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AGYV active landform exploration and perception
in an unknown outdoor environment

ZHANG Wei', GE Quanbo’, LIU Huaping’, SUN Fuchun’

(1. Logistics Engineering College, Shanghai Maritime University, Shanghai 201306, China; 2. School of Electronics and Information
Engineering, Tongji University, Shanghai 201804, China; 3. Department of Computer Science and Technology, Tsinghua University,
Beijing 100084, China)

Abstract: The recognition of a complex landform environment by an intelligent robot has been the frontier problem of
research in the field of robotics applications. The motion modes adopted by mobile robots differ between landforms, so
the selected motion mode is crucial for quickly and accurately identifying the type of landform. To solve this problem,
an active perception exploration method is proposed in this paper based on a Bayesian framework. It enables mobile ro-
bots to actively explore interesting motion modes and recognize the matching relationship between landform and move-
ment. It can optimize the fuzzy uncertainty in landform recognition. To further verify the reliability of the experiment,
we also use a passive recognition strategy to compare and analyze the differences between different strategies. The ex-
perimental results show that the active perception method can plan effective landform recognition action sequences and
guide mobile robots to actively perceive the target landform. The landform recognition effect of active perception is bet-

ter than that of passive perception in an unknown outdoor environment.
Keywords: mobile robot; movement methods; bayesian framework; active perception; passive perception; geomorphic
recognition; vibration data; outdoor geomorphology
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Fig. 1 Active landscape exploration perception
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Fig. 8 Active sequence selection of three different strategies in coarse stone recognition experiment
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