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Abstract Combined with the 1dea of the particle swarm optimization (PSO) algorlthm the ant colony

Introduction

Russl Eberhart and James Kennedy [1] initially propose
an approach for modeling inspired from social and cultur,
their aptitudes to organization and to solve problems.
technique [2][3].

g Salesperson Problem (TSP), the
¢ is applicable to a much larger range of
problems In an explicit form thls 1n51ght w i#hed by the creation of the Ant Colony

i Pi Caro [6]. Gutjahr carried out a proof of ACO

The analytical investigati : ACO algorithms is still a very new issue at the
moment, there are alread 1lts available, and they promise that a large amount of
e next years. Some of the existing results already allow
ms with counterparts from the field of Evolutionary

°w directions and applications.

at we will test consists of joining ACO and PSO to build a hybrid new
approach problem. As soon as one passes from the question of convergence of an
algorithmic on to that of the speed of convergence, one cannot expect anymore to obtain very
general resultg” This is a consequence of the so-called”no-free-lunch theorems” which basically state
that for each algorithm that performs well on some optimization problems, there must necessarily be
other problems where it fails to be efficient.

The aim of the present article is to introduce a new PSO ACO paradigm based on which results of
the outlined type can be derived in a mathematically sound way, to present already available results, to
give an introduction into the techniques by which these results have been obtained, and to outline their
scope of application.

The paper is organized as follows: Section 2 introduces the social intelligence paradigm with a
focus on social insects. Section 3 presents the PSO and ANT based optimization since these
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techniques are the key issues of our proposal. In section 4 we detail the A.S.PSO, Ant Supervised by
PSO algorithm. The paper is concluded in section 5.

Accomplishments of the Social Insects

An insect may have only a few hundred brain cells, but insect organizations are capable of
architectural marvels, elaborate communication systems, and terrific resistance to the threats of
nature. Extrapolating from Lorenz’ descriptions of the fixed action patterns, the stereotypical”
instinctive” behaviors of organisms, Wilson theorized that the dazzling accomplishments of ant
societies could be explained and understood in terms of simple fixed action patterns, which, Wilson
discovered, included behavioral responses to pheromones, chemicals that possess a kingdes
can be detected by other ants.

The study of complex systems and the rise to prominence of computer simulaja

PSO

The initial ideas on particle swarms of Kennedy (a sog i Eberhart (an electrical
engineer) were essentially aimed at producing comptational intglligefice by exploiting simple
analogues of social interaction, rather than purely indiv
[1] were influenced by Heppner and Grenander’s w inydlved analogues of bird flocks
searching for corn. These soon developed [1] 2 mization method, Particle Swarm

Optimization (PSO).
In PSO a number of simple entities, the particlc d in the search space of some problem or
function, and each evaluates the Qjgve fun&@ion at its current location. Each particle then

@ ombining some aspect of the history of its own

as been found so far, then the coordinates are stored in the second vector, p, .
The value O§@Be best function result so far is stored in a variable that can be called pbest,

(for ”previousg’best”), for comparison on later iterations. The objective, of course, is to keep finding
better positions and updating p, and pbest, . New points are chosen by adding v, coordinates to x, ,

and the algorithm operates by adjusting v, , which can effectively be seen as a step size.

The particle swarm i1s more than just a collection of particles. A particle by itself has almost no
power to solve any problem; progress occurs only when the particles interact.

Vji,t+l = WV;, + ClRl (le[ - X;z) + C2R2 (P]ltg - X;z) (1)
Xj’,t+1 = X;z + Vji,z+1 (2)

Where j=1,...,n,1=1,...,N, and are two positive constants, and are random values in range [0, 1]
and
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® W is the called inertia weight of the particle. This is employed to control the impact of
previous history of velocities on the current velocity, thus to influence he trade-off between
global and local exploration abilities of the particles. A larger inertia weight w facilitates
global exploration while a smaller inertia weight tends to facilitate global exploration while a
smaller inertia weight tends to facilitate local exploration to fine-tune the current search area.
Suitable selection of the inertia weight w can provide a balance between global and local
exploration abilities requiring less iteration for finding the optimum on average. A nonzero
inertia weight introduces.

The preference for the particle to continue moving in the same direction as in the previous

iteration.
® (R andC,R, are called control parameters. These two control parameters dete

of x rises and falls slowly over time.
® ¢ is the position of the global best particle in the population,

move towards the optimum, The important part in MOPSO4 i best global
particle P"¢ for each particle i of the population. In si e global best
particle is determined easily by selecting the particle thatas t t positidn. But in MOPSO,
P"¢ must be selected from the updated set of no \ stored in the archive
4., . Selecting the best local guide is achieved 1 estGlobal (4,,, , X,) for
each particle 1.

® P'is the best position that particle i coyld find so like a memory for the particle i
and keeps the non-dominated (best) po the particle by comparing the new position

X!, in the objective space with P’ (

particle 1).
ACO
A metaheuristic that belongg/n ominent and most frequently applied techniques
for search and heuristic opti d its development fifteen years ago out of the seminal work
by Dorigo et al.[4][5]: th o the solution of combinatorial optimization problems.
Originally motivated b e the wellknown Travelling Salesperson Problem (TSP),

nized that their technique is applicable to a much larger range

ittorio Maniezzo, and Alberto Colorni showed how a very simple
ing behavior could be used to optimize the travelling salesman problem.

problem, which has proved to be an NP-hard. In the TSP, the objective is to find the salesman’s tour to
visit all the N cities on his list once and only once, returning to the starting point after travelling the
shortest possible distance. Additionally, we assume that the distance from city i to city j is the same as
from city j to city i (symmetrical TSP). A tour can be represented as an ordered list of N cities. In this
case, for N>2 there is N!/2N different tours (the same tour may be started from any city from among N
cities and traversed either clockwise or anti-clockwise).

Procedure ACO

1. Initialize pheromone trails 7, ; on the edges (i,)) of ¢;

2. For iterationm=1,2,...do
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For agents=1,...,S do
set 1, the current position of the agent, equal to the start node of C;
set u, the current partial path of the agent, equal to the empty list;
3. While a feasible continuation (i, j) of the path u of the agent exists do
select successor node j with probability p, ,
where
p; =0, if continuation (i,j)is infeasible, and
b= SRAQ)
YD 8T w)
where the sum is over all feasible continuations (i, r), otherwise;
continue the current path u of the agent by adding edge (i, j) to u and setting i=}
end while
4. Update the pheromone trails 7, ; ;

5. End of Two For
® Where the values 77, (1) are called heuristic information valu

® Contrary to7,; , the quantities 77,(u) are allowed to d on the @€ partial path u
traversed, as indicated by the argument u.
® The function g combines pheromone trail and heug formati e most popular choice

1S :

gm.m)=7%7"
with parameters & >0 (often chosen as & =1) an

3)

update of the pheromone trails is
Rant optimizer called”Ant Supervised by

Ant Colony2

Fig. 1. Search space

The Ant Colony Supervised By PSO Algorithm (A.S.PSO)

Our proposal is to make PSO supervising an ant optimizer. In this paper we propose an Ant colony
algorithms supervised by Particle Swarm Optimization to solve continuous optimization problems.
Traditional ACO are used for discrete optimization while PSO is for continuous optimization
problems. Separately, PSO and ACO shown great potential in solving a wide range of optimization
problems.

Aimed at solving continuous problems effectively, this paper develops a novel ant algorithm ”Ant
Supervised by PSO” (A.S.PSO) the proposed algorithm can reduce the probability of being trapped in
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local optima and enhance the global search capability and accuracy. An elitist strategy is also
employed to reserve the most valuable points. Pheromone deposit by the ants’ mechanisms would be
used by the PSO as a weight of its particles ensuring a better global search strategy. By using the
A.S.PSO design method, ants supervised by PSO in the feasible domain can explore their chosen
regions rapidly and efficiently.

1) Initialization particle swarm

2) Ant Initilization of spaces and their respective research

3) Run the Ant (iteration n) and find the best solution

4) To assimilate the best solutions to particles PSO

5) To iterate PSO
( Start )

A 4

Initialize Global Search

1)Number of sub-search Space
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Fig. 2. Procedure A.S.PSO
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First we start by initializing the search in light of research in space, the number of iterations for
PSO and the cost function. The second step is to initialize the ant, the cost of this function and
assimilate an ant for each PSO particle. Thereafter we proceed to simulate the ant algorithm and
integrate the best solution to the ant than the PSO. Finally we will evaluate the best local solutions and
the best position of the PSO. The last step is to change the speed and position of particles PSO, and the
positions that of Ant. If conditions are satisfied we reach the end if not we go back to the third stage.

Since walk has symmetry characteristics, we assigned sub-Ant, respectively to the left foot and to
the right one. Both must cooperate to ensure a generation of the joints trajectories ensuring a stable
walking. The joins considered here are the hip, the knee and the ankle joints.

The 1nference graph of the particle swarm is concelved as follows: The memory partlcles are

of swarm 0 communicate it’s position to both particles (p0.1) and (p0.3), it gathers 3
positions’ of these particles. Particle (p0.3) has only the position of (p0.2). PO i

not C.
Conclusion

In this paper we introduced first the PSO and ACO algog e developed our proposal
called A.S.PSO; issued from a habitation of both techng st of the ACO and to

TSP; it will be used also to optimize the control of a hu

The model of the locomotion system is to be extende i ree of freedom including a new
and complicated particles representation called . nduct more testes to evaluate and
enhance The A.S.PSO proposal methodology.

A humans have an natural knowledge of the th mits, even in the cases of amputation the
human still assuming his leg or arm i s O longer part of the body. For its locomotion
system, [ZIman, will better includ a limited degree of freedom, such a model is
useful to help the robot to optigiz b different criteria such as global time and energy
minimizing; as a human thig carry on simulations to optimize his strategies choices
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