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Contour-Point Refined Mask Prediction for Single-Stage
Instance Segmentation
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Abstract To solve the fuzzy problem of edge information in mask results by single-stage PolarMask, a contour-
point refined network is proposed herein. By predicting the angel offset and distance for each contour point, a more
accurate contour can be generated. Moreover, an extra semantic segmentation is added to further refine the edge
information. Experiments show that the proposed method achieves a segmentation accuracy of 32.5% on the MS

COCO test dataset, 2.1 percentages higher than the fundamental PolarMask, demonstrating the effectiveness of the
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proposed method.
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Fig. 2 Network architecture of our overall framework
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Figure
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Table 4 Comparison of each module under MS COCO-validation dataset unit: %
Method AP AP;, AP, APy APy AP,
Baseline 29.1 49.5 29.7 12.6 31.8 42.3
Baseline+ Semantic segmentation subnetwork 29.1 50. 6 30. 1 11.7 30.6 44,7
Baseline+ Mask prediction subnetwork 29.4 50.5 29.9 12.8 31.8 43.3
Ours 30. 8 51.5 32.3 12. 4 32.0 45.2
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Fig. 7 Segmentation results of each stage. (a) Original image; (b) segmentation results of semantic segmentation subnetwork;

(¢) segmentation results of mask prediction subnetwork; (d) final instance segmentation results
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Fig. 8 Instance segmentation of different methods. (a) Original image; (b) PolarMask; (c¢) our method
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Table 5 Performance comparison of different methods

under the MS COCO test dataset unit: %

Method Backbone AP AP;, AP,; APy AP, AP,
MNC'"?)  Resnetl01 24.6 44.3 24.8 4.7 25.9 43.6
FCIS®™  ResnetlOl 29.2 49.5 - 7.1 31.3 50.0

YOLACT™ Resnet101 31.2 50.6 32.8 12.1 33.3 47.1
PolarMask"'*™ Resnet101 30.4 51.9 31.0 13.4 32.4 42.8

Ours Resnetl01 32.5 53.6 34.3 13.1 34.3 48.0
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Fig. 9 Results of the proposed algorithm under the MS COCO test dataset
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