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Abstract When we use video data for behavior recognition, it is easy to be affected by a variety of dynamic and
messy background information, and it is difficult to extract spatial-temporal features. Aiming at these problems, this
paper proposes a behavior recognition method based on double attention and 3DResNet-BiLSTM hybrid model. It used
the channel weighted fusion method to construct the convolutional attention module, and embedded 3DResNet to extract
the spatial-temporal features in the original video data. And it weighted and redefined the important features. BiL.STM
and time attention were combined to further extract the temporal features, so that adaptive features were obtained and

behavior recognition was realized. The experiments were conducted on UCF101 and HMDB51 public data sets, which

verified the effectiveness of the proposed model.

Keywords Action recognition CNN LSTM Attention mechanism
SRR LA S 25 22 Wi R Z 18] Y 3l A AL, 7E TR B2 7
0 51 & I RIS 22 T, T 5 $LICHFAE 3RO 5

A1 o I A R AT A U A Ak . 24 TR

Fr oA PUE ABLACE. | FARAE I AR 4 45 24
U EAT B IR A L 3 AN, SR T el T A R
HAFAEIE B AR S 2% V1T SR L Ol B3R B 52 7% 45 1)
R AT MR O BT O I B s R E S LU 2
FRTR RS A 55

S N € RIS e N ISR PN e £

2 > T R AR RRAE SR BOH A0 SR 3, H R A R
22 I 24 2 2] SRS R HR A TR BEE AR ALE I S B4 T M 1L
17 245 WU CNN,C3D CNN-LSTM %5, Han
25501 TmageNet | X0 I 3 5% 92 W 4% HEAT T 11 25 114 2
fill B3R T — R RERGR A B T2 ) S ER &
JufZ B, ¢ UCF101 #1 KTH 39t 45 F S 7 R I3

Wik H 197:2020 —06 - 10, K E A HFA T H (2017YFCO804401) o [F R, A1/, WP AT PO, BHR 026 BRR,

A, XIEHE, WA XIBR, #E%.



%2 1

E MR, ¥ . A FREIEE S A 3DResNet-BiLSTM 47 4 42 5] 7 % 193

o Yang 2RI 3D AN A S AR R
YRUE 2 AR A P 3, 3t — b A7 S U A X R
3D BRI E M 48 45 4, JFTE TUAL B Be il T RGB
EUGAE T R 10 A5 35 B Ullah 4500 Hofy A2
250 SRR LA 5 Sk ] T FlowNet2-CNN ] 45 2k
FRIBURS [ R AE , fieJ5 8 22 /2 LSTM 2 2] I [6] 't 3t 4
MESEBAT AU

CNN VRN AR SR B A 50T P R R 3 6 e 1
F 4B, SR 1T 2DCNN AT % [ A1 SEi = [ (1
B[R] Sh A5 B o 3DCNN a8 76 5y A () [6] — o7 B HE 47
=R, BRAE A SSCT AR S (] R R, [R] B 2A
[ T B e 1 X 1] 4 1 3 112 99 4% ( Bi-directional
Long Short-Term Memory , BILSTM ) R4 7870 F B E T
AR R TEMCEEAE b A SCER B —Fh L TR
1 3DResNet-BiLSTM (iR S8 T47 i, G
K5 DR UA AT 14 3% 2R i 4 A 3DResNet A% A, H A F &
FRHLE & J75 e ( Convolutional Block Attention Module,
CBAM ) 5 £ [A] FLE B R AE, I ERE R, T
TF DR B R SR IBORE A9 S A5 L, 4 — Rl At 1k
File BN CBAM HEAT Rtk . B IS A i A B () 3
I BILSTM ik — 254 I e R AR 52 3R AT 43R0
EIELARIA L, Fr &5 80 4E UCF101 F1 HMDBS1 %%
e ERPUNRCR Y RA BN B3R T

1 =4%REMZL

2DCNN @ T e R b AT —4E 8 BURAE, A
— JZ PR 1] P $ BOSR) F8 52 BT P A9 R, A 15 FH T
P B e Rk BT pR RS 31 A B2 A H
FHIEIE o EMALIE R, A T SRAR I RRAE ST, 3 5
AAEYE . CNN RIS IE LSS 8 0 224> 4 U2 At
PCIZ 1 J7 it , )T B 1) % 1 5905 S B 2 0

H1F 2DCNN {23 6] 4E BE TS 4FAE , 24 XL
PEHEAT o0 MG T LA 2R 2 1 34 S LA i v 1) 3 25 1
A S, AT 2 A 6 BUZ 2847 3D B BUR IR 25 1]
FOR ] AERERFAE . 3D 4 AR i — A = 45 B X 2
ANTESE MR A BN 52 J7 R AT B AR B B Bz P
RFAIE PR e B0 I — )2 o8 22 A AR AR R AR MU 7 {5
BT EEE R MG P AR (o y o) (LR
PEAT 3D BRRIE AT 2R A -

Pi=1 Q;=1 R;_,

o = tanh(p, + 3 3 3 F el o) (D

m p=0 ¢=0 r=0

A s tanh () FIRBAE BB b, A INVE R B 0" FoR

I —)Z M B2 m DNREE L (p, g, r) i BB
(B3 P QRTINS AL ) w8 B Ve FE IR E . k2
M £% ( Residual Network , ResNet ) {1 224~ 4% 22 B HE B i
B, SR PR 07 A e ik 1 B2 25 1R Ak [a) e, 7
ZMMES T RA AR, 227 ) A& 1R,
3DResNet H i/ FHF% 2524 > 458010 3D B FIHAL A5 5
X

BUIE )

X FX)

(SIS

F(x)+
ReLU g

1 B B R
2 WmEKEHICIZ ML

6 I 22 P 4% ( Recurrent Neural Network , RNN) 3
SE R AP 37 S 8 BRI , P R 2 R A e S 3
iy, TS R SRR
h,=c(W,x,+W,h,_, +b,) (2)
z,=g(W,_h,+b,) (3)
Ko (+) FRMITE A x, FR A TS b, e RV
AREA N A BRI TT Y B2 RS 5 2, R ¢ 211
vt 3 WA b 43 3 2 7 AR AR R RN O
RNN e84 T T SC{F B Al A 2 iy A 5 Hh Y
Wit fEUR AR 22 ) KPP 9145 2 093 B rp A e
TH R BB LR 1% 1) R, 5 BOHME D) S B ) KO K
#i . KA 012 M 45 (Long Short-Term Memory , LSTM )
& RNN pyRbcife 30 il s fa A ) sl ] i 1 =4
I 1HEBITRHE B HEA T, AR R 1T RNN AFELERY
)" o BiLSTM 4333 1) LSTM Al ] LSTM 44
T, BESAT ORI B R SCfE B o LSTM (Y BT 4544 4
&l 2 Frs

&2 LSTM HT4b#
LSTM HopRA T Frid BT,

itzo-(Wxixt+Whiht—l +bi) (4)
f;:U(fox1+Wh/'hz-1 +b_f) (5)
otza-(Wrnxt+Whoht—l +bo) (6)



194 HEME RS S

2023 4

gt:tanh(W“xt+W,whl_l +bc) (7)
ct:cz—l .-f‘t+gl.it (8>
h, =0, - tanh(c,) (9)

Xbei, S, 0,.8, ¢, b, e RV P HIFREATT GBI
T AR GO AR SROT A R T, T
i, f,.0 ¥ STEM, BUETE B FEL0, 1] Z (|, KL 4,
o, AT RS B A ARG f e T F—
AT HIRER S B APk

3 EBANSE

3.1 HERFEHEHR
XA ER B 4R ER F e R H A
W o BN FHEE R RN 58 , € FRonilid gioie , T 3RoR
A1) R o A YRV A 12 i) 43500 A B 75 7 R AR A
MM, BRIG N ¢ P ZIRRAE 8] F AT AR
AT RN
F',=M_(F,)QF, (10)
F' =M_(F')) QF', (11)
X @FRB AN ICEMIE; F' o i & it o W T4
— 3D FRAEE HEE TRt . CBAM HARS5#4)7R
EEWE 3 Frs.

ik g
i Jy

Eie W NN

MhE

K3 BRIGEE ISR ZH

H T 5 R P38 3 2 18] B AR R A TR AL
O AT, AT 7 e I 28 R R AR R BE o RT3 E
R RS, 18 SR RAE BT B B4, FIHIF
Byl E B A SRR AT TE R =S AR . AR5
R SR AT i A B B BRRR 1 2 TR I AIL I 28 v A
M A AR, S K R P 0 T A M o
712 183 A 3 1 2 3 18 R R AR . O T A
2% IS RO R AR L R BB 0 R

PR R AR TS BT R N

M. (F,) =c(MLP(Avg(F,))) =

o (W (W, (F{,))) (12)

Kefo(-) F1 S BUREG W, e RTCRI W, e RO 43
1% MLP (W4 (k. Foat B 4 7.
—F@—b

—7 it T
| —" | ) —
| | i
. 7

AL MLP
F

RO DI REEH - WL 232N RS W N A

1T 3D L AR 2 [R] 2% 18 54 2 Wit 8] F) N 25 £
K FEIBURFIE I )8 505 BRSNS, e B T
PR A AR B A S R . TRt AL
REAS IR B SO B, 1 ] I 3R A1 1o vl A e Rt
AR, S I TR 5 2R B0 5 R b -1 243 1
MM T IR & o WML RS BB A,
UMD 38 3 T T R R M AR I FH R 5 R A 2
M. (F,) =c(MLP(Avg(F,)) +A - MLP(Max(F,))) =
U'(W1<W0<Ff,avg)) +A - Wl(Wo(F;,max) ))
(13)
23 )3 5 ) FARAALE =2 18] A 28 [5G R AR A5 8] 1
EUREE, T REIEE P EZEE L. Bl
E T AR B8 1N P 35 0t A R AT BF TR R AR A s 1] 4 3k
R 5 A BUR J5 H A s (8] SRR AU M, B
JERFRAE R F 523 (A R AEAE M 3% 00 3R AH AT 2 25
AR R AE A o Hat g B n Ry
M.(F,)) =a(f"7 (AvgPool(F,))) =
o(f 7 (F L) (14)
Arpeo ()RR S BREGS 77 () FoR BB RN N
7 x7 HERIB5
23 AT R AR R AN IA] S B o

1

L

|/

3 A St 2= (] G )
fiErE X Ms

WIS 2 ) R T e R 2 1
3.2 HEEE AER

BT AL A A R AR v T W A i
TRAA O B R SCmisfE B, b JC A5 B BRI,
X AFHE S X PR —n i x,, BRI E
R R AR T
_ exp(f(xi) )

T

]

(15)

Z}, exp(f(x;))

Haf(x) = WX SPF0r eR 4, T R BURFAE 1 BT
HEVE, WO Z L, 18 By S i S e AR
F RIS, P ) AR Rl A ) A 3 B A
P[] S 32 P i 1 AL X, o

X, = Zaixi (16)

4 1TAHIRAREE

ARSCHR ) — b 3 T 4 BRI 18] X0 7 T



%2 1

E MR, ¥ . A FREIEE S A 3DResNet-BiLSTM 47 4 42 5] 7 % 195

3DRAN-BIiLSTM-Attention A& %Y , i = 4 5% 25 1 &
F1M%% (3D Residual Attention Network ,3DRAN) i/ 1 7F
ResNet P25 H1 (1255 — NGB UZ FIR G — 1 B2
ik A CBAM 193], 5% 22 11 5 ) FRoT 45 H an &1 6 Jir
7N 3DRAN rRpRUZE B RN 3 x3 x 3, [ i)
F A RA T8 8 AR ) CBAM 2R £ 5 [R] 13 8 4
fiE, 42 = P 2% 1 2 2] BB 1. B 16 A 3% ZE i AR
3DRAN F%i A $ BOILAT 1) I5F 25 4 E , 7 2 BILSTM A5
RITA

TEAFALER 3, BILSTM J 51 1] FH i 1) R 17 B et
TR A R R SCE B 15 B A RHIE S 8 H =
thyhy o b,y kb o R BRI AE
S AT I3, (S BEARAE A5 2 RA B I TE T A
L, BEAS S U M SR AR N PR, NI 33 0
PUHHEFIIA = {a,,ay,-- a4, a4, | . BREHUIE
7 HR .

BiLSTM Soft Attention
Olendl H _In @)
® |—| B S - (@)
: = — | L%
&) |— | [OEn] e — @,)
i [
Olndl W Iy @

7 HATIN )R A BILSTM HEALZ5 4y
e, it SDRAN HLHEA 8] 7 7 J1 1Y BiLSTM
T T 47 D U A FR A B, LR AR S A 4] 8

Wiz e

B8 X 2% 1 1 3DResNet-BiLSTM A7 45 44

BiLSTM

3D-ResNet+CAM
Softmax

=
=)
=
=
]
™~
£
<
=
=
W

5 % W

5.1 IGEIEE
A3 BIFIFH UCF101 F1 HMDBS1 23 S k77 52
¥, UCF101 M\ YouTube | Wir8E15 5] Y 31 52 sh VE 5k 4

£ E 101 42510 13 320 R4, HMDBS1
AR LS B — SR TR 2R A I 3, e
55 200 6 849 ANELALM . WK 4R 19 70% H T
Wk ,30% HI T

5.2 &A%

AL B 547 355k Intel Core i7-8700K , 451 M
3.70 GHz 1) 6 #%.0> 12 £k #¢ CPU,16 GB N1F,GPU iy
GTX1080Ti, 15 55X Il 2 %54k 5 1) K F- B e | B AL
SRR e R R ST U AT 5, T AL b Bl AL 28
16 ASFELEMT, QA SRARATHS B2 A0 U FE 4T 908 B 7% 3 1
IR, e 3 P A AL AT A /NI Oy 112 x 112, PRt
PR AR SF A 16 x 3 x 112 x 112, batch-size /)
H 256, K TR E L & 0.9 1Yk
BB BE R B33 1 7E Kinetics £4fi 4 B XS 3DRAN 47
IR, W16 > FB 0. 01, 21 B i 5 2% 35 2] 11 Al
JEBEa 2 ZER L 10, S B 2R 3DRAN 5 HAy
FE]VE & 7 % BILSTM 45 & #4 & 15 21 A 3C 1) 55
(RIS
5.3 ZWEREHMN

N T B UEAR SCRERL A R, 23 0 Bt 1 =4 5
Bio H R — SIS IR B B IR A BT B
(5% 22 28 285 1 T 3D R AIE$ B, X Bl AS [ 98 B A
RIRPRBIROCR . 3R 1 4R AT LIE , BE R 2R R
JIM KB INR , UM HERf R 52 BT R IR M 2%
RERS 4R IR 3 22 A RURAIE .

F1 BEEARREXRZELEMHEEIRFIAERE(%)

Ry UCF101 HMDB51
3DRAN18 + BiLSTM-Attention 88.7 61.3
3DRAN34 + Att-BiLSTM-Attention 89.5 62.2
3DRANSO0 + Att-BiLSTM-Attention 91.3 63.3
3DRANI0I + Att-BiLSTM-Attention 92.7 64.8

A BRI )34 2y R R o T 11 3 BB,
th 5 AR S R BB A ) 3 0 0 2 () A ) B R Y
ZMAFEHG T LI 5 A SR XA R 45
T S B R HEAT SC Iy, I 5 J0 A AN I (]
BT BRSO T 5 A5 B U A B
], 4Lk 3DResNet18 iy LRl E 1T 5L, SC IR 45 R an 5k
2 iR SEALFRWT, FROEE S ) P RCR LT R A
23 (A R e, S0 T SRS AL Y [ il i A
A (B B, 3 T T T T U 45 0 B
WFRPNSCR . I HRA SR B R R P> 4L
Pt ERTUIRCR SRR RUAH L 3 3 T T 1.7 A
Sy 2.2\, BT R B B BE A R



196 AR 5 R A 2023 4
Hi s iash e AN, S AT [ R0 R R R PRt A A i 5 J7 3 S T RS A R B

RO B AR T O & BV = R 2, IR
Att-BiLSTM ELK i T 3DResNet18 HEHUHFIE
®2 AREEHEMORELAZNERBE(% )

5] UCFI01 HMDBS1
3DResNet18 + BiLSTM 85.6 57.9
3DResNet]8-Channel-Spatia + BILSTM 87.3 60. 1
3DResNet18 + BiLSTM-Attention 86.7 59.2
3DResNet18-Channel + BiLSTM-Attention 87.6 60.7
3DResNet18-Spatial + BiLSTM-Attention 87.9 60.8

3DResNet18-Spatial-Channel + BiLSTM-Attention ~ 88.3 61.1
3DResNet18-Channel-Spatial + BiLSTM-Attention ~ 88.7 61.3

e H A TRAT ) P 28 25 R HEA T XS EL, B T AR A
YILRFPEAEFEI B, FAT B 4 5 1 A8 SOy 5L 5%
G N TORIEAF1E, T A S8 4% ] RGB ifE
A BRI 3 FR . ATLAE AR SO RLAE UCF101
F1 HMDBS1 $ictfa 4 1 AR R 2 53 il ik 2] 92. 7% il
64.8% ,E W] AL T ki C3D,P3D 3DResNet101 4545
R, IFHEAT AR 70388 T8 3 2 1S R A b iR A AR
AR R R S BIHRTF T 0.4 T 43 S0 1.1 405, 55
A3 I fe AL I AR R SO S B RE IS fE — e R
$2Ft 3DResNet 123 FpfE SR HCRE 7o GAh, 13D By 1
REBLUF T A SCEEAY PR 13D SR I 224 x 224 K/NIY
PATIE R A S T B 2 RHIEE S, B ffi15
BD ZHRBK AR R .

R®3 FREEERBABELL (%)

Y UCF101  HMDB51

c3ph 82.3 56.8

p3pi 88.6 —

3DResNet50" " 89.1 61.0
3DResNet101"? 88.9 61.7

3D 95.4 74.6

3DRANI101 + BiLSTM-Attention 92.7 64.8
3DRAN101( ; ]ii(I;'S;F;\/I-Attention 9.1 659

6 # &

ARSCHE H — i 5L F U 1 8 1 i 3DResNet-Bil-
STM HJ4T R iR B, 3DResNet {8 Bl 5% 22 25 ¥ R 2>
BE G S BUAS B R E B IR A 3DResNet
BARLrh ) AR T URRAE (S B A TC MR B R R

a5 B R B ARG SO B, A At T 4%
B2 FRAE 2 2D e ) o e Ja FIR A B 0
BiLSTM BRI REAE iE— 25 2% > i) )3 {5 8N 1 SE 34T >
PR fE UCF101 1 HMDBS1 $0di4: [ E47 10 2 40 52
B5 2R, EAUE A RGB WiAE R A B B0, A8 SCHR
RIRERE 2 k5] 93. 1% Fi1 65. 9% KR HIHER K

Z % X W

(1] SRR, BIREL, MK T, 55 6T Btk 3D B B 22 M 2%
BT U LT ] AR U 225 ,2019,25(8) 2000
-2006.

[ 2] FRXAE FNEIR, Bk, 55 B TIR 7 ~) RV RE LR 1
AT RIRAILT]. HF244R,2019,47(8) 1661 — 1668.

[ 3] Han Y, Zhang P, Zhuo T, et al. Going deeper with two-
stream ConvINets for action recognition in video surveillance
[J]. Pattern Recognition Letters,2018,107:83 —90.

[ 4] Yang H, Yuan C, Li B, et al. Asymmetric 3D convolutional
neural networks for action recognition[ J]. Pattern Recogni-
tion, 2019,85.1 - 12.

[ 5] Ullah A, Ahmad J, Muhammad K, et al. Action recognition
in video sequences using deep Bi-Directional LSTM with
CNN features[ J]. IEEE Access,2018,6:1155 —1166.

[6] JiS, Xu W, Yang M, et al. 3D convolutional neural net-
works for human action recognition[ J]. TEEE Transactions
on Pattern Analysis and Machine Intelligence,2013,35(1) ;
221 -231.

[ 7 ] Donahue J, Hendricks L. A, Guadarrama S, et al. Long-
term recurrent convolutional networks for visual recognition
and description[ C]//Computer Vision and Pattern Recogni-
tion,2015: 2625 -2634.

[ 8] Zhang L, Zhu G, Mei L, et al. Attention in convolutional
LSTM for gesture recognition [ C]//Neural Information Pro-
cessing Systems,2018 :1957 —1966.

[ 9] WooS, Park J, Lee J, et al. CBAM: Convolutional block
attention module [ C ]//European Conference on Computer
Vision, 2018:3 - 19.

[10] Tran D, Bourdev L, Fergus R, et al. Learning spatiotempo-
ral features with 3D convolutional networks [ EB]. arXiv:
1412.0767, 2015.

[11] QiuZ, Yao T, Mei T, et al. Learning Spatio-Temporal rep-
resentation with Pseudo-3D residual networks[ C]//Interna-
tional Conference on Computer Vision,2017 :5534 —5542.

[12] Hara K, Kataoka H, Satoh Y, et al. Can spatiotemporal 3D
CNNs retrace the history of 2D CNNs and ImageNet[ C]//
Computer Vision and Pattern Recognition,2018 :6546 —6555.

(%% 205 IT)



AR FE TR

EAT 5 205

2 BER,
FHITAIRERE , AT A N8 S 80 5 AR B f
BT R AE e I S R HE B B T AR AL A

SR RS R M R A, B R R
JE PR e AN, 9,5 DCE 5k i, VPE
B AT AT AL TR R M AR B T AR L A 4
FIE , DT A 38T i 00 A AR B SO S B3 B 5 il

& % X W

(1] R B AR SR T ], = mdt 2 RLa2, 2004
(1):83-87.

[ 2] Mt PURARE st & [ T]. amRIER
FEEAR (AR ,2007 24(1) 81 -84.

[3] Rpr. RKESCABMEIT]. REZARBFE, 1999 (2)

71 - 80.

(4] J7 5, SR HEGIECFiEIM]. BY: Zm AR
Jikt: ,2005.

[5] EHE REXRIETFHI D] L. SRR
*%,2017.

[ 6] Yang Y, Kang H. Study on the automatic classification algo-
rithms of Dongba hieroglyphic[ C ]//International Conference
on Intelligent and Interactive Systems and Applications,
2018:328 —333.

[ 7] Li X, Guo H, Suo G J, et al. The design and realization of
NAXI pictograph character recognition preprocessing system
[ C]//International Workshop on Computer Science for Envi-
ronmental Engineering and Ecolnformatics,2011; 54 —59.

[ 8] Yang Y, Kang H. A novel algorithm of contour tracking and
partition for Dongba hieroglyph[ C]//Chinese Conference on
Image and Graphics Technologies,2018:157 - 167.

(9] BEl, RIFER. RERIE SCFHRE il 2 52 I T 50
[J]. FE24244,2019,40(3) :591 —599.

[10] ks, BRI R B E . AR DG Y SR E it 26 & 155
EEE )], F2E2441R ,2019,40(4) 1697 - 703.

C1L] 4588, 0/, SRR, % RERIECFIRBIIELT ] AL
AR E R POl (A AR R, 2014,29 (3)
72 -76.

[12] FEifga, LA IR/ FE TSR m E LN ARE 4
ESCFAFPIN T ] =i Reesa 4l (AR B RR) L2016,
38(5) :730 -736.

[13] DaM]J, ZhaoJ Y, Suo G J, et al. Online handwritten Naxi
pictograph digits recognition system using coarse grid[ C]//
International Workshop on Computer Science for Environ-
mental Engineering and Ecolnformatics,2011; 390 —396.

[14] BpEle, BRIE K. 3T WA M 1 AR ST 30700 200 1k
WFFE[]. #otk$1,2019,18(9) :196 - 198.

[15] Homan D D, Richards W A. Parts of recognition[ J]. Cog-
nition, 1984 ,18(1/3) :65 -95.

[16] Siddiqi K, Tresness K J, Kimia B B. Parts of visual form:

Psychophysical aspects[ J]. Perception, 1996,25(4) ;399 -
424.

[17] Latecki L J, Lakamper R. Convexity rule for shape decom-
position based on discrete contour evolution[ J].
Vision and Tmage Understanding,1999,73(3) . 441 —454.

[18] Latecki L J, Lakaemper R, Wolter D. Optimal partial shape
similarity[ J]. Image and Vision Computing,2005,23(2):
227 -236.

(19] Jsm, X%, B . JEARDLEC ) ot s SRR LT ]. A 3)
b4 ,2012,38(6) :889 - 910.

[20] #EE, FER. JT CDPM (7R I SCEIRAL BRI
LV iR S5 1R ,2019,47(2) 417 - 422.

[21] REH A0 SC, ol 2. T /N DX ] B 22 10 T A
MR B (D] AL 5 4, 2018,35 (1)
330 -333.

[22] Yang Y, Kang H. A local feature curve extraction algorithm

Computer

for Dongba hieroglyphs[ C]//8th International Conference on
Computer Engineering and Networks, Advances in Intelligent
Systems and Computing,2019:409 -416.

[23] Latecki L. J, Lakamper R. Shape similarity measure based
on correspondence of visual parts[ J]. IEEE Transactions on
Pattern Analysis and Machine Intellgence, 2000, 10 (22) ;
1-6.

(E#3%E 196 ;1)

[13] Carreira J, Zisserman A. Quo vadis, action recognition? A
new model and the kinetics dataset [ C ]//Computer Vision
and Pattern Recognition,2017 :4724 —4733.

[14] Feichtenhofer C, Pinz A, Zisserman A. Convolutional two-
stream network fusion for video action recognition[ C]//2016
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR) ,2016.

[15] Du W, Wang Y, Qiao Y, et al. RPAN; An End-to-End re-
current pose-attention network for action recognition in videos
[ C]//International Conference on Computer Vision, 2017 ;
3745 -3754.

[16] Hara K, Kataoka H, Satoh Y, et al. Learning Spatio-Tem-
poral features with 3D residual networks for action recogni-
tion [ C ]//International Conference on Computer Vision,
2017 ;3154 -3160.

[17] DuW, Wang Y, Qiao Y, et al. Recurrent Spatial-Temporal
attention network for action recognition in videos[ J]. IEEE
Transactions on Image Processing,2018,27(3) :1347 —1360.

[18] Ouyang X, Xu S, Zhang C, et al. A 3D-CNN and LSTM
based multi-task learning architecture for action recognition
[J]. IEEE Access,2019,7.40757 —40770.

[19] Ning J, Zhao H, Lan L, et al. A Computer-Aided detection
system for the detection of lung nodules based on 3D-ResNet
[J]. Applied Sciences,2019,9(24) :5544.



	第二期最终定稿 192
	第二期最终定稿 193
	第二期最终定稿 194
	第二期最终定稿 195
	第二期最终定稿 196
	第二期最终定稿 205

