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Light-weight human pose estimation network based on enhanced
feature fusion method

Shi Xinxin ~ Zhang Haoliang
(School of Automation, Nanjing Institute of Technology,Nanjing 211167, China)

Abstract: To enhance the lightweight human pose estimation network's ability to extract information and {use features
from different stages of feature maps, as well as improve the post-processing capability of keypoint heatmaps and
classification feature maps, a human pose estimation network based on multi-stage and multi-level feature fusion is
proposed. First, a multi-level feature fusion module is designed to improve the neural network model s ability to
extract and summarize information from feature maps. Next, a feature fusion branch is designed in conjunction with
the feature fusion module to ensure that information from different stages of the model is preserved without being lost
due to long convolution operations. Finally, post-processing operations are applied to the model's output keypoint
classification maps, utilizing a classification loss enhancement module for further enhancement, allowing the model to
better focus on the keypoint classification task and improve the accuracy of its outputs. Performance testing is
conducted on the CrowdPose dataset, where the AP values of the proposed algorithm and the LitePose algorithm under
the XS structure are 50. 7% and 48. 4%, respectively; under the S structure, the AP values are 59.1% and 58. 3%.
Performance testing is conducted on the MS COCO val2017 dataset, where the AP values of the proposed algorithm
and the LitePose algorithm under the XS structure are 41. 9% and 40. 6% , respectively; under the S structure, the AP
values are 57. 0% and 56. 8%. Experimental results indicate that the multi-scale feature fusion module, high-resolution
fusion branch, and post-processing operations proposed in this paper positively contribute to improving the detection
performance of the human pose estimation network.

Keywords: human pose estimation;lightweight network; multiscale feature fusion;depth separable convolution
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Fig. 7 Comparison of recognition results of LitePose and MFF-Pose on the CrowdPose test set for human pose estimation
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Table 2 Results of different algorithms on the MS COCO val2017 dataset

ik AR Params/M MACs/G AP/ %
PersonLab™" 1401X1 401 68.7 405. 5 66. 5
Hourglass™ 512X512 277.8 206. 9 56. 6
HigherHRNet-W48"" 640X 640 63.8 155. 1 69. 9
Efficient HRNet-H_, ™% 384X 384 2. 80 2.2 35.7
LightPose-XS™ 256X 256 1.70 1.21 40. 6
MFF-Pose-XS(7 30) 256 X 256 1.75 1.58 41.9
Lightweight OpenPose""” 368X 368 4. 10 9.0 42. 8
EfficientHRNet-H_, "** 448X 448 8. 30 7.9 52.9
LightPose-S™ 448X 448 2.70 5.0 56. 8
MFF-Pose-S(7Z 30) 448X 448 2.81 6.2 57.0
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Fig. 8 Comparison of recognition results of LitePose and MFF-Pose on the MS COCO val2017 set for human pose estimation
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Table 3 Ablation experiments of the algorithm on the CrowdPose test dataset

WiRiS HDF MFF EAE AP/ % Params/M MACs/G
LitePose-XSH 49.5 1.70 1. 20
48. 4 1.70 1.20
LitePose XS (A1 L ) J 50. 4 1. 96 2. 86
’ J N 50. 5 1.74 1.57
N N N 50. 7 1.75 1.58
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