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Heuristic Backtrack Search Algorithm for Energy-efficient
Clustering in Wireless Sensor Networks

Surgwon Sohn *

2 o

A Al (Constraint Satisfaction Problem)] A7-olAl gle| o], A|<FxAg} A (Constraint
Optimization Problem) & &840 2 £7] Yl Ay £A3le] ZAd4 Whyo] u|-$- Fa3dlt} o|7]Fe] &
g A A HEL S oux] 8491 Adelde BAle FelaE ot 71A=d 2PgA Ax1skE e Al
Atk & = o] Fus FAE 7] YA FH Fey W Al ZNkE E A2 JIHEE ARG
1, pnode e M2 Lae]EE Aok}, o] pnode ¥18]ES A7 7MY B8 HEE o HeE A
gt s} EAlol] SlojA, e Evhe AL S 2E d=rt HAA G 2 Dk A <fnls)
v o] A 3A% nE] At FelaEslE Alx] Y ELeA] F2 2 dl=e dUA] L8772 Bl
ok Hol7] wiitel|, Alx] msidt ope} e aH | =olA] WSk AY AuA] aH|E HAgRIES T
=3 < e o] & =79 Aot} pnode YuElES AHESt] AlEdH ol ¢ A Ak Whge] thE

X

Abstract

As found in research on constraint satisfaction problems, the choice of variable ordering
heuristics is crucial for effective solving of constraint optimization problems. For the special
problems such as energy-efficient clustering in heterogeneous wireless sensor networks, in which
cluster heads have an inclination to be near a base station, we propose a new approach based on
the static preferences variable orderings and provide a pnode heuristic algorithm for a specific

application. The pnode algorithm selects the next variable with the highest preference. In our
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problem, the preference becomes higher when the cluster heads are closer to the optimal region,
which can be obtained a priori due to the characteristic of the problem. Since cluster heads are the

most dominant sources of power consumption in the cluster-based sensor networks, we seek to

minimize energy consumption by minimizing the maximum energy dissipation at each cluster heads
as well as sensor nodes. Simulation results indicate that the proposed approach is more efficient

than other methods for solving constraint optimization problems with static preferences.

» Keyword : Wireless Sensor Network, Heuristic Backtrack Search Algorithm, Constraint

Optimization Problem

| . Introduction

The appropriate variable and value ordering

heuristics are important to solve constraint
optimization problems. Variable ordering heuristics
explain a decision on which branches are searched,
and value orderings describe a decision on which
values are to be assigned to the variables. The
characteristics of variable orderings are that they
can change the tree shape of search space and guide
the search process towards the regions that are likely
to contain solutions. On the other hand, value
orderings affect the of the

Although several good heuristics have been developed

quality solutions.
in previous research(1), finding good heuristics for a
particular problem has been often a matter of
intuition or trial-and-error. Furthermore, it may be
very hard to develop good application-independent
heuristics, and it unlikely to find the
universally best algorithm(2). In order to deal with

this difficulty successfully, Gent et al. proposed a
by which the

seems

definition of constrainedness(3)
construction of heuristics is motivated.

If a problem has a property that the variance of
domain size for each variable is far larger than that
of the connectivity of the variable, the domain size
may change radically from branch to branch by
constraint propagation. To this kind of problems, we
apply the dynamic variable ordering(DVO) heuristics
because the main consideration of DVO is domain
size. If the connectivity property of variables is
dominant in the problem and other properties such

as the variance of domain size are insignificant, the
static variable ordering(SVO) heuristics may have
the best performance because DVOs, which consider
mainly domain size, do not make an effective
contribution to the finding of solutions.

Let us now consider another problem in which the
variance of domain size and the connectivity of
variables are so small that they may be negligible but
there are static preferences for the variables. Static
for the wvariables suggest that new
heuristics ~ called
orderings(SPVOs) are more effective than pure SVO

heuristics or DVOs because SPVOs consider variable

preferences

static  preferences  variable

preferences instead of domain size or connectivity. A
cluster-based heterogeneous wireless sensor network (4]
is known to be a typical problem where cluster heads
need to be installed in some optimal region so as to be
energy-efficient. For this specific problem, we need
SPVOs othe 1 than DVOs or SVOs because there are
location preferences of the cluster heads. Hence, we
propose a pnode algorithm in which the order of the
variables is predetermined according to variable
preference, that is, cluster heads closer to the optimal
region are selected first.

Like the warehouse location problem(5) and the base
station the
clustering problem in the wireless sensor networks can
also  be
optimization problem(7) because the clustering problem
is very similar to the warehouse location problem and it
is NP-hard(8). Kang and Poovendran(9) investigated
energy-efficient broadcast routing mainly from the
viewpoint of MINMAX optimization criteria to maximize

location  problem(6), energy-efficient

modeled as a constraint satisfaction
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the network lifetime, and they demonstrated that the dynamic variable ordering heuristics is dom that

MINMAX  strategy can be a more effective
load-balancing  technique higher
performance than the MINTOTAL strategy. Therefore,
we provide the constraint optimization model of
energy-efficient clustering with the MINMAX method in

heterogeneous wireless sensor networks, and solve it by

and  achieve

constraint propagation with the proposed pnode

backtracking heuristics.

Il. Related Work

The theoretical aspect of clustering problems in
homogeneous sensor networks applied to energy
optimization has been widely studied nowadays(10].
Related studies proposed an algorithm for balanced
k-clustering problems, where &k signifies specific
clusters in the system. Unlike the previous studies,
the optimal assignment of nodes to cluster heads was
performed in cluster-based ad-hoc networks(11]
where focus was placed on maximizing the lifetime of
cluster heads because they are the most critical
network elements from the viewpoint of energy.
Inevitably, the nodes closer to the cluster heads
experience higher traffic and energy consumption
rate. To avoid this unbalanced energy problem, a
cluster-based energy balancing scheme(12) has been
introduced in heterogeneous wireless sensor networks
where a strong node acts as a cluster head. However,
this algorithm does not use a centralized algorithm
but a distributed one, thus it cannot obtain the
optimal energy consumption. On the other hand, the
method of reducing the amount of data transmitted
in each sensor node and cluster head was proposed in
order to lengthen the lifetime of the heterogeneous
sensor network(13).

If the domain size of a problem changes radically
from branch to branch by constraint propagation, we
apply the DVO heuristics to the problem because the
The
k-coloring of a complete graph is a typical example of
this kind of problems(14). One of the best known

main consideration of DVO is domain size.

chooses the next variable with the smallest remaining
domain. Therefore, it is also called smallest domain
first principle. This ordering heuristic was introduced
by Golomb and Baumert(15), and Haralick and
Elliott(16) analytically showed that dom minimizes
the depth of the search trees.

For branches with the same domain size, a
tie-breaker was used by Brelaz to order the
variables for graph coloring problems. It is called
saturation degree algorithm(Dsatur(14)), which
selects the variable with the smallest domain size
and breaks ties by selecting the variable with the
highest degree. Thus, it can be called {dom,deg) as
the tuple name. Smith also improved Dsatur by
adding to it a third tie breaker. If more than one
variable has the smallest current domain size and
the largest future degree, choose the one for which
the domain size amongst its future neighbors is
least. It is called BZ2(15], and she also proposed an
alternative heuristic, which reverses the second and
third tie-breakers. This heuristic is called BZ3
which the variable with the smallest
remaining domain, and break ties by choosing the
variable which has the smallest remaining domain

chooses

amongst its future neighbors, and breaks remaining
ties by choosing the variable with the largest future
degree.

If a problem has mainly a static characteristic and
the variance of domain size is quite small, we have an
intuition that the best algorithms
orderings for this problem are SVO heuristics.

of variable

Location problems(16] are typical problems in which
SVOs are effective. Static variable ordering heuristics
order the variables from the highest to the lowest
degree by repeatedly selecting a variable in the
constraint graph, and the typical algorithm is deg
presented by Freuder(17). For a special problem of
cluster-based heterogeneous wireless sensor
networks, conventional heuristics based on DVO or
SVO may not result in good solutions. In this case,

we instantiate the values to preferred variables first.
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We name these algorithms SPVO heuristics. As one of
the SPVOs, we propose the pnode algorithm, in which
the order of the variables is predetermined according

to variable preference.

Ill. Description of a Problem with Static
Preferences

For motivational purpose, consider LEACH(18) as
a typical cluster-based hierarchical routing protocol
in homogeneous networks, in which all sensor nodes
have the same function and initial energy. In
LEACH, cluster heads are selected according to their
probability threshold value. That is, cluster heads
are distributed quite evenly over the service area.
The optimal number of cluster heads is estimated to
be 5% of the total number of nodes. During the
setup phase, the predetermined fraction of sensor
nodes(e.g., 5%) elect themselves as cluster heads.
Cluster heads change randomly over time in order to
balance the energy dissipation of sensor nodes. This
protocol offers no guarantee of the placement and/or
number of cluster heads. To overcome this problem,
LEACH-Centralized(19]
information about the location and energy level of

was introduced to use

sensor nodes, and good cluster formation was
obtained. This attempts to minimize the amount of
energy for the sensor nodes to transmit their data to
the cluster heads by minimizing the total sum of
squared distances between all the sensor nodes and
the closest cluster heads.

Consider the same radio model discussed in
LEACH for the radio hardware energy dissipation, in
which the transmitter spends energy to run the
radio electronics and the power amplifier, and the
receiver consumes energy to run the radio
electronics. To accurately model the attenuation of
radio waves between the sensor nodes and cluster
heads, radio engineers(20] typically use a free-space

1 /1'2

at short distances in which r is the distance between

model that attenuates the power of a signal to

the sensor node and the cluster head. At longer
distances, the multi-path model is used where the
signal power is attenuated to 1/d* in which d is the
distance between the cluster head and the base
station. If the distance is less than a crossover point
that is called reference distance ry, the free space
model is used. Otherwise, the multi-path model is
used. The reference distance is typically around 100
meters for outdoors low gain antennas 1.5m above
the ground plane operating in the 1-2 GHz band.
Thus, to send a k-bit message through distance r,
radio energy needed in the free space channel is

shown below.

Et.’l; (k,?") = Eelec(k) + Ea.mp (k,?")
=kE, .+ kP;°

elec

where Feee is the power consumed by the
transmitter circuit and a distance-independent term,
whereas Pir® is transmitter amplifier energy and a
distance-dependent term. In the multi-path fading

channel, the total transmission energy is

Et.’l; (k’ d) = Eelec(k) + Eamp (k’ d)
= kEelec + kPmpd4
where Pmpd4 is energy for the transmission

amplifier in the multi-path fading channel. In both

free-space and multi-space fading channels, the
radio consumes energy to receive the message.
Em; (k) — Eele(:(k) — kEele(: ........................ (3)

From the perspective of transmission energy
expressed in Equation (1) and Equation (2), energy
consumption by cluster heads in multi-path channels
is far higher than that by sensor nodes in free-space
channels. The optimal region of cluster heads is the
upper square area in Figure 1, where the service
area of the sensor network is displayed by a square.

Cluster heads have an inclination to be located in
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the upper region of the network service area in the
figure for energy-efficient positioning as the number
of cluster heads increases, where minimum distance
d; = 76 m and maximum distance d> = 132 m.
Unfortunately, this protocol does not consider the
communication energy of cluster heads, in which
at the

setup phase of selecting cluster heads. Thus, cluster

most of energy consumption takes place,

heads are distributed evenly over the service area,
and energy dissipation is not optimized to be
minimal in LEACH-Centralized. It is worthwhile to
note that the locations of the cluster heads are
inclined to be near the base station of a clustered
network. This the

function or soft constraint of determining cluster

happens because objective
heads minimizes the energy consumption of the
clusters in which both cluster heads and sensor

nodes are considered at the same time.

Base Station
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Fig 1. Optimal Region of Cluster Heads

IV. Constraint Optimization Model and
Algorithms of Energy—efficient
Clustering

Let us assume that a set of possible cluster heads
CH = {1

in a static sensor network. In a dynamic network,

..... m } is already given a priori and is fixed
this cluster head selection is performed every round.
Cluster head j can be installed and j € CH. A set of

sensor nodes SN = {I,....n } is also given. Each

sensor node I € SN is assigned to cluster head Jj.
Perfect power control is assumed both in the sensor
nodes and the cluster heads, and traffic load is
uniformly distributed throughout the networks. Now
suppose that X is the consumed energy vector of
cluster heads. X; is the total amount of energy
consumed at cluster head j to send to the base
station a g¢bit data message which comes from the

sensor nodes , and we observe that

AX;' = qnj()th + AX;'rX)

where Xji is a distance-dependent term, and equal
to Fejee + Pmpd4, and Xjy is a distance-independent
term and equal to Fg, + Fejee. 1nj is the number of
sensor nodes assigned to cluster head j. Therefore,
Equation (4) yields

AX;' = qnj(ZEe]ec + Eda + PITJPdJ4>

where d; is the distance between cluster head j to
the base station, and Fig, is the consumed energy for
data aggregation from the sensor nodes within
cluster j. We now consider sensor energy matrix Y,
whose dimension is equal to | CH/x [SNJ/. Yj, the 1.j
entry of the matrix, represents energy dissipation at
sensor node I to transmit a g-bit data message to

cluster head j and is expressed as
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Yif — q( Ee]ecj + PfSIZU) .................................. (6)

where Fe ; is electronics energy for sensor node i
to transmit data to cluster head j, and is the same
as Helec for every 1. 1y is the distance between sensor
node i and cluster head j. Thus, we get the total
dissipated energy of sensor nodes assigned to cluster

Jj as follows.

Yi = E Y;7 = qnjz (Ellerfl +Pfsr%7')

i€l i€l

where [; is a set of sensor nodes assigned to
cluster j. Therefore, the total sum of energy spent on
head j and their

assigned sensor nodes is as follows.

the transmission in cluster

Once matrix Y is computed, the model becomes
very similar to the warehouse location problem of
industrial engineering or the base station location
problem in mobile networks. According to many
papers(6, 21], this problem is NP-hard and we need
good heuristic search methods to get approximate
solutions for large networks within a reasonable
length of time.

maximum energy of cluster heads as well as sensor

When we seek to minimize the

nodes, the objective function using Equation (8) can

be represented as
min{maxicerX; + maxiecnY;)

where X; is Equation (5) and Y is Equation (7).
Let us define x; as a decision variable, which is a
binary variable. It is equal to 1 if sensor node I is
assigned to cluster head j otherwise it is equal to O.
¥; is equal to 1 if a cluster head is installed in j:
otherwise it is 0. For the constraint optimization
model using objective function (9), we can rewrite

Equation (9) above as follows. The first term in the

curly braces in Equation (9) becomes

m anE (VH{qJEEII” ( ZELIH + Ei(z + Rnpd;i') } ....... ( 10)

The second term in the curly braces in Equation

(9) becomes

maX7E(vH{qEI]7(EL]”+Pfsr]27)} ................. (11)
=y
subject to

EIU:L WV IEGN rrerrrrrrmmnnniniin (12)
Jj=1

T <y VIESN, VJECH e (13)
Eyj ke (14)
Jj=1

EI17 < C}_’ VGECH wrevrerremsemsmmsmniins (15)
Jj=1

Iv’,j’l/.je{()?l}? VIiESN, YV jECH weermreee (16)

Constraint (12) makes sure that each sensor node
i is assigned to a single cluster head. Constraint
(13) requires that sensor nodes are only assigned to
the installed
clusters in Constraint (14). Constraint (15) makes

cluster head. k is the number of

the uncapacitated problem into a capacitated
problem. Cjis the capacity of cluster head j, that is,
the maximum number of sensor nodes that can be
handled within cluster j. Intuitively, the value may
be larger than N/k, where N is the total number of
sensor nodes, and k is the number of clusters.
Owing to Constraint (14) and (15), the heuristic
search becomes faster and the search space is
gracefully diminished. To extend network lifetime,
we need to minimize the maximum energy of each
cluster head. In other words, we used the maximum
energy of each cluster head as an evaluation
criterion for the proposed algorithm because the

energy of cluster heads was most important in
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single-hop hierarchical sensor networks. When we
tried the MINMAX method, the maximum energy of
cluster heads decreased continuously as the number
of clusters increased, and this is intuitively natural
because the average energy per -cluster head
decreases as the number of clusters increases.
Although most variable ordering heuristics prefer
the fail-first or smallest-domain-first rule, cluster
heads should be selected from the upper region in
Figure 1. When the variances of domain size and
connectivity are sufficiently small but there are
SPVO

heuristics should be used for the best solutions. As

some preferences for selecting variables,

one of the SPVOs for our heterogeneous wireless
sensor networks, we propose a pnode algorithm, in
which the order of the variables is predetermined
according to the location preference of the variables.
The ordering that cluster heads closer to the optimal
region are selected first embodies the intuition
behind the energy consumption of cluster heads,

which is most critical in total energy dissipation in

the network. Generally speaking, we have
preferences for selecting the next variable.

Once a cluster head has been selected, the
algorithm generates a sensor node for it in a

nondeterministic manner. The model specifies a
heuristic for value ordering where the sensor node
must be tried. To minimize the total amount of
energy in the cluster, the model says to try first
those values that have the closest sensor nodes to
the cluster head. We name this closest-sensor node

first(CSF) as a value ordering rule.

V. Simulation and Discussion

We consider a 100m square service area with a
base station centered at (50,175) and 100 sensor
nodes chosen randomly from uniform
distribution. Let us assume (0,0) as the lower-left

corner and (100,100) as the upper-right corner in

are

the service area. The unit of the coordinates is

meter. Six cluster heads are chosen for installation

out of 30 candidates based on Equation (9) and
Heinzelman's research(19), and they have the same
fixed initial energy. In our experiment, the locations
of the 6 selected cluster heads and 100 sensor nodes

are plotted in Figure 2.

100 *
P *
* .
- *
i . .
60
40
Pl
.‘ cluster heads
- sensor nodes
o -
o 2 40 60 a0 100

T2 2. e7he] ERAH s=2t 100712 HM=e] 2|
Fig 2. Locations of 6 Cluster Heads and 100
Sensor Nodes

We assume that electronic device energy Eelec =
50 nJ/bit, and the parameter of transmit amplifier
energy Pfs = 10 pJ/bit/m2 and Pmp = 0.0013
pJ/bit/m4. Energy for data aggregation is set to Eda
= 50 nJ/bit. The data message is 500 bytes long,
and the packet header for each type of packet is 25
bytes long. Cluster heads just forward data from
assigned sensor nodes to base station. For brevity's
sake, cluster heads use multi-path model and sensor
nodes use free-space model. All the experiments
were done in Pentium I1V/2.4GHz CPU, 2.6 GB RAM
with ILOG OPL 3.7 programming To
illustrate the advantage of the proposed algorithm,

we compare the results of the pnode algorithm with

solver.

those of other wvariable orderings for one round
transmission. Table 1 compares the performance of
some variable ordering heuristics where the number

of clusters is fixed at 6.
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Table 1. A Performance Comparison of Variable
Ordering Heuristics for Energy-efficient Clustering

Heuristics maxX+ Ch9ice Time
maxY (mJ) Points (sec.)

SB? 28.947 55,278 49.33
don?’ 28.249 2,627 2.67
MCCF*® 36.168 2,657 2.48
pnode 20.822 6,866 6.23

SB?® : simple backtracking(pure depth first search)

don? : smallest-domain-first variable ordering(DVO)

MCCF® : most constrained cluster heads first variable
ordering(SVO)

pnode® © proposed static preferences variable ordering

From Table 1, we can see that pnode has the lowest
maximum energy in each cluster but choice points and
computing time need to be enhanced. As one of the pure
SVOs, we tried the most constrained cluster-heads first
(MCCF) variable ordering that chooses the cluster
heads first out of 30 candidates when the connectivity
is highest. dom as a DVO works better than MCCF
since variance of domain size is larger than that of
connectivity. Both dom and MCCF uses random value
ordering because CSF value ordering makes the quality
of solutions worse. But in the pnode experiment, CSF
value ordering works better than random value
ordering. From this point, we understand that each
variable ordering and value ordering is closely related
to the solutions of the problem.

As shown in Figure 2, the locations of cluster
heads are inclined to be near the base station. This
means that the cluster heads are positioned in a way
that the energy use of communication is minimized,
that is, the cluster heads need more energy than the
sensor nodes. On account of this unbalanced energy
consumption, heterogeneous wireless sensor
networks should be the ultimate design architecture

especially in the static sensor networks.

VI. Conclusion

For particular constraint optimization problems
with static preferences such as energy-efficient
wireless  sensor

clustering in  heterogeneous

networks, conventional static variable orderings
have limitations in the quality of their solutions.
Hence, we proposed the pnode variable ordering
heuristic as one of static preferences variable
orderings(SPVOs) to achieve higher performance.
The pnode algorithm chooses cluster heads first
according to location preference in the optimal
region, in which cluster heads and sensor nodes
minimize energy consumption. We also presented a
constraint based on the

MINMAX strategy, which minimizes the maximum

optimization model
energy of each cluster head and sensor nodes
combined. Simple comparison with pure SVO or DVO
shows that the performance of SPVO is higher than
any other heuristics from the viewpoint of the power
consumption in each cluster. Further improvements
are expected in the SPVO in terms of choice points

and execution time.
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