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Figure 13. The path traveled by the mobile robot back in the first environment.
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Figure 14. The behaviors of the maximum fitness for mobile robot navigation in a dynamic
environment.

environment remained static for 9 more generations. The old behaviors were re-
evolved to give the result shown on the right hand side of Figure 11. Then, the
target was moved from (4, 4) to (4, 3), while the obstacle remaining at (1.5, 1.5).
This change took place after 109 generations and remained static for 139 gener-
ations. The evolved path can be seen on the left hand side of Figure 12. After
148 generations, the obstacle was moved from (1.5, 1.5) to (2, 1.5). The target
remained same at (4, 3). This environment remained static for another 55 genera-
tions. The evolved behaviors from the old behaviors gave the result shown on the
right hand side of Figure 12. Finally the target and the obstacle were restored back
to the original positions. The final result is given in Figure 13. Note that in each
change of the environment, the old behaviors were re-evolved to adapt to the new
environment without resetting the algorithm, until the evolution was stopped after
500 generations. Figure 14 shows how the maximum fitness of the two methods
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Figure 15. The performance comparison between the proposed method and the conventional
method using the indicator of adaptability.

behaves in the dynamic environment. In Figure 14, “changes” drawn in dashed
lines denotes the time at which the obstacle or the target changes their positions.
It is evident that the fitness of the best individual of the proposed method achieves
higher values than the conventional method with less time. One other important
point to be noticed from Figure 14 is that the fitness of the best individual of
the proposed method does not drop as much as that of the conventional method.
This is very important to optimize the usage of computational resources. The com-
parison of the adaptation rates using the indicator of adaptability is depicted in
Figure 15. The indicator of adaptability as described earlier measures the rate of
convergence to evaluate the adaptability of the evolutionary algorithm in a given
environment. According to Figure 15, the proposed method converges faster than
the conventional one, given a new environment. That means, the proposed method
has better ability to converge fast to new environments and restore back when the
environment restores to the initial condition, depicting its evolvability in dynamic
environments. The reason underlying the difference is basically due to the diversity
enhancement by the chaotic mutation mechanism in the proposed method. In the
conventional method (Bick and Schewefel, 1993), the performance is quite com-
parable with the proposed method in the first environment, but it deteriorates as the
environment changes.

6. Conclusions

The main issue addressed in this paper was the ability of an EA to adaptively
modify the behaviors of a mobile robot in changing environments. Related to this
objective, the most important features desired were the robustness and adaptation
rate of the EA in changing environments. In the proposed method, a new EA with a
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chaotic mutation mechanism and a strategic move mechanism was applied. It was
analytically shown that the diversity based mutation mechanism could enhance
the speed of convergence. Furthermore, the chaotic mutation mechanism helped to
control the diversity of the population that ensures robustness of the process of evo-
lution. The performance of the proposed method was quantitatively compared with
that of a conventional method using an indicator of adaptability that measures the
rate of convergence of the EA in a new environment. The proposed indicator value
increased both with the increasing rate of convergence and the difference between
the final maximum fitness achieved by the best individual and its initial fitness in
the new environment. Figure 15 graphically shows the variation of the indicator of
adaptability of both the methods in each environment. It gives quantitative evidence
to support that the proposed method has better adaptability in changing environ-
ments. Graphical view of the evolutionary history shown in Figure 14 also supports
this conclusion. The practical benefit of this kind of evolutionary adaptation is that
the behaviors can be globally optimized in changing working environments that is
often encountered by the industrial robots. Local search algorithms may find it very
difficult to globally optimize the behaviors. Furthermore they tend to take a longer
time than EAs to converge to a global optimum. Therefore, the proposed approach
can improve the working efficiency and robustness of the behaviors in uncertain
working conditions.

Yet, the EAs have an inherent drawback of using extensive computational re-
sources. The fast convergence property of the proposed algorithm tries to alleviate
this problem. The convergence speed can be further increased by initializing the
weights of the FNNs of the behavior based controller, using an expert observer’s
experience. Furthermore, the advantage of sustaining enough diversity of the popu-
lation helps to have many alternative solutions in the new environment and it helps
to use the existing knowledge in further evolution. In practical situations, one other
problem is the effective evaluation of behaviors. In the proposed method, a fuzzy
set based evaluation is performed so that the human linguistic terms of evaluation
can be easily incorporated. Therefore the evaluation of behaviors can be easily
made very close to the evaluations of a human observer that often leads to the
evolution of meaningful behaviors.

One other limitation of the proposed method is that it needs some knowledge
about the kinematics of the robot.

In the simulations, we used circular obstacles for simplicity. In practice, the
obstacles can be irregular. Yet this will not pose a threat because in the optimization
process, these irregular obstacles can be approximated to be polygonal obstacles
and consider the center of gravity in place of the center of circular obstacles.
Then the evaluation criteria of obstacle avoidance has to be slightly modified to
consider the dimensions of the long and short axis’s of the polygonal obstacle.
The advantage of the ability to modify and incorporate such new features in the
behavior evaluation of the proposed EA plays an important role in this kind of
practical problems. Therefore, we would like to introduce the proposed method as
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a practically efficient and flexible method to evolve globally optimum behaviors of
mobile robots in changing environments.

Furthermore, the proposed method is difficult to be applied to continously mov-
ing obstacles. Of course the fuzzy behavior based controller will produce some
control action for continuously moving obstacles, yet it may not be globally op-
timum. The evolution in continuously changing environments is kept as future
research and we would like to keep it out of the scope of this paper.
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