0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 220100061

HEEEHTITHSTHNEERBERIERTIE

BRI ExXX XwmE W B T R Bl
LR FREAFITENAZEERRFR ®E 710071

(qgmiao@ xidian. edu. cn)

i E HEHFTUWHBFLAL ZARNARBEERRGH — KRBT FEAAIMAFERFT A AN BE AR, £dA
AEBERMDZT ASTHEEGITARAN S L L FOE AR ARG ESERRGAERET—HETFHrHLEE
1 B 49 B % 42 (Depthwise Separable Attention Graph(onvolutlondl Network,DSA-GCN) B 2 S 4F iR #) Jo ik . & 4. 4 k4%
GHAFEBEBEERGRARAS WM, Bid R EERIIT S LRBARG . HFTTHERSHNT RS I RBIT T L
ORPRASERAT)BERETA A BENIEFI LGS BRAMES ANBEUFEZI SME IR, LA KA S
W E RS EZ NG, ETAEBRBAN N B EE A HEEEE AR RZITAEA 09 2h B AR A B A AR R B 1A 5 ad
BiEENRSEREESRENGAN S, FHLEREN.E NTU RGB+D #= N-UCLA #A X 44 % £, DSA-GCN #¢ 3k
J%T%%é@'riﬁﬁfrvfkﬁﬁfx%,‘Hﬂ T AR 3 AT B R AR eI,

KBER AFTABRINHFETAI BRI X BEARMERNL KA TH B AR EFE A

hEESES TP391

Graph Convolutional Skeleton-based Action Recognition Method for Intelligent Behavior Analysis

MIAO Qi-guang,XIN Wen-tian, LIU Ru-yi, XIE Kun, WANG Quan and YANG Zong-kai

School of Computer Science and Technology, Xidian University,Xi’an 710071, China

Abstract Smart education is a new education model using modern information technology,and smart behavior analysis is the core
component. In the complex classroom scenarios, traditional action recognition algorithms are seriously deficient in accuracy and
timeliness. A graph convolutional method based on separation and attention mechanism (DSA-GCN) is proposed to solve the
above problems. First,in order to solve the challenge that traditional algorithms are inherently inadequate in aggregating informa-
tion in the channel domain, multidimensional channel mapping is performed by point-wise convolution, combining the ability of
ST-GC to preserve the original spatio-temporal information with the separation ability of depth-separable convolution in spatial
and channel feature learning to enhance model feature learning and abstract expressivity. Second,a multi-dimensional fused atten-
tion mechanism is used to enhance the model dynamic sensitivity in the spatial convolution domain using self-attention and chan-
nel attention mechanisms,and to enhance the key frame discrimination in the temporal convolution domain using temporal and
channel attention fusion method. Experiment results show that DSA-GCN achieves better accuracy and effectiveness performance

on NTU RGB+D and N-UCLA datasets,and prove the improvement of the ability to aggregate channel information.
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Table 1 Compared with SOTA methods on NTU RGB+D
Algorithm C-sub/ % C-view/ % From
Lie Group 50.1 52.8 CVPR2014

ST-LSTM+TS 69.2 77.7 ECCV2016
VA-LSTM 79.2 87.7 CVPR2017

DPRL 83.5 89.8 CVPR2018
HCN 86.5 91.1 1JCAI2018
ST-GCN 82.6 89.6 AAATI2018
2s-AGCN 88.5 95.1 CVPR2019

2s Shift-GCN 89.7 96.0 CVPR2020
MS-G3D 91.5 96. 2 CVPR2020
Res-GCN 90.9 96.0 ACM2020
STIGCN 90.1 96. 1 ACM2020
EfficientGCN 90.9 95.5 TPAMI2021

DSA-GCN(ours) 90.9 96. 6 -
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# 2 N-UCLA B¥E 4L 5 B 5k %) 1
Table 2 Compared with SOTA methods on N-UCLA

Algorithm Top-1/% From
Lie Group 74.2 CVPR2014
HBRNN-L 79.2 ICCV2015
Ensemble TS-LSTM 89.2 1ICCV2017
AGC-LSTM 93.3 CVPR2019
Shift-GCN-4s 94. 6 CVPR2020
DC-GCN-+ADG 95.3 ECCV2020
Shift- GCN+ +-4s 95.0 TIP2021
DSA-GCN(ours) 95.6 —
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Table 3 Classroom action recognition accuracy

G fiz 950

Action Accuracy
Drink Water 94.0
Eat Food 91.1
Pick Up 98.1
Stand Up 97.5
Sit Down 97.8
Raise hands 98.4
Play Phone 95.6
Check Time 97.8
Write 83.1
Read 94.3
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RS R 2 3 % M HERE AR T

# 4 DSA-GCN Y HAl Jr ¥ iy s L4
Table 4 Effectiveness and efficiency comparison of DSA-GCN

with others
Method Ace/ % Param. Ra. FLOPs Ra.
ST-GCN 92.7 2.0%108 1.3 2.4x10° 1.2
2S5-AGCN 93.7 3.5%105 2.2 4.0x10% 2.0
DC-GCN 95.4 2.5%10° 1.6 2.7x107 1.4
DSA-GCN(ours) 95.7 1.6 x 10° 1.0 2.0x10° 1.0

4.2.4 THAER

DA 4 v 45 4 4 B4 ] 00 Ak BT A5 3 5 T 0 A 96 E , I
JAE ST-GCN H, R T F T8 3 A E Iy ol 6 BU 9 8L
HEEH 3, B ST-GCN KB A4 2 GCN BA T 12 1
AE AR FE A B[R] () 4 10 A v, T AR AE 19 oF B S I e

T AR SCR FH A2 B 48 368 3 45000 0 [ B 348 40 9 i e 1 O ok il
FTE = F AR [ B SR TR [ 38 T A R T AL R SR Ak —
SRR R SR A RE T AR B 2 R AT AL AN . M H ST-
GCN H BBl #2552 [a] 9 Jy 745 4 JHL A 6t 1 , DSA-GCN R
T 2 21 AR 4 AR B X OCT OC R AT RS A 2 L w0 Ak 1 T
VLB 58 W6 R [ S8 B 4 B ) B 6B 25 R

P4 ABHEAERE AT HLL

Fig.4 Visualization of adjacency matrixes
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