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Group Activity Recognition Method Based on Attention Mechanism

Wang Chuanxu, Gong Yuting
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao, 266100, China)

Abstract: In the video image based group activity recognition method, the traditional deep learning
methods generally use the conventional (maximum / average) pooling to process the convolutional feature.
However, these methods do not consider the importance of the key characters in the group activity which
influence the classified result of group behavior. Therefore, we propose an attention based model to detect
behavior in group activity videos. In order to identify the group behavior correctly in the video image, this
model focuses on the key people in the activity and pools convolutional features dynamically according to
the weight of the attention. We conduct extensive experiments on two group behavior datasets, CAD
(Collective activity dataset) and CAE (Collective activity extended dataset). The recognition accuracy of
our model is better than many existing models using conventional pooling structure.

Key words: group activity; image processing; attention mechanism; behavior recognition
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N B BAT R A DL e LS A Ak S 5 2 B A i N AR AT S RO R 45 A R 1k —
NEES I MR B A 24 Hbs () Z A ESR], 24> B br T 8 7 5] i 4808 5] (9 30 1, s 24~ H
P 1E A 3 5] 58 i ] — A 52 2 A7 O L 8 X S iy 22 N 58 Y AR [R) Bl A B S W) S8 R AT O BR R
11078,

FELAAT R ARk W 5| TR 2050 0 H Ot o 1R 58 iy 28 307 kA 5 1) 86 B2 B J7 Il (Histogram
of oriented gradient, HOG) &% & fifi i 32 5 1] & #L(Support vector machine, SVM)(HOG+SVM) | RE A
A5 45 AIF % $ (Scale invariant feature tvansform, SIFT)%5 & A 4% #5 A (Bog of words, BOW)(SIFT +
BOW) %597 sk 4747 iR 5 . Lan ZFBI Ramanathan 454155 51 76 4 Wi B R ES WEB ROREZE R R T4k &
F A R E S, DA RS NAERE 2T 5 R R BU AT A, #7145 4 A0 5 B R 3R 7 BN AE 25 [ LA B B[] X35
A5 S J8 TR 225 20 X R AIE 1 220 T i 0 A BR o O HL 33K S 85 78 3 I B 1 T T 3 A R A 10 AR e w3 K
ST PN T AT g A AR KA Jmy BRAE | 75 28 N 07 4 20 ) B A7 255, O W 2k AR A BB 3K 3] L 4 1 2%
TP RS o BEXT LA b ) R, A SRS A ) feft R 32 2 ~F 90 26 R i PG RRAE A T I 28 R Ak B HAR
PN BB Hz A JF HLAE TR B 2 2] I 2 i [R) 28 5 ik P e R R B A

Chio #l Savarese ®I[a] i BR 2R 24~ N, IF7E — D HCA HEGL R R0 10 B0 AT Ry 8 HAT A R AT R o
TESCRR[9 ], o FH B HIL A% MR 25 Aa) DS AR A3 v P2 B 28 X3 (4 e AiF , 2 5 T = 4k B R B R BEVL Y , LA
SENL SR R AT o SR, IR DT B AT T A TR AL AT O v OGN W R A AT S U ) R
PEo B E S 515 300 SCHE W HE B I A S A DG N ) 2 A G Fi S 1Y () B 2 DX 43 BN R AR 22 AR
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o B AN SR A T T AL, 0T Pl AR 3 M3 10 i 98 43 0k & 1 ORI o B AR T A R TR JBE ol 2 O 8% 114 2%
TR B C 2 80IE T LA BA BEAE AR 55 BIS T R AFRY S5 R, G 48 BRI T
Az IR B AL 25 B R4 L R, AR SO — b R T T LA A R A AT S R R Bl 2 b X 4 R
REAEEAT WAL, (8 0% 31 10 8 00 A S Bl B AN TR B BRI Hh DG BN, S 5 s b B N AN T 6
BB e 2GR b B ANAT IR AT 20 o S A SR R W AR A 2 B[] T PR i) 40 At
W E BT R L A D LR AT R 2 AT U R AL T A A fF IR A5 A .

1 ETESANEINEFATAIRMNKE

1.1 EEEHY

AR SCHE T B AL A 28 X 25 A BB RY i 1A 1 T, P R B D HLE DL L(a) PR, B R
P 25 9 4% ( Convolution neural network , CNN ) ¥ #L5 WAF 4 i A JF 45 8 — AN R0k 2 54K, A5 R R
Foo SRIGARIEREAE S AR F, 5 LA 8 /0 Ho 4,52 B 1(b)0& PRAR R bt K8 1E 57 07 (R 20 47 31 55 1 B o
2 ¥ #8 (Location softmax) i o B 1(b)Hp , 78 REAN B (8] 25 2, 08 P8 I 4520 ) 1(a) e A2 L /P A L 2
JE it 3 E KA L IZ M 2% (Long short-term memory, LSTM ) Tt #¥ 4047 4 28 5l b5 % y, FlF —> Lo-
cation probability Z, |, ( Bl 241 i %] Location softmax 7 4 AF X 38k 195 43 ) . LSTM I’ 4% () HAK 4155 25 7
1.3 — 2 41,
1.2 $FfEfREX

fd FH7E ImageNet 048 4 LIl 2k i) CNIN B R ITAE Sy dii A, 45 20 K/ KXNXD (9 REAE S T5 1
AR5 R A F,, TR & — B 2D 2, o] DA B K A NXD g REAE ) £ (K AR R R T 09 N8k, NXD &
BEA NI FRAEGE B ) 4 3 B2 KR AE 1) B FR O AR AR ST T R AR IE L BVA F,=[ F, ., F,0,-+  F. 0o Foulo
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Fig.1 Model structure based on attention mechanism
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2 KBWERSHW

T B E AR SO RIS B L 3% I CAD Rl CAE VR 9 MK Bt A 47 5590 . 8 5, T B4 43k 7
ASBELLAT ] B 4 5 SR 5 3R I 2 ik B vh S 800 B 8 LUK 43 BT 5 B B A SRR DA R At T ik Y S G
25 R AT L ABANEURE 2 B
2.1 HIEE

S8 vl YA — A B0 A SR AR B B0 4E (Collective activity dataset, CAD) , 12 K4 £ J2& fdf
53 R 0 T 8 AR WL AR I 44 B i B, M BUHs 6 A 5 R A7 2 45 2% : Crossing, Queuing, Walking,
Talking 1 Waiting ; 8 i & #b5 4 (A SCrp IR IS 5 LA K 5 R F 2047 S A 28 B 3 i 2 v oA A3 [] 58
A3 5 AR 4 Crossing, Queuing,, Walking, Talking f1 Waiting, & NERA 1ANT HER S, 45 il 15 40
A INREHAT NI (G5 hr %) .

S8 il B 55— RO AR R RS Sh P R AU 4E (Collective activity extended dataset ,CAE) ,i%
B 230 6 M T MERE, 43 9 J& Crossing, Queuing, Dancing, Talking , Waiting Fll Jogging , DL} 6 Fl B 21
T M ARs, BIVAE Wt 1% 30 oA~ AL TR 58 A9 3 5 b5 45« Crossing, Queuing, Dancing, Talking, Waiting Al
Jogging, [AIFE&EAS NARA 1 ANAT R bn %, B WlE B A — DY bn %

AR SO FH B 45 v i i A IR A T, B ATL b BCEE R i 60 26 F T UINZR L 20 %0 FH P 3 E , 20 %6 It .
B A0 55 it g A B ImageNet 505 4 F IR VGG-16 9, If b Hb 47 T 0/ , B 5k BHE A 3 8Y £ X1 X
3 000 %t , Bl HIVERC AL A 4 A
2.2 BHIEESHSW

SEu A A IR VIR AL DL S H A S 8 X T T A B L A s T LSTM 240k 1,
2,3,4, 5 AR AALAL 3 2 LSTM IR I RCR et , B LSTM J2 B0k 6 B A W48 3R AL g 1Y 35 24
o Hoh LSTM M 48 Fac )2 09 4 B2 v o 5120 X FERE ST REC M 0,1, 10 #0477 5250 B AU Y
AU BE I AR BB 100, I HAE T A R 98 28 7% 322 P 48 A 0.5 19 Droupout™!, fifi F Adam i fb 5 34100k
17 154~ Epoch Il 45 .

KT GBS REOAGRT)  egi X ! FRRESRERBELNTIRANLRR LR

Tab.1 Comparison of average recognition accuracy of
T A R R il RS 6 AR O, 1, 10 I X L

different model structures on datasets %
R B E R AR TR A= 0/, 455 A fi
1 F W i 2 BT 87 A6 T 25 St TR Model cAD_CAP
AT B X A — I 2 B Softmax regression(Full CNN feature cube) 83.54 83.96
" » ’ = EBIER AR Avg pooled LSTM 83.84 84.06
— L WRE LA EEALE 752 = 100, Max pooled LSTM 3248 83.67
AT H M AR 1 DO R TR O TR A Soft attention model(A = 0) 89.00 91.01
185 5%, AN J& 41 T B0 A 38 3% b iCAE RR Y OG Soft attention model(A = 1) 87.93 88.49
B DX Soft attention model(A = 10) 82.33 83.07

1, 26 1A 45 R R W1, AR SCHR HG 09 0 0 ) 6t
B LA 25 AR R A 45 A B LSTM R B 4 o FE H SN P 2493t A 2 30 B A i R AR A5 B A 17— A
A7 1) Ak B T 22 R 0T T A A PR B 5 R R A R IR AIE £ R B e R AL, R B 2 Y R SO
T 74 SC T 20 B T 7 B W 2545 25 18T A BT A R AR A 8, DA e 458 1 Xk >4 iy A 4L A D IR T 55 3
HEA AT R AR S, TR T R A S 2 2 BL 4 QB A IX B, B A B T U SR A S B
MERA AR, R T SR E R IE 1T — 5.
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2.3 AT
2.3.1 AXHR L H ATy CAD Eeh 4 Rk

F245H T ARFT IR B 2 AR HOG + SVM, Bag of words LA & 3T JLAE 9 BE4H 47 IR S vk 5
AR SO B AR ARG S BCHE 4E CAD L1y S8 45 5, CAD %4 45w #5 Walking, Crossing, Waiting , Queuing
1 Talking FL 2 BE4L 470, MR 45 SCHk[17], Walking A Crossing A 2 XA B8, IH R 3 P 2547 9 M — B IX.
) N5 T Z R YOG &R, MR AT A AR — D AT AR AT R o PRI AR SO B s 46 oh
Walking Fl Crossing £ 31 & Moving #47 Il gk 2% 2 DL K e i ik . 2% 2 v e 45 4 8B AT R i 7 330
g2 (Mean per class accuracy , MPCA) LA K 547 A HIR IR

F2 AXEEESHMAEAE CADHIEE FRIRFIAEREI L

Tab.2 Comparison of recongnition accuray of our method and other method %

HOG+
Model SUM Bag of words ~ Ref.[18] Ref.[19] Ref.[5] Ref.[7] Ref.[6] Ours
Moving 62.2 58.32 84.0 92 87.0 90.77 94.40 82.43
Waiting 53.0 61.10 84.0 69 75.0 81.37 63.60 75.90
Queuing 64.0 66.00 86.0 76 93.0 99.16 100.00 99.35
Talking 40.0 59.80 75.0 99 99.0 84.62 99.50 100.00
MPCA 54.8 61.30 82.8 84 88.3 88.98 89.37 89.42

AR SC LA T SCRRS-7 T2 o FH IR B 2 > IR 28 ) R AT R it AT I B i 5 vk, W3R 2 R ] LB B R 1,
RITEFRIMM ST, L HOG+SVM Hl Bag of words B F 28 A7 A iR IR i SF- 2R 5% s T 20 % A2 47,
% FLF DA O 33 A% S0 55 700 (1 35 22 R AIE 2 FE T o X BRUA 2, 8 e 5 8 TR R . AR SUBE XS T
TE L RRAE L 32 B I (W Talking, Queuing 17 4 28R B T 08 5 10 1R 514 88 , 5 SCHR[ 18]I X L I 58 Jin 1A
2, SCRR[ 18]/ 7 2l 4 AiE 58 5 1Y Talking , Queuing 17 4 28 (1R 51 3R B B AL T Moving , Waiting P ZE ¥ 41 45
TERE 55 04T A, TR R R 0% 7 3R A0 T3 b R R A X AN 24T R 110 220 T RE A B, AR Y e =2 32 fb 1, 24
B A W e A AR A I T R RO R AR R R AT L A ASOR 25 AN A TR AT AR AE A R . AR SO
TRUTE [F]RE {8 B 2% ) I 2% 1 [R] 286 O b M g 3R B e 1, S 34 TR 3R R L A B T 89.42 0%, I HL X
Talking J&K 2 1 58 4 IE 8 R BIKSF o WIS, 6 A 3 )2 LSTM AR 3R 1 2 1 ML DG 1 1% gl b 0y 6 s A
Wy, AT R AR RRAR B Ak B A DL R U AL £3 ATHEAESHMAEE CAEMIELE

SR I 0 e A 5 A Y At v SCRR 6] A FHITE IR AR b
NAT R FRAE 1] i 2 RO AS SO 1.5 4% , SCHR[191fF 1 AC Tab. 3 Performance comparison of our
5 34 45 (Action context descriptor)f4 & F B AL 15 8 (1) BE4H 15 Ry method and other method %
WU J7 1, AR B HE B Be AE 2% 1 J&] 391 29 02 A SOy 3 4%, SCik Model CAE
[ﬂﬂ']%#%(’%&fj“ﬁ{ﬁ s A NAT R S5 2 AR E A B AT R Bag of words-Person 65.45
G BRE 2 H S 80 K0 FHEBR I 3R S i sh e B 2R AT Bag of words-Group 57.67
W AT RE A L VGG16-Person 83.96
2.3.2 ARIEA LIk CAE Lags Rk VGG16-Group 77.63

F 3ZAME CAE $dls 5 b A SCBL AL 5 H Ath Jr 145 31 1 5 LRCN-Person ! 74.12
NAT A (Person) TR AT R (Group ) =247 100 ME 67 2R 5 51 %, LRCN-Group*" 69.79
MR SCHR (17125 BR 1 B8 46 vh BF 41 R Ak 55 19 Crossing 28 1) i Ours-Person 86.48

A7 5296, bk B 1 R A D o AR SRR 73 390 A B N AT O B i Ours Group 91.23
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447 iR 18 Bag of words, SCHR[20-21 177 ¥ U0 A 00 35T 0, 100 L -5 {50 DA [ 2 AR b 22 19 455 119
VGGL6PAH L, 1 i T 0 06 30 25 4 1) A SCRE Y 7 B0 N A o AR AL AT 0 9 3R 53 1 0 8 3%, 2330
IBE T 86.4800 1 91.23 00 Y HERG R o K B A J5 ik #R R AE HLNAT O R A B Al b0 R 2 AT O 2R AT IR
5, Bag of words, SCHR[20-21 11X 3 7 J5 1k B4 414 2 TR 5 B0 AT B0 A AT 0 IR0 14 A Al 3% T AR SO 7
15 LA B, B 4L AT S B U S B BN AT O W R 1 SR ] T AR SO AL I S ) R AL AT O U R RE
SLEROCR AN 2 R .

-2 A l{l.,‘%r” |

K2 A SCREARLIR BIRCR 15

Fig.2 Examples of recognition with the proposed model

E G e W R 2 C 9 NN =gl ok /3 @ YIRS X (R DS E 7@ E D= ki1 N i DOR 7B A N SE F)
N AE BT AL ERAE R FE TSGR AL AT O P A SCE 5 B3 E U T AU DA R 2L AT Al R
Il o R 2 TR B A D7 9 AS SO R B AT BB AY AL PR A A A R O B R L S B R R TG 3
SRR N T B HERR T 5P Bag of words A5 74 B8 5L B 6 330 Il g, [R] AU AR A il
TR YT ] 3 U9 28 B 45 LRON #8997 3620, UE W T S SOIACTE B8 77 ML 2 )i A A 2 A7 S P00 A 28 114 A
Rt

3 S5RIE

AR SCHESE TG P A B T T AL A AR A A O R AR R T G I S P R S B IR T
0] 230 285 3t 0 A AR AR E A7 1t Ak 5 552 56 3 400 P AR SO TR R A 0 20 47 S U001 8 28050 B0 T ol T e Rtk Ak
- 253 3 P F) A A6 8 5 I L — 25 ik ] A A5 TR 2 {5 1) 3 SRR AR R B B B0 R . SRR R W,
A SCAREAY A (0 AR Ao 3 T LA A 190 28 45 4 R B G o R R VT R AR R TR 5 I 3 R 0 1) O 1 AR AR
PEERY A TSR BAS , DT i ) 5 O A B0 2, Al BR B AR L G 3 R 0 ML) e mT DA AR P e B R
B BRUZ AT 5 AR A3t ) 50 AR SR AR AT
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