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Human Pose Estimation Model Based on Improved Hourglass Network

Liu Hong, Ma Jie , Chai Yujing

School of Electronics and Information Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract A stacked hourglass network (SHN) is a representative research result in human pose estimation;
however, it ignores the local information of joints. Therefore, this study proposes a human pose estimation model
based on an improved hourglass network. First, multiple residual modules and convolution layer with a step size of
2 are used to obtain low- to high-level features. In order to highlight the local detailed feature information, the
number of residual modules and channels are adjusted as the number of network layers deepens. Then, an online
difficult keypoint mining module is integrated to extract local features such as texture and shape of the occluded
part. Finally, deconvolution is used to maximize the restoration of the original local features. The experimental
results show that the average accuracy of the proposed model on the COCO data set reaches 74.6% . In addition, the
total parameter amount is 1.5 X 10", which is 5. 1 percentage points higher than the average accuracy of
superimposing eight SHN (8-SHN), and its total parameter amount is only 1/3 of 8-SHN.

Key words machine vision; human pose estimation; stacked hourglass network; residual module; online hard
keypoint mining
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Fig. 1 Structure of the HN model
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Fig. 2 Structure of the IHN module
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Fig. 4 Principle of expanding resolution. (a) Unpooling; (b) upsampling; (c) convolution; (d) deconvolution
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Fig. 5 Experimental results of different methods on the COCO data set. (a) DeepPosem] : (b) CPM" ; (¢) 8-SHNM .,
(d) Baseline; (e) IHN-OHKM
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Table 1 Test results of different methods on the COCO data set unit: %
Method AP AP®® AP®” AP®™ AP®! AR
DeepPose " 66.5 80. 6 73.6 63.4 72,7 71.9
CPM- 66. 9 82.3 76.3 65.3 75.9 74. 4
§-SHNM* 69. 4 85.3 79.8 67.4 78.6 76. 8
Baseline'" 72.9 88.5 80. 2 69.0 79.3 78.2
THN 73.6 88.7 80.5 69. 1 79.0 79. 1
THN-OHKM 74.5 88.8 80. 2 69. 4 78.5 79.6

2015004-6



£ 585 £ 20 H1/2021 £ 10 B/ B EREFEHE

FE AR RGBT, % T A 5 THN L 8-SHN
5 5 B R AL 45 SF- 447 4k TR ) AR R 9 a5 OB
(GFLOPs) XA 2 $08i i, 5 R N3k 2 o, W]
LRI AR RO , AT S8 4k 8-
SHN J5 /9 1/3, K B2 i fb 7B AU &2 2= s B

ATy A P — 5K BG4 F-3 B 2558 23 ms, il R
SRR A I A ZEoR . AH BB THN, f@iltd OHKM
THN 5 9R K WRS 3 25 /5 {FL ] R 14 Bl o 1 FH 4880 3 1
R 52 2% o 386 o i ] 8,

# 2 ARIFERIT R

Table 2 Calculation efficiency of different methods

Method Average processing time /ms GFLOPs /(10° times) Number of parameters
8-SHN! 66 20. 3 4.6X10"
THN 20 6.4 1.3X10’
IHN-OHKM 23 6.9 1.5X107
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Fig. 7 Detection results of our method on the COCO data set
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Table 3 Test results of different methods on MPII data set unit: %
Method Head Sho. Elb. Wri. Hip. Knee Ank. Mean
DeepPose " 95. 4 94. 3 91.7 84.0 89.7 87.0 81.3 89.1
cpMm 96. 2 95.0 92.0 84.9 90. 5 87.7 82.0 89.8
§-SHNM* 97.6 95.7 92.3 85.3 91.3 88. 6 82.5 90. 5
Baseline™" 97.0 96. 5 93. 4 88.5 92.0 90.7 83.2 91.8
THN 97.3 97. 8 94,2 89.0 92.6 90. 5 85.9 92.5
IHN-OHKM 97.0 98.9 95.3 88.6 94.0 90. 2 86. 4 92.9
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Table 4  Ablation experiments on the COCO validation
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