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RANDOM WEIGHT-BASED ANT COLONY OPTIMIZATION

ALGORITHM FOR THE MULTI-OBJECTIVE OPTIMIZATION

PROBLEMS

I.D.I.D. Ariyasingha

ABSTRACT

This thesis concentrates on analysing, improving and developing ant colony optimiza-

tion algorithms for solving multiple objectives. Initially, the thesis reviews the recently

proposed ant colony optimization algorithms which have been introduced for optimizing

multiple objectives simultaneously. Then, it analyses the performances of these multi-

objective ant colony optimization (MOACO) algorithms when applied to some combina-

torial optimization problems.

Therefore, the performances of the MOACO algorithms are analysed by applying them

to several benchmark instances of the traveling salesman problem (TSP). It considers

various objectives, such as two, three and four objectives, and changes the number of ants

and number of iterations for understanding their effects on the performances of MOACO

algorithms. The results of the detailed analysis have shown that some MOACO algorithms

achieve better performances. Also, their performance slightly depends on the number of

ants, the number of objectives and the number of iterations used in the colony.

Then, the thesis analyses the performance of some recent multi-objective ant colony opti-

mization algorithms by applying them to sixteen benchmark problem instances of the job

shop scheduling problem (JSSP) on up to 20 jobs × 5 machines. Also, it considers two,

three, and four objectives and it optimizes four criteria – makespan, mean flow time, mean

tardiness, and mean machine idle time – simultaneously. Furthermore, different numbers

of ants are used in a colony, to see their effects on the performance of the algorithms.

The results obtained have shown that the performance of some multi-objective ant colony

optimization algorithms depend on the number of objectives and the number of ants.



This thesis proposes a new ant colony optimization (ACO) algorithm named the random

weight-based ant colony optimization algorithm (RWACO) to solve multiple objectives

simultaneously. The RWACO algorithm is based on the ant colony system (ACS) algo-

rithm and uses randomly generated weights for each objective associated with heuristic

information which is called the random weight-based method. Each weight finds solu-

tions in the specific part of the Pareto front. RWACO algorithm uses different weights

for each objective in each iteration. Finally, the randomly generated weights defined for

heuristic information, obtain solutions by covering the whole Pareto-optimal front.

The performance of the newly proposed algorithm, RWACO, is evaluated by comparing it

with more recent MOACO algorithms when applied to the three combinatorial optimiza-

tion problems: the traveling salesman problem (TSP), the job shop scheduling problem

(JSSP) and the quadratic assignment problem (QAP). According to the results obtained

with these studies, it has been shown that the RWACO algorithm achieves better perfor-

mances than all the other MOACO algorithms considered in these studies. Furthermore,

the RWACO algorithm obtains well-distributed Pareto front than all the other MOACO

algorithms considered in this thesis.

According to the results obtained in this thesis, the Pareto strength ant colony optimiza-

tion (PSACO) algorithm obtains better performance for the TSP and the JSSP. However,

it obtains the third best performance for the TSP and the JSSP and returns the solutions

only in the central part of the Pareto front. Therefore, the random weight-based method,

which has been introduced for the RWACO algorithm, is applied to the PSACO algorithm

to examine its effects on the performance of the PSACO algorithm. The performance is

evaluated by applying it to the traveling salesman problem. The experimental results have

shown that the PSACO algorithm performs better when the random weight-based method

is applied. Also, the new PSACO algorithm obtains the well-distributed Pareto front and

the distributed solutions than the original PSACO algorithm.
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