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Assembly progress estimation by instance segmentation considering
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Abstract: This paper proposes a method for estimating product assembly progress in a factory using instance segmentation.
Parts are detected by instance segmentation and progress is estimated based on the number and type of parts detected. The
problem is that with small amounts of training data, background information and occlusion reduce the accuracy of
segmentation detection. Data augmentation that multiple small random erasing confirmed the improvement in estimation

accuracy.
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Fig. 1 Flow of the proposed method
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Fig. 2 Examples of progress estimation
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Fig. 5 Step of color box assembly progress
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Table 1 Comparison of accuracy with existing

methods
Data augmentation Accuracy (%)
Yolact 83.0
Yolact+RandomErasing[7] 83.5
Yolact+Gridmask[8] 82.0
Yolact+Proposed method 85.0
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Fig. 6 Yolact+Proposed method
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Fig. 7 Yolact only
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