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[Abstract]

In this paper, we propose a model that can perform human pose estimation through a
MobileViT-based model with fewer parameters and faster estimation. The based model demonstrates
lightweight performance through a structure that combines features of convolutional neural networks with
features of Vision Transformer. Transformer, which is a major mechanism in this study, has become
more influential as its based models perform better than convolutional neural network-based models in
the field of computer vision. Similarly, in the field of human pose estimation, Vision Transformer-based
ViTPose maintains the best performance in all human pose estimation benchmarks such as COCO,
OCHuman, and MPII. However, because Vision Transformer has a heavy model structure with a large
number of parameters and requires a relatively large amount of computation, it costs users a lot to
train the model. Accordingly, the based model overcame the insufficient Inductive Bias calculation
problem, which requires a large amount of computation by Vision Transformer, with Local
Representation through a convolutional neural network structure. Finally, the proposed model obtained a
mean average precision of 0.694 on the MS COCO benchmark with 3.28 GFLOPs and 9.72 million

parameters, which are 1/5 and 1/9 the number compared to ViTPose, respectively.
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I. Introduction
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III. The Proposed Scheme
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Table 2. Comparative Experiment Results Table

Model Backb Params Flops Input Feature COCO val
oae ackbone (M) ©) Resolution | Resolution | AP AR
VGG VGG16 19 16 256 X192 1/4 69.8 75.4
SimpleBaseline ResNet-50 34 9 256 X192 1/4 70.4 76.3
SimpleBaseline ResNet-152 69 16 256 X192 1/4 72.0 77.8
HRNet HRNet-W32 29 8 256 X192 1/4 74.4 78.9
HRNet HRNet-W32 29 8 384X 288 1/4 75.8 81.0
HRNet HRNet-W48 64 16 256 X192 1/4 75.1 80.4
HRNet HRNet-W48 64 16 384X 288 1/4 76.3 81.2
ViTPose-B ViT-B 86 17 256 X192 1/16 75.8 81.1
*MobileViTPose-XXS MobileViT-XXS 4 2 256 X256 1/4 61.7 67.9
*MobileViTPose-S MobileViT-S 9 3 256 X 256 1/4 69.4 74.9
Table 3. Comparative Experiment Results Table
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MobileViTPose-XXS(Plain) 60.2 84.8 66.7 66.5 89.4 72.7
*MobileViTPose-XXS(Pre-trained) 61.7 86.1 69.0 67.9 90.5 74.6
MobileViTPose-S(Plain) 63.9 86.2 70.8 69.9 90.4 76.3
*MobileViTPose-S(Pre-trained) 69.4 88.8 77.0 74.9 92.8 82.0
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Fig. 4. Mobile ViTPose Experimental Results Photos
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