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Human Instance Segmentation Based on Two-Stream Convolutional
Neural Network

Ma Zitong, Wang Guodong

College of Computer Science & Technology, Qingdao University, Qingdao 266071, Shandong, China
Abstract Segmentation of human instances is a fundamental problem in human-centered scene understanding and
recognition. However, due to the diversity of human body shapes and interactions, spatial relations become complex,
posing significant challenges for segmentation tasks. At the moment, most of the mainstream instance segmentation
methods rely heavily on the boundary box detection of objects, and thus, are usually unable to effectively separate two
highly overlapping objects. In this paper, human skeleton features with complete data annotation are used to provide a
priort knowledge for the human instance segmentation task, and a two-stream network structure is proposed to extract
skeleton and context features, respectively. The feature fusion module (FFB) then adaptively combines the features from
different streams and sends them into the segmentation module, where the final segmentation result is obtained. The
proposed algorithm’s average accuracy on the COCOPersons and OCHuman datasets is 59. 5% and 56. 7% , respectively,
which is improved better than other algorithms.
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Fig. 1 Overall network structure
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Table 1  Results of ablation study on COCOPersons validation set

Training method AP APy AP,
One Stream 0.342 0.333 0.385
+Concatenate  0.588  0.542  0.690
+Max Pooling  0.591  0.545  0.689
+Avg Pooling 0.584  0.542 0.684

Two Streams

+SENet"*" 0.593 0.545  0.693
+CA™ 0.592  0.548  0.690
+FFB(Ours)  0.595  0.548  0.697
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Segmentation results of different algorithms on

OCHuman dataset

Method Dataset Backbone AP AP,

OCH val ResNet50-fpn 0.163 0. 113
OCH test ResNet50-fpn 0. 169 0. 128

Mask R-CNN'"

OCH val ResNet50-fpn 0.544 0.491
Pose2Seg(GT Kpt)!

OCH test ResNet50-fpn 0. 552 0. 495
OCH val ResNet50-fpn 0.222 0. 150
Pose2Seg
OCH test ResNet50-fpn 0.238 0.175
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0 0
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Table 3 Segmentation results of different algorithms on COCOPersons dataset

Method Backbone AP APy, AP,

Mask R-CNN" ResNet50-fpn 0.532 0.433 0.648
PersonLab"*! ResNet101 0.476 0.592
Personl.ab ResNet101(ms scale) 0.492 0.621
Personl.ab ResNet152 0.483 0.595
Personl.ab ResNet152(ms scale) 0.497 0.621
Pose2Seg(GT Kpt)'” ResNet50-fpn 0.582 0.539 0.679
Pose2Seg ResNet50-fpn 0. 555 0.498 0.670

Ours ResNet50-fpn 0. 595 0.548 0.697
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