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People Visual Tracking for Assistant Robots in Spacecraft Based on Deep Learning

ZHANG Rui', WANG Zhaokui®

(1. College of Aerospace Science and Engineering, National University of Defense Technology, Changsha 410073,
Hunan, China; 2. School of Aerospace Engineering, Tsinghua University, Beijing 100084, China)

Abstract; To improve the mission assistance capability of the service robot and solve the problem of real-time
visual tracking. an astronaut visual tracking algorithm based on deep learning and probabilistic model is proposed.
The deep convolutional neural network (DCNN) model has been proved to be a robust classifier for astronaut
detection, despite diverse dressing or postures. Combined with detection results, the probabilistic model is
presented to ensure accurate and consecutive tracking of a certain person. The algorithm is extensively validated by
several datasets which contain most astronaut activities. The experimental results indicate that the proposed
algorithm achieves not only robust tracking of the specified person with diverse postures or dressing, but also
effective occlusion detection for avoiding mistaken tracking. This algorithm provides an effective solution to the
astronaut visual tracking for service robots in the space station. The algorithm is based only on the fused RGB-D
images. It can be constructed and implemented easily in engineering, and can also be applied to other follow-up
visual tracking missions of service robots.
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Fig. 1 Architecture of astronaut visual tracking algorithm
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Fig. 2 Deep convolutional neural network for astronaut detection
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Fig.3 Flowchart of astronaut tracking module
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Fig. 4 Images of RGB-D camera and coordinate system definition
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Fig.5 Geometric similarity matching of

bounding box in color image
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Fig. 6 Reference path tracking test with five different postures
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Fig.7 Tracking with other subject entering and moving very close to target subject
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Fig. 8 Occlusion detection for avoiding mistaken tracking
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