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Abstract:

reasoning speed and single data mode of most algorithms, a lightweight and efficient method is proposed. The network em-

Action recognition with skeleton data has attracted more attention. In order to solve the problems of low

beds the graph convolution operator in the simple recurrent unit(SRU) to construct the graph convolutional SRU(GC-SRU),
which can capture the spatial-temporal information of data. Meanwhile, to enhance the distinction between nodes, spatial at-
tention network and multi-stream data fusion are used to expand GC-SRU into multi-stream spatial attention graph convolu-
tional SRUMMSAGC-SRU). Finally, the proposed method is evaluated on two public datasets. Experimental results show
that the classification accuracy of our method on Northwestern-UCLA reaches 93.1% and the FLOPs of the model is 4.4 G.
The accuracy on NTU RGB+D reaches 92.7% and 87.3% under the CV and CS evaluation protocols, respectively, and the
FLOPs of the model is 21.3 G. The proposed model has achieved good trade-off between computational efficiency and clas-
sification accuracy.
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1584 H, T

EE 2022 4

FEFR AT 7 B9 FLOPs {2 A MS-AAGCN Ry 1/3. 4553
F W], MSAGC-SRU Jy ¥ ETE S B 1G 2 Bl F7 Ak 3 i iy
T LT SR A W R % (HUR B 3 A T Bk
A EEMR A BITRCR R T, i A
B A% Bl A 7 Y, MSAGC-SRU REJR ] RE AR 451 2 1R
ZINFRRS B R R R R v AR I AT 55

4 iTig

1£ Northwestern-UCLA %48 52 19 SZ 56 v, A SC IR
R R M T YN SRB A g o 2 45 5 . IRl S Hhm]

s [
BFgE
0.8
B

ui]

H%5
Hx%R

LB #, SRU J A “ BT 40 0 7 A X468 " P 3l
VTR 53 K5 BE AN i, 76 5 B 37 AN DU Ak 5 37 w4~ 3
YEWARRRAR BT 1Y IX 43, J0 HR 407 1 Sl VR TR 1 38U R AR
%, B R B SR ] A A AL RS B v, 3538 1Y SRU
RANBRARGF Y DX 43 . T AR SCHR S 19 MSAGC-SRU J7 i
AR 2 R T X i 2 3l 1 1 2 2R 8 5, B 55 AGC-
LSTM AR LL , £« B ARGE S %7 55 S VE %) 40 2kG B 25
WA R — 2 . X e BRI MSAGC-SRU J7 Ik 7F B 42
SHER SIS h 2 — R R ik .

1.0 1.0

000 000 Q04 000 EE25 0 000 000 000 000 004 000

0 0w oo oo WL 0 0o oo w000 0w

000 000 000 000 EHIR 000 000 000 000 000 0.00

000 000 0@ 00 000

000 000 000 000 T 00 002 0w 000 000 000 0.00

2 - f=ivd 000 000 @ #3000 000 000 000 000 000 000 000 000
0.4 04 04
g5 000 000 000 000 000 ZF 000 000 000 000 000 0.00
B~ B oo 0o 0w oo 0w B o0 00 0w 0w 0w 00
0.2 02 -0.2
- 43 000 004 004 000 000 43 002 o000 002 002 000 000 000 002 K
#if- 9% oW 0w 0@ 0w 0w #§ 000 000 000 000 000 # 000 000 €02 002 000 000 000 000
. . r . . " . g " -0.0 -0.0 00
B g DS g8 % o Do B R D 23 F R D B BB DS 25 F R P B
gﬁ‘&aﬂ £ @iﬁ-"@ L gﬁfﬁqﬂfﬁ o @g& EANE °4 ngf)&aﬂf\% e ®5§% CANE >
FMER AT RS
(a) SRUJI: (b) MSAGC-SRU J5#k& (¢) AGC-LSTM J5i:

K5 Northwestern-UCLA £l 4E I MR 45 5 AOTR I S8 M%) E 1K
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