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LIMOS, Universié Clermont-Ferrand Il, Campus de&Zgaux, 63170, Aubre, France
Email: andrea@isima.fr, bendali@math.univ-bpclermonfrnailfert, duhamel, kun-mean.hou}@isima.fr.

Abstract— Wireless Sensor Networks (WSN) have been stud-
ied in several contexts. There are many challenges involving
WSN design such as the energy resources optimization,
the robustness and the network coverage. We address here
the problem of energy-efficient topology design. A well-

designed dynamic topology and efficient routing algorithms

may allow a large reduction on the energy consumption,

which is one of the main concerns of WSN nodes. In this
work, we propose to model the problem of clustering a WSN

topology as a variation of the independent dominating set

optimization problem. Then, we describe two heuristics to

generate a WSN topology and two ways to evaluate the
energy consumption. Computational results are presented
for instances with up to 500 nodes.

Index Terms— Wireless sensor networks, clustering, opti-
mization, independent dominating set, heuristics.

I. INTRODUCTION

change along the network lifetime. Communications can
be done, for example, by sending messages periodically
or by continuously sending them from all sensors, or
by sending messages only when an event occurs. In
fact, the network topology and the routing protocol are
not independent from each other and their interaction
has a strong impact on the performance and on the
lifetime for such networks. If the network topology is
poorly designed, communication can fail. Moreover, if the
routing protocols are not well defined, they may waste
energy: for example, by sending more messages than
necessary due to packet loss or due to loops in the routing
topology. Usually, a wireless sensor node consumes about
75% of its energy in using wireless access medium.

Let a clusterbe a subset of sensors nodes which are
usually organized in a hierarchical way: masters nodes
collect data, slaves nodes perform sensing activities, and

A wireless Sensor Network (WSN) consists of a set ofbridge nodes perform inter-cluster communication. Many
wireless sensor nodes distributed in an area. A wirelessorks use clusters as a base structure for the network
sensor node (sensor) is usually composed of limitedopology [7]-[12], while others do not adopt clusters
resources such as battery, CPU and memory. For exampld,3]-[15]. A comparison between these two approaches
the LiveNode has an ARM7TDMI core running at 48 is done in [16]. Results show that cluster-based topology
MHz and 64 Kb of on-chip SRAM [1]. The sensors is more efficient when the sensors within each cluster
calledsink nodesare more powerful: they have a stronger usually measure highly-correlated data. In such situations,
battery, a larger memory and more computational powethe cluster head can aggregate the sample data from all the
They are typically used to coordinate the sensor networkensors into a single message, thus reducing the amount of

and to collect all the data.

sending messages. In this work, we consider the problem

WSN have a large number of practical applicationsof designing a WSN cluster-based topology to maximize

such as environmental monitoring [2], biological detec-the network lifetime.

tion, automatic manufacturing, smart care, smart home A cluster-based architecture contains some structural
(security) [3], etc. However, in order to provide a goodproperties on its communication graph which are used to
service, it is needed to deal with difficult technical prob-design the WSN topology. We model the topology design

lems such as maximizing the network lifetime. Someproblem as a variation of the independent dominating set
works in the literature consider this problem as an op{problem. Heuristics are proposed to compute the topology
timization problem. For instance, the coverage problenhaving those special properties. Moreover, two different

with minimal energy consumption is modeled as an inteways of evaluating the topology in terms of energy con-

ger linear program in [4] and it is solved by a distributedsumption are suggested. In the first evaluation, the energy
algorithm in [5]. Minimizing the energy consumption for consumption is measured by computing a maximum flow.

unclustered WSN over the time is also modeled as aim the second one, the topology is evaluated by using

integer linear program in [6].

two criteria: the number of clusters and the hop average.

The topology of a sensor network changes along itShe communication rules are not explicitly defined. Yet,
lifetime since nodes may fail due to battery shortage. Thishe evaluation result provides valuable informations about
evolution characterizes ad-hoc networks. A WSN differspaths that can be used by each sensors to send messages.
from mobile ad-hoc network in several points such asComputational results are presented for instances with up
hardware has a lower performance, mobility is reducedto 500 nodes.
and sensors are more densely distributed. In terms of This work is organized as follows: the problem is
WSN communication routing protocol, it usually does notdefined in Section Il. It is then modelled using graph
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theoretical elements in Section lll. Algorithms are de-lifetime. When a cluster fails, the topology can be re-
tailed in Section IV. Computational results are presente@valuated in order to re-establish connection with the
in Section V. Some concluding remarks and perspectivesensors still active in the cluster. This can have a local
are given in Section VI. impact on the topology.

Il. PROBLEM DEFINITION IIl. M ODELLING THE WSN TOPOLOGY AS A GRAPH

We consider a set of identical sensors which differ The WSN topology problem is modelled as a finite,
only by their identification name and a unique sink|oopless, connected and undirected gréfil, ), where
node. We assume that each sensor is able to know itg s the set of nodes which corresponds to the sensor
location and that the sink node does not act as a sensf@bdes and is the set of edges. Lét, v] € E be an edge
itself. Moreover, sensors are organized in clusters as iwith endnodes:, v € V, it means that sensorsandv can
[16]: in a cluster, sensors have a logical classification icommunicate. The sink node € V' plays an important
masters, slaves and bridges. Slaves and bridges can fste in the network since any data which circulates in the
used to sensing activities, and masters only collect theommunication network must reach it.
data from the slaves and monitor the cluster. The slaves During the initialization step of the WSN, each sensor
only transmit data to their master and the bridges alsgends its identification in such a way the neighbourhood
allow inter-cluster communication as they have to belongstructure is progressively built, as in [8]. Thus, we as-
to at least two clusters. Figure 1-(a) represents a set &ume the sink node has the full information about the
sensors along with the sink node (black square). Figure Ineighbourhood structure after running the initialization
(b) illustrates a cluster-based network topology with thealgorithm. This structure corresponds to the communi-
sink node (black square), the master nodes (black circlesgation graphG mentioned above. Figure 2 illustrates
the bridge nodes (circles with a cross) and the slavghe communication graph obtained from Figure 1-(a),
nodes (white circles). The dotted circles define the C|USteassuming a small radius of wireless communication.
associated to each master node. As can be seen, several
bridges may belong to the intersection of two clusters and
a bridge can also belong to more than two clusters.

(CY

Figure 2. A communication grapfy.

Let M Cc V andS C V be the set of sensor nodes
Figure 1. a set of sensors and an associated network topology that will respectively act as masters and slaves. Bridge
nodes are slaves which also ensure connections between
The topology design problem consists in defining apajrs of master nodes. In terms of graph,iagependent
communication network over the sensors and in defininget 77 C v is a set of nodes such that no edge ff
routes to send the data from each sensor to the sink. Theave both endnodes ifi. Moreover, a subset of nodes
sink is known in advance, thus the core of the pl’oblem |$ cVv is adominatingset of G if every node ofV/ \ D
to partition the remaining nodes into masters, bridges anp}, adjacent to at least one node Bf Thus, the prob|em
slaves. The objective is to maximize the network lifetimeof clustering consists in defining a partitidh of V' into
induced by the resulting topology. The network topologytwo subsets\/ and S such that the seb/ satisfies the
will change the first time a cluster is unable to send itsollowing properties:
data to the sink. Three situations are responsible for such
a cluster failure: the master runs out of battery, a set %Fl) s € M,
bridges in the way to the sink runs out of battery ot-2) 7v € S’/ dm € M| [v,m] € ,E
all slaves in the cluster run out of battery. Under thi$P3) B(m,m’) € M x M | [m,m’] € E.
definition, maximizing the network lifetime is equivalent  Property (P1) states that the sink nadacts as a master
to the maximal numbek of messages all the sensors cannode. Property (P2) determines that any slave node is
send to the sink before the occurrence of the first failureconnected to at least a master node. In fact, this property
sendingk messages from each sensor is possible whileneans thafl/ is adominatingset of G. Finally, property
sendingk+1 is not possible without altering the topology. (P3) specifies that there is no direct connection between
Thus, the optimization problem is to define the topol-two master nodes. It means thet is also arindependent
ogy of the WSN in order to maximize the network set of G. Thus, M is an independent dominating set
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of G. In other words,M is a maximal inclusionwise o WheneverG = (AU B, E) is a connected bipartite

independent set ofy. graph, thenM = Aor B, that isM = {u € AU
Properties (P1) to (P3) do not guaranty the final graph B | d(s,u) is ever}, see Figure 4-(a).

representing the WSN topology solution is connected. In « WhenG = C,, is a cycle withp vertices, and without

fact, the WSN topology problem requires that there is loss of generality, one sink node= 1. In this case, a

a path connecting any master node to the sink nade solution is the sefl1,3,...,2| 2] -1}, see Figure 4-
Thus, another property must be defineddnLet d(u, v) (b).

be the minimum number of hops (amount of edges in a « Finallyy, when G is a graph with V =
path) betweern:,v € V. A nodev € V is said to be a {8, U0, e un, v, .y un} and E= U7, {[uo, vil,
neighbour ofu € V wheneverd(u,v) = 1. WheneverM [vo, uil,|ui, vi]} U A{[s,uol,[s,vo],[uo, vo]}, that

is an independent set @f, let H = (M, E(M)) be an is, G is not a bipartite graph, butG\{s}
induced graph ofd/ such that the following conditions is, as shown in Figure 4-(c). In this case,
are satisfied: the set of mastersM is given as follows:
(a) [u,v] c E(M) if u,v € M, and M {S} U {Uz |Z € I} U {Uj‘j S {1,,71}\]}

(b) d(u,v) = 2. vi C {1,...,n} and_M and G’ sat?sfy properties_
(P1) to (P4). For this case, there is an exponential

N(u) represents the set of all neighbours of nade number of subsets that could be masters.

where [u,v] € E(M) if and only if N(u) N N(v) # 0.
It means that there are nodes which are neighbours of
both nodes: andv (bridges nodes). Thus, the partition | @ ® ©
IT = (M, S) must also satisfy property (P4).

(P4) H is connected.

To conclude, a cluster-based WSN topology solution
consists in defining a partitioll = (M, S) which satisfies
Properties (P1) to (P4), referred here as the Independent
Dominating Set Problem Wlth Connecting requirementsl:igul‘e 4. Graphs where the solution for the IDSC problem isvkm
(IDSC problem). From now on, a feasible solution for
the IDSC problem is represented by a graghiV’, E'),
with V' = M U S and E’ is the set of edges connecting |V, ALGORITHMS FOR DESIGNING SOLUTIONS FOR
the independent dominating nodes to the slaves nodes. THE IDSC PROBLEM
Moreover, in G’, a slave node connecting two master
nodes is called bridge. Figure 3-(a) illustrates a feasibIQN
graphG’ for a WSN topology. The black nodes, the white
circles, and circles with a cross represent respectively th

We propose a three-steps algorithm for designing a
SN topology and to maximize its network lifetime.
The first step computes a feasible solution for the IDSC

masters, the slaves, and the bridge nodes. Moreover, tI{i’rObIem' Two ways for generating feasible solutions for

graphH is represented in Figure 3-(b). Observe that black ed IDSC dproblem arﬁ sfugg_eslted: Ia _greedy procledurz
nodes are separated by two edges (two hops). and a random one. The feasible solutions are evaluate

through the second step. Two evaluations are proposed:
the first uses the maximum flow and the second uses the
number of clusters and the hop average. Weights are used
to specify the priority each node has to become a master
node. They are updated in the last step of our algorithm.

Figure 5 represents an overview of the algorithm. The
communication graplG(V, E) and the sink node are
given as input. The three steps, which are detailed below,
are carried out until a stopping criterion is met. Then, the
output data is the resulting topology graph(V’, E').

(@ (b)

A. A greedy and a random procedures for the IDSC
problem

A natural theoretical question is to know whether from The general idea of the greedy algorithm is to select
a graphG as defined above, we can always producea node as master at each iteration. The first node to
a graph G’ solution to the IDSC problem or not. In be included toM is the sink node. The graph’ is
section IV, the Theorem 1 answers this question. also expanded at each iteration. A pseudo-code for this

We give below three examples of grapghfor which  procedure is given in Algorithm 1. Moreover, the structure
a solution to the IDSC problem is known. The sink nodecandidatescorresponds to a list of nodes candidates to
and the master nodes are respectively represented by thecome a master node. A pseudo-code for updating the
black square and the black circles. candidate list is presented in Algorithm 2.

Figure 3. Example of a feasible soluti@# and of a graphH.
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Input: G(V, E), s, computed using a maximum flow algorithm or simply
l considering the oldest nodes taken as a master node
along the algorithm iterations. The node with the highest
) Generate a weight and with the smallest index is selected. In the first
feasible solution iteration, all nodes have the same weight which is equal to
J zero. The set of master noddg, the set of slave nodes
S, the set of verticed”’, and the set of edgeg’ are
Evaluate . L . .
the solution respectively updated in lines 8 to 12. Finally, the list of
candidates are set in lines 13. The algorithm retughs
J and M in line 14.
. Update Let us assume that grapli8 and G are accessibly by
weights Algorithm 2. This procedure returns tteandidate list
The structurecandidatesare initialized in line 1. Then,
l the list of candidates are updated in the loop in line 2
Output: G'(V',E") and 3. For all edgéu,v] belonging toE, nodew is a
candidate to be a master node (line 2)yifs not in V’
Figure 5. Algorithm overview. and if nodev is in V.
The algorithm worst case complexity &(|V| - |E|).
Algorithm 1: Greedy procedure. Initializing date structures in lines 1 to 5 consumes in
Input: G(V, E), s the worst case)(|E|) steps. The loop in lines 6 to 13
Output: G'(V',E'), M performs in the worst cas@(|V| - |E|) steps.

The random procedure slightly differs from the greedy

1M {3};_ one. Basically, instead of choosing the best candidate as
2 Sf N(s); ] a master node in line 7, a candidate is randomly chosen
j g, : ?équ] we N(s): from the list of candidates. In this case, weights are not

s candidates. Update candidate st |cl(;‘r;puted. The algorithm complexity still remai@g|V|

6 while (|[V'| #|V]) do

7 selectm € candidates 1) The algorithm correctnessAn important question

8 | M—MU{m} is to know if the proposed procedure provides a solution

o | S N(m) which satisfies propertie&P; )-(P;). This is ensured by

10 | VIe=MUS; the proof of Theorem 1.

11 for (v € N(m)) do

12 L E' — E'"U[m,v]; Theorem 1:The setM and graphG’ found at the end

13 | candidates— Update candidate list; of Algorithm 1 satisfy propertie¢Fs )-(Fs).

return G'(V', E"), M; Proof. We show thatM satisfies propertie$P; )-(Ps),
and H is connected. As graph’ is deduced from the
partition II(M, S) and from graphH, it also satisfies

=
~

Algorithm 2: Updat e candidate |ist. properties(P;)-(P,) for the setV’ at each step of the
Output: candidates procedure. Observe that in Algorithm 1, at least one node
1 candidates — {}; entersV’ at each iteration.
2 for (ju,v] € E) and (u ¢ V') and (v € V') do _ In the initiali_zat_iqn_ s_tep (Iin_es lto 4)M contains the
3 L candidates— candidatesU {u}; sink node,V’ is initialized with the sink node and all

of its neighbours. Moreover, every edge incidentstes
included inE’. Thus, the initial sef\/ satisfies properties
(Py) to (Ps), and the initial subgrapt” satisfies property
(Pa).

The procedure in Algorithm 1 receives as input: a con- Considering thatV’ # V. In this case, a¥7 is
nected graplG and the sink node. The data structures connected, the set of edges with one extremity/inis
are initialized in lines 1 to 5. The set of master nodesnot empty. Thus, there exists an edge[{sl] € E such
receives the sink node in line 1 and the slave nodes atdatu ¢ V' andv € V’. Therefore, if condition/” # V
updated in line 2V’ andE’ are respectively initialized in is true, there is always at least one candidate to become
lines 3 and 4. The candidate list are updated in line 5 (semaster node in line 7.

Algorithm 2). The loop in lines 6 to 13 is repeated until The candidate to master node, selected in line 7,
all vertices inV are included inV’. A master node is is not adjacent to any other node i1, otherwise,m
chosen in line 7. The candidates selection depends on thveould be neighbour to a node if/. Consequently, it
evaluation procedures used (see Section IV-B). In facthas already been included 1Y in line 3 or in line 10.
a weight is associated to each candidate. Weights afBhus, M U {m} is an independent set. Let’ € M be

4 return candidates
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a node adjacent to a nodec V’. Since[m’,m| ¢ E A whose capacity is saturated correspond to the sensor
and [m',m] € H, H is a connected graph. Thus, the nodes: € V that will first fail. Furthermore, the values
new setM in line 8 satisfies propertie6P;) and (P;)  of the flow on the slave nodes give the number of data
and graphH satisfies propertyP,). Furthermore, given they are globally able to send before a failing occurs in
a nodeu € V/\M and the sef’’ obtained in line 10, the network.

either [u,m] € E’ if u is a neighbour ofn, or u was The maximum flow problem in a graph is strongly
already gdjacent to a node belongingMb\{m}. Hence, polynomial using the push-relabel algorithm. Thus, this
M satisfies the propertyP,). O  evaluation is performed in polynomial time.

2) Evaluation using the number of master nodes and
the hop average:Given a feasible solution using the
. greedy algorithm suggested in Section IV-A, the number

Once a solution for the IDSC problem has been comyt master nodes is used as a primary evaluation criterion.
puted, its effectiveness in terms of network lifetime hasrne second criterion is the arithmetical hop average. It is
to be evaluated. As mentioned in section Il, the ”Etwor'%omputed as follows: the minimum number of edges in a
lifetime is interpreted here as the amount of time the WS'\bath from each master, to the sinks is added and this
can work before having to perform an alteration on itssym js divided by the total amount of masters. When two
topology. . ~ solutions have the same number of master nodes, the one

As afirst approach, we propose to model this evaluatioRyjth the smallest hop average is considered as the best.
as a maximum flow problem. By analyzing the amount of Computing the hop average can be efficiently done
energy needed to a sensing activity, to receive a messag?/ using a breadth-first search on the graph The

and to fo(;ward S mess?ge, tdhe energy ,leVTI of eacggorithm starts from the sink node and it stops after
sensor node can be transformed into a maximal amount gf,ing yisited all the master nodes. This evaluation takes

messages that the node can handle. This holds for slavlﬁ, the worst cas®©(|V| + |E|) steps.
bridge and master nodes.

In the second approach, the number of master nodes
and the hop average is used to measure the quality of the _
solution. The primary criterion is the number of masterC. Update weights
nodes. The smaller the number of master nodes the better . . . .

. . . After evaluating a solution, weights associated to each
the solution. Between two solutions with the same number

node are updated. Using the first evaluation, see Sec-
of master nodes, the best one has the smallest hop averagg.n IV-B.1, each node € V is represented by an arc

1) Evaluation using a maximum flow algorithriThe (i1,12) with an associated capacity.ilis a slave node in
algorithm of Ford and Fulkerson [17] is used to computeC'» its capacity is set to a thousand messages. In this case,
the maximum flow. Applying this algorithm requires some the weight associated tois equal to its capacity minus
characteristics on the graph such as an unique origie number of messages routed(by, i2). However, ifi is
(flow departure), and capacities associated to the arcs. TiRebridge or a master node (whose capacity is infinite), its
capacity in a WSN is associated to each sensor node. Weight is simply set to the amount of messages routed by

graph D = (N, A) to perform the maximum flow al- Nodes which have not routed messages, and toward master

gorithm. First, each vertex € V is transformed into and bridge nodes which have routed several messages.

two nodesi; andi, in N connected by an ari,is). Using the second evaluation, see Section IV-B.2,
The nodei, corresponds to the entering version of theweights are set to zero for the nodes chosen as a master.
vertex 7, while the nodei, corresponds to its outgoing For the other nodes, weights are simply incremented
version. A capacity representing the maximum numbein one unit. Using this strategy, nodes with the highest
of messages vertex can afford is associated to each weights have the highest priority to become masters. A
arc (i1,i2) € A. We set a theoretical and approximatedlexicographical order is used to select among nodes with
capacity equal to a thousand messages for slaves, atie same weight.
infinite capacity for master and bridge nodes. It means The convergence of weights to optimal solutions is
that each slave can process at most a thousand messagest. guarantied, since they are a part of the heuristic.
Moreover, each edge = [i,j] € E is transformed into However, as shown in the computational results, the
two symmetric arcgio, j1) and (j2,41) in A. This way, proposed heuristics produce good results. In fact, apglyin
entering nodes receive messages from outgoing nodeseuristic strategies for designing the WSN topology has
Finally, an artificial source node is added to send flowsome advantages. For instance: the algorithms are poly-
and it is connected to each entering nadec V with  nomial. This means that scalability is ensured, as well as
infinity capacity. the topology can be efficiently repaired when a cluster
Using the maximum flow strategy, the paths fromfails. Furthermore, the graph communication structure is
masters to the sink nodes can be studied to give more iflexible, then it can be easily modified to use, for example,
formations about the network data traffic. Ar@s,i2) €  multiple sinks.

B. Evaluation procedures
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V. COMPUTATIONAL RESULTS 20 T Clusters and hop (sl — O

Clusters and hop (random) —H=—

The computational experiments were carried out on ' )
an Intel Core Duo with 1.73 GHz clock and 1Gb of
RAM memory. The algorithms were developed in C. Four
approaches for generating WSN topologies are evaluated.
The first and the second approaches use the maximum
flow evaluation. The difference relies on the choice of
master nodes at each iteration. In the first one, the best
candidates are selected as master nodes. In the second 1
one, master nodes are randomly chosen from the candi-
date list. The evaluation procedure for the third and the 10
fourth strategies is based on the number of clusters and ~ '® ' %0 20 S0 S0 40 A% S0
the hop average. They also differ on the choice of master
nodes at each iteration. In the third approach, the bedtigure 7. Comparison between the approaches using the number o
candidates are chosen as masters, and in the fourth orfd!Ster and the hop average.
masters are randomly selected from the candidate list.

The instances were generated as follof§:nodes are  ggpectively the number of sensors and the radio range.
randomly located on an area o0 x 100m?. [V| varies  For each approach, the running time is given in seconds
from 100 to 500 nodes and the radio range varies fromg the two candidate selections criteria: the best (best)
20 to 60 m. , _ and the random one (random). The evaluation using

Several simulations were carried out. For all of them,mayimum flow is quadratic, while the other one is linear.
the algorithms stopping criterion is the number of iter-gjnce the time to compute a topology is an important
ations which is set to 100. In the first simulation, we point for a WSN, at a first time, the evaluation using
analyze the evolution of the number of clusters when thgne number of master nodes and the hop average is
amount of nodes varies. The results correspond to thg,qre sujtable. Even though, the maximum flow evaluation
instances with a radio range of 20 m. Figures 6 and femains an interesting strategy that can be useful for some

illustrate the results using the four approaches. The be%lpplications and that can be used for giving information
number of clusters are reported for each one. Using thgpqg,t the routing traffic.

maximum flow evaluation (Figure 6), choosing the best

candidates as masters leads to four better solutions, while TABLE I.

two better solutions are found when masters are randomly RUNNING TIME FOR THE FIRST EXPERIMENT
selected. For the evaluation using the number of cluster
and the hop average (Figure 7), results indicate that the| nstances | Maximum flow [ Cluster and hop
choice of best and of random candidates are quite similar. L1V [ range| (best)| (random)| (best) | (random)

16

14 = 51

Number of master nodes
0]

Applying the best and the random choices for candidates 100 4.91 4.94| 0.02 0.02
. . 150 17.33 17.33] 0.03 0.03
leads respectively to two better solutions and one better| 554 2378 73537 003 0.03
solution. 250 87.31 8747 0.05 0.05
300 20 150.84 151.33| 0.06 0.06
20 T e 350 262.66| 26458 0.08 0.06
Max flow (random) —5— 400 412.86 419.36| 0.09 0.09
s 450 690.14 688.11] 0.11 0.09
. 500 977.67 980.81| 0.13 0.13
§ 16 Caa— Let us consider the variability of an algorithm as the
£ - £ 1 difference in terms of objective function value between
§ 14 B & the best and the worst solutions. A robust heuristic pro-
5 duces solutions with a small variability. Table Il illusiea
12 the difference in terms of number of clusters, for the best
and for the worst solution found using each approach.
10 The variability is quite similar for both strategies. The

100 150 200 250 300 350 400 450 500
Number of sensor nodes

approach using the number of clusters and the hop average

with a random choice of candidates has the highest vari-

Figure 6. Comparison between the approaches using the maximwm fl - ability for 5 out of 9 instances. For the other approaches,
4 out of 9 instances have the highest variability.

The main difference between the evaluation using max- In the second experiment, only the third and the fourth
imum flow and the number of clusters and the hop averagstrategies are used since they are more efficient in terms
is the running time. Table | shows the running time for of CPU time. The goal is to observe the evolution of the
generating a hundred solutions. Each line correspondsumber of clusters for the best solution found when the
to an instance. Columng|V|) and (range) represent radio range varies. This experiment has been performed
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TABLE II.

Finally, in the last experiment, a special graph structure
VARIABILITY BETWEEN THE WORST AND THE BEST SOLUTIONS

is considered. It consists of a regular grid which finds
applications, for instance, in agriculture monitoring. In

Instances | Maximum flow Cluster and hop - A

[V] [ range| (best)| (random)| (besy| (random) fact, for a rqu_JIar grid as shown in F|g_ure 10-(a), .the
100 5 5 7 5 greedy heuristic we proposed always finds the optimal
150 5 5 5 5 solution (see Theorem 1). Figure 10-(a) shows the grid,
200 4 6 5 6 and the solution computed by the greedy heuristic is given
250 5 S 6 2 in Figure 10-(b). The sink node, the master nodes and the
ggg 20 g g g g bridge nodes are respectively represented by the black
200 v 5 5 5 square, black circles and circles with a cross.
450 6 7 6 7
500 7 5 5 6 @)

over all the instances.

Results for the instances with 400 and 500 nodes
are displayed in Figures 8 and 9. Results for the othe
instances are similar. We observe that the solutions hav
more clusters when the radio range is smaller. This is
an expected result. Furthermore, for the set of instance
tested, none of the two strategies dominates the oth
one. They both produce good solutions. It means that,
for a practical application, a deeper study is needed using
specific instances in order to define which strategy could
be integrated into the protocol. VI. CONCLUSIONS

o - 2

(2]

-~

Figure 10. Special regular graph.

In this work, WSN are formally designed as a graph
o optimization problem. The problem is associated to a
variation of the independent dominating problem with
connecting requirements, where some given properties
must hold. This is a new optimization approach for clus-
tering a wireless sensor network based on graph theory.
Moreover, four heuristic strategies are proposed in this

20

Number of master nodes

\ work for designing WSN topologies. They are compared
S~ in terms of quality and efficiency. Those heuristics are
5 @ o A promising for several reasons among others: (a) they

rely on basic algorithms whose complexity is polynomial.
Thus, scalability is ensured for networks having a large
20 z w0 3 a0 15 50 55 0 number of sensors; (b) the graph communication structure
e is flexible: for example, the problem is modeled using one
Figure 8. Evolution of the number of clusters varying the sadinge ~ Sink node, but with a few modifications several sink nodes
for the instance with 400 nodes. may be introduced as well; (c) The proposed algorithm
contains three independent steps. Thus, new strategies for
each step can be easily developed and integrated.
2 " Clustersand hop (o0%) —E— The procedures to measure the topology performance
Clusters and hop (random) ———
are as follows. The first and the second procedures use
a maximum flow algorithm. They differ on the choice of
[\ candidates to become master nodes. In the first one, the

15

best candidates are selected. In the second one, candidates
o are randomly chosen. The third and the fourth strategies
\ use the number of clusters and the hop average as evalua-
\ tion procedure. The difference also happens on the choice
s of sensors to become masters: the best candidates (the
’ e third strategy) or a random selection (the fourth strategy)
Results show that the maximum flow strategies consumes
o = o po = = = = - more CPU power than the others. Moreover, between the
Radlo rane third and the fourth strategies, results are quite similar.
Figure 9. Evolution of the number of clusters varying the oadinge As a consequence, for future work, would be helpful
for the instance with 500 nodes. to observe the way those algorithms would perform in

Number of master nodes
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