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Action recognition algorithm based on multi-scale and
multi-branch features
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Abstract: Aiming at the problems of insufficient feature extraction, incompleteness and low recognition
accuracy in action recognition based on human skeleton sequence, a action recognition model based on multi-
branch feature and multi-scale spatio-temporal feature is proposed in this paper. Firstly, the original data
are enhanced by the combination of various algorithms. Secondly, the multi-branch feature input form is
improved to multi-branch fusion feature information, which is input into the network, respectively. After a
certain depth of network modules, it is fused together. Then, a multi-scale spatio-temporal convolution
module is constructed as the basic module of the network to extract multi-scale spatio-temporal features.
Finally, the overall network model is constructed to output action categories. The experimental results show

that the recognition accuracy on Cross-subject and Cross-view of NTU RGB-D 60 data set is 89. 6% and
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95.1%, and the recognition accuracy on Cross-subject and Cross-setup of NTU RGB-D 120 data set is

84.1% and 86.0%, respectively. Compared with other algorithms, the more diversified and multi-scale

action features are extracted, and the recognition accuracy of action categories is improved to a certain extent.
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Fig. 1 Feature enhancement processing methods
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Fig.5 Structure diagram of multi-scale temporal convolution
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3.5 SREMFEREMIIIEIEHH
AN E BB 2 R A S B S B
KNI AR SIAE A PERE RS . i HI NTU
RGB-D 60 % i % 9 Cross-view (CV) % 2> #5 i
E R T8 il S 56 9 B0die 4 B R 3 B A BB =
3,5,7, 9 B (i B A TR A 2R A 2% 5 TR .

®5 AERFERZENTURGB-D 60 HIEER EHR
Tab.5 Accuracy of different temporal convolution kernel
on NTU RGB-D 60 dataset

m=3 m=>5 m="7 m=9

(% 94.5% 95.1% 94.7% 93.4%

2 OB W] 45 B0 A5 R 2 388 LA [i) 2
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AT i [ 19 A58 A5 S L ) ESF s 25 ) U 4 T 2 1)
A5 B T A A8 WS B RN 2
H S B0 45 A AT, Y 8 UL B KN m=5 BF, AR
B VE R B E RGB-D 60 45 4 Cross-view (CV)
(R UE B R e e, M 95, 1% o MBI /e, 2
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3.6 XFLLLEg

fifi FH NTU RGB-D 60 %454 5 NTU RGB-D
120 B34 58 F 7R A SCHE HY 110 I 246 A5 2 1) 25 3% O
55 H i A A B AN AR O 1 s AR R
BT 5 M, 75 NTU RGB-D 60 %4l
£ T PR SR UM HERR R A0 2 6 T .

*6 TEBNEIRRTTEFE NTU RGB-D 60 £ 47 £ ) /#
W
Tab.6 Accuracy of different action recognition methods on
NTU RGB-D 60 dataset

Method Cross-subject/ % Cross-view/ %
TCN'™ 74.3 83.1
Ind-RNN" 81.8 88.0
ST-GCN'™! 81.5 88.3
HCN'® 86.5 91.1
AS-GCN'™ 86.8 94.2
3SCNN!™! 88.6 93.7
SGN'™ 86.6 94.3
PR-GCN'" 85.2 91.7
PeGCN'™ 85.6 93.4
Ours 89.6 95.1

AR SCHE Y I 2% B /E NTU RGB-D 60 %4
i 4 1Y Cross-subject 2] 43 #5 #E | 3545 1 89.6%
B 5 U B %, 7E Cross-view %I 40 bRifE 345 T
95.1% WY HERRZ . 5 5L T 06 25 i 22 N 45 1 Ind-
RNN [ £ 5 8 4 L, 76 B3 A 38 b5 b 43 ) &
7.8% FNT7.1%6 ;55T 8 B2 9 45 1) 3SCNN
I 2% B ALAR LG, 78 P FE An B il e i 1. 0%
1400 5 e B 5L 7 1 46 BURH 28 19 2% 19 SGN A
O, 7E PN AR okl i 3.0% M0.8% . 5
At 5 T A B BB A 20 A TR 00 B A X
P14 235 SRS A S A ) 4% ) A A

f# 17 % He 25 T NTU RGB-D 60 %4 4 ) Cross-
subject Fll Cross-view Kl 737 1 A4 TR 3 M B R 25
AL DL & B AT U SR AE Cross-view TEA bR i
A R E T Cross-subject P F5 1, P03
ZERAKRBEWBILTE] 8. 8%, /MBS L E 4. 6%,

R T X SR SR TR A 43 A, 45 2 10
JIi 78 B9 Cross-subject Fl Cross-view %] 43 Fr T 1)
TRV B 11 6] ool A A Ry ELAAR B P 2 500 04 S 5
AL bR Sk EAR SRR B R % . & 10 AT AT,
I AE Cross-subject H1 AT 6 U5 48 K38 2 1) 51y
E26 9], Hd 25 11(Reading) . 12(Writing) . 29
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(Play with phone/Tablet) ,30( Type on a keyboard) .
34(Rub two hands) ,41(Sneeze/Cough) 44 (Head-
ache) B WA A B AR T AR IS0 . XS B A3
B R AE T R AR SR SRR BE A K, S EZ
() 1 DX 531 o A B o A RN T 125 ) X X 2 )
VEZE 3, 3X 2 52 ) AR SR A e aff A8 i) = R
Z—s

E10  NTU RGB-D 60 44 T 1 11 1 5 B
Fig. 10 Confusion matrix under NTU RGB-D 60 dataset

Bk T NTU RGB-D 60 %4 4 2 4, A SC 78
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NTU RGB-D 120 %48 4 rfr , A% SCH H iy 99 28 5 Y
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®7 AEZEIRFNFTETENTURGBD 120 B ER EFHR
Tab.7 Accuracy of different action recognition methods
on NTU RGB-D 120 dataset

Method Cross-subject/ % Cross-setup/ %
Part-aware LSTM""! 25.5 26.3
TSRIT™ 67.9 62.8
3SCNN™ 81.2 81.9
3s RA-GCN'™ 81.1 82.7
Gimme Signals'*”’ 70.8 71.6
SGN™ 79. 2 81.5
Ours 84.1 86.0

1E Cross-subject ¥ 3 brifE LAY BUNEE R 84. 1%,
1 Cross-setup %l 73 b5 b 0951 45258 0 86. 0%,
BIORFFAE — DB 09 7K A B T H A T ik 2
T YR B U0 TR T AR SO Y R 26
HRUTEVERE b 0y 0Bk o

4 % #

T4 B TR Y AR 3 VR R 0 55 oK 2 R
55 o T AN E BB 0 B VR I AE L T RGB
P 5 A B o /N TE PR R T AR A A, AT
R TR E R AN EZRRE (250 D K%
FRAE Z BB S Sy 4k A&, e 58 T4 A )
B AR R ] 22 FloREOE 3G 5i Dy 1k Ol 2o ek Y
EZ A S S T TN N R 2 T SRS
IER N EN N EEE SN 8-S E AN R SR
B o 7 NTU RGB-D 60 £ 4 4 1 % F % 3 45 1
Cross-subject £l Cross-view - i 35 51 #E 5 5K 43 5]
1 89.6% F195. 1% , 74 NTU RGB-D 120 %z 4
FY R A K1) 43 A5 #E Cross-subject Al Cross-setup I+ [
WU A A 24 5 R 84. 1% 1 86. 0% , %2 4f M 42
Fh TR B AR RN HERR
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