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Abstract

This paper presents the use of a multi-objective evolutionary
algorithm (MOEA) for solving a closed-loop time-optimal path
planning problem. The MOEA is a result of the integration
between three types of chromosome coding schemes: Gray,
Real-value and integer-based coding schemes in conjunction with

a multi-objective Evolutionary algorithm (MEGA). The MOEA is

benchmarked against the MOEA and a random search in the
path planning problem which is treated as a multi-objective
optimization problem. In this case, the planning problem is
represented by a position control task which is given to a 3-dof
revolute joint robot. From the optimization viewpoint, the decision
variables consist of the magnitude of torque limits for each joint
and the initial and final positions of a fixed length path at which
the robot end effector has to track. The corresponding search
objectives are thus expressed in terms of the position tracking
error and trajectory time. The simulation results suggest that the
integer-based coding scheme is more suitable at representing the
decision variables and the real-valued Chromosome coding
scheme is more suitable to improve the search results when

using a more effective Crossover and Mutation Methods.
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a7 2 Faensedl 7
a9t 2 a9t 5
PARETO OPTIMAL SOLUTIONS FROM CASE | - GRAY CODE PARETO OPTIMAL SOLUTIONS FROM CASE Il - GRAY CODE

Random Search MOEA Random Search MOEA
t SMAE t SMAE t SMAE t SMAE
0.21 0.14613 0.25 0.07003 0.25 0.07145
0.22 0.12512 0.22 0.11324 0.26 0.05950 0.26 0.05799
0.23 0.10976 0.23 0.10090 0.27 0.05298 0.27 0.04235
0.24 0.09433 0.24 0.08179 0.28 0.03582 0.28 0.03104
0.25 0.07003 0.25 0.06801 0.29 0.02312 0.29 0.02182
0.26 0.05950 0.26 0.05544 0.30 0.02224 0.30 0.01649
0.27 0.05298 0.27 0.04156
a7 3 a7 6
PARETO OPTIMAL SOLUTIONS FROM CASE | - REAL CODE PARETO OPTIMAL SOLUTIONS FROM CASE Il - REAL CODE
Random Search MOEA Random Search MOEA
t SMAE t SMAE t SMAE t SMAE
0.21 0.14630 0.25 0.07003 0.25 0.07145
0.22 0.12512 0.22 0.11960 0.26 0.05950 0.26 0.05849
0.23 0.10976 0.23 0.09940 0.27 0.05298 0.27 0.04740
0.24 0.09433 0.24 0.09940 0.28 0.03582 0.28 0.02950
0.25 0.07003 0.25 0.09940 0.29 0.02312 0.29 0.01859
0.26 0.05950 0.26 0.01200 0.30 0.02224 0.30 0.01840
0.27 0.05298 0.27 0.04800
a9t 4 i 7
PARETO OPTIMAL SOLUTIONS FROM CASE | - - INTEGER- PARETO OPTIMAL SOLUTIONS FROM CASE Il - INTEGER-
BASED CODE BASED CODE
Random Search MOEA Random Search MOEA
t SMAE t SMAE t SMAE t SMAE
0.21 0.14403 0.25 0.07003 0.25 0.06986
0.22 0.12512 0.22 0.12255 0.26 0.05950 0.26 0.05371
0.23 0.10976 0.23 0.10061 0.27 0.05298 0.27 0.04686
0.24 0.09433 0.24 0.08789 0.28 0.03582 0.28 0.03014
0.25 0.07003 0.25 0.06955 0.29 0.02312 0.29 0.01994
0.26 0.05950 0.26 0.05415 0.30 0.02224 0.30 0.01760
0.27 0.05298 0.27 0.04084

t - Trajectory time (second)

SMAE - Sum of mean absolute tracking errors (rad)
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