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Research on human pose estimation based on improved hourglass network
HUANG Zijian, FANG Yu, YANG Yunjie, ZHANG Bogqiang, WEI Xuanxuan, YANG Hao

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In recent years, human pose estimation has become a hot research area in the field of computer vision. Stacked
hourglass network is one of the most representative research results in the field of human pose estimation, but the network has poor
ability to extract image detailed features. In order to enhance the feature processing ability of the network, a human pose estimation
model based on improved hourglass network is proposed in this paper. The model uses resnet50 to extract the low—level features of
high—quality image and uses 3x3 convolution kernel with stride 2 to replace maxpooling for down sampling to retain the original
image information to the greatest extent. Considering the difference of feature richness under different resolutions, different residual
modules are used to process feature maps with different resolutions to enhance the learning ability of the network. Finally,
deconvolution is used to maximize the local features of the original image. The experimental results show that the average accuracy
of the model on the coco test set is 74.1% , which is 4.7% higher than that of the stacked hourglass network.
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Fig. 1 Architecture of stacked hourglass network
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Tab. 1 ResNet50 network parameters
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Fig. 2 Preprocess module
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Tab. 2 Parameters of improved residual module

layer name convolution parameters
I x1x64
Cl 3x3x64
1 X1 %256
1 x1x64

C2 3x3x64 [ x2
1x1x256
I x1x128
C3 3 x3x128
I x1x512
I x1x128

C4 3x3x128(x2
I x1x512
1 x1x256

C5 3XxX3x25 | x3
1 x1x1024
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Tab. 3 Comparison of different method results in COCO datasets

Method AP AP0 AP®T 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
SHN 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

Ours 74.1 88.7 80.1 69.5 78.9 78.7
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Tab. 4 Comparison of different method results in MPII datasets

Method Head Shoulder Elbow Wrist Hip Knee Ankle Mean

DeepPose 95.4 94.3 91.7 84.0 89.7 87.0 81.3 89.1

CPM 96.2 95.0 92.0 84.9 90.5 87.7 82.0 89.8

SHN 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

Ours 97.4 97.7 95.2 89.3 93.1 90.1 85.3 92.6
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