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Low-level CNN Feature Aided Image Instance Segmentation
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Abstract The popular instance segmentation network, Mask R-CNN, has rough target segmentation boundaries and segmenta-
tion contours when performing instance segmentation, which leads to low segmentation accuracy. To solve this problem,a high-
precision instance segmentation method is proposed by introducing the low-level features of the network into the segmentation
branch of Mask R-CNN. Specifically,it selects the convolutional features from lower layers of feature extraction network at first.
And then,it resizes the features to a fixed scale (1/8 of the input image) by interpolation algorithm to form the low-level fea-
tures. It concatenates the features of original segmentation branch of Mask R-CNN with the features extracted by Rol Align ope-
ration from low-level features for current target. Since low-level features introduce more low-level texture and contour informa-
tion, it can effectively improve the accuracy of instance segmentation. Compared with Mask R-CNN, the proposed method obtains
1.2% relative average precision (AP) improvement on the COCO2017 dataset by using ResNet-101-FPN as the feature extrac-
tion network. Experimental results show that the proposed method is robust and effective when using different feature extraction
networks.
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Table 2 Comparison of segmentation results of different instance segmentation methods on COCO2017test-dev dataset
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VS Backbone FPS

FCIS+ ResNet-101 8.4

Mask R-CNN!2 ResNet-101-FPN 5.0

Mask R-CNN(retrain) . 9.2

ResNet-50-C4

Ours 8.3

Mask R-CNN(retrain) 14.9
ResNet-50-FPN

Ours 13.9

Mask R-CNN(retrain) . 11.5
ResNet-101-FPN

Ours 11.2
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Table 4 Comparison of segmentation results of selecting different

layers of feature extraction network

1K B HAE AP APs AP7s APs APm APL
Py 21.9 38.6 22.1 9.1 22.6 33.7
Ps 22.3 39.2 23.1 9.8 22.9 34.9
P, +P, 21.8 38.6 22.1 9.1 22.4 33.8
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Table 5 Effect of number of channels of low-level feature on
segmentation results

i 3 % AP APsg APrs APs APwm APL
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