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Abstract: In order to realize the operation of components without cooperation markers in on-orbit servic-
es, 1t is necessary to segment the area of the relevant components finely and then track them stably. For
the refinement segmentation of components, firstly, the instance segmentation network, Mask RCNN,, is

trained on the spacecraft component instance segmentation dataset, and secondly a mask refinement mod-

s B 89 :2023-06-14; 1&1T H #§: 2023-07-12.
HEWE : A m AL RS 7E R 55 B BLe 5 # AR (No. T203211)



3384 e K TR 55 31 %

ule is added to its mask segmentation branch to optimize the component segmentation results. As to com-
ponent tracking, a hierarchical weighted quintuple loss based on the Quit_trihard loss is proposed to train a
re-identification network on the component re-identification dataset, and then the re-identification network
trained before is embedded into the Deep OC SORT tracking algorithm for stable component tracking.
The experimental results show that after mask optimization, the component segmentation accuracy of the
relevant instance segmentation algorithm on the component segmentation test set can be improved to 84.90
mAP; by using the improved loss, the identification success rate on the component re-identification test set
is improved to 76.86% , and the tracking success rate of the correlation tracking algorithm on the compo-

nent tracking test set is improved to 89.38%. Therefore, the method proposed in this paper can basically

satisfy the fine segmentation and stable tracking of spacecraft components.
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Fig.1 Part of the spacecraft component instance segmen-

tation dataset
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Fig. 10 Training loss curves using each loss function
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Tab.2 Component identification success rate on component identification test set
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Fig. 11 Component tracking results for short timings
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Fig. 12 Component tracking results for long timings
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Tab.3 Component tracking success rate on tracking test set
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Tab.4 Algorithm running speed

e & /FPS
Mask RCNN+RM 1.54
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