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Feedback attention mechanism and context fusion based
amodal instance segmentation

DONG Junjie', LIU Huaping’, XIE Jun', XU Xinying’, SUN Fuchun’

(1. College of Information and Computer, Taiyuan University of Technology, Jinzhong 030600, China; 2. State Key Lab. of Intelli-
gent Technology and Systems, Tsinghua University, Beijing 100084, China; 3. College of Electrical and Power Engineering, Taiyuan
University of Technology, Taiyuan 030024, China)

Abstract: Recently, model instance segmentation has been proposed as an extension of instance segmentation to predict
the visible and occluded areas of each object instance and perceive the complete physical structure and semantic con-
cepts. When the shapes and meanings of occluded objects are being predicted, underfitting or even wrong results are ob-
tained in the occlusion prediction due to the insufficient recognition capability of feature representation and the lack of
contextual information. To solve this problem, this paper proposes a contextual attention module and feature pyramid
structure of feedback attention mechanism and introduces feedback connections for relearning. The proposed method
can effectively capture global semantic information and fine spatial details. Through training and verification in the
COCO-amodal dataset, the average precision of the amodal instance segmentation mask increases from 8.4% to 14.3%,
and the average recall rate increases from 16.6% to 20.8%. Experimental results show that this method can significantly

improve the accuracy of occlusion prediction and effectively end underfitting.
Keywords: amodal instance segmentation; occlusion prediction; feedback connection; attention mechanism; context in-

formation; deep learning; neural network; computer vision
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Table 1 Comparison of segmentation results on COCO-amodal test set
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Fig. 4 Qualitative results of amodal instance segmentation on coco-amodal dataset
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