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ABSTRACT

Placing a certain number of sinks at appropriate locations in WSNs reduces the number of hops between
a sensor and its sink resulting in less exchanged messages between nodes and consequently less energy
consumption. Since finding the optimal number of the sinks to be added and their locations is an NP
Hard problem, we propose in this paper, a topological level solution that uses a meta-heuristic based on
Particle Swarm Optimization (PSO) to decide on the number of sinks and their locations; more
specifically we use Discrete PSO (DPSO) with local search. Traffic Flow Analysis (TFA) is used to calculate
the fitness function of the network defined as the maximum worst case delay. Since TFA is usually used
to analyze networks with one sink, we present the extension that allows it to be used with multiple
sinks. Furthermore, we formulated the problem, discretized it, and applied PSO while introducing local
search to the inner workings of the algorithm. Extensive experiments were conducted to evaluate the
efficiency of DPSO. DPSO was compared with Genetic Algorithm-based Sink Placement (GASP), which is
considered the state-of-the-art in solving the multiple sink placement problem. In all scenarios, DPSO
was 2 to 3 times faster than GASP. When compared with respect to delay, DPSO achieved less delay in
most scenarios, except for few scenarios where it performed similar to GASP or a bit worst. Topologies
with random as well as heavy tailed distribution were used in the experiments. Moreover, we present via

simulation the substantial benefit of adding more sinks to a wireless network.

© 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Wireless Sensor Networks (WSNs) are widely used in civil,
military, habitat monitoring, and environmental applications.
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. This fact requires them to exhibit
self-configuring and self-organizing capabilities.

The biggest challenge in WSNs remains the limited energy of
the sensor nodes because they act as data sources and routers at
the same time. Moreover, the traffic load on the various sensors is
not balanced since the energy of the nodes that are near the sink
get depleted more than the energy of other nodes. To improve the
use of available resources and increase the lifetime of WSNs, most
of the research have used approaches that aim to reduce the
number of transmitted messages in the network (Anastasi et al.,
2009; Ben-Othman, and Yahya, 2010; Gollan et al., 2008;
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Papadopoulos et al.,, 2012; Tirkogullart et al., 2010; Ye et al,
2002; Younis and Akkaya, 2008; Zungeru et al., 2012; Tyagi and
Kumar, 2013). Such approaches include routing, data reduction,
event filtering, load balancing, energy efficient circuitry, and
topological control and planning. Adding certain number of sinks
to the WSN falls under the topological planning area and reduces
the number of hops between a sensor and its sink resulting in less
exchanged messages between nodes and consequently less energy
consumption. Figure 1(a) shows a WSN where all sensors in the
network need to find a multi-hop path to reach the sink node.
Fig. 1(b) shows that same network, but with two sinks. Using more
than one sink is beneficial as data reaches the sink in less number
of hops and consequently less delay. Moreover, the number of
messages communicated via the nodes that act as routers
decreases leading to less energy consumption at these nodes,
and consequently prolonging network lifetime.

In the literature, the problem of adding more sinks to the WSN
is called the 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 (Safa and Mirza, 2010),
(2) fewer number of intermediate hops needed to reach the closest
sink (Tiirkogullari et al., 2010), (3) less delay incurred by a message
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Fig. 1. (a) WSN with one sink, (b) WSN with two sinks.

from a sensor to the corresponding sink (Younis and Akkaya,
2008), and (4) reduced amount of utilized resources (Tiirkogullar
et al., 2010). All these advantages translate to increased network
lifetime.

In this paper, which is an extension to our work in Safa et al.
(2012), 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 Section 6, our proposed
approach outperforms a state of the art algorithm called Genetic
Algorithm-based Sink Placement (GASP) (Yi Poe and Schmitt July,
2007; Yi Poe and Schmitt, 2008), which is usually used to solve the
sink placement problem. We also present in this paper a detailed
description of how Traffic Flow Analysis (TFA) is used when the
network contains multiple sinks.

PSO is a heuristic based on artificial life and evolutionary
computing. Its behavior is different from pure evolutionary com-
puting methods such as genetic algorithms (GA) and Evolutionary
Simulated Annealing (ESA) and according to Guner and Sevkli
January (2008). In swarm intelligence (SI) (Kennedy and Eberhart,
2001), 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, the particle tries to imitate its neighbor. Basically, the
individuals create a working social network where they collabo-
rate together to get to a better result.

The rest of the paper is structured as follows. In Section 2, we
discuss the approaches suggested in literature to solve the sink
placement problem. In Section 3, we present a quick background
about WSNs and detail the approach we followed to set up the
network and define its parameters. Section 4 presents the analy-
tical details needed to calculate the fitness function which is used
as our evaluation metric. In Section 5, we detail our approach
which solves the Sink Placement Problem using DPSO with LS. In
Section 6, we present the experimental results and show how our
approach outperforms GASP. In Section 7, we conclude the paper
and summarize our contribution.

2. Related work

Various solutions were proposed in the literature to solve the
multiple sink placement problem. In Oyman and Ersoy June
(2004), 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 “Find-
ing the Minimum number of Sinks while Maximizing the Network
Lifetime (MSMNL)". In BSL, k-means 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 evaluat-
ing 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 Kim et al. (2005), 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 pro-
blems 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 Yi Poe and Schmitt July (2007), Yi Poe and Schmitt (2008),
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), geo-
graphic 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 6, 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.

3. Network parameters and formulation

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 (DISCO, 2009; Gollan and Schmitt
October, 2007). In what follows, we overview the WSN concepts
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needed to formulate the problem and calculate the fitness func-
tion. 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 periodi-
cally 1 message every 30 s to the nearest sink and every packet
message is 288 bits, then the sensing rate of the sensor is 9 bits/s.
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 (MICA2) 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 pA 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 (Schmitt and Roedig June, 2005; Schmitt
et al., 2006). 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 pro-
posed as an implementation of the sensor network calculus. 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 (Yi Poe
and Schmitt July, 2007; Yi Poe and Schmitt, 2008; Roedig et al.,
2007) and was proven to have very close results to those obtained
by actual simulations.

To use DISCO Network Calculator (Gollan and Schmitt October,
2007), the following steps were followed:

(1) Create the network model or topology: a topology generator
called BRITE (2008) was used for network modeling.

(2) Define the basic input behavior of each node: arrival and
service curves are used for this purpose.

(3) Generate traffic flows from the sensors to the sinks.

(4) Analyze the flows to get the worst case delay bound for every
flow of interest in the network. 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 (Schmitt and Zdarsky, 2006). In this paper, we
use TFA but not as is. We present the mathematical formula-
tion that enables TFA to be used for multiple sink scenarios.

For Step 1, we customized and used BRITE for topology design;
the customization details are discussed in Section 6.1. Step 3 is
straight forward as it depends on the curves defined in Step 2. For
Step 2, we discuss next how the arrival and service curves are
formulated. For Step 4, we discuss in Section 4 how TFA is used to
analyze the flows in a network with multiple sinks.

3.1. Arrival curve
The arrival curve represents the basic input of each sensor node

in WSN. Each sensor node i has its own arrival curve as shown in
Eq. (1). The arrival curve @; at node i is basically the sum of the

sensed input traffic (o;) and all received sensed data Chitda, i of its
child nodes j (where j=1 to n;, with n; 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

n;

— *

aj =aj + .Zl Achild(i,j) M
j =

where @; is the arrival curve at node i, «; is the sensed input traffic
at node i, and o represents the forwarded data from node's i
children.

Figure 2 illustrates how Eq. (1) is applied to node i. Since the
children of node i are leaf nodes, their arrival curves are equal to
their sensed input; i.e,, @y = a; and @, = a;. The received sensed
data on child 1, pitdd. 1y is then calculated as the deconvolution of
the arrival curve @; and the service curve g, (as discussed next).
Dhitdd. 2) is calculated in a similar way. Finally the arrival curve at
node i is calculated as: @ = a; + ¥ 1) + Ghige 2 The same
process applies to the other nodes in the network.

3.2. 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 (Schmitt and Roedig, 2005) and
whether aggregation is used in the network. The service curve
equation is given as follows:

Bi©) = P, 1, () = filt=1;]" @

where g; is the service curve, f; is the forwarding rate, and [; 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 [; 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.

4. Traffic Flow Analysis for multiple sink networks

In this paper, we used Traffic Flow Analysis (TFA) for network
analysis, where the maximum worst case delays of the flows in the
network are returned. In this section, we start by presenting how
TFA is calculated in networks that contain one sink. We then
extend the analysis and formulate it to work when multiple sinks
are present.
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Fig. 2. Arrival curve at node i.
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4.1. TFA for single sink networks

The analysis needs first the calculation of the output bounds o
of all the network nodes i.e. the traffic that node i forwards to its
parent in the tree of nodes. The output of sensor node i is
constrained by the arrival curve of and is given as

n;
af =a4Qp; = <0’i + _21 a?hild(ij)) @p; 3
J =

where «f is the output bound of node i (a.k.a. the arrival curve that
constraints the output of sensor node i) and @ is the deconvolu-
tion operator.

In order to calculate the maximum transfer delay or the local
buffer requirements of the node that is just below the sink (call it
node 1), the iterative algorithm shown in the following algorithm
was adapted (Schmitt et al., 2006).

Algorithm 1: Output Bound Calculation of all Sensor Nodes
Given: arrival curve «; and service curve g; for all nodes i
Output: output bound of all nodes in the network

1 For all leaf nodes, calculate the output bound of according to
Eq. (3) and mark the nodes as “calculated”.

2. For all nodes having children marked as “calculated”, calculate
the output bound o using Eq. (3), and again mark them as
“calculated”.

3. If node 1 (sensor node just below the sink) is marked as
“calculated”, the algorithm terminates. Otherwise, go to step 2.

Once all the network internal flows are calculated, Eqgs. (4) and
(5) are used to calculate the delay at every node (Le Boudec and
Thiran, 2001) as shown in Fig. 3.

Di = h(ai, ;) = sup; o {inf{z>0 : a@;(s) <Bi(s + 1)} 4)
Di= Y D; ()
i eP(i)

where, h(a;, ;) is the maximum horizontal deviation between a;
(the arrival curve at node i) and g; (the service curve for sensor
node i), D; is the delay bound of node i, P(i) is the path from sensor
node i to the sink, and D; is the total information transfer delay for
node i.

Sink 1

b < e <5
B Al )@‘—Q
P

.~ Total transfer delay

_ -7 =
D, =h(a,B) ®/ D, = ZDi

iep(i)
Fig. 3. Information transfer delay from a leaf sensor to sink.

Consequently, the maximum information transfer delay, D, in
the whole sensor network is given by Eq. (6).
D= max D; (6)

i=1 ... N

Note that this kind of analysis assumes FIFO (First In, First Out)
scheduling at the sensor nodes.

4.2. TFA for multiple sink networks

In the total flow analysis, the idea is to simply analyze the
nodes one after another. At each node, all flows that share the
node are analyzed depending on the flow of interest, which is
defined as the shortest path between source node and its nearest
sink (Schmitt et al., 2006). According to the node position the
distance varies from a single hop to multiple hops and the delay
may also change from few milliseconds up to an infinite worst-
case delay bound (Yi Poe and Schmitt, 2008). Moreover, in the
multiple sink scenarios, cross traffic should be taken into account
as shown in Fig. 4.

This ensures the correct calculation of the arrival and service
curves at the nodes where the cross traffic exists. For those nodes,
the arrival and service curves are calculated as described in
Algorithm 2 (Le Boudec and Thiran, 2001).

Two methods are presented in Algorithm 2: computeOutput-
Bound() and computeDelayBound(). In the first method, the output
bounds of all the nodes on the path from source to sink are
computed recursively starting from the sink. In addition, all the
traffic of flows joining the flow of interest and having the same
sink as the flow of interest are summed in *™*’. Then, all the cross-
traffic that joins the flow of interest but then leaves it towards a
different sink is summed in ... Then, the effective service curve
of the given node /z’fff is obtained by a subtraction of g; and a,y. At
the end of the output bound computation, the min-plus deconvo-
lution of the overall traffic towards the sink of the flow of interest
(bounded by af”d) and the effective service curve of the given
node ﬁfff are computed and stored for each node.

Algorithm 2 Multiple Sink Network Total Flow Analysis
ComputeQutputBound( from node i,flows F)
© Forall pred(i)

® o4 —=ComputeOutputBound( pred(i),
{ flows to node i from pred(i) } n F)
dexci+=ComputeOutputBound( pred(i),

{ flows to node i from pred(i) } \ F)

Node reports
to sink 2

Cross-traffic

Fig. 4. Cross traffic in multiple sink scenarios.
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° find 0°"* such that ﬂeff

o

return af’red %) /jfff

max{ﬁ,(t) Qexcl (t= 0) } is maximal

ComputeDelayBound ( flow of interest f )

© ComputeOutputBound(sink of f, pred(sink of f))
© delayor1=0.0

© Forall nodes I on the path from source to sink of

[ delayiq + =h @, p)
° return delay;ocal

In the second method, the delay bound computation starts
from the source node of the flow of interest to its sink. At each
node, the horizontal deviation h(a"””d, ﬁfff ) is calculated and
summed up resulting in the end-to-end delay delay. for the flow
of interest. Moreover, since the aim is to get the maximum worst
case delay in the whole network, the total delays of the “longest”
flows in the network can be calculated.

The value just obtained will serve in our approach (discussed
next) as the fitness function that determines the quality of the
obtained solution.

5. Problem formulation and solution using DPSO with LS

In this section, we propose a method that uses DPSO with local
search to solve the multiple sink placement problem defined as
finding appropriate locations of extra sinks to maximize the
network lifetime.

5.1. Problem formulation and the corresponding meta-heuristic
solution

The objective function in the multiple sink placement problem
is to minimize the maximum worst case delay. This problem can
be formulated as follows:

min max {d;}
iefl n}

where
di=f(T\a,p)

T =g(sIp, %)

(X) )
. p?i

S= (S(X) SU/))] =1

127
p,-,S,-eg

d; is the worst case delay for sensor node i, 7 is the topology of the
sensor network, « is the arrival curve,  is the service curve, 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), Z is the routing algorithm (given by the problem), and
& is the sensor field (a square field).

The worst case delay d; for sensor node i is a function of the
topology of the sensor network field %, the arrival curve a and
the service curve g of sensor node 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 d;. 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 d; function is highly non-linear, we use DPSO with local
search to find a feasible solution. The following algorithm outlines
the pseudocode of our approach.

Algorithm 3: Multiple Sink Placement Alg. using DPSO with LS
Begin
Initialize sinks locations vector from the list of candidate
locations
Calculate fitness value of vector Y; using the DISCO
calculator
Do{
Find personal best (P})
Find global best (G*)
For each particle
- Apply velocity component (Eq. (8))
- Apply cognition component (Eq. (9))
- Apply social component (Eq. (10))
- Calculate fitness value of vector Y} using the DISCO calculator

End
Apply local search (for DPSOys) to global best
} while (maximum iteration is not reached)

End
where
Y = 0 @F3(c1®F,(WoF (Y1), P, G 7
2 =weF (Y 8)
8t =ci@F (L, P 9
X! = c,@F3(5, G (10)

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
Eq. (7). Then, in Eq. (8), one-cut crossover with a probability of c; is
applied to all particles i, with A as the first parent and P,H(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 5f. Next, in Eq. (9),
two-cut crossover with a probability of ¢, is applied, with &! as the
first parent and G“! (the global best of all particles from the

Exchange operat9< with a probability w

t _| t— 1 t—T1 1
¥ig c2® F3 (61 @quwG)FlY P, Q
/ \ \\
/1? \
one-cut crossover ¢ \\\
with a probability ~ Velocity of the Personal best \
of ¢, particle (first (second \
Then selectone ~  parent) parent) 2\
of the children N\
s doml l \
¥ randomly \\\
\ 4 ﬂ \\\\7
two-cut crossover with a =/
probability of c. St Global best
Then select one of the it (second parent)
children randomly Cognition part
(first parent)

Xf' Social part

Fig. 5. Interaction between the various parts in DPSO.
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previous generation) as the second parent, and one of the two
children is selected randomly. This equation represents the social
part X!. Fig. 5 highlights the velocity, cognition, and social parts
and shows the interaction between them. 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 fitness
function is calculated using TFA as discussed in Section 4.2.
Selecting an initial solution to the problem i.e. a set of candidate
sink locations needs the discretizing the problem and it is
discussed next.

5.2. Selecting a candidate initial solution

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. Generally speaking, the intersections between the transmis-
sion ranges of sensor nodes are interesting regions for sink
placement. Each region of indifference can have one candidate
location representing it. Given the location of sensor nodes and
their transmission ranges, the total number of regions of indiffer-
ence (i.e. candidate locations) is calculated using this equation:

n-1
Nuy=(Y 2%nb)+1 11
i=1
where n is the number of sensor nodes and nb; is the number of
neighboring nodes after the elimination of nodes 1,...,i—1.

The sample network in Fig. 6 has seven regions of indifference
calculated as follows. Sensor A has 2 neighbors B and C, then
applying Eq. (11), the initial number of regions is 2 x 2=4. In the
remainder of the calculations, sensor A will not be considered
anymore. Sensor B has only 1 neighbor C (since A is eliminated
from the list), then the number of regions becomes 4+2 x 1=6.
The remaining sensor C is left without neighbors. The number of
regions become 6+2 x 0+1=7. However, the exact number of
regions of indifference can be different than the number calculated
by Eq. (11) because some areas may be eliminated due to some
cyclic dependencies, scattered indifference regions, or common
intersection points.

P

Fig. 6. Regions of indifference for a sample sub-network.

After getting the number N, which represents an upper bound
on the number of candidate locations, getting the actual candidate
locations is done by discretizing the search space (Yi Poe and
Schmitt, 2007; Yi Poe and Schmitt, 2008). 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 the following
algorithm.

Algorithm 4: Candidate Locations

1. read sensor nodes positions

2. calculate total number of regions (N(,)) from Eq. (11)

3. adjust sampling granularity and map a candidate location for
each region:

forall (n)
if(candidatePosToNodePos < txRange &&
originToCandidatePos < radius)
candidate locations ++

We then merge the grid points which have identical neighbor-
hoods 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, previously calculated. If that number is still signifi-
cantly less than N¢), then the granularity is increased as shown in
Fig. 7. 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 ie. 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. In summary, instead of
taking the whole field as candidate locations, the problem is
transformed to a discrete optimization problem by discretizing
the search space (Yi Poe and Schmitt, 2007, 2008) and a set of
locations are picked as candidate sinks such that no effect exists on
the fitness function.

6. Experimental results

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

6.1. Simulation environment

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.

We have used BRITE (2008) to generate WSN topologies and
updated it to calculate the number of sensors and their positions,
along with the corresponding candidate list and candidate list
neighbors using the method discussed in Section 5.2. Given the
area size, number of nodes N, model (flat or hierarchical), node
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Fig. 7. (a) Laying a grid with certain granularity, (b) laying a grid with increased granularity.

distribution (random or heavy-tailed), BRITE generates undirected
graph topology of type graphML. The following algorithm provides
a high level view of how BRITE was used.

Algorithm 5: Sink candidate locations using BRITE
Given: area size, number of nodes N, model (flat or
hierarchical), node placement (random or heavy-tailed),
output file names
Output: network topology in a file of type graphML and list of
candidate locations
1. Generate a graph the represents the network topology.
2. calculate the maximum number of candidate locations N(n) in
the graph
3. Generate G grid points with certain granularity
4. For each grid point i do
a. For each node j in the graph do
® calculate Euclidean distance between i and j, d;;
e if d;j < than transmission range of j
© add i to the list of candidate locations

5. if number of accepted candidate locations is much less than N
()
a. create a new grid with increased granularity
b. g0 to step 4

6. else
a. Qutput graph topology of type graphML.
b.  Qutput list of candidate locations with x and y
coordinates.
C. Output list of candidate locations with corresponding
neighbors.

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 placements. Given the topology, the number of
sensors and their positions, along with the corresponding candi-
date list and candidate list neighbors (from BRITE), 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. Fig. 8
captures the process followed in the experiments.

In all the simulations, sensor nodes are placed randomly or in a
heavy-tailed distribution in an area size of 10,000 m% The
reported results are the average of 5 runs. The sensor nodes are
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Fig. 8. High level view of the relationship among the various entities.

Table 1
Simulation parameters and their values.

Parameter Value

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

100, 200, 500 nodes (homogeneous)
2,3,4,5,6, 7, 8 sink nodes

100 x 100 m

Random, heavy-tailed

Shortest path based protocol

16 m

36 bytes (MICA 2)

19.2 kbps (MICA 2)

Token bucket

36 byte TinyOS packet every 30 s
Rate latency

1%, 2.22%

30 min, 1 h. 30 min, 5 h, 12 h, 90 h.

MICA2 sensors (MICA2) with a data rate of 19.2 kbps and a
transmission range of 16 m. 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. Table 2 shows the effect of the
assigned duty cycle on the effective throughput f and the max-
imum forwarding latency [, which are needed as parameters for
the service curve.
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As shown in Table 2, for the duty cycle §=1%, the effective
throughput fis equal to 0.258 kbps (a.k.a. 258 bits per second) and
the latency [ is equal to 1.096 s. Using Eq. (2), the rate-latency
service curve used in DISCO network calculator can be derived as
follows: pi(t) = p, () = filt— ]* =258 (t-1.096)+ [bits]. Whereas,
for the duty cycle §=2.22%, the following rate-latency service
curve is used: gi(t) = f, () = fi[t— ]+ =559 (t-0.496)+[bits].

6.2. Benefit of placing extra sinks

Before starting the performance evaluation of DPSO vs. GASP,
we argue using simulation about the considerable benefit of using
multiple sinks in WSNs to enhance lifetime and reduce delay. We
created a topology of 100 randomly distributed nodes and placed
sinks starting incrementally from 1 to 4 while measuring the
worst case delay (fitness) in the network. The nodes are kept
operating at 1% duty cycle. Figure 9(a) through 9(d) show that as
the number of sinks increases, the maximum worst case delay
decreases significantly. Yet, a good placement of sinks is impor-
tant. Hence, the shown delays are the best values obtained after
experimenting with 1000 different locations

6.3. Comparison and experimental evaluation when random
distribution is used

Going back to the comparison with the state-of-the-art,
Tables 3 and 4 present the parameters used for GASP and DPSO.
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 number 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 experiments 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.

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 h,
while the execution time of DPSO having 100 particles and 40
generations was almost one and half hour. 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. Table 5 summarizes the difference between the execu-
tion time of DPSO vs. GASP for some of the conducted
experiments.

In the second set of experiments, we compared the maximum
worst case delay (fitness function) when GASP and DPSO are used.

Table 2
The effect of the duty cycle on the MICA2 properties.

Duty Max Effective Preamble Sleep Max
cycle packets throughput length time T2 forwarding
(%) (packets/s) (kbps) (bytes) (ms) latency (ms)
100 4293 12.364 28 0 11
355 19.69 5.671 94 20 31
11.5 8.64 2.488 250 85 96
7.53 6.03 1.737 371 135 146
5.61 4.64 1.336 490 185 196
222 194 0.559 1212 485 496
1.00 0.89 0.258 2654 1085 1096

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 30s 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/s and delay of Os for all scenarios.
(2) For a duty cycle of 1%, a forwarding rate of 258 bits/s and a
forwarding latency of 1.096 s are incurred. Whereas a duty cycle of
2.22% has a forwarding rate of 559 bits/s and a forwarding latency
of 0.496 s. (3) Routing from the node to the nearest sink is done
using shortest path algorithm.

Figure 10(a) and 10(b) shows 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. In almost all
scenarios, 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
than that of GASP.

In Figure 11(a) and 11(b) 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. 16.
The improvement gap varies between 0.17 and 0.86 s, which is a
significant improvement given that 2.9 and 0.5 s 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. Fig. 12(a) and 12(b) shows 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.

6.4. Comparison and experimental evaluation when heavy tailed
distribution is used

In this section, we conducted more experiments when 100
nodes are deployed in a heavy tailed distribution. This kind of
distribution allows for sets of sensors to be placed in close
proximity of each other forming cluster of sensors. We analyzed
this kind of distribution because of its existence in important
applications and scenarios, for instance when sensors are dropped
from a plane or when sensors are placed close to critical locations
such as gas fields or nuclear reactors. In Fig. 13(a), both algorithms
give same or close results except in the case of 6 sinks where DPSO
gives a better solution with a difference gap of 1.16 s with 1/3 of
the time spent by GASP. In Fig. 13(b), by increasing the number of
chromosomes and particles from 40 to 100 and increasing the



78 H. Safa et al. / Journal of Network and Computer Applications 39 (2014) 70-82

a b
100 . . . . : : : — 100 T
90 |+ . . o.’ . . .. . i m.' . . K . . 0. . B
80 ” . . ’ ’ N or . ) . ot ' ) N
b . : o« < 1 wf : S ©
60 | : . . .4 et} . . . A
. o . . . : . ] . .ot
sof . . . « 4 s . . . .
e . * . .o . 1 ol o ® . . |
2l L. . N . | 0} L. . : . ]
20} .,. L . . . - 20 . S . . . E
10} * . . . 4 10 * . . . -
ot : L. ; Lt : . (1) - , Lo ; y * : y °
0 10 20 30 40 50 60 70 80 90 100 0 0 20 30 40 5 60 70 80 9 100
c d
100 . , ’ : . . . . . 100 7 : . . — . —
90 [ : .t S c . Cote T
ol = .o . J of . Lo . R
or . . S : 1P . o, . e S o i
6| : . . .4 et . : . 1
50 + * o, . ot 1 . . oot B
ol . * .° o . ]l w} o . . ]
0t . : 3 4w . ’ 3 i
ol . N . . . 1 =t 7 N . . o. ]
0 . * .« o . {1 wof, . * o e . .
0 * 1 " PR I 1 1 I |.. 0 * 1 1 [ 1 PR 1 1"
0 10 20 30 40 50 60 70 80 90 100 0 0 20 30 40 50 60 70 80 9 100

Fig. 9. (a) One sink at location (54, 55), fitness="7.65 s; (b) two sinks at (21, 56) and (72, 54), fitness=4.99 s; (c) 3 sinks at (26, 52), (61, 81) and (75, 41), fitness=3.69 s; (d) 4

sinks at (12, 23), (16, 67), (80, 21) and (87, 67), fit=2.26s.

Table 3
GASP parameters.

Parameter Value

14, 40, 100 chromosomes
Max. number of generations 25, 40 generations
Parent selection Random method
Mutation probability r 0.4

Population size

Table 4
DPSO parameters.

Parameter Value

Swarm size 40, 100 individuals
Max. number of generations 25, 40 generations
Cognitive probability c1 0.5

Social probability c2 0.5

Inertia weight w 0.9

number of generations to 40, the solution is improved by GASP in
the case of 5 sinks by 1.16 s. Yet, GASP had a disadvantage as it
found the solution at generation 35 after 100+300 x 35=10,600
combination evaluations, whereas DPSO gave its result at

generation 4 out of 40 generations with a total of
100 x 40=4000 combination evaluations. For the other number
of sinks, the results are the same.

For Fig. 14(a) and 14(b), we increased the duty cycle to 2.22%
and repeated the experiments. In Fig. 14(a), with the number of
chromosomes in GASP set to 40, the results of GASP improve to
give the same results as DPSO in the case of 7 and 8 sinks, and a
better result than DPSO in the case of 5 sinks. Yet, GASP had triple
the number of solutions to evaluate than DPSO. In Fig. 14(b), the
number of chromosomes/particles is increased to 100, and the
number of generations is increased to 40 generations. The results
of both algorithms GASP and DPSO improved in the case of 6 sinks,
while GASP gives better result in the 3 sinks case. According to the
results in the heavy tailed topology, placing 6, 7 or 8 sinks in the
best locations found, gives the same worst case delay, therefore
adding more sinks after 6 sinks would not reduce the worst
case delay.

6.5. Statistical analysis

Driven by the experimental results that show the outperfor-
mance of GASP over PSO in few scenarios in terms of delay, we
conducted statistical analysis on the individual runs of both
algorithms to answer the following question: why isn't PSO always
performing better than GASP?

We did our analysis on all the experimental results that are
summarized in Figs. 10 through 14. As mentioned in Section 6.1,
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Table 5
Execution time of DPSO vs. GASP.

Num. of nodes (Rand. Dist.) Meta-heuristic Used Execution time 2-8 sinks
PSO 40 25 20-30 min
100 GASP 40 25 1h-1h 20 min
PSO 100 40 1h-1h 45 min
GASP 100 40 3 h 45 min—4 h 45 min
500 GASP 6 10 52h-94 h
PSO 10 10 49h-90h
a Maximum Worst Case Delay b Maximum Worst Case Delay
100 nodes, 1% duty cycle 100 nodes, 1% duty cycle
7 7
B GASP m GASP
6 6 _—
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Fig. 10. Maximum worst case delay 100 nodes, 1% duty cycle (a) GASP 40 25; DPSO 40 25 (b) GASP 100 40; DPSO 100 40.
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Fig. 11. Maximum worst case delay 100 nodes, 2.22% duty cycle (a) GASP 40 25; DPSO 40 25 (b) GASP 100 40; DPSO 100 40.
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Fig. 12. Maximum worst case delay 1% duty cycle (a) GASP 14 25; DPSO 40 25 (b) GASP 6 10; DPSO 10 10.
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Fig. 13. Maximum worst case delay, heavy tailed, 1% duty cycle (a) GASP 40 25; DPSO 40 25 (b) GASP 100 40; DPSO 100 40.
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the reported results are the average of 5 runs. For every experi-
ment, for every value on the x-axis (# of sinks), we plotted and
analyzed the delay reported by every run. We found the following:

1- When the average of the 5 runs was reported and PSO was
outperforming GASP, PSO was outperforming or giving the
same delay as GASP in all the 5 runs (delay using PSO was less
than the delay using GASP in all runs).

2- When the average of the 5 runs was reported and GASP was
outperforming PSO, PSO was outperforming GASP in 4 out of
the 5 runs while GASP was outperforming PSO only in one run.
However the outperformance of GASP in this one run was
substantial enough to make GASP on average better than PSO.

Hence, these observations were consistent among all the
experiments we presented (Figs. 10 through 14). We illustrate
the above analysis by presenting 4 scenarios, two when PSO was
outperforming GASP on average, and two when GASP was out-
performing PSO. We also present and discuss the confidence
intervals given a confidence level of 90% (Table 6).

For the first 2 scenarios when PSO outperforms GASP on
average, we consider the results presented in Fig. 10(a) and
(b) when the number of sinks is 2. Fig. 15(a) shows the results of
the 5 runs for PSO 40 25 and GASP 40 25, when 2 sinks are used
(the average of the 5 runs can be seen in Fig. 10(a) when # of
sinks=2). It can be clearly seen that PSO outperforms GASP in
every run. For PSO 40 25, the average delay and the standard
deviation are 5.0480 and 0.0832 respectively, then for a confidence
level of 90%, the corresponding confidence interval is
5.0480 + 0.0612 (Table 6). That is to say that we are 90% certain

b Maximum Worst Case Delay
100 nodes, 2.22% duty cycle
2.0
B GASP
~ 1.5- O PSO L
E
1.0
: I
>
=
0.0 -
2 3 4 5 6 7 8

# of sinks
Fig. 14. Maximum worst case delay, heavy tailed, 2.22% duty cycle (a) GASP 40 25; DPSO 40 25 (b) GASP 100 40; DPSO 100 40.

that the true average falls within the range of 4.9867 to 5.1093. For
GASP 40 25, the delay average and the standard deviation are
5.8096 and 0.3322 respectively, then for a confidence level of 90%,
the corresponding confidence interval is 5.8096 + 0.2444. The first
two rows of Table 6 display the analysis values; the outperfor-
mance of PSO over GASP is clear (less delay value and less error
margin).

Figure 15(b) shows the results of the individual 5 runs for PSO
100 40 and GASP 100 40. For PSO 100 40, the average delay and
the standard deviation are 5.0510 and 0.1050 respectively, then for
a confidence level of 90%, the corresponding confidence interval is
5.0510 4 0.0772. For GASP 100 40 and a confidence level of 90%,
the corresponding confidence interval is 5.1293 + 0.1049. These
values, displayed in rows 3 and 4 of Table 6, also show the clear
advantage of PSO over GASP (less delay value and less error
margin).

For the second two scenarios when GASP outperforms PSO on
average, we also consider the results presented in Fig. 10(a) and
(b) when the number of sinks is 8. Fig. 16(a) shows the results of
the individual 5 runs for PSO 40 25 and GASP 40 25, when 8 sinks
are used (the average of the 5 runs can be seen in Fig. 10(a) when #
of sinks=8). Unlike the 2 sinks scenario in which PSO outperforms
GASP in every run, in the 8 sink scenario GASP does better than
PSO only in one run, while in the other 4 runs PSO does better. For
PSO 40 25, the average delay and the standard deviation are
1.9536 and 2.1010 respectively. For a confidence level of 90%, the
confidence interval is 1.9536 + 1.5455. It is clear that the error
margin is very high, which is due to the odd run with value 5.8 s.
To reduce the error margin, we performed more runs (100 runs)
and observed that, for PSO 40 25, out of the 100 runs, 96 resulted



H. Safa et al. / Journal of Network and Computer Applications 39 (2014) 70-82 81

Table 6
Confidence intervals with a confidence level of 90%.

Num. of sinks Meta-heuristic used Number of runs Average Stdev Error margin Lower confidence interval Upper confidence interval
2 PSO 40 25 5 5.0480 0.0832 0.0612 4.9867 5.1093
GASP 40 25 5 5.8096 0.3322 0.2444 5.5652 6.0540
PSO 100 40 5 5.0510 0.1050 0.0772 4.9737 5.1282
GASP 100 40 5 5.1293 0.1426 0.1049 5.0244 5.2342
8 PSO 40 25 5 1.9536 2.1010 1.5455 0.4081 3.4991
100 0.9942 0.5213 0.0857 0.9084 1.0799
5% 0.9853 0.0813 0.0598 0.9254 1.0451
GASP 40 25 5 1.0853 0.14351 0.1055 0.9797 1.1909
PSO 100 40 5 1.0585 0.3896 0.28664 0.7719 1.3452
100 0.9617 0.1459 0.0239 0.9377 0.9857
5% 0.9063 0.1260 0.092 0.8135 0.9990
GASP 100 40 5 1.0666 0.1079 0.0794 0.9872 1.1461
* Excluding odd run.
a Delay per Individual Run b Delay per Individual Run
100 nodes, 1% duty cycle, 2 sinks 100 nodes, 1% duty cycle, 2 sinks
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Fig. 15. When PSO outperforms GASP on average, PSO outperforms GASP in every run. (a) PSO 40 25 vs. GASP 40 24 when # of sink is 2 (b) PSO 100 40 vs. GASP 100 40 when
# of sink is 2.
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Fig. 16. When GASP outperforms PSO on average, GASP only outperforms PSO in one run, while PSO outperforms GASP in the others. (a) PSO 40 25 vs. GASP 40 24 when # of
sink is 8 (b) PSO 100 40 vs. GASP 100 40 when # of sink is 8.

in delays between 0.89 and 1.02 and only four resulted in delays
between 2 and 5.8 (4 odd runs). The resultant confidence interval
of these 100 runs was 0.9942 + 0.0857, which has very acceptable
error margin. Instead of increasing the number of runs for the
purpose of reducing the error margin, we excluded the odd run
from the original 5 runs and obtained a confidence interval of
1.0142 + 0.0468 (indicated as 5* in Table 6). When compared with
GASP 40 25 that has a confidence interval of 1.0853 + 0.1055, PSO
40 25 shows a clear improvement when the number of runs is
increased or the odd runs removed.

Similarly, when we evaluated the 5 runs of PSO 100 40 and
GASP 100 40 when 8 sinks are used, we observed that GASP does
better than PSO in the third run, while PSO does better in the other
runs. For PSO 100 40, the average delay and the standard deviation
are 1.0585 and 0.3896 respectively. For a confidence level of 90%,
the corresponding confidence interval is 1.0585 + 0.2866. Adapt-
ing the same approach we performed in the previous experiment,
we attempted to reduce the error margin by (1) increasing the
number of runs to 100 or (2) removing the odd run. For the
100 runs, the confidence interval was 0.9617 + 0.0239. When
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excluding the odd run from the original 5 runs, the confidence
interval becomes 0.9063 + 0.092. Both approaches lead to a better
delay when compared to GASP 100 40 that has a confidence
interval of 1.0666 + 0.0794. Also, it is worth to mention that
increasing the number of runs in GASP did not yield any significant
changes on the obtained results.

Similar analysis was conducted to all experiments and the
results were consistent i.e. when PSO outperforms GASP on
average, PSO outperforms GASP in all the runs. However, when
GASP outperforms PSO on average, GASP outperforms PSO only in
very few runs. Given these results and the statistical analysis, we
can conclude that in almost all experiments, PSO succeeded to get
better results than GASP.

7. Conclusion and future work

In this paper, we suggested an efficient heuristic to solve the
sink placement problem. Our heuristic was based on Discrete
Particle Swarm Optimization (DPSO) with local search. We for-
mulated 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 extensive
experiments using both DPSO and GASP algorithms on random
and heavy-tailed topologies with different duty cycles and differ-
ent number of sinks. Each solution's fitness was evaluated using
the Total Flow Analysis (TFA). Hence, we presented how to use TFA
in networks with multiple sinks. In almost all experiments, DPSO
succeeded to get better results than GASP. The runtime of DPSO
was always better GASP. Moreover, even though DPSO with local
search does not converge fast to a local optimal solution but it still
finds better solutions at advanced generation numbers.

In our current and future work include we will be evaluating
via simulation using NS3 the impact of the locations chosen by
both GASP and DPSO on the network lifetime. We also want to
prove via simulations that a near-optimal sink placement solution
will increase the network lifetime and reduce the delay.
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