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Abstract. Distributed processing is an essential part of
collaborative computing techniques over ad-hoc networks. In this
paper, a generalized particle swarm optimization (PSO) model for
communication networks is introduced. A modified version of
PSO, called trained PSO (TPSO), consisting of distributed particles
that are adapted to reduce traffic and computational overhead of the
optimization process is proposed. The TPSO technique is used to
find the node with the highest processing load in an ad-hoc
collaborative computing system. The simulation results show that
the TPSO algorithm significantly reduces the traffic overhead,
computation complexity and convergence time of particles, in
comparison to the PSO.

1 INTRODUCTION

Deployment of wireless communication services based on
collaborative computing has recently been considered by
researchers in different areas [1-3]. Collaborative computing
requires ad-hoc networking and efficient distributed processing
techniques to perform complex tasks in a reasonable time.

Particle Swarm Optimization (PSO) [4] is a well known
pervasive optimization technique in artificial intelligence that is
based on behavior of social animals such as bees and birds. In the
PSO technique each individual member of social colony, like a
bird, is called a particle. For example, we observe PSO in a swarm
of birds in a field. Their goal is to find the location with the highest
density of food. Without any prior knowledge of the field, the birds
begin their search in random locations with random velocities.
Each bird can remember the locations that it has found more food,
and somehow knows the locations where the other birds found
large amount of food. Each bird has the choice to decide between
returning to the location where it had found the most food itself, or
exploring the location reported by others to have the most food, the
bird accelerates in both directions somewhere between the two
points depending on whether nostalgia or social influence
dominates its decision. Along the way, a bird might find a place
with more food than it had found previously. It would then head to
this new location as well as the location of the most food found by
the whole swarm. Occasionally, one bird may fly over a place with
more food than have been found by any other bird in the swarm.
The whole swarm would then head toward that location in
additional to their discovery. Soon, all or most of the birds gather
around the location where the highest density of food is there.

To increase the efficiently and performance of different OSI
layers [5], the PSO technique has been used in the literature for

various scenarios [6-10]. Most of PSO applications in
communications have been focused on clustering in ad-hoc
networks aiming to minimize energy consumption [6-8]. In [6] the
authors have applied PSO to cluster head selection and in [7] it has
been used for distance based clustering of wireless sensor
networks. Also in [8] the algorithm was used to optimize the cost
and coverage of clustering in mobile ad-hoc networks. Many other
applications for PSO in communications such as IP multicasting
and channel assignment have been mentioned in [9]. Utilizing the
PSO in ad-hoc networks increases flexibility, adaptation and
robustness. While being simple, it can also introduce enormous
traffic and computation overhead to the network and may lead to
long convergence time. The traffic overhead is the number of extra
packets needed to be transmitted over the network to accomplish
the optimization task. The computation complexity overhead is the
time (number of iterations) needed by a node to process the
particles gathered over it.

In this paper, we introduce a generalized PSO model for
communication networks. Then, based on the PSO model, we
propose trained PSO (TPSO) for ad-hoc networks as a new
technique to support collaborative computing networks. Using the
proposed models, we simulate PSO and TPSO techniques in an ad-
hoc network to find the node with the highest processing load.
Finally, we compare the traffic overhead, computation complexity
overhead and convergence time of the techniques.

2 GENERALIZED PSO MODEL

PSO system model consists of P number of particles and unique
particle IDs (PIDs) which are randomly distributed over the
problem solution space. The solution space, S, is the set of all
possible solutions for the optimization problem. Depending on the
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Each particle stores the value and location of the best solution
found so far, called the local best (LB). Also all particles are aware
of the value and location of the best solution found by all other
particles, called the global best (GB). Assuming synchronized
timing and unique speed among the particles, the optimization is
performed during I iterations. At each iteration the particles
compare the LB and the GB to choose a direction independently
based on the distance differences from current location to the GB
and to the LB locations. The distance between two locations,

(Sll, S;) and (Slz, S22) , for N =2 is given by
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Particles consider nostalgia, w,, and social influence, w;, for
deciding their directions. The weights, w, and w,, describe the
importance of nostalgia and social influence for particles, where w,
+ w, = 1. We define the following expression for deciding the
direction

.. . |LB if (wd,z-wd,)<0
direction is .
GB if (wd,,—wd,)>0

Where, for each particle, d;5 is the distance from the current
location to the LB and d; is the distance from the current location
to the GB. After specifying the direction the particle moves toward
the decided destination which is the location of the LB or the GB.
During the optimization process, the GB is updated when a
solution with higher fitness value is found by a particle. After”
iterations the particles gather (or converge) on the location with the
highest fitness value and the algorithm terminates which is referred
to as the termination criteria 1. When the particles converge, the
value of the GB is considered as the solution of the optimization
problem. To avoid infinite loop in cases of having more than one
GB value and also managing the execution time of the PSO
algorithm, we set a relatively large number as the maximum

iteration number, Fmax in compare with elements of solution space.

When the process is stopped by reaching Fmax , called termination

criteria 2, the GB with highest population of particles over it is
chosen as the solution for the optimization problem. Table 1 shows
the general PSO algorithm.

Table 1. The generalized PSO algorithm

1: Initialize and distribute particles

2: Loop while not (termination criteria 1 and 2)
3:  For each particle:

4 If (LB > GB)

5: Replace GB and LB
6: Calculate LB
7

8

9

1

Decide the direction towards LB or GB
Move to new position
End of for
0: End of loop

3 TPSO FOR AD-HOC COLLABORATIVE
COMPUTING

Because of distributed nature of particles, the proposed PSO
model is suitable for efficient distributed processing with different
objectives. Figure 1 shows the distributed nodes of an ad-hoc
collaborative computing system. The movement of particles in an
ad-hoc network introduces high traffic and computation complexity
overhead. Also it may take a long time to converge. The traffic
overhead is caused by movement of particles and their related
information such as history of the LB. To reduce the overheads, we
introduce the TPSO technique. TPSO is an improved PSO
algorithm which the values of w,, w; and P are defined based on the
requirements of the system using a training system. The idea is to
adapt the particles behavior in order to benefit from the system
limitations such as limited number of routes that a particle can take
or the number of particles that can be over a single solution (node).
We assume a perfect training system is responsible for training the
particles of the PSO algorithm. As it will be shown in the
simulation results, training the particles reduces the traffic and
computational complexity overheads and also significant reduces
the convergence time.
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Figure 1: Ad-hoc collaborative computing network model.

In the collaborative computing system we consider an ad-hoc
network consisting of randomly distributed nodes in a two-
dimension (N = 2), X-Y, landscape. The nodes in the network
support multi-connections to their neighboring nodes and are able
to transmit the data to the destination using shortest path routing
method. The solution space is equal to positions of nodes and is
stored in a sparse matrix as following

1 ifanodeexistinxe X,yeY
S, = (C)
710 else

The distance is measured using eq. 2 and the number of particles
is less than the number of nodes. As it will be shown in the
simulation results, the number of particles in PSO contributes to
the convergence time of PSO algorithm but in TPSO the
convergence time does not significantly change by the number of



particles. However, low number of particles in the system may lead
to sub-optimal results.

At the beginning of the TPSO process, the particles are
randomly distributed among the nodes. In the network, the packets
move only through the single available route between each two
neighboring nodes. Since the solution space is equal to the position
of nodes, and is a sparse matrix, it is not expected to find any
solution between two neighboring nodes. Therefore, the movement
of particles between two neighboring nodes that is caused by
uncertainty between nostalgia and social influence will not lead to
finding of a new LB or GB value. By manual training, we force the
particles to always follow the social influence (choosing the GB as
the next destination) using the following configuration: w,=1, w,
= 0. This configuration will avoid redundant movements of the
particles between two neighboring nodes; hence it will reduce the
traffic and computation complexity overhead. Furthermore, as it
will be shown in the simulation results, the particles converge in a
constant number of iterations. This is because of constant
maximum distance between every two nodes, movement of all
particles towards an identical node and hopping from one node to
another in a single iteration.

Figure 2 shows the flowchart of the TPSO algorithm for an ad-
hoc collaborative computing network. The particles are
implemented on each node using an identical software agent, called
the particle process (PP). It is responsible to calculate, compare and
update the LB and the GB values as well as moving the particle
towards GB. The GB updates are done using a broadcast algorithm
in the network layer. Since the updating is performed occasionally,
we neglect the caused overheads. The PP of a node runs only when
at least one particle is over that node. Therefore, increasing number
of particles over a node will increase the computational complexity
overhead. Particles move between two nodes by using a flag,
carried by the data packets circulating in the network. The flag
indicates when to run a PP process in a node and also is used for
counting the PIDs over a node. Since particles move among the
nodes using the data packets, their movement and directions
depend on the availability of connection among the nodes.

In TPSO, all particles on a node have similar destination which
is the GB location or the next hop towards the GB location. To
further reduce the traffic over head and computation complexity on
a node, the particles are batched in single super particle which is
the aggregation of all the particles on the node but with a new PID
that is known to the PP processes. Then the super particle acts
similar to the normal particle in the network and at each node it is
treated as sum of particles when calculating the number of PIDs in
PP. Using super particles will gradually reduce the number of
particles in the system, P, as the TPSO process continues. The
TPSO terminates when one of the termination criteria, explained in
section 2, is met. Reducing the network traffic will reduce the
computation overhead on each node by requiring fewer packets to
be processed. Using the big-oh notation, we assume the
computation complexity of the PSO on a single node is in order of
O(g(I")) where g(I") is the complexity function for I iterations
on each node. The complexity will increase to O(Qg(1")) when Q
number of particles (Q < P) overlap on the node. In TPSO, since Q
and I' are reduced by using the super particles, the PP will run

fewer times and computational complexity over a node will
decrease.
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Figure 2: Flowchart of the TPSO algorithm for ad-hoc
collaborative computing network.

4 SIMULATION RESLUTS

In this section we consider an ad-hoc collaborative computing
network with 50 nodes in a 100 by 100 landscape and 30 particles
which are randomly distributed over the nodes. The nodes use
shortest path routing algorithms for transmitting packets between
the nodes. We simulate the proposed PSO and TPSO algorithms to
find the node with the highest processing load. The results can be
fed to different algorithms such as loading-based routing algorithm



[11]. The fitness function, f{x,y), is equal to the load of a node in
location of (x,y). The load of a node is a measure of number of
tasks (i.e. packets) that needs to be processed and we assume it
remains constant during the optimization process. The processing
load of a node in (x,y) with U number of task queues, is given by

U
f('x’ y) = Z Lx,y,u (5)

u=1
where L., is the size of the u-th task queue. In Table 2 we
introduce the packets used in the system Assuming that each data
occupies only one byte, the size of packets for each packet type is
calculated. We do not consider the overhead caused by the routing

protocol of network layer.

Table 2.
PSO and TPSO packet sizes and description used in the
simulation.
Packet | Packet
size in size in
TPSO PSO

Packet type Description

For
broadcasting
the value and

location of the

GB.

For moving the
particle from
one node to
another node.
For PSO it
contains PID,
LB location
and value and
destination
address. For
the TPSO it
only contains
PID.

A unique
packet to
indicate
optimization
termination

GB_Broadcast

P_Move 1 4

Terminate 1 1

Figure 3 shows a snapshot of the proposed TPSO algorithm. The
weights on each node represent the measure of processing load on
that node and the distributed circles on the nodes show the
particles. As the process progresses, the particles converge over the
node with the highest load. Based on the termination criteria
explained before, the algorithm broadcasts the found solution to the
other nodes when all particles have converged over a node or
maximum number of iterations has been reached.
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Figure 3: Snap shot of TPSO in ad-hoc collaborative computing
network with 50 nodes and 30 particles showing particles a) before
convergence, b) after convergence.

Figure 4 shows the difference of the average traffic overhead
caused by P_Move packets of PSO and TPSO in the mentioned ad-
hoc network. The reduction of the traffic overhead is due to
carriage of less data from node to node. As a result of training all
the particles to always move towards the node with the GB value
and do not return to LB location. However the GB location may
change during the optimization process but at each interval all the
particles in the system are heading towards the same destination
which the current GB. As mentioned before, in TPSO, when there
is more than one particle over a node, they are considered as one
super particle. Since each super particle is treated similar to a
particle, using super particles will reduce number of packets
needed to be transmitted.
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Figure 4: Comparison of PSO and TPSO traffic overheads for
different number of particles over 50 distributed nodes.

In figure 5 we compare the average convergence time for PSO
and TPSO based on our simulation results for different number of
particles. As explained in section 3, when using TPSO the particles
converge over the optimization solution with near constant number
of iteration in comparison to PSO.
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Figure 5: Comparison of convergence speed for TPSO and
PSO techniques for different number of particles over 50
distributed nodes.

5 CONCLUSION

In this paper we introduced a generalized PSO algorithm for
communication networks. Using the introduced PSO model, we
proposed TPSO as an efficient optimization algorithm for ad-hoc
collaborative computing networks. The PSO and TPSO techniques
were simulated over distributed nodes to find the node with the

highest processing load. The simulation results show the
convergence time of TPSO is almost constant while the traffic and
computational complexity over a node is reduced in comparison to
PSO.
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