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Figure 1 Probabilistic finite state machine.
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Figure 2 1000 x 1000 square simulation environment (targets are
evenly distributed in the environment, red dots represent targets,
surrounding colors represent fitness distribution, and green dots denote
robots).
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Figure 3 The local view of the initial state of the random map (blue
represents the target, black represents the false target, and green
represents the individual robot).
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Figure 4 Flow chart of probabilistic finite state machine search algorithm based on adaptive distributed control.
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Figure 8 Comparison of DPFSMS and PFSMS in extreme maps.
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Adaptive intra-group cooperative control based multiple-target search
method for swarm robotics in boundless environment

12,3

TAN Ying"”®, CHEN RenLong"” & ZHAI TianYi'

" School of Artificial Intelligence, Peking University, Beijing 100871, China;
2 Key Laboratory of Machine Perception and Intelligence (MOE), Beijing 100871, China;
3 Institute for Artificial Intellignce, Peking University, Beijing 100871, China

The multi-objective search problem is one of the most important research aspects of swarm robots. The majority of existing research
focuses on the multi-objective search problem in bounded space, whereas in the boundless environment, the existing work’s
exploration mechanism leads to excessive group dispersion and weakens the exploration ability. A multi-objective search algorithm
for swarm robots with high robustness and adaptability in a boundless environment with false targets is proposed by introducing an
adaptive diffusion regression strategy. First, we optimize the existing multi-objective search algorithm of mainstream swarm robots
from the aspects of the initial state and false target processing. Based on the distributed control of the robot, this study optimizes the
adaptive swarm robot particle swarm optimization algorithm and proposes the distributed adaptive robot particle swarm optimization
algorithm. Then, based on the Probabilistic Finite State Machine based Strategy (PFSMS) algorithm, this study investigates the multi-
objective search algorithm in a boundless environment, adding the return state as an additional state to the original three states of
PFSMS, using exploration time as the starting point to investigate effective search algorithms in a boundless environment, and
proposes An Improved Simplified Three-State PFSM (DPFSMS). When the agent’s exploration time exceeds the threshold, the
velocity of the agent is made up of regression and diffusion (search) components. The algorithm essentially provides a walking
strategy in large blank areas of the boundless environment and reduces the randomness of the speed in this area by adaptively
adjusting the agent group’s diffusion speed. Finally, DPFSMS is compared against existing Multiple-Target Search Algorithms; in our
experiments, the DPFSMS algorithm has achieved the best effect in the comparative experiment.

swarm robotics, search multiple targets, boundless environment, false target, swarm intelligence
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