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Aggregation of Swarm Robots Using Evolutionary
Probabilistic Finite State Machine
o Yoshiaki KATADA (Setsunan University)

Abstract : This paper proposes to use evolutionary computations to design probabilistic finite state machine for the
controller on an aggregation problem of swarm robotics. This problem formulated as an optimization problem was solved by
the PSOs. Several computer simulations were conducted to investigate the validity of the proposed method. The results
obtained in this paper show to us that the proposed method is useful for the aggregation problem and the best optimized
controllers are interpretable and scalable. This would be transferable to real swarm robots problems.
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2. Particle Swarm Optimization
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Fig. 1: State transition diagram of the PFSM
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Fig. 4: Set up for computer simulation: Initially, swarm

Fig. 5: Subsumption architecture[5] with the PFSM
robots are always placed at the center.
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Fig. 6: State transition diagram of the PFSM for ag-

gregation
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(b) R=5.0

Fig. 8: State transition diagram of the best optimized
PFSM
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Table. 1: Performance of the best controllers on fo

N
10 20 30 40
theory | 13.50 | 54.65 | 123.5 | 220.33
R =25 11393 | 59.99 | 140.80 | 5060.16
R=15.0 | 14.06 | 59.09 | 136.02 | 269.626

(a) (R, N) = (2.5,30) (b) (R,N) = (2.5,40)

Fig. 9: Final positions of the swarm robots with the
best optimized PFSM
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