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Swarm Control of Distributed Autonomous Robot System based on
Artificial Immune System using PSO
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Abstract: This paper proposes a distributed autonomous control method of swarm robot behavior strategy based on artificial
immune system and an optimization strategy for artificial immune system. The behavior strategies of swarm robot in the system
are depend on the task distribution in environment and we have to consider the dynamics of the system environment. In this
paper, the behavior strategies divided into dispersion and aggregation. For applying to artificial immune system, an individual of
swarm is regarded as a B-cell, each task distribution in environment as an antigen, a behavior strategy as an antibody and
control parameter as a T-cell respectively. The executing process of proposed method is as follows: When the environmental
condition changes, the agent selects an appropriate behavior strategy. And its behavior strategy is stimulated and suppressed by
other agent using communication. Finally much stimulated strategy is adopted as a swarm behavior strategy. In order to decide
more accurately select the behavior strategy, the optimized parameter learning procedure that is represented by stimulus function
of antigen to antibody in artificial immune system is required. In this paper, particle swarm optimization algorithm is applied to
this learning procedure. The proposed method shows more adaptive and robustness results than the existing system at the
viewpoint that the swarm robots learning and adaptation degree associated with the changing of tasks.
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Fig. 1. The performance property of the immune system.
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Table 1. The roll of T-cell in the various environmental condition.
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Table 2. The corresponding relationship between the swarm robot
system and variables of artificial immune system.
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Fig. 2. Proposed immune network including T-cell and B-cell
model for distributed autonomous control of swarm robot.
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Fig. 3. Stimulus function of antigen to antibody (g;) by trials.
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