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Abstract : Human pose estimation aims to accurately identify key point positions and postures from images or videos,which
is essential for behavior recognition, human-computer interaction, etc. The high-resolution network can extract the key point
features of the human body containing multi-scale information from the image, but it mainly focuses on the feature
information within the local range of the image,and it is difficult to capture the long-distance dependence between joints,so
it is susceptible to complex background ,occlusion and other factors , which limit the accuracy. In order to solve the problems
faced by high-resolution networks in human pose estimation, this paper proposes a deep learning module that integrates
attention mechanism and high-resolution network called C2F-CBAM, which combines the advantages of C2F module and
CBAM module, and significantly improves the accuracy of the model in identifying key points by combining advanced
feature extraction technology and enhanced attention mechanism. In addition,the C2F-CBAM module is embedded in the
key position of the HRNet network,so that the method can better integrate and synthesize feature information at different
scales ,which not only enhances the adaptability of the model to various human postures and image resolutions, but also
effectively deals with complex backgrounds and occlusions. Experimental results show that the proposed model has
significant advantages over other methods in the COCO2017 validation set, and the average accuracy is improved by 0.9
compared with the traditional HRNet network ,which fully verifies the effectiveness and superiority of the model.
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Fig.1 Diagram of HRNet-C2F-CBAM network
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Fig.2 Diagram of C2F network structure
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Table 1 Comparison of the experimental results of the HRNet-C2F-CBAM algorithm with other algorithms on the dataset MS COCO
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Irik F T W% REWNLG  HATD AP APSO  AP75  APM  APL AR
8-stage Hourglass 8-stage Hourglass & 256 x 192 66.9 — — — —
CPN ResNet-50 = 256 x 192 68.9 — — — —
CPN+OHKM ResNet-50 = 256 x 192 69.4 — — — — —
SimpleBaseline ResNet-50 I 256 x 192 70.4 88.6 78.3 67.1 77.2 77.2
SimpleBaseline ResNet-101 2 256 x 192 71.4 89.3 79.3 68.1 78.1 77.1
SimpleBaseline ResNet-152 = 256 x 192 72.0 89.3 79.8 68.7 78.9 77.8
PRTR HRNet-W32 = 512 x 384 73.3 89.2 79.9 69.0 80.9 80.2
HRFormer-T HRNet-W32 I 256 x 192 70.9 89.0 78.4 67.2 77.8 76.6
HRNet HRNet-W32 w5 256 x 192 73.4 89.5 80.7 70.2 80.1 78.9
HRNet-C2F-CBAM HRNet-W32 = 256 x 192 74.0 92.4 81.5 71.1 78.4 77.0
HRNet HRNet-W32 I 256 x 192 74.4 90.5 81.9 70.8 81.0 79.8
HRNet-C2F HRNet-W32 I 256 x 192 74.5 92.5 82.1 71.2 79.3 77.4
HRNet-C2F-CBAM HRNet-W32 JE 256 x 192 75.3 93.4 82.2 72.3 80.0 78.4
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Fig. 6 Predictive results of the HRNet-C2F-CBAM model
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Fig.7 Predictive results of two algorithms
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Table 2 Comparative results of ablation experiments

ik EFML EARBYIG AR AP AP50 AP75 APM APL AR
HRNet HRNet-W32 & 256 x 192 73.4 89.5 80.7 70.2 80.1 78.9
HRNet-C2F HRNet-W32 % 512 x 384 70.0 90.3 77.7 68.2 73.6 75.0
HRNet-CBAM HRNet-W32 R 256 x 192 72.0 92.4 80.3 70.2 77.2 76.0
HRNet-C2F-CBAM HRNet-W32 iR 256 x 192 74.0 92.4 81.5 71.1 78.4 77.0
HRNet HRNet-W32 P 256 x 192 74.4 90.5 81.9 70.8 81.0 79.8
HRNet-C2F HRNet-W32 2 256 x 192 74.5 9.5 80.2 72.0 79.0 77.4
HRNet-CBAM HRNet-W32 =8 256 x 192 74.2 92.4 81.4 71.2 78.7 77.2
HRNet-C2F-CBAM HRNet-W32 Pt 256 x 192 75.3 93.4 82.2 72.3 80.0 78.4
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Fig. 8 Predictive results of three algorithms by using the pre-trained model in the ImageNet folder
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