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Improvement of SLAM based on Potential Dynamic Objects

by Using Instance Segmentation in Indoor Dynamic Environments
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In this paper, we improve a robust SLAM for dynamic environments by using object detection con-
sidering potential dynamic objects. Generally, dynamic environments have a negative impact on SLAM
because correspondence between frames is wrong and constructed map includes ghosts. Conventional
methods resolved this problem by predefining dynamic objects and removing them, however these cannot
handle degenerate environments. Therefore, we define potential dynamic objects to increase the number
of features as much as possible and to improve the problem of degeneracy that occurs in conventional
methods. In this study, we use instance segmentation, which can detect objects more accurately at the

pixel level, and verify its effectiveness.
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Fig.2 Detection result by YOLACT in customized model
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Fig.3 Selection of static point clouds for registration
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Fig.4 Processing results of point clouds in the proposed
method
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Fig.5 Experimental conditions
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Table 1 Translation error for each method

Method T/ ez [m]
Conventional 0.049
Related 0.196
Proposed 0.079

| cardboard || chair

(a) Conventional method (b) Proposed method

Fig.6 Maps built by each method
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