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Human action recognition algorithm of feature fusion
CNN-Bi-LSTM based on split-attention

Yu Jinsuo Lu Xianling

(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Aiming at the problems that traditional human action recognition algorithms cannot effectively suppress spatial background
information, the lack of information interaction between networks, and the inability to model global temporal correlation, a human action
recognition algorithm of feature fusion Bi-LSTM based on segmentation attention is proposed. First, 30 frames of images are sampled at a
certain sampling rate, extract the depth features of the images by split-attention network, and introduce a feature fusion mechanism to
enhance the information interaction between different convolutional layers. Then input the depth features into the Bi-LSTM network to
model the long-term information of human actions, and finally use the Softmax classifier to classify the recognition results. Compared with
the traditional two-stream convolutional network, the accuracy of this algorithm on the UCF101 and HMDBS1 datasets is increased by
6.6% and 10. 2%, respectively, which effectively improves the recognition accuracy.

Keywords : action recognition; split-attention; feature fusion; BI-LSTM

15 NARAT Ry I 5k i o S G2 Bl H B (9 R AE
R AN TR AR RS, T 25 23U 14 B
B, Horb i BAURIE R L S BB 5B % (dense

0 35l

il

NARAT F R i da A AR BLAs 2%~ 55 5 12
I 33 B R AT b i N ARA TR TERLIRG & e 4
BB BER B SSURA B Z M SRR A
Fe , SR O AN T ZE 5 B AR 10238 [ ARAIE | 36 20 L0
WL ] DR R DA R AT AT I SRR v 19 7 5
SR AR A AR A 2 UM R R T — A Rk
HER AT U S 2 B PR
WoR H 91:2021-06-08  Received Date: 2021-06-08
* JEATUH . F K ARPHFEES (61773181) WUH B 1)

tnajectory, DT ) "' 1 gt 3k (1% %5 4 %38 5795  (improved
dense trajectory, iDT) 7 SRTIAESE 5 2 TR BUK N T 4%
MESZ BT N30 R SR 1t — 4, SRR A% B
AN,

UTAE SR, TR BE 2 ) e B, A B Bl & %
( convolutional neural networks, CNN) 7E E{R 45 15 T
FOR I, i VR BE 2 ) i S AR 2 N 25 3 aok 1 2 )



- 90 - LSRR R e o

5536 4%

1977 ZORAR I AEFFAE , A AARET SR PO 4588 1) 32 38
Jrid o SCHR[ 8 ] 4 At Ik 37 i) 25 1) 3t s [0 0 43 ] 4
SECHUAAE r (19 2 Sal £ R B Sl 5L A O 4 Rl 22 1)
25, XU AR R AR v T R ) A 3 {ELE XU I 2%
A8 [ ASCAAE — it , 7 ik [ 38 (34 J R B v i) B
W, XeF R F A B [ £ R AT BR o SCHR[ 9 ] 408 st 42 s
HsF 4 1) ) 2% ( temporal segment networks, TSN) Biurs
B BT i bR B Sl 22 U B, 3 i)k X 2 B
BTN, 5 R A e B A AT R G, BT 43 I
25 FE 3 R FHARAA A I 25 A 5, A 2802 30 1 %o AL )
B SCHR[ 10 ] BEXF 2 45 AR JC 1k S R ()£ 8 R Bk
PGB 2 R4 (19 5 BUZ AN AL 27 31 =48 52 1
C3D M4, C3D MZEfl IR /NN 3x3x3 (1445 U L 1%
TEIT (8] F 2 6] 4 BE 2 VE 16 Wi vl 9 b A, & 5 1 1
Softmax 732 #% 7 B WM 43 S5 45 R . C3D I 45 XA ]
RGB BRI Jy din A, A Fs Bt BB G, 86+ T
BRI PR R B T =GRS5, 25 S0 R
BaIm, SCHRL 11K C3D Pl 3x3x3 BHRUZ M 1x3%3
A 3x 1x 1, 43 IR A M s [R] F i [|) 45 2, 3205 ] LA
AR 3D BT R S A A

MEFRAH 25 M 2% ( recurrent neural network, RNN) 1 F
FLH i e (R SRR 0, e iz N AT A RO S
AL ] CNN $& BOUE AT T i) Sl AR AR AE , P F RNN fY
AR 2 — K W] 12 M 4 (long short-term memory,
LSTM) "' 36F shF oy Bt 14 SRR AR, AT LAAT 042 i R RS
& IR0 TAERE, [H2 CNN $2HUR ShVERRIE 2 B
Wil de J AR BN ZE R o Dy 1 S A b A OO it 1 32 B
B TR T 2 [ (4 s s [ {5 8RR AR SC A T 3
Tor I TE S ) B FEAE Bl A CNN-XUJa) LSTM ( CNN-Bi-
LSTM) P8 AGAY 2GR 2 FR R 2 1) 2% i B 3 A o
fiE, IEBIA G BRI HLHI A 2T SRR 4
S N OGRS ) A 5 B A B ok e
BAFEERZ R, 52045 B R AL, 25 R R 5k
T3P B2 X 2% BRI Sh /BRI 3 4 R T )3t
F R4 42 20 R ST 1x1x2 048 1 — 4k ) &, JE 4
AFE] Bi-LSTM Hp DL s nst (145 B , 5505 8 FH Softmax 432
a2 A S ER B S 1547

1 EikiEZE

1.1 SEEEHME

Sh DR ()5 57 55 TUAR AR X 19 4 Jr 4 JBURR TR G 132
PS4 20 #1013 50 2% (ResNeSt) 42 SR 1)
SS[ARRAE . 43 B0 B W4 4k 7R T 5% 22 W 4% (residual
network , ResNet) ") fij B0 H A H AL (R4 5, 35 A B 3
FETIHLA AN i 00 265 52 4% B2 14 [+ ) 4 THREAE EDRS

e JE IR 4 8 8 45 G 7 BB 2 % B
T

(hw.,c) Input -
Cardinal | ~ ——F—~——2 ____ Cardinal k _ __ _
D it

7 split 1 splitr Ny split 1 splitr )
[ G \ (T VI : I, _______ \ Il _______ \ :
L[ Convix1]l [ Convixi ]! 1 1 1] ConvlxI]; i ConyIxI]j1
L Ckr A ke [y L Cker ] Clr [
o 1 1o | |

R O T O A v O N
Dt Cony3:3 |1 [ Cony3xd |11} 1| Cony3:3 |1 | Conv3:3 ||
I sy LI a7 S A o7 S I I e S
: l; _____ ) |;_ —) : : I; _____ ) l;_ — :
| P i
L Split Attention //' '\\ Split Attention /,'

N m——————————  _ ___7 N, I - - - _____-

(h,w.c’lk)

(hw.c)

(hw.c)

[ 1 ResNeSt BibshHy
Fig. 1 ResNeSt block structure
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Fig.2 LSTM unit structure
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Fig. 4 Accuracy confusion matrix on

HMDB51 and UCF101dataset
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