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Protection of shadow puppet art based on SimplePose optimization algorithm
PENG Ran, LIU Aifeng, LI Feiyi, LIU Yang, FAN Bingbing, LIU Meiqi
( College of Information and Engineering, Sichuan Agricultural University, Ya‘an Sichuan 625014, China)

[ Abstract] Aiming at the loss of traditional shadow puppet skills, this article combines key bone detection with traditional shadow
puppet art. In this paper, abandon the traditional hourglass, cpn model with complex network structure, adopt a lighter and better
CNN network SimplePose model, and perform dark channel defogging, super-—differential image super—resolution reconstruction
algorithm and other operations on the image data to further extract the image characteristic information. Regardless of the algorithm
itself but starting from practicality, ResNet—50 is selected as the Backbone to improve the accuracy of the network model and reduce
the number of parameters while ensuring the accuracy. The pre—processed video is sliced frame by frame, mapped to shadow puppet

images, and combined frame by frame to complete the motion capture.
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Fig. 2 The image is displayed after the dark channel is de—fogged
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Fig. 3 SimplePose network structure
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Tab. 2 Performance comparison with other algorithms
Method Backbone Input size AP AP50 AP75 APm API AR
CMU-Pose - - 61.8 84.9 67.5 57.1 68.2 66.5
Mask—RCNN ResNet—50-FPN - 63.1 87.3 68.7 57.8 71.4 -
G-RMI ResNet—101 353x257 64.9 85.5 71.3 62.3 70.0 69.7
CPN ResNet—Inception 384x288 72.1 91.4 80.0 68.7 77.2 78.5
FAIR* ResNeXt—101-FPN - 69.2 90.4 77.0 64.9 76.3 75.2
G-RMI* ResNet—152 353x257 71.0 87.9 71.7 69.0 75.2 75.8
oks* - - 72.0 90.3 79.7 67.6 78.4 77.1
bangbangren * + ResNet-101 - 72.8 89.6 79.6 68.6 80.0 78.7
CPN+ ResNet—Inception 384x288 73.0 91.7 80.9 69.5 78.1 79.0
SimplePose ResNet—152 384x288 73.7 91.9 81.1 70.3 80.0 79.0
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Tab. 3 Comparison of the influence of the input image size on the effect of the network model

Method Backbone Input size #Deconv.Layers Deconv. Kernel Size AP
a ResNet-50 256%192 3 4 70.4
b ResNet-50 256x192 2 4 67.9
¢ ResNet-50 256x192 3 2 70.1
d ResNet-50 256x192 3 3 70.3
e ResNet-101 256%192 3 4 71.4
f ResNet-152 256%192 3 4 72.0
g ResNet—-50 128x96 3 4 60.6
h ResNet—-50 384x288 3 4 72.2
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Fig. 5 ResNet—50 network structure
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Fig. 6 SRResNet network structure
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Fig. 7 Image comparison before and after expansion
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Fig. 9 Shadow image mapping process
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