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Lightweight Human Pose Estimation Algorithm Based on Partial Channel Encoding

XU Xinzhi, HE Hong
(School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Aiming at the problems of high computational complexity and large number of parameters in the
current pose estimation model, this paper proposes a lightweight pose estimation algorithm. Firstly, the
partial channel encoding (PCE) module is introduced in the feature extraction process, and the local and
global features of the image are extracted respectively by combining the advantages of convolutional neural
network and visual encoder. Then, the weighted feature fusion is introduced in the process of multi-scale
feature fusion to enhance the multi-scale feature fusion ability of the model and avoid the problem of
reduced accuracy caused by model lightweight. Then, in the process of regression prediction, the detection
head of the human detection and classification parts is shared to improve the recognition efficiency of the
model in the pose estimation task. Experimental results show that compared with the basic model, the
proposed model reduces the number of parameters by 27% and the amount of computation by 18% , and
increases the accuracy by 0.2%. It not only ensures the accuracy of recognition, but also realizes the
lightweight of the detection algorithm, providing an effective means to achieve real-time accurate pose
estimation.
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Fig.5 Change diagram of anchor frame of CIoU and PIoU
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Table 1 Comparison of algorithmic indicators

ik ET BIGRAN/ (BFEXBFR)  SHE/10° 5 #/10° mAP(0.50)/ %
DeepPose ResNet 256 X192 23.63 82.4
EfficientHRNet-H1 HRNet 480<480 16.0 28.4 82.6
OpenPose VGG19 224X 224 84.9
YOLOv5s6-Pose DarkNet-53 640X 640 12.6 20.5 82.2
YOLOvV8s-Pose DarkNet-53 640X 640 11.6 30.4 85.5
PCE _LitePose (Ours) DarkNet-53 640 < 640 8.47 25.0 85.7
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Table 2 Ablation experimental results

Wik mAP(0.50:0.95)/ % mAP(0.50)/ % S8/ 10° 5 /10°
Baseline 58.2 85.5 11.62 30.4
PCE 57.3 85.2 10.15 28.5
BiFPN 58.5 85.8 11.86 30.9
PSWH 57.1 85.4 9.56 26.6
PCE+PSWH 56.2 85.1 8.30 24.6
PCE+BiFPN+PSWH 56.4 85.3 8.47 25.0
PCE+BiFPN+PSWH+PIoU,, 56.7 85.7 8.47 25.0
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Fig.6 Visualization results of ablation experiments
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Fig.7 Comparison of algorithm recognition results
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