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Abstract With the rapid development of deep learning, human pose estimation technology has made
remarkable progress in recent years, but the existing methods are still difficult to deal with the
common occlusion problem. To address this problem, a human pose estimation method based on
keypoint-level occlusion inference is proposed in this paper. Firstly, a baseline human pose estimation
network is used to obtain the noisy representation of each keypoint of human body from images with
occlusion noises. Then, the occluded keypoints are estimated through the occlusion part prediction
module to obtain the visibility vector. The occlusion part prediction module is proposed in this study,
which consists of two submodules: occlusion part classification network and visibility encoder. The
occlusion part classification network predicts the occlusion state of each keypoint of the human body.
Based on the channel attention mechanism, the visibility encoder converts the predicted occlusion state
into a set of weight parameters. Finally, the visibility vector and noise features are fused by channel
re-weighting method to obtain the keypoint-level occlusion aware features, which are used to calculate
the heatmaps of the keypoints. Experimental results on MPII and LSP (leeds sports pose) datasets
show that, compared with the baseline human pose estimation network, the proposed method can
better deal with the occlusion problem at a small extra computational cost, and achieve better results

than existing state-of-the-art methods.

Key words human pose estimation; human keypoint detection; occlusion inference; channel attention

mechanism; multi-task learning
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Fig. 1 Failure examples of existing methods to deal

(a) HRNet (b) SBN

with occlusion problems
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SBNL(15] 94.1 92.9 84.7 76.4 84.1 76.5 72.4 83.9
A (ResNet-50) 93.7 93.1 85.0 77.0 84.8 77.3 74.0 84.4
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Table 6 Efficiency Comparison Between the Proposed
Method and Existing Methods
x6 EAXAEEUFEFENBEITL

Ik ZHR/MB (AR /GFLOPS B8 fps
SBNL15! 34.0 11.99 79
HRNet[17] 28.5 9.49 152
A SCT5 i 30.8 9.85 143
Hf\iﬁﬁg% 8.0 3.80 —5.9
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Table 7 Comparison Between the Proposed Method and Existing Methods on the MPII Valid Set

®7 AXFEEREFEE MPI RIEE @I
Ty i %k JA B Jif T i i i i 23t V¥ PCKh@0.5
SBN[#] 96.4 95.3 89.0 83.2 88.4 84.0 79.6 88.5
PyraNett11) 96.8 96.0 90.4 86.0 89.5 85.2 82.3 89.6
DLCM12] 95.6 95.9 90.7 86.5 89.9 86.6 82.5 89.8
Hourglass %] 97.2 95.8 90.3 86.0 89.8 85.8 82.7 90.1
HRNetH7) 97.1 95.9 90.7 86.1 88.8 87.0 82.1 90.2
OASNet™ 97.2 96.5 91.1 86.8 89.6 87.1 83.6 90.7
AR SCT5 97.3 96.5 91.3 87.0 90.5 87.5 83.5 91.0
T RAAECF RoR R L.
Table 8 Comparison Between the Proposed Method and Existing Methods on the LSP Test Set
R8 AXFEEMEFHEE LSP X & LAY #E @ Xttt
Tr ik % JA 5% Jif R i i 7% it 2t F-H PCKh@0.2
Wei % AL 97.8 92.5 87.0 83.9 91.5 90.8 89.9 90.5
Chu % A1) 98.1 93.7 89.3 86.9 93.4 94.0 92.5 92.5
Yang % A1 98.3 94.5 92.2 86.0 89.8 85.8 82.7 90.1
Tang % A\ [28) 98.6 95.4 93.3 89.8 94.3 95.7 94.4 94.5
Zhou % A1 98.8 95.2 92.3 89.8 95.2 95.5 94.7 94.5
AR SCT5 98.9 95.3 92.5 89.9 95.2 95.7 94.8 94.6
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Fig. 5 Visual comparison of proposed method and
HRNet on the MPII valid set
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