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Abstract: The constraint problem can be transformed to an optimization problem. Particle swarm optimization (PSO) is a
new evolutionary computation technique. Although PSO) possesses many attractive properties, but it lacks global search a-
bility at the end of the run. This paper introduces a hybrid approach called the TPSO) that simultaneously applies particle
swarm optimization (PS0), and tabu search (TS) to create a generally well - performing search heuristics, and combat the
problem of premature convergence. In the new algorithm, we consider candidate solutions and their fitness as individuals,
which based on their recent search progress, the tabu search cause each particle to reset its record of its best position , to a-
void making direction and velocity decisions on the basis of outdated information. The feasibility of the proposed method is
demonstrated on Solving Geometric Constraint Problems.
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begin
initialize
while (not terminate - condition) do
begin
for (all individuals)
evaluate fitness
for (PSO particles)
calculate new velocity vectors
switch (Tabu. table) if no recent improvement

move
for (Tabu table)

Step 1. Create an initial solution 7 at random. Set 7 *
=7 and £=0.

Step 2. Sct k=11 and generate a subsc;t V% of solu-
tions in N(i,£) such that either one of the tabu conditions #(i,
m) € Tr is violated (r=1,+++,2) or at least one of the aspiration
conditions ar(i,m) & Ar(i,m) holds (r=1,+,a).

Step 3. Choose a best j=i @m in V * (with respect to
objective function f) and set i=j.

Step 4. If (i) <C f(ix) then set i* =i.

Step 5. Update tabu and apsiration conditions.

Step 6. If a stopping condition is met then stop. Else go
to Step 2.

find possible new neighboring solution

compare fitness for the new solution

shift to new solution with probability p

end

end
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Bk #R
1 TPSO 12 113
PSO 11 605
2 TPSO 18 928
PSO 18 608
3 TPSO 8 462
PSO 8 147
4 TPSO 625
PSO 613
5 TPSO 15 377
PSO 15 055
6 TPSO 12 113
PSO 11 605
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