor nodes sending
a packet every 30 seconds to the nearest sink, the following
values are used in the network calculus to calculate the worst
case delay: (1) a token bucket arrival curve with sensing rate of
9 bits/second and delay of 0 second for all scenarios. (2) For a
duty cycle of 1%, a forwarding rate of 258 bits/s and a
forwarding latency of 1.096 seconds are incurred. Whereas a
duty cycle of 2.22% has a forwarding rate of 559 bits/s and a
forwarding latency of 0.496 second. (3) Routing from the node
to the nearest sink is done using shortest path algorithm.
In the captions of the figures below, “GASP” is followed
by the number of chromosomes and the number of generations.
Similarly “DPSO” is followed by the number of individuals
and the number of generations. Figs. 5, 6, and 7 show the
maximum worst case delay obtained by GASP and DPSO
when 100 nodes are deployed with 1% duty cycle while
varying the method’s parameters. DPSO produced results that
are better than GASP. In few scenarios, GASP’s performance
was similar to DPSO or slightly better. Yet DPSO has another
advantage of taking much less time than GASP since the
number of evaluated solutions in DPSO is 1/3 that of GASP.
In Figs 8, 9 and 10 we vary the duty cycle and repeat the
experiments. We set the duty cycle to be 2.22% instead of 1%,
which translated to more active time, more processing, and
more energy consumption, but less time to finish a job. DPSO
continues to outperform GASP except in the case of 5 and 6
sinks in Fig. 10. The improvement gap varies between 0.17 and
0.86 second, which is a significant improvement given that 2.9
and 0.5 seconds are the maximum and minimum delays
achieved, respectively. The savings are sometimes one third.
We did similar experiments on larger topologies composed
of 200 and 500 sensor nodes. Figs. 11 and 12 show the results
when 200 and 500 nodes are used, both with 1% duty cycle. In
both scenarios, it is clear that DPSO outperformed GASP or at
least achieved the same results. However, DPSO execution
time was always less than GASP. Experiments on heavy tailed
distributions also showed the power of DPSO over GASP.
VI.

CONCLUSION

In this paper, we addressed the issue of energy limitations
in WSNs by suggesting an efficient heuristic to solve the sink
placement problem. Our heuristic was based on Discrete
Particle Swarm Optimization (DPSO) with local search. First
we formulated the problem and transformed it to a discrete
problem by discretizing the search space and getting all
possible candidate locations for sinks. Then we implemented
and ran experiments using both DPSO and GASP algorithms
on random and heavy-tailed topologies with different duty
cycles and different number of sinks. Each solution’s fitness
(a.k.a. maximum worst case delay) is evaluated using the Total
Flow Analysis (TFA). Finally, results from both algorithms are
compared. In almost all experiments, DPSO succeeded to get
better results than GASP. Moreover, DPSO with local search
does not converge fast to a local optimal solution and still finds
better solutions at advanced generation numbers. Concerning
the execution time, DPSO always produced the results much
faster than GASP, since GASP produces at each generation
triple the number of populations produced in DPSO.
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