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Climbing behavior recognition technology based on
dense graph convolution and attention

YAO Li, WEI Yujing, WAN Yan

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract; To address the problem that a large amount of feature information is continuously weakened during the process of feature
extraction network layer—by-layer propagation, as well as the insufficient extraction of spatiotemporal and channel information, this
paper proposes an attention—based and dense Graph Convolutional Network ( GCN) method for rock climbing behavior recognition
based on the MST-GCN. Firstly, dense connections are introduced into the spatial —temporal GCN network of the MST-GCN,
reconstructing the feature extraction network to obtain a more comprehensive contextual relationship between joints. Then, the
Convolutional Block Attention Module (CBAM) is introduced into each layer of the convolutional block to generate attention feature
maps along channel and spatial dimensions, enhancing the model’s ability to extract key feature information. Experimental results
show that the proposed method in this paper improves the recognition accuracy of climbing behavior by 11.2% compared with the
baseline network, and surpassing other current methods.
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Fig. 1 Overall framework diagram of the model
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Fig. 2 Multi—scale spatial-temporal dense map convolution module
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Fig. 3 Structure diagram of Convolutional Block Attention Module
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Table 1 Experimental results comparison before and after
convolution of improved multi—scale spatio—temporal
maps %

Action recognition algorithm Acc
(a) MST-GCN baseline 40.8
(b)MST-DGCN( Ours) 50.4
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Table 2 Table of experimental results comparison before and after

the introduction of CBAM %
Action recognition algorithm Acc
(a)MST-DGCN 50.4
(b)MST-DGCN + CBAM 52.0
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Table 3 Climbing behavior recognition accuracy %

Action recognition algorithm Acc
ST-GCN'" 30.0
25-AGCN!®! 40.4
MSAAGCN'2!) 50.4
MS—G3D[22] 44.0
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Improved MST-GCN ( ours) 52.0

SR, A SCHE HE B 3L Tk dE MST-GCN fY
BEAH L ST-GON H1 2s-AGCN 45 3 37 W 2% 16 11 5]
ety Ay i AT B S A A

S R TARCHBAS ST-GCN B4
OpenPose 75— L85 TE I (Y A AL X H 45 51, 5 H
FESRALTFEENCA TR (R0 v | 3 2 3RS T 3 & 1 4
Jay R SCfE B RIPT AR BT SUF BAIWHZA T R
SHEECTT Ay, LA Rl LR vE A A B 25 R, 75 21 5 Jin
TR AR R ) 25

(a) IR 1R

(b) ST-GCN

(c) Ours

B 5 i3nZERIIILE

Fig. 5 Comparison chart of recognition results
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