WL TR FFR B 49 K% 30,2023 5 A
Journal of Zhejiang Sci-Tech University
DOI:10. 3969/j. issn. 1673-3851(n). 2023. 03. 003

E F it GhostNet WEERF BB BIRA F &

HERL, A3, B R i, & =, RER

Wit T RFHFNMAFERERF R 4 310018)

W OE. AR ZMERATALT T ABERANN, AERERALAK TR HEARAS . BETRERN A
B AR 9 AL, 43X s ) R R T — AP F 2t GhostNet #9828 F H B2 F k., 44, & Ghost 33 P F
Al i PR ARAE , 2 52 CS-Ghost B3 AR BT H B AR & 69 F B 4E; K5, %88 SMU(Smoothing maximum unit) i
HERHIAERER GEFZFHFIRDREERNEEANF FPHRELEEEE B ECA XR4FIEF 6
Wk BAT B, % A ASL o NUS- 1 2035 48 & 49 52 30 39 0 50 5 55 4 98. 82% 4= 99. 36 % ; &£ OUHANDS %4 %
LT P e REA 97.98%, 54 E A 1.2 Mi,FLOPs 4 0.29 Gi, £B%R2EARZF ELAKET D, FEREA
1%, TH 2R &5 F B AR %,

KEIF: FHARLRA BB E ML B TR 2 E NI E DR

FESES: TP181 MHRER: A XEHS: 1673-3851 (2023) 05-0300-10

B3R mAk L, I AT, F 2, F. A Tkt GhostNet #9523 R F B EG R A F k(] LRI XKFFH
(8 &F5),2023,49(3) : 300-309.

Reference Format: TIAN Qiuhong, SUN Wenxuan, ZHANG Lizao, et al. Lightweight gesture image recognition method
based on improved GhostNet[ J]. Journal of Zhejiang Sci-Tech University,2023,49(3) : 300-309.

Lightweight gesture image recognition method

based on improved GhostNet
TIAN Qiuhong » SUN Wenxuan, ZHANG Lizao, SHI Zhixiang » PAN Hao, WU Jialu
(School of Computer Science and Technology, Zhejiang
Sci-Tech University, Hangzhou 310018, China)

Abstract: When convolutional neural network is applied to the recognition of gesture images with
complex backgrounds, the deep model has a large number of parameters and high computational cost, and
the accuracy of the lightweight model is low. To solve these problems, a lightweight gesture image
recognition method based on improved GhostNet was proposed in this paper. Firstly, channel shuffling
operation was added to the Ghost module, and the CS-Ghost module was designed to extract gesture
features from gesture images. Then, SMU (smoothing maximum unit) was selected to activate the
function to optimize the learning ability of the model in the back propagation. Finally, the lightweight
channel attention module ECA in the attention mechanism was used to remove the noise information in the
feature. The experimental average accuracy of the proposed method on ASL and NUS-II datasets are
98.82% and 99.36%, respectively. The experimental average accuracy on the OUHANDS dataset is
97.98%, the parameter quantity is 1.2 Mi, and the FLOPs is 0.29 Gi. The experimental results show
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that the proposed method has small parameters, low computational cost, and effectively improves the

accuracy of gesture image recognition,

Key words: gesture image recognition; convolution neural network; lightweight model; attention

mechanism; activation function
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