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Abstract

Aiming at the problems of insufficient anti-interference ability of current action recognition net-
works and the difficulty of expressing action robustly with a single feature, this paper proposes a
multi-modality feature fusion multi-behavior recognition network model. First, use a three-dimen-
sional neural network to extract the apparent features of RGB video frames and the motion fea-
tures of optical flow frames, and the attention mechanism is used to learn the weight of important
information. At the same time, a pose network is introduced to model the spatial and temporal
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features of human posture sequence, which makes up for the deficiency of apparent features and
motion features in the expression ability of action. Finally, action recognition is realized by learn-
ing the three features. Experimental verification on JHMDB dataset shows that our method is su-
perior to most of the current advanced methods.
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1. 518

ILESE, BEAE RS BRI R A S, ST AMRAT IR LB AT IR PRtk W51 T
KL (I T L E T2 AT 9 H 20— B el B e A0 AT o0 A, SR U s 4 2 1)
RRIE, A HTAT R, RO I AR AT I3 1 . HSRHERAE TS I & AN TURAE 21 7T 2 B . (H3L
AT R R GAIA R KA R IRYE B A it il & . RS ST, R A6 & IE T
AT, IEARS B2 HIBARAA IR, XS T S B R R IEAT IR O 7 — MEARIR
FURI R AR BRI, ASCRIE T B b Bt iz AL RE T AT IR 4%, RBIAT

LT BIE I 3 B FH S B 2R X 2% 2 5] 2 i RGB 1y )28 MR AE SRR BRI AT A [ 1]« Karen 25 A [2]
JFBITE 42 XA RIS, FIHI#4~ 2D ConvNets 733l Ab 2 it RGB K 7 RIHE & A A E T, X FPLh &
TR LRSS AE R T7 AT T ANET IR . ESZ XU 2D ConvNets RS > 3 {43 (65 SRR a] )L
15 RARH A BR[3]. Tran D 58 A[417E B TARRFEAL B 52 1 3D ConvNets SKRALBRRLA, JH I Frd 5 45
R SRR 1 B FPARFAE, MR REAR BIR KRR J Carreira 25 A [5]145 6 DA B AR s, $2HH T XX
1t 3D ConvNets #57,  [F IR FZHGE S I A FMURHAEADE SO IE SR LIS T AL .
DA E IR BRI AT RN IR A A RUZ S RAE AR R, TR T RS 2 RS RHE R W AT B A
w7, (HJRPRVEBIRYIE. . AR A SR AR I R34, SRR IE L & O U5 SR, i
XAEE B IRE O AL BT IHEEABI M, SRBAUITH NRRZh S LS PR AT, 5
RADEFARLE, AL 51 S G IR A7 R 2 B IRSR A S ik, LB I 7 i3l 282 o s i
PP T EERE S B, AT B BSE BRRLE 7 2 PN NGRS E B s 22 4
JEEAR R O 2 AT SRR R GEA7 AR (T T IR BE T 22 1A

BEAh, 258 BIAE B REANE S R A IE A IS SRR I 5, TURAE BT IU sh AR R A PR RE
S o RBTEOR, FATHINZ LR IHLHIR DR TS 2, 82 > Mg S5 B AR R S B 1
AR X

SIA S ERAIHEME, ASCH LR LA TR

1) AR T — D WMERM, RIS =MARBESKER: RGB. 6. £&F51.
TR T AN TR 2 18] B LA A 22 e

2) ASCHINEEEE AN, XA X SRR /G, A X R R, Bk
3 RAZ DR AL IR B 5k, S A AL TE R TUARAGE 2, AT EE AT IR (K M L
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3) N T PR S A B (M A RS LA e S AR, FRATTH AR A P 4 X I AT 5 I 2 e AR
R AT TR A PR S R

4) FATIT AL IHMDB $is £ Bt AT ulie senie, BUs TRFRIZCR, IRBE I T 4 k2 8k
BT

2. XTE

17 0N ) B 2R SRR — B e B P AT b, Rt AEH R AT B, 4
W R AT 2 A ) EARALR 7 EAR S — RV E i &z, HAFA MR B E R, T
B AT 2SR F B, QAT ) P AP I 2 4 BRI, AT 9 TR AT 1) LA TR, (RN AT R R
& T J7 1

FLHIRIAT R0 32 AR T — Lo e RRAE SR R o T8 B O A (1 =5 350 O B R PR RRAE SR A
1T 1. Laptev % N [7145 2[RRI [B] 48 FE b Az B AR A0 0 467 B e AR AT HH (1) SCHR 8 A, AT T
A R A AR AN T B A L B AT O I SR RRAE o X VR T S ) S T VA A, AR R 4
Harris ff sl ZE{81 £ =4k, Scovanner %5 A [8]H] H A [F] ) S E Bgf — 4 X Ak + SIFT ¥ /@ 2] =4, @
TG 7 SRR AU LK) HOG SRAMIRRFE o I 25 G i (W RFAE 2 0 R AL BAR B IR, (H X My ik
AEAER I B ) OGS m 0 TR ) R, T2, A 827 52 I8 R AT I [ 2 PR A A SR A IR AT
FRAE, IR R BVE A% 0 84 . H. Wang &5 A [91f Ik ) 22 JUBE R I ARAImIE 1T % 46 Kb, ARG R 6
W5 RFE S s s B TR . BRIt 4, H. Wang 25 A [10]3E— 25 X AR /328 1R 5 1) 2E R AE 05
JAFE#EEL HOG. HOF. MBH. trajectory DUFARFAE, FHFIH 945 /K M EgmALRrE, 2485 R gl 5 i &
FYRFERT SVM 23 R85 AT N SR SR, 3X LEH) FH v 2 IR R R R AL TV 32 R T SR R AE, X
TRENERIZ RAERE IR Z[11].

BEE IR L I BRI R R, FE T BRI 25 (1) T A BRI T CAFAE,  JRAEAT AHFAERAE [t i
FAEG . METEA, MARZH TR F4EE, Karen 25 N [2)82 XGRS, 545 0] b 242 >] #ii RGB
FRAE, TERT R EHEHUCHE S G AFAE, 44T IR RS RS 21 1 B 24255 . Donahue J 55 A [12]4
th LSTM #1 CNN g5 & HEATAT RB 7% BRI S, SR HFIZRE CNN 2552 RGB Mifk) %
MURFAE s SRJ5 FH LSTM XK 7 FIRFIE IR ) fig 1 3R IA RS (B 4E FERFAE . Tran D 25 A\ [41i k45 — 46738
— AN P B AR SR O I A5 B, e T YEREANZRIE B R . Quo Vadis 55 A[S]#2H T XU
3D ConvNets #4843 il 2 BB ) 2 WA AE D G R I8 SR AE I F R, IS T A0 T- R0 AR R

T B R DR HOoF B S5 R A 0 B30 1) s Rk B 1S 1 T2 IRV [13]. S. Qi A8 AN [14]H B AL A T
i e R R AR R AR ) AN AE B A4S . Simonovsky 25 A\ [15]18 Vo BB T M = 5% .
Y. Seo [16]% NH¥EIEAFI LSTM AHZS &, [RINERIA 7 R OR35S, Sl 1 %) BIZ5 14 7 21 I 2 R A R 2
2o S.Yan [17]58 A3 H T — Bl 72 BIE AR H TAT IR0, R B AR G 55 o) R S5 REAE,  FH IS
B AR ST AR . VER N B R P NLP AR 454 ). Zhenyang Li %5 A\[18]#1 Shikhar %5 A
[19]/) TAEWF ST 1 i LSTM FEALEE &yt i Sy il i 7 v AT R . Si 88 N [29]42 1 v s 1 3G 5 )
FIGAR LSTM WE8 147 iR 32 DL EXEE TR R K, ASCH —A 2 4 15 AR Rl & 2 RS RHE
FRRERIPRPRZRIURGEE, SRR R 7 A SO E A R .

3. HREIER

ASTHAT IR BIN S A 1 7R, 35T ORBA TR B RAE SRR VEAR A 21 . ASCE SR DGR
SE[28] 1 SRS B AR ST I I, AR BRI Bh 25224 o M T IRAI AL 25 S0 Bt Al 095
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ZURMILAEORE SIS ZSRAE. B, HATR RS BRI A 13D SRR, 12
WRAURHENZ SR AE . N 7B ERITTARE R, ASCHE 13D W& 31N T E RER B, $EH
H 13D W48 RAIEAE 281 i AL > JE 49 BB SE SRR RAAE, PR OB N 224 2T i X
R SRJE, XT3RS P81, A SO 4 25 0 2% AR L 2 B 5 R R A AT I P ARl . i il i X %2
BRI 22 2], RETT SIS 1 1R .
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Figure 1. Overall framework of action recognition network
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MNAALEZS P SIS (X S RO A A R SR A R 1, R RIS AN e 8l 282N AT
WIS 198 IR AL, AR KRERE EORAD T RGB NOGHUARFAE AN L o 38 % A H — 2 471 (it 21
J B WURIE PSR — ALY RARRR ISR B, A SO LA I S5 [ 6 A I A b g — ot () N\ A5G
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Figure 2. (a) Single frame pose diagram and (b) Skeleton pattern diagram
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3.2.GCN-LSTM &

1951 TR K KIS P @A RE 77, LSTM [27] K HARFIAE 5 1 B3 7 5| B & B RHE EUS T A ES 1)
RO, AR I B AR PEBR ] T LSTM XA P 51 2 A1 45 M5 B IIERIE, X 46 4 2 B AR I 2%
MR . A SCEIEAE LSTM H 5] NEIERTHE,  DUHSEI 287 S R U5 B aE ). A
f) GCN-LSTM Hocinfe 3 fios:

C
) >@ K;\
£ i, g
H, 1
ey
N Graph Convolution
X, > alculation

Figure 3. GCN-LSTM unit
[#] 3. GCN-LSTM &

RICHW, *gX FoREER . 4258 tEEE G (V, E), BEFTEART.:
1 1
Y, =D 2AD2X W @
o, X FoRBET SRHRRIE, KANANXM , N ZRET SREEE, M RREAET SRR IE. A RR
A 2 (R A AR AR, D RN AR A B AT A — I BEAE R, W OSBRI B IIBLE, Y RonH
NFFAE X, 7EZ8 0 A B 6 H R AE
[} LSTM, FEA'1H GCN-LSTM B =AMLk, 7l BT, fti] o, flsidl] f, .

HAHEALTKRWT:
i, = o (W, *gX, +W,; *gH,_, +b,) )
fi= O'(fo *gX, + Wy *gH,_, +b; ) ®)
0, = (W, *gX, +W,, *gH,_, +b;) 4)
gt :tanh( XC *gxt +th *gHt—1+bc) (5)
Ct = fl OCl—l + it Og, (6)
H, =0, Otanh(C,) )

i, o () Ml tanh () 481267 sigmoid B BAART tanh WOE R, © FARERENIIAIN. g %8
7 R REAZ RS o SN X RS AR, 20 TRHURI OB, bl ks H, AHEAZ AN C, 12
A B R B

vr Rk, IR H L8 T R B A S BRI FFASE . ZE0E 4 GON-LSTM 2, AT
AR S OE R A T
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P 2 BB A AR A, TR BN 1285 73 H
3.3. ML

XTLERS, AL AERZ N LSTM JZ A REAN 575 1 2k AA KR R 2] i 45 1 2 1) HEATRFAE
B AR RN G (M AR AR Iy 256 ZEI I, 3, e RVPPRIR, 3y e RV SRR KT
MeE, HRWSMEGR. EREA,, I, A BRI w7 o) S S BRFIE . RSP (A
WIZERHE By {85 GCN-LSTM FREUZSE 7 51 I 1) 45 FE )R FPARIOR R o AR SOR X MR AE 2R 4T B BEC
VRIS AL R 5 9 R AR L, DGR B 0% SR, CLEAFAE Iy MIWEERHIE Fy iR
FERFER BRI REZ . B, AR LSTM 2R BRI PANRHIE 2 18] 1) RUZ 22

FA, = LSTM (concat(Jti ,(Jti —J i ))) 9

Horpr FA 25T 1 /E t I ZI I SRASAE . AR Z LS Z A LSTM. &5t LSTM 225, KHFE
BERRI T B {FA, FA, FA;, - FA M EN RURFIEIR NG THIT) GCN-LSTM 2 ASCHES | =4~ GCN-LSTM
JE R ST RSB S S S

3.4. FBANHEIES]

2 FE R INLHIAE NLP s SN 5, JRATFEM 2% b g F 7 S A = L], %) 13D 284 X
AR FIE AR S v X Aol ) B A2 2 S 20 PO A R o WA Bl 1 A A DX ) AR A ) B A P ) S o5 T- R A
s P A S AL A RS, R 2 ) S O LA B X R R AR 2 B B i RV R A5 ), $R %
DI RAE 25, PAIREHMHIE R TR E B H I, IRE MR AMERE . AT & R N
NE 4 FR, FEE RS 8 MEIE MBI MILE, EREW A AR E T BAE . DA KA
HEGEAL 13D IAHRIRTHFAE X = (X}, X5, Xn ) o X[ € RFWC | 3L X, F0R3 | WHIRAHE, A b
BN, BATH*FRAOLHE RGB.

b 2 RV HY 2 20 H SR 0 AL O RFAE A B 4459 0 o bR A I T

B =Conv(X;) (10)

Wi*=]/[l+e’ﬂqi=1,2,3,-~,N (11)

oot Conv () FRIERETM L, B HA A4 T AR IR B W, 2 0 B O 5 R 2 1 545
S5 LR 1) B AT U — A 15 B M3 R TR R BRI WL 43 50 1 SR AR T, 38R
BRI AR T . AR
Fo=> WX, (12)
F B A 95 43 R 0 BT (A

HxWxC Ecoder HxWxC

. RUEE R

Figure 4. Attention model
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3.5. MkEE

AR AR UE R AE SRR BB BT RRAT =AW 23 3000 0l IR RS R R, RiNG & —
AR SOE L AR EL  DAORSEIIR 20N SEM 8 ISR, 4 2 58 YNGR AR AR A 8 1 73
KR H K TEANMLE IS, SRR

Li==2r(Valogy,) (13)

Hor, y, RSMEFBRMALIRR, y, ZMBTMESR 2, C RaFKul%h. # j=RINKXR RGB
T SHBIRREG =0 FRARIERD SRR | = P IRREE D SCHRREL
LR BRI, ASCHEAL IR R AR R W R
Total Loss = Ly + Ly + L, (14)

4. 2R

FEATTARN, BRNMAKBPCRAR R ERE, SR5 U IA S Se96 v B AR A B R eI 7
PrieiRsein gt R, CAIGUEARSCOITERIA Rt .

4.1. HIEE

JHMDB #i#fs PE [25]) B4 21 N AN K30k, Wt 3 LEEH youtube, ¥ & B HHWES). BREEHRES
928 /™ clips #1 31,838 il HHEEMINGRAMIAST A 3 4>, FATHINGREAT ISR, AT A
PR L R MR TAT NRILSS . BRI B, B clip MEMERS. BEEREE DR
1, RERNEA HTAT AR T, APPSR A R

4.2. SCIEARFS FNTFANFR

T, K E W HEER R Y 112 x 112, FREUESE 64 Wi 13D MERIRBURHE, A5 HERET)
YO RFEREAT 98, o ) = B At 8 W 28 SR U = 4 BE AR T 20 280 R TR8M%s, AR
FEREK R T WEAZSFEFIE NN, A92id T =30, EACH GCN-LSTM H, &N 4K a4 R
BE5HSEEMERT A . GCN-LSTM ZE1EE &% E N 512, fEIIZIREF, ACHEH Adam fifts
[26]%F P 28 BEAT AL « WIGR 2% 21 2% B R 0.001, 2% 2] F [ ZE I8 0.1 A SRS L T VR 5 27 S HEZE Pytorch
S

AR ACC (HERZR)VE PN AR AE , AIER 2 SN0 430 43 B0 1 40 LUk AT S A 28 (1) 12 e

4.3. KWERR S

AT SE MR AR SIS SR RHT IRBIRS EEIIRE I, Wk 1 Fos . 33 S ik s AL
SKIREE RN, 0% 2 Pos . SRIGREASSCRORERY 5 1 LU B G HE AR LLE, 1 3 s

Table 1. The influence of combination of different modal information on accuracy of action recognition
F 1. PEESERNAAXHTAIRAEE RS

iy

ACC (%)
13D + RGB 13D + Yt GCN-LSTM + #5741
N 66.4
N N 76.3
Y J y 83.3
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Table 2. The influence of spatial attention mechanism on the recognition accuracy

3 2. ZFENERITRAIEE RN

Method ACC (%)
None 79.6
Attention 83.3

Table 3. Comparison with advanced methods

*® 3. 5EEFENER

Method JHMDB (%)
P-CNN [20] 61.1
MR Two-Stream R-CNN [21] 711
PA3D [22] 69.5
Chained [23] 76.1
Potion [24] 57.0
Our 83.3

3% 1 SR DE H: 2 EEE R IR & RENS B35 5 M M2 R BE ) T8 W A RIS RHE R
AT EIE S, (EAOGES RIRHEAZ SR IE L RIETARA R HS TG A IR . K
SO G AWML AR S, FFFI ] GCN-LSTM 2% 57 5] JL47 [ G5 R 5 A PR OS2, A RS
TRBIERE. 7870 B RIASSOT iR A Rk

Hie 2 ATUAE L AR I B R 5 vy 1R R R B . R0 5 L, AR ST S TRl R
HLEIAT R 2R IME R, 1G5 AR H 2 IR O, AR T AT M5 N T
JEIR TR, A LABhES: “Kickball” A1 “Throw™ yfil, X SCHEmIKI i BB AT rT Rk .
Wk 5 fir, ARBIE, ASCHINEIG A RESRUE SR A AL 1 825 1R X 3

Figure 5. Action “Kickball” (a) and “Throw” (b) and the attention visualization results of key frames
5. ZhfES “Kickball” (a)F1 “Throw” (b) R =AY E HATIMILEER
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43 LA AR, M Har et MUk, ASCRNEA IR, B, JATH ACC {Hik

BT 83.3%, WlRmTHAT % HK, MBFBCARMIERE NI I5E, A SO A 18] R 3 56
TR B R A XA RIE S, AR T fRJE, ASCBINE G ERE ST O, rAb
T RAFHALAIZSPRAERAT NIIERE NI, S T IR I FEE, B3I TAT R BRI TERE -

5. &5RIE

ARSI T — FlGHr R 2 P 4 SRR R AR & 2 ARSI AL, H AT iRl . SR 13D M

25K 5: 5] RGB AL (1) F WL AL AT G T RS BIRFAE SRS Ta) R (8] 45 FZ 1R 21 AE L FFAIITE
IO SR ) A DX T 7 O, DSR2 BLAOAE 2, 3 EA MM B . fEUbIEa 1,
ARSCHIN T A3 LRI N AR 25 7 51 5 I 23 SRR 1 P 4 36 e BRI AR S5 U AR TR B

Pk,

IRANE AR AERIZ BIRHEXAT NRIERE IR, S TAT N IRBI ERZ . 78 JHMDB #dfadk I

O SB 2 FFE, ARSCHR HH I VAR RS BB R 24 3K 2 MO 7 i o
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