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Coupling Local Features and Global Representations for 2D Human Pose Estimation

CHEN Qiaosong' , WU Jiliang' . JIANG Bo' . TAN Chongchong® s SUN Kaiwei' , DEN Xin' and WANG Jin'

1 School of Computer Science and Technology,Chongqing University of Posts and Telecommunications, Chongqing 400065, China

2 School of Automation/School of Industrial Internet,Chongqing University of Posts and Telecommunications,Chongqing 400065, China
Abstract In recent years,both convolutional neural network and Transformer have made progress in the field of human pose es-
timation. Convolutional neural network(CNN) is good at extracting local features,and Transformer does well in capturing global
representations. However, there are few studies on the combination of the two to achieve human pose estimation,as the same time
the results are not good. Aiming at solving this problem, this paper proposes a model CNPose(CNN-Nest Pose) that couples local
features and global representations. The local-global feature coupling module of this framework uses multi-head attention calcula-
tion method and residual structure to deeply couple local features and global representations. At the same time this paper propo-
ses a local-global information exchange module to solve the problem that the range of data sources of local features and global
representation is inconsistent in the local-global feature coupling module during the calculation process. The CNPose framework
has been verified on COCO-val2017 and COCO-dev-test2017 datasets. Experiment results show that the CNPose model using the
coupling of local features and global representations has superior performance compared to similar methods.

Keywords Human pose estimation, Transformer, Convolutional neural networks, LLocal {eatures,Global representations, Feature
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Table 1 Experimental results on COCO Val2017 dataset
ik Sk W % E AT AP AP®? AP AP” AP!
Simple Baselines ResNet-50 384 X288 0.722 0.893 0.789 0. 681 0.797
Simple Baselines ResNet-101 384 X288 0.736 0. 896 0. 803 0.699 0.811
Simple Baselines ResNet-152 384 X288 0.743 0. 896 0.811 0.705 0.816
HRNet HRNet-W48 384 X288 0.763 0.908 0. 829 0.723 0. 834
TFPose(Nd=6) ResNet-50 384 X288 0.724 — — — —
CNPose Resnet-50 224 X224 0.766 0.935 0. 837 0.733 0.813
CNPose HRNet-W48 224 X224 0.779 0.936 0.848 0.748 0. 824
%2 £ COCO dev-test2017 $¥fm 4 I By 45 5
Table 2 Experimental results on COCO dev-test2017 dataset
Ik oAb P % BN KN AP AP AP AP” AP!
Simple Baselines ResNet-152 384 X288 0.737 0.919 0.811 0.703 0. 800
HRNet HRNet-W48 384 X288 0.755 0.925 0.833 0.719 0.815
TFPose(Nd=6) ResNet-50 384 X288 0.722 0.909 0.801 0.691 0.788
CNPose Resnet-50 224 X224 0.752 0.923 0. 830 0.719 0.816
CNPose HRNet-W48 224 X224 0.757 0.925 0.833 0.720 0.817
4.5 HRREL ARCAECOCO2017 val HOHE B b 80 1 fil 52 46, % L SE 30 2H &
T W R A R £ B SR BTG B E RS A BB T CNPose RS- R BLAS OB SR 3 A,

*3 ALK S

Table 3 Results of ablation experiment
VS b W % AP AP0 AP ApP™ AP/ AR
CNPose Resnet-50 0.766 0.935 0. 837 0.733 0.813 0.793
CNPose-No-LGC Resnet-50 0.762 0.935 0.827 0.728 0. 809 0.788
CNPose HRNet-W48 0.779 0.936 0. 848 0.748 0. 824 0. 804
CNPose-No-LGC HRNet-W48 0.776 0.936 0. 848 0.745 0.823 0.802
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