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Research on dynamic gesture recognition based on SAGC-GRU
GAO Guangrong, LI Yunfeng

(School of Mechatronics Engineering, Henan University of Science and Technology, Luoyang 471003, Henan, China)

Abstract: Traditional dynamic gesture recognition methods with feature extraction are usually difficult to fully utilize the kinematic
dependencies between hand joints. To address the problems that existing dynamic gesture recognition methods extract spatio —
temporal features at a single scale and the extraction capability of effective features is insufficient, the paper proposes a Self -
Attention Guided Graph Convolutional Gated Recurrent Unit Network ( SAGC- GRU) method for dynamic gesture recognition.
Firstly, the Graph Convolutional Network ( GCN) and the self—attention mechanism are used to pay attention to the global and local
information of gestures at the same time, and the features in different spatial positions are weighted, and the shallow features and
deep features are combined. Then the enhanced spatial features are input into the Gated Recurrent Unit ( GRU) to model the
information in the time dimension to obtain the sequence feature representation. Test experiments on 14 types of gestures are
conducted in the dataset SHREC-2017 and compared and analyzed with other methods, and the experimental results show that the
recognition accuracy reaches 97. 3%, which is an advantage in terms of computational accuracy.
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Fig. 3 Gesture timing features
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TEFHGUINE S5 P T A FREREZ R GRU K
R RAR BT 357 51 ) I [RLRRAE, IRE 3 SE R g A
Pl RRAAT 2, W GRU M4 A J= %k
KB AE RIS JZEON 1353 3 pysd A, T3R50
PERELE BZ AL P TR . X2 RN GRU M
2% B JEAOAT LA e 8 2R F) SR A RE 7, DT B e i 47l
RETFHIPIIRI 5 S SR, 2t — 250 ) 45
JEHO BERIPERETT IR B T R %, X2 O TE
P26 AR A5 IR, S BN B | 5 30 2% Hh BB
JRE I 2 o B8 2 5 TR BT, BT 552 e ASE 7R 4 P
B, FRAIRIZ 2, FEFH VUM F, 15 45
I GRU 9 28 TR B AT LASR THEE AP RE | (E 5 2
PO 28 3 R AT RE 2l A I e TRt DR Ohg o AR 40 52 B
R DU E 285 TR
®2 GRUMEZEHEMIBWLER

Table 2 Experimental results on the superposition of GRU network

layers
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Table 3  Experimental results on the effectiveness of the self —

attention mechanism
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AGCN+GRU 97.3
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Table 4 Results of GRU validity experiments
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Table 5 Accuracy comparison experimental results

Jrik T/ %
ST+GCN'" 91.6
MFA-Net 2] 91.3
HG+GCN!! 92.8
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4 L5RiE

ASCHEH T —F AGCN-GRU By W 545 50 | F
TR AT, B i F 5B 8% i &1 45 49 2t
S, 1EN AGCN-GRU BRI ST A, S T fiff e F- 34
Ao 1 [ BT, 8 2 3ok PR 6 AR A A5 21 7 2 Ta] R A
R HIT GRU %A RIS S B A5 BT 4
i [R5 LA A B LG 5y s, DA 5
BTGB RE ST . LR R RS AT
SRR A TR RN T, T HE
HIAET- S0 P R 5T e 28 T BTy ] A B 3 4
fIE, FEAR R AR GY L AT Lt —20 38 B IR e T
P TR B W (R AR

&% 3k

[1] SUNDAR B, BAGYAMMA T. American sign language recognition
for alphabets using MediaPipe and LSTM[J]. Procedia Computer

97.3
96.5

94.1

LSTG+  ASGC+

AGC+LSTM AGCN+GRU

STE™  ASD"

ERBEITLLE

Comparison results of accuracy

Science, 2022, 215. 642-651.

(2] B8R, sk, AW, % ST U YOLOVSs 571k 151 %
SR BVFRGUNLT]. BRIE2R, 2023, 45(1) : 75-83.

[3] LI Runqing, ZHENG Diwei, HAN Ziyi, et al. mHealth; A smart
phone - controlled, wearable platform for tumour treatment[ J].
Materials Today, 2020, 40: 91-100.

[4] GAO Xiaojie, JIN Yueming, DOU Qi, et al. Automatic gesture
recognition in robot —assisted surgery with reinforcement learning
and tree search [ C]// Proceedings of 2020 IEEE International
Conference on Robotics and Automation ( ICRA). Piscataway,
NJ.IEEE,2020; 8440-8446.

[5] QI Wen, LIU Xiaorui, ZHANG Longbin, et al. Adaptive sensor
fusion labeling framework for hand pose recognition in robot
teleoperation[ J]. Assembly Automation, 2021, 41(3): 393 -
400.

[6] INKULU A K, BAHUBALENDRUNI M V A, DARA A, et al.
Challenges and opportunities in human robot collaboration context
of industry 4. 0 — a state of the artreview[J]. Industrial Robot:
The International Journal of Robotics Research and Application,
2022, 49(2) . 226-239.

[7] ADITHYA V, RAJESH R. A deep convolutional neural network
approach for static hand gesturerecognition[ J]. Procedia Computer
Science, 2020, 171, 2353-2361.

[8] GAOQ, CHEN Y, JU Z,
recognition based on 3D hand pose estimation for human - robot
interaction[ J ]. IEEE Sensors Journal, 2022, 22 (18). 17421 -
17430.

[9] AL-HAMMADI M, MUHAMMAD G, ABDUL W, et al. Deep

learning—based approach for sign language gesture recognition with

et al. Dynamic hand gesture

efficient hand gesture representation[ J]. IEEE Access, 2020, 8.
192527-192542.

[10]JIANG D, LI G, SUN Y, et al. Gesture recognition based on
skeletonization algorithm and CNN with ASL database[ J]. Multi—
media Tools and Applications, 2019, 78(21) : 29953-29970.

[11]SANTOS C, SAMATELO J, VASSALLO R. Dynamic gesture



B, 4. HT SAGC-GRU MEh B TR MBS 89

recognition by using CNNs and star RGB; A temporal information
condensation [J]. Neurocomputing, 2020, 400. 238-254.

[12 ] KAPUSCINSKI T, MIS M. Differential pseudo — image for
skeleton—based dynamic gesture recognition| C]// Proceedings of
2022 IEEE International Conference on Image Processing ( ICIP).
Piscataway ,NJ . IEEE, 2022. 4203-4207.

[13]SMEDT D Q, WANNOUS H VANDEBORRE J P.

Heterogeneous hand gesture recognition using 3D dynamic skeletal

s

data[ J]. Computer Vision and Image Understanding, 2019, 181 ;
60-72.

[14]LAI K, YANUSHKEVICH S N. CNN+RNN depth and skeleton
based dynamic hand gesture recognition[ C]// Proceedings of the
24™ International Conference on Pattern Recognition. Beijing:
Chinese Academy of Sciences, 2018 3451-3456.

[15]WANG lJingyao, YU Naigong, FIRDAOUS E.
recognition matching based on dynamic skeleton [ C ]//

Gesture

Proceedings of the 33" Chinese Control and Decision Conference
(CCDC). Piscataway ,NJ.IEEE,2021. 1680-1685.

[ 16 ] ZHAO Dongdong, YANG Qinglian, ZHOU Xingwen, et al.
Temporal synchronous network to dynamic gesture recognition
[J]. IEEE Transactions on Computational Social Systems, 2023,
10(5) ; 2226-2233.

(171585, MR, XIH, 55 5T mhzs B 4 i T2 T].
244, 2022, 50(4) . 921-931.

(18] BREE RS, A3 1, ki, 5. BT IHEE 5 S HEER
SRU (988 FHaR [ T]. faibl 53 ,2023,38(11) : 3083
3092.

[19] SONG J, KONG K, KANG S. Dynamic hand gesture recog—
nition using improved spatio — temporal graph convolutional
network [ J]. IEEE Transactions on Circuits and Systems for Video
Technology, 2022, 32(9) . 6227-6239.

[20] LI Yong, HE Zhang, YE Xiang, et al. Spatial temporal graph
convolutional networks for skeleton—based dynamic hand gesture
recognition [ J ]. EURASIP Journal on Image and Video
Processing, 2019, 2019: 78.

[21]SMEDT D Q, WANNOUS H, VANDEBORRE J P. Skeleton-
based dynamic hand gesture rcognition[ C]// Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition
Workshops. Piscataway, NJ. IEEE, 2016 1-9.

[22]CHEN Xinghao, WANG Guijin, GUO Hengkai, et al. Mfa—net;
Motion feature augmented network for dynamic hand gesture
recognition from skeletal data[ J]. Sensors ( Basel), 2019, 19
(2):239.



