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Abstract

Anovel bionic swarm intelligence algorithm, called ant colony algorithm based on a blackboard mechanism, is proposed to

solve the autonomy and dynamic deployment of mobiles sensor networks effectively. A blackboard mechanism is introduced

into the system for making pheromone and completing the algorithm. Every node, which can be looked as an ant, makes one

information zone in its memory for communicating with other nodes and leaves pheromone, which is created by ant itself in

nature. Then ant colony theory is used to find the optimization scheme for path planning and deployment of mobile Wireless

Sensor Network (WSN). We test the algorithm in a dynamic and unconfigurable environment. The results indicate that the

algorithm can reduce the power consumption by 13% averagely, enhance the efficiency of path planning and deployment of

mobile WSN by 15% averagely.
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1 Introduction

With the dramatic development of WSN, the mo-
bile WSN, which can be deployed movably and con-
veniently in sensed area, become a new research focus
for its mobility. Mobile WSN can be applied into a wide
range of applications, such as dynamic observation and
monitoring systems, battlefield assessment and man-
agement, union attack ammunition etc. Compared with
mobile WSN, stationary sensor network has several
disadvantages. Because of the fixation of stationary
WSN, as long as the positions of nodes are deployed
once, then the coverage area is fixed and cannot be ad-
justed automatically. And failure of the sensor node may
lead to disconnection of the whole networks which
cannot be mended. When the task is changed or the
working conditions altered, stationary senor network
cannot be reconfigured, so it is difficult to maintain the
stationary sensor network. Furthermore, in order to en-
sure the connections reliability, excrescent nodes are
usually needed. Mobile WSN can overcome the above
shortcomings of stationary sensor network. Therefore,

Corresponding author: Ping Song
E-mail: sping2002@bit.edu.cn

many researchers focus on the research of mobility
WSN1

However, mobile WSN like traditional WSN has
some limitations including power, computation abilities
etc. These limitations must be considered when design-
ing the hardware and software system of mobile WSN.
Low power consumption, low cost and low complication
are desired in WSN.

Generally, there are hundreds of mobile nodes in
the sensor network, which can be seen as a swarm of
mobile ants. So the complicated system looks like one
biology-system, and biological-colony optimal theory
can be used to optimize the working of system. It is a
remarkable significance for the mobile sensor network,
because every node equips with only one limited battery.
Cutting down the consumption of energy and improving
the energy-efficiency are very important for prolonging
the life of node and system. As typical biological-colony
theory used in WSN, the ant colony algorithms have
drawn great attention from researches'®*\. The charac-
teristic of biological-colony, which individually is lim-
ited in capabilities but as a whole is complex and flexible,
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is scalable and robust. The collective behaviour of bio-
logical species provides a natural model for distributive
problem solving without any extra central control or
coordination. The ant colony algorithms have been
widely used to solve the routing problem in mobile WSN

10,11
01 However the

and planning path in swarm robots!
research using ant colony algorithms to solve the de-
ployment of mobile WSNss is rare.

The planning path and dynamic deployment of
mobile WSN is a complex and principal technology for
functioning of the system. In order to adjust the position
of nodes or change the observation and monitoring sites,
all the nodes should have mobile ability. Several ap-
proaches have been proposed to solve the problem, but
the results are not very suitable. For example, random
deployment is used to place the nodes in the network, but
it is not the optimal measure because it is not very eco-
nomical. DT-Score is aimed to maximize the coverage of
a sensing area, but only a triangle scheme is adopted and
two phases, which may be too complex for bat-
tery-supplied WSNis, are needed"'?. OFRD can improve
the efficiency of deployment only for regular obstacle
sensing areal >, When applied in practice, this method
maybe unsuitable in an unknown environment. In this
paper, a novel biology swarm intelligence algorithm,
called ant colony algorithm based on a blackboard
mechanism, is proposed to solve the autonomous and
dynamic deployment of mobiles sensor networks effec-
tively. In this method, the ant colony algorithm is sim-
plified and modified specially for the mobile WSNSs. It is
the first time using ant colony theory integrated with
blackboard mechanism to deploy nodes in an unknown
environment.

2 Ant colony optimization algorithms

Ant colony optimization algorithms proposed by
Dorigo M!"* is a novel heuristic evolutionary optimiza-
tion algorithm.

As shown in Fig. 1, A is defined as nest, D is de-
fined as food, line BC is defined as obstacle; the Dagp
and Dacp denote the distances between A and D along
different routes Rapp and Racp respectively. We assume
Dagp>Dacp. IF an ant is at a choice point when there is
no pheromone, it will make a random choice to select
either Rapp or Rycp with a probability of 0.5 (Fig. 1a).
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Fig. 1 Simulation of ant finding food behaviour in nature world.

At the same time, the ant will leave pheromone accord-
ing to the distance of its journey. The longer the journey,
the less the pheromone left by the ant. How to dispose
pheromone is a positive feedback mechanism to recruit
more ants so that more pheromones are disposed on the
shorter path. However, the evaporation of pheromone is
a negative feedback to reduce the pheromone strength.
When other ants meet the choice point again, they will
choose the route with much more pheromone, that is to
say, they will choose the upper probability way. On the
other hand, the pheromone on the other way will
evaporate gradually with time. Fig. 1b and Fig. 1c de-
note that, after a short time, because of Dagp>Dacp,
more and more ants choose Racp with more pheromone
than Rapp. With the time consumption, ants will choose
Racp with higher and higher probability. Finally, as
shown in Fig. 1d the whole ant colony will find the op-
timal way Racp to get the food. The ant colony theory
model can be narrated as follows.

The probability pl,’j‘. (¢) representing the probability
ant £ move from point i to point j, can be calculated as

follows
a B
k [z, (D] [ Ef )] i callowed,
P (0= Z scallowed, [z, (D] -[n,(D)] ey
0, else
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where 7;(¢) is the intensity of pheromone leaving by
passing ants at time #; #;(¢) is the expectation which ants
move from point i to point j; allowedy is point set which
ant k can choose next step; a is the information heuristic
factor and £ is the desired heuristic factor.

1
()y=—, 2
1; (1) a ()
where dj; is the distance from point i to point j; for ant &,
d;; is shorter, the value of #;(f) and pl.'; (?) is higher.
The pheromone on the way can be updated as fol-

lows
7, (t+n)=(1-p)-7,(0) + A7, (1) , 3)
Az, (1) = im; ® , (4)

where p is an evaporating coefficient of pheromone,
p < [0,1]; Ar;(¢) represents the increment of route(i, j) in
one cycle; Arg (¢) is the increment of ant & leaving on
the way. Az';‘, (t) can be updated as follows

AT Lg’ if ant & pass route(i, )
7 (=94 .

0, else

©)

In this model, the global updating strategy is
adopted. Q is the intensity of pheromone; L is the total
distance ant £ has walked in one cycle.

3 Optimal path-planning using modified ant
colony algorithm

3.1 Model of modified ant colony algorithm

In order to test our modified ant colony algorithm, a
map with obstacles is built as the scene for the working
system. As shown in Fig. 2, a square field (600 m % 600
m) is built. The departure point locates at the bottom left
corner of the map, the destination point locates at the top
right corner, and the black blocks are obstacles on the
path. The grid method which is used in the map to show
the position and value is expressed by Eq. (6). In Eq. (6),
m is the number of grid rows and 7 is the number of gird
columns in the map. If there is an obstacle in the field,
‘1’ will be set in the mapping matrix. On the other hand,
‘0’ will be used to represent free environment.
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Fig. 2 The initial environment for simulation.

All the artificial ants will move from the departure
point to the destination point. Every artificial ant can
detected the obstacles in the range of 10 m according to
the detection capability of node in mobile WSNs. When
detecting an obstacle on the way, the artificial ant will
choose the route according to the pheromone. If there is
no any pheromone available, the artificial ant will
choose a way randomly. In this model, the updating of
pheromone is decided by the total distance of every route.
The distances of different routes maybe different, so the
pheromone left by artificial ant is different. The obvious
possible routes are shown in Fig. 3. At the initial time,
several artificial ants are assigned to the obvious possi-
ble route and initial pheromone is distributed on every
route. Then other artificial ants are sent to the destination
again. After several cycles, more and more pheromone
will be left on the shortest route, although the evapora-
tion of pheromone is processing. The optimal path can
be found soon and remainder artificial ants taking the
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large percent in the ant colony will move towards the
destination along this optimal path. In order to apply the
method into practice, the efficiency, brevity and econ-
omy of the algorithms must be considered. So some
details in the basic ant colony algorithms are neglected
in this modified model.

The classical ant colony algorithm needs pheromone
to choose the optimal path, but the practical situation is
often that there is no available pheromone. So a black-
board mechanism is introduced into the system for
making pheromone and completing the algorithm. All
the mobile nodes can communicate and exchange in-
formation each other on the virtual blackboard through
wireless media.
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Fig. 3 All the obvious possible routes in an obstacle environment.

3.2 Modified ant colony algorithm

In the modification of ant colony algorithm, a taboo,
which used in the basic ant colony algorithm, is aban-
doned. In order to cut down the calculating time and
avoid getting local optimal result, the global strategy of
updating pheromone is adopted. The transferring prob-
ability of each step of artificial ant is not calculated in the
algorithm; only the selected probability of one complete
path is taken into account.

The length of every path can be gotten as follows

d,(NC)=>"J(xl, =), =3+ (0l = YO — D)
=1

()

where d(NC) is the length of path / at cycle time NC;
(x!,!) is the coordinate of point (i, j) on the path /.
The heuristic function, which shows the degree of
heuristic information, is taken into consideration by the
artificial ant in choosing the path. The function is

1

m,(NC) :m )

®)
where the #,(f) and d(NC) are inversely proportional.
That is to say, the longer the path, the lower the prob-
ability to get chosen. The updating of pheromone left on
the path by artificial ant is carried out after it has reached
the destination point. The pheromone on the path is
derived as follows

7 (NC+1)=(1-p)-7,(NC)+ Az, (NC) ,  (9)

where p is the evaporating factor of pheromone and 1—p
is the residual factor. Az(NC) is the increment of
pheromone at cycle time NC on the path / and is decided
as follows
g, if path / is chosen
A7, (NC)=<1, (10)
0, else

With the above factors, the probability for path / to
be chosen by an artificial ant can be calculated as
[7,(NO)I* -[n, (tNC))’

(NC) = >
p ( ) z scroute set [TIs (NC)]“ : [771x (NC)]ﬂ

an

where p/(NC) is the probability; a and S is the heuristic
factor of information and heuristic factor of expectation
that artificial ant chooses the path /. In this model, every
path can be selected at any cycle time, so p(NC) is not
always equal to zero only when the pheromone is empty.

3.3 Modified ant colony algorithm used in the

dynamic deployment

How to find the optimal path is a key problem in the
dynamic deployment of mobile WSNss. It is an important
significance that for the prolonging life time of the
whole system. We propose the modified ant colony al-
gorithm aimed at mobile WSNs and consider the prac-
ticability into the algorithm. The main steps of this
modified ant colony algorithm are explained below.

Step 1: To initialize the scene of background for
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artificial ant.

A map with obstacles is built as Fig. 2, in which
some obvious routes are given out at initial time. The
initial pheromone, Az(NC) = 0 and other parameters are
initialized.

Step 2: To choose the route according to the pher-
omone.

According Eq. (11), every artificial ant chooses one
route. If an obstacle is detected on the way, the ant will
move randomly towards a free adjacent point. A route
table is generated to memorize the path information.

Step 3: To update the pheromone on every path.

The pheromone on a path is changed according to
Eq. (9). If the path is not been chosen, according to
Eq. (10), the quantity of pheromone on the path will
evaporate with time.

Step 4: To generate the moving path for artificial
ant.

Eq. (11) shows how to use the heuristic distance

information and pheromone to generate the feasible path.

Then, go to Step 2.

Step 5: Output the optimal path.

When the termination condition of algorithm is
fulfill, the modified ant colony algorithm will stop run-
ning and export the optimal path for the mobile node in
sensor network. The information will be written on the
virtual blackboard in the special memory space of mo-
bile node and broadcasted by wireless media to other
nodes in the WSNs. The blackboard is used to notify
other residual nodes to get to the optimal path.

Step 6: Deploy the node of mobile WSNSs.

According to Step 5, all the other nodes choose the
optimal planning path to complete the deployment of
mobile WSNs.

4 Results and discussion

After the scene was built, a simulation with 600 m
x 600 m field was carried out to test the performance of
the modified ant colony algorithm. The number of arti-
ficial ants in the colony is 20; p =0.7; o =1 and f = 5.

Fig. 4 shows the moving path with the cycle
time is 1. All the artificial ants depart from the original
point and move towards the destination point. With
the cycle time growth, more and more artificial ants
choose the shorter path, as show in Fig.5 and Fig. 6.
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Fig. 4 The moving path at cycle time 1.
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Fig. 5 The accumulative trace of artificial ant at cycle time 10.
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Fig. 6 The accumulative trace of artificial ant at cycle time 30.
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As shown in Fig. 7, an optimal path between the original
point and the destination point has been found with the
cycle time of 50.
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Fig. 7 The output of optimal path at cycle time 50.

In this dynamic deployment model of mobile
WSNs, every mobile node can be seen as an artificial ant,
so the modified ant colony algorithm used to plan the
optimal path is practicable. Compare with the basic ant
colony algorithm and some other Ant Colony Optimi-
zations, the convergence of the proposed algorithm is
better"”. In this algorithm, only about 30 steps are
needed to get the optimal result, while for most other
algorithms, more 100 steps are required to find the op-
timal result. Furthermore, the computational complexity
is usually high in some deployment algorithms''®, yet
this modified algorithm is still low. These modified
measures improve the performance of algorithm greatly.

Figs. 8 and 9 show the comparisons between the
performance of the modified ant colony algorithms and
random deployment method under the same conditions.
In Fig. 8, the solid lines are the deployment time when
adopting random deployment method in 30 cycles with
random path. The line with stars represents the de-
ployment time of the modified ant colony algorithm for
optimal path. We can see that there is about 6 % to 25 %
time saving with average of 15 % when the modified ant
colony deployment is adopted. Furthermore, Fig. 9
shows that there is an average of 13 % power saving with
maximal 25 % and minimal 4% saving under the same
conditions. In Fig. 9, the solid lines are the power-

consumption when adopting random deployment
method in 30 cycles with random path, and the line with
stars is the power-consumption of the modified ant

colony algorithms for optimal path.
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Fig. 8 Comparison of performance efficiency between the

modified ant colony algorithms and random deployment.
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Fig. 9 Comparison of power-consumption between the modi-
fied ant colony algorithms and random deployment.

5 Conclusions

Mobile WSN, which generally includes many
nodes, is similar to a complex biology-system. Re-
searches on the deployment of mobile WSNs have been
conducted, but the practicability aimed at WSNs was
considered insufficiently!”\. In this paper, a novel bionic
swarm intelligence algorithm, called ant colony algo-
rithm based on a blackboard mechanism, is proposed to
solve the autonomous and dynamic deployment of mo-
biles sensor networks effectively. Every mobile node in
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the sensor networks, which can be looked as an artificial
ant, makes one information zone in its blackboard
memory for communicating with other nodes and leaves
its pheromone. The ant colony algorithm is used to find
the optimal scheme for path planning and deployment of
mobile WSN. We test the algorithm in one dynamic and
unconfigurable environment. The results indicate that
the algorithm can reduce the consumption of power by
about 13%, enhance the efficiency of path planning by
about 15% and deployment of mobile WSN and make
the working system quicker.
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