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Overview of visual gesture estimation based on depth learning
WU Sheng, QIN Haodong

(China Nanhu Academy of Electronics and Information Technology, Jiaxing Zhejiang 314001, China)

Abstract . Vision gesture estimation based on deep learning has always been one of the key research topics in the field of computer
vision. With the great progress of deep learning and neural network related research, it has been far superior to traditional methods
for the problems of high degree of freedom, skin color, environment interference and occlusion in gesture estimation .Three —
dimensional gesture estimation based on deep learning is mainly to construct a neural network for abstract analysis and understanding
of image features, so as to predict the three—dimensional coordinates and angles of key points of fingers and then build a palm
model. Accurate 3D gesture estimation can rapidly promote the development of AR/VR industry, because immersion and interaction
are the key elements of AR/VR. Through visual gesture interaction, users can provide more convenient, fast and realistic AR/VR
interactive experience. In this paper, firstly, the current gesture estimation schemes are described, and the advantages and
disadvantages of each gesture estimation scheme are understood. Then, the gesture estimation method based on deep learning is
introduced, and the related data sets and evaluation indexes are introduced. Finally, the challenges and future development of current
3D gesture estimation are described according to the research results.
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Fig. 1 Gesture pose estimation
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Fig. 5 Schematic diagram of the network proposed by Ge et all*®!
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Tab. 1 Common data set of 3D gesture estimation

Btk W EGEE baidrsl RGP
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FreiHand!? 2017 133000  f[ZhH 224x224
MSRA 1503 2015 76375 AZ 640x480
NYU!'?) 2014 81009 M3 640x480
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RHD!! 2017 43 700 G 320%320
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Tab. 2 Precision comparison of different algorithms

Tk AUC (STB) AUC (RHD)
Krejov 440 0.991 0.849
Yang %141 0.996 0.901
Ge 210 0.998 0.920
GU (9] 0.996 0.887
Mceu %14 0.965 0.560
Zhou 4 144] 0.991 0.893
Chen %[4] 0.990 0.939
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