MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(11):111-119 [doi: 10.15888/j.cnki.csa.008770] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

> N = 74N Y= DAY = Eb o

BETFRENEIENESERFMIEMEERINERS

> m |
FHIRA®
RN, KL, fEaeiy
(TR TR {5 B 220, Bt 310018)
W5 /E#: KL, E-mail: tiangiuhong@zstu.edu.cn
E R AE NS SRR E R . T H 2 RER A 787 1), KSR U T R ) 5 s A
Rl B ) A T AN 7. BT T — Bl 28 X B IR, 1A AT RegNetS0 W 2 SE B R MIK 2 A Ak 3k AT 1 5,
REf A 2405 2] KBS B I BB R, 2 ) iy SRR AT 3 7, SR U5 IS ZRRFAE Al S A5 ot AN TR B 1) e {12 AR AIE
BATRLE, FF R GURHE B AN R Z G2 1) O SORMLE A5 B, i i F 4% 32 10 Softmax 2) 880t T3 B G
T30, AR SCAE ASL 36 [H FABH RS ik A7 208, FERN RN 99.68%, AH LLILA ResNetS0 25 HEf 42 Tt
2.52%. S5 RIGUEA ST 188 78 70§ S 52 R38R, A X0 = T2 BRI R AR L.
K2R FHEBZR U, ResNet; TR AENTE B T B ST A s VR 2 )

5l kg = iﬁifﬁﬁ,Hﬂ@(él,%ﬁﬁ%.%%%é%wi%ﬁLﬁﬁ%z&%ﬁﬁméﬁﬂiE’J%%?%%E%Mlﬁm/%ﬁmﬂﬁ,2022,31(11):111—119. http://www.c-
s-a.org.cn/1003-3254/8770.html

Static Gesture Recognition Based on Residual Double Attention Module and Cross-level
Feature Fusion
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Abstract: To solve the problems of missing feature extraction by convolutional neural network and insufficient multi-
feature extraction of a gesture, this study proposes a static gesture recognition method based on a residual double attention
module and a cross-level feature fusion module. The designed residual double attention.module can enhance the low-level
features extracted by a ResNet50 network, effectively learn the kéy information, update the weight, and improve the
attention to high-level features. Then, the cross-levelfeature fusion module fuses the high-level and low-level features in
different stages to enrich the semantic.and location information between different levels in the high-level feature map.
Finally, the Softmax classifier, of the fillly connected layer is used to classify and recognize the gesture image. The
experiment is carried out on the American sign language (ASL) dataset. The average recognition accuracy is 99.68%,
which is 2.52% higher than that of the basic ResNet50 network. The results show that the proposed method can fully
extract and reuse gesture features and effectively improve the recognition accuracy of gesture images.
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