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An Artificial Life Model Based on Neural Networks for Navigation of
Multiple Autonomous Mobile Robots in the Dynamic Environment

RS TR
(Suk-Ki Min, and Hoon Kang)

Abstract : The objective of this paper is, based upon the principles of artificial life, to induce emergent
behaviors of multiple autonomous mobile robots which complex global intelligence form from simple local
interactions. Here, we propose an architecture of neural network learning with reinforcement signals which
perceives the neighborhood information and decides the direction and the velocity of movement as mobile robots
navigate in a group. As the results of the simulations, the optimum weight is obtained in real time, which not
only prevent the collisions between agents and obstacles in the dynamic environment, but also have the mobile

robots move and keep in various patterns.

Keywords : artificial life, autonomous mobile robots, neural networks, flocking, obstacle avoidance
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Fig. 1. Sensor range of an AMR.
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Fig. 18 (a) Weight trajectory of the AMRs I, (b)
Oscillation of weight nearby the opti-
mum weight.
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Fig. 19 (a) Weight trajectory of the AMRs II,
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(b) Absolute error trajectory.

Hugzd
R. A. Brooks, “Behavior humanoid robotics,”
Proc. of Int. Conf on IROS. pp. 1-8, 1996.

< I

19969 Ful Aol AT B9,
19964-84 FUs AIAZ s
HAH, BY Lok 1R 2, 3]
ANZY 3 A, A4, Az

e A

HO - Kisat - AREiEst =2A

HM5H H2E5 199 2

[2] C. Langton, “Artificial life” in Artificial Life, C.
Langton (ed.), Addison-Wesley, pp. 1-47, 1989.

[3] M. J. Mataric, “Designing emergent behaviors:
from local interactions to collective intelligence,”
Proc. Znd Int. Conf. on Simulation of Adaptive
Behavior, pp. 432-441, 1993.

[4] C. R. Kube and H. Zhang, “Collective robotic
intelligence,” Proc. 2nd Int. Conf on Simulation
of Adaptive Behavior, pp. 460-468, 1993.

[6] C. W. Reynolds, “Flocks, herds, and schools: a
distributed  behavioral model,” Proc of
SIGGRAPH, pp. 25-34, 19%7.

[6] O. Miglino, H. H. Lund and S. Nolfi, “Evolving
mobile robots in simulated and real environ-
ments,” Artificial Life, vol. 2, no. 4, pp. 417-434,
MIT Press, 1996.

(7] A7, AR ZE, “AE o)F ZHF AP
qE” =5 HA 2 AT A" s3(KFIS), 974
= FAgENS =F3, vol. 7, no. 2, pp. 83-86,
1997. ,

[8] J. A. Freeman and D. M. Skapura, Neural
Networks: Algorithms, Applications, and Progra-
mming Techniques, Addison-Wesley, 1991.

[91 M. T. Hagan and H. B. Demuth, Mark Beale,
Neural Network Design, PWS Publishing, 1996.

[101 J. S. R. Jang, C. T. Sun, and E. Mizutani,
Learning from Reinforcement, Neuro-Fuzzy and
Soft Computing, pp. 258-300, Prentice Hall, 1997.

[111 R. S. Sutton, “Learning to Predict by the
Methods of Temporal Differences,” Machine
Learning, vol. 8, pp. 9-44, 1988.

[12] C. J. C. H. Watkins and P. Dayan, “Technical
Note : Q-Leaming,” Machine Learning, vol. 8,
pp. 279-292, 1992.

o
o

l982d A&l AREST 2, B
8 4AH1984), GEORGIA INST.
OF TECH. F8¥A1(1989) 199243
39-84 ZdUsa AA4H7 38

R RESe 19979 ARk WA



