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Review of Vision-Based Dynamic Gesture Recognition Techniques

FU Zhikai, LI Wenxin, LUO Xinkui
(Lanzhou Institute of Physics, Lanzhou 730000, China)

Abstract; Dynamic gesture recognition is one of the popular tasks in the field of computer vision, which is widely con-
cerned by researchers. Dynamic gesture recognition technology has high potential features in many fields such as automatic
driving, virtual reality and human-computer interaction. Gestures are an intuitive and ideal way to exchange information with
others in a virtual space, and direct robots to perform specific tasks in hostile environments, or to interact with a computer;
Some commonly used dynamic gesture data sets are investigated and generalized, and the modes, data and application scenari-
os of dynamic gesture data sets are summarized and analyzed. From the network category of usage methods, this paper sum-
marizes the research progress of vision-based dynamic gesture recognition technology. focuses on introducing and concluding
the methods based on deep learning, and concludes and compares the methods based on convolutional neural network, recur-
rent neural network and graph neural network. Finally, the research direction of dynamic gesture recognition based on vision
is prospected.
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W F AR T —Fh 3L F RO 284 1 RNN 70, &5
2.2, 1 TR MR A 2L, % 07 R A R AT I
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FRAE . R0, o TR Y 7 90 A 0 BE TR 2R 0 Tl , i
1% RNN P28 Toik LR Bl p 91, Sk, —Seffss
ERITEEMER . EHeIZa 4, Wik T RNN, 4
BT REICIC M . QBUZ R 4 S5 B e R 4% &
t5 (BiLSTM, bidirection-LSTM), f#i FI W 5. &
M) LSTM 2%, 75 & A4S I ) g, H A $2 it 25 A
LSTM M4, FFM4E ROk S A G ETmas R, M
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ZRWE BN TR PUNB R TR T . B E L
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PR S I ) (R R AE . G SCRk [60] A CNN-
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R ERA"Y,
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I O 2 5 0, AR R U K Rt SO b T A A A T R
BE5 ) BT B K £ #8 2 % CNN, RNN DL K GNN 9 20
GEE A, A, — SRR E T B L AR TR
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(CBAM., convolutional block attention module) #) C3D-
LSTM 2244 1) 3l 248 T H 50 Oy s g4 i B8 AE CNN
Wik — ik 25 . LSTM R i hin A T CBAM #
Yoo i 12 s . A YR 4 T g 45 1 AR AE [ A=
I T 5 7S ) RO FRAE L, T R E TE AR B R R AR
EIAHfe , 38 T RRAE B 7 A2 AR B A T R AR AR 1B
FALE, LT B s FEEGg .

GE— A FFAE ST Foe RTTY PR Sy d A
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F/ R & TR A i . 8 3 T ) AL
TR AE B Y O Rk T B E T . BRI Y
B AN T AR VR O FRAE R DN 2% . O 38 P B Ak 5 i Kb
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(3) P,
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