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Clustering Algorithm in Mobile Ad Hoc Networks

Anna Gorbenko

Department of Intelligent Systems and Robotics
Ural Federal University

620083 Ekaterinburg, Russia
gorbenko.ann@gmail.com

Vladimir Popov

Department of Intelligent Systems and Robotics
Ural Federal University

620083 Ekaterinburg, Russia
Vladimir.Popov@usu.ru

Abstract

In this paper we consider an example of usage of SAT solvers for the
problem of sensor placement as a testbed for intelligent algorithms. In
particular, we consider a clustering algorithm in mobile ad hoc networks.
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The problem of sensor placement (SP) received a lot of attention recently
(see e.g. [1, 2]). Note that many different formalizations of sensor placement
is extensively used for improved robotic navigation (see e.g. [3, 4, 5]). In
particular, visual landmarks problems are extensively studied in contemporary
robotics (see e.g. [6, 7, 8, 9]). In papers [10, 11, 19] the authors considered some
algorithms to solve logical models (see also [13, 14, 15]). Also, we have obtained
explicit reductions from SP to MAXSAT, SAT and 3SAT (see [2, 16]). In
this paper we consider an example of usage of SAT solvers for SP as a testbed
for intelligent algorithms. In particular, we consider a clustering algorithm in
mobile ad hoc networks. In [17] proposed a genetic algorithm for improvement
of the performance of clustering algorithms in mobile ad hoc networks. In this
section, we consider the genetic algorithm. Following [18], we suppose that the
network formed by the nodes and links can be represented by an undirected
graph G = (V, E) where V represents the set of nodes vi and E represents the
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set of links ei. Let dist(v, v′) be the distance between v and v′. Let range(v) be
the transmission range of node v. We need to minimize the cardinality of set U
such that ∪v∈UN [v] = V where N [v] = ∪v′∈V,v′ �=v{v′ | dist(v, v′) < range(v)}.

It is easy to see that G, dist(v, v′), and range(v) allow us easily define S,
N , R, and F (x) (see [2]). So, we can consider any instance of the problem of
clustering in mobile ad hoc networks as an instance of SP.

The Weighted Clustering Algorithm selects U based on the weight Wv of
each node v where

Wv = w[1]Δv + w[2]Dv + w[3]Mv + w[4]Pv,

Δv = |dv − δ|, dv = |N [v]|,
Dv =

∑

v′∈V,v′ �=v,dist(v,v′)<range(v)

dist(v, v′),

Mv =
1

L

L∑
l−1

√
(Xl − Xl−1)2 + (Yl − Yl−1)2,

w[1] + w[2] + w[3] + w[4] = 1,

Pv is the cumulative time of a node being a clusterhead, δ is a pre-defined
threshold, (Xl, Yl) and (Xl−1, Yl−1) are the coordinates of the node v at time
l and l − 1, respectively (see e.g. [18]). The node v with the minimum Wv is
chosen to be the clusterhead.

Note that in [17, 18] used arbitrary values of w[1], w[2], w[3], w[4] such that
w[1] + w[2] + w[3] + w[4] = 1. SAT solvers for SP allow us to obtain optimal
value of clusterhead placement. This value we can use for some self-learning
algorithm (see e.g. [19]) for selection of w[1], w[2], w[3], w[4].

We consider a simple genetic algorithm (for details refer to [20]) for evolving
a population of values of

(w[1], w[2], w[3], w[4]). (1)

We use optimal value of clusterhead placement for calculating fitness values for
chromosomes. Also we consider a genetic algorithm for evolving a population
of multilayer perceptrons that use G to predict values of (1) a genetic algorithm
for evolving a population of recurrent neural networks that use all values of G
to predict values of (1). Also we consider slightly modified genetic algorithm
that proposed in [17]. In particular, instead of Roulette Wheel method we use
another genetic algorithm for evolving a population of fitness functions that
use optimal value of clusterhead placement for calculating fitness values for
chromosomes. Let C be the optimal value of clusterhead,

C(1) be a number of clusterhead that obtained using random values of w[1],
w[2], w[3], w[4],
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C(2) be a number of clusterhead that obtained using a simple genetic algo-
rithm,

C(3) be a number of clusterhead that obtained using multilayer perceptrons,

C(4) be a number of clusterhead that obtained using recurrent neural net-
works,

C(5) be a number of clusterhead that obtained using recurrent neural networks
and population of fitness functions.

Let A[i] be the average value of C(i)
C

for 1 ≤ i ≤ 5. Selected experimental
results are given in Figure 1.

V A[1] A[2] A[3] A[4] A[5]
100 1.746 1.693 1.514 1.114 1.114
300 1.794 1.729 1.536 1.116 1.114
600 1.862 1.771 1.563 1.119 1.115

Figure 1: Experimental results for different genetic algorithms

References

[1] A. Gorbenko, M. Mornev, V. Popov, and A. Sheka, The problem of sensor
placement for triangulation-based localisation, International Journal of
Automation and Control, 5 (2011), 245-253.

[2] A. Gorbenko, M. Mornev, V. Popov, and A. Sheka, The Problem of Sensor
Placement, Advanced Studies in Theoretical Physics, 6 (2012), 965-967.

[3] A. Gorbenko, A. Lutov, M. Mornev, and V. Popov, Algebras of Stepping
Motor Programs, Applied Mathematical Sciences, 5 (2011), 1679-1692.

[4] A. Gorbenko, V. Popov, and A. Sheka, Robot Self-Awareness: Temporal
Relation Based Data Mining, Engineering Letters, 19 (2011), 169-178.

[5] A. Gorbenko and V. Popov, Anticipation in Simple Robot Navigation and
Learning of Effects of Robot’s Actions and Changes of the Environment,
International Journal of Mathematical Analysis, 6 (2012), 2747-2751.

[6] A. Gorbenko and V. Popov, On the Problem of Placement of Visual Land-
marks, Applied Mathematical Sciences, 6 (2012), 689-696.



1242 A. Gorbenko and V. Popov

[7] A. Gorbenko and V. Popov, A Real-World Experiments Setup for Investi-
gations of the Problem of Visual Landmarks Selection for Mobile Robots,
Applied Mathematical Sciences, 6 (2012), 4767-4771.

[8] A. Gorbenko and V. Popov, The Problem of Selection of a Minimal Set of
Visual Landmarks, Applied Mathematical Sciences, 6 (2012), 4729-4732.

[9] A. Gorbenko and V. Popov, Computational Experiments for the Problem
of Selection of a Minimal Set of Visual Landmarks, Applied Mathematical
Sciences, 6 (2012), 5775-5780.

[10] A. Gorbenko and V. Popov, Programming for Modular Reconfigurable
Robots, Programming and Computer Software, 38 (2012), 13-23.

[11] A. Gorbenko and V. Popov, The set of parameterized k-covers problem,
Theoretical Computer Science, 423 (2012), 19-24.

[12] A. Gorbenko and V. Popov, Task-resource Scheduling Problem, Interna-
tional Journal of Automation and Computing, 9 (2012), 429-441.

[13] A. Gorbenko and V. Popov, The Longest Common Parameterized Subse-
quence Problem, Applied Mathematical Sciences, 6 (2012), 2851-2855.

[14] A. Gorbenko and V. Popov, The Binary Paint Shop Problem, Applied
Mathematical Sciences, 6 (2012), 4733-4735.

[15] A. Gorbenko and V. Popov, On the Longest Common Subsequence Prob-
lem, Applied Mathematical Sciences, 6 (2012), 5781-5787.

[16] A. Gorbenko and V. Popov, On the Problem of Sensor Placement, Ad-
vanced Studies in Theoretical Physics, 6 (2012), 1117-1120.

[17] D. Turgut, S. K. Das, R. Elmasri, and B. Turgut, Optimizing clustering
algorithm in mobile ad hoc networks using genetic algorithmic approach,
IEEE Global Telecommunications Conference, 1 (2002), 62-66.

[18] M. Chatterjee, S. K. Das, and D. Turgut, WCA: A Weighted Clustering
Algorithm for Mobile Ad hoc Networks, Cluster Computing, 5 (2002),
193-204.

[19] A. Gorbenko and V. Popov, Self-Learning Algorithm for Visual Recogni-
tion and Object Categorization for Autonomous Mobile Robots, Lecture
Notes in Electrical Engineering, 107 (2012), 1289-1295.

[20] K. F. Man, K. S. Tang, and S. Kwong, Genetic Algorithms: Concepts and
Designs. Springer, Berlin, 1999.

Received: September, 2012


