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Figure 1 (Color online) The pipeline of the proposed method. First, the image data is segmented into patches. Then,
we construct the similarity graphs for the image patches from four aspects, including interaction, spatial distance, motion

direction, and motion transition. And a multiview clustering is proposed to cluster the patches. Finally, the clusters with
high consistency are merged into final groups.

MAMEIZBIHIBETE, 22 HTREAAT R FERE T 5. A2 RN B, 7 35 A SR A 15 0 A A G
HERfARST I 5 08 B M ASE IR, DR C IR 09 NBE 0 4T 0738 K 2 LA Bl RFAIE L P~ B[] g b7 304120 gt
FORT R, T G X AT NI BRR L. SR, AE[R]—AMA AT BE A7 AE 21N 18 SR AL s B [ 72 At
T, X SIS S BT RESAFAEIR K ZE 5. 0140, 47 NAMAIZ BN, SkE0 AU RIS s 38 3 77 0] 7 B
Fe . eAh, BT T REME, RHE SR T R s AR, AR RS T R B LA
PH Ik, 38 BNRFALE s R R AN B AR I 1 S BRAN AR (K SRR X b i) 8, Li 55 031 i H ) F 4T
s R JBE T 160 3 A SRR A BN RFAE s R SR F I, (LI P R B 25 R R 1 2 VR RICR

BECELAT ARG 53— A E TR ORI, A5 AR IO 20 A, M . ssie i
FHRHEME AR . A 1073k 1568~ 14 SR DI RIALE | I8N R, K RE ik . 3837 [l AH
AL AR [F)—HE2H, SR D XFE B . 250 b R SCSRRHIEROF29E. Sharma &5 151 7RI 53 4HL I A P
TR . 2 RS FE AR AL, (HIL BRI 2 MR L & A R — A i, RAR Y B R et 4T
X3 Li & 03 R 2 M A RBEE, 20 N@shJ7 e 54 BRSO J7 g AL, B8 IA
[FARACL L A L, A T B R B, R SRR R vh R B R E I 2 %, AR AERFAE TU AR i
I, GRS BEAT ) BORRAE, JF4R S S-S B R AE R F 770, R BEARAT 9 23 B rh s A At e 14 i i

> b TR REOREN, ASCHEHH — R T 2 WA TSR AW 77 (multiview-based
group behavior analysis, MGBA), LASZRIONRE FIN R, 88 A FRHIE s i sh i 022 ) M H A0 A
FIBEAL. 55, BARNOR WA SR, SHEE SR, SR B TR P 5 4 R P, AE05 T8 4
SRR AR, AN, R 4 B, 2N HK & AL E L 188077 [ 704 K Is s
BT R A FF R IEAT . ARG, SR — A AE B 2 S 2 A R 2ETT Ik, fERE G 4 MAH LA
BIEI, I B2 REPEIE I, 9500 AR 2 e, fJa, B TR B2 H I EANERA, B
AR R I AT e &8 T 7 — A, Rt — Ak T i sh 77 e b o B R G I 7%, 1531
AR, A SCEEREEE 1 s,
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RS R 4 2 BT BT AR WA BRI T, 58 3 A 2R
SEEIT A AR . AT R KIS A MRS 7 T B R AR A 7 0 2 4 4R T
TE L S WA R, IR T RARSEIE: 28 5 WAL FEzh AR L B KA
Tk H 6 AR AT S M7 E R A B R SR S L 4 T R

2 MExIfE

AL BB Boh BRI P, JFR R0 2 LA ST, A IATBEALR S 2 0
SRR A A4 R

FEALRIAM A A BT T o 0 T BE G 0 AT, LAt 3L T K BRI S B0, 9547 Bt
A P 55 4 R IR, Zhou %5 19 RUBVRME A3 0B B 56 R SIS B FLATBLE, V8002 104
IR, AT A SRR AT, W %8 1 it 7 A PEAHAE, APRHEAUB TR, L7k g
ST AR, TR P BAR 500 O A2, Zhon %5 5) KW 3 BB 37 5 o O3B DAAE £, 1R
AMFFE SAE RS BT I P BRFFIIE 6 R, LB A7 50, MBI R TR —BHAL Shao 4519 7234
ALY NN T GUBAS AL AU, HE AL RO BT . Wang 45 10) fRIBAZ BB SRS A4
BARE, ST SR IE A SE 2, SERBALRI % ALl % 12 IR Lyapunov S04 ABES S b BT
JGRHEAT B, 5 RUEAT R4, Wang 45 ) FUR ARG IS, RERCT ORI A6, (0TI 02
Shik. 3 5 FOTEEOURU TR A SR T %2 6 B 532y o 8, BHERFI R 755, ELUA R
BT EEIAS S E A A, BRI SO TR, 5H AU A T4, Li % 19 (ERPRHEA
HEAT HETRO BN T S50 RSO B, GER T SUR GRS AL R, {10 VR DYk A PR O
Al IR, 7R S UL I T A AR T A ., A EAS EETU AR L,

R RSEITAFANL B S SRR TF T, o FIOFET 8 2 MU0 8, ARt oo 2251,
52 MRS 55 Kumar 45 (19 (5T BLA LRI, 459 9L LA L5 MK A, (24 AR 3R —
BURALR. Cai 25 17 Rt —F0 2 BAS IR IOTIE, RUR Laplace SEBEXT £ UL BURMAT I 2, 363
He S WA IR IR 2 4, (IR . Li % 191 b e LA PR A O R At AT 4, A
P AL PR LA AR, AR K HUASEREAE. Xia 5 019 A WLA AR R A7 b, T
Markov 23] — M BRI HUARIE, JFAET Markov SEARSIBAL R Lin % 20 722 0L A B2,
PEALAT OB, BB IR AR N SR, DL KRR AL Lin %5 B 5 Cao % 22
8 2 2 UL RO, 31\ 25 B TE U, 386 %0 56 2 R 2 AR DL BN IR BB, B 74 R
HEELRA BT AL R, B & M7 VRN R A FID IR, (HIL4 SR 5 R A P, Li 4 19
5 Nio 4 29 % Laplace AEFRRIBGIEATIRA, 4% RO U, 740 LS T EL B0 Ay K B
(LB ERI kR4 8 P RERE, MO\ T A BCRaT, XL 26 440 02 SR 12 .

3 tEMEE

FEAH AV DI R A MAR R, RIS 7 Mo SEBURFL T FE R R B AR R R N e, 4T
AAMRIE CLERHL, PRIA SR IS SR mARE M. 5 8 BIRHIE s TR AL, A58 58 80 7
FUARAAR, il 1 PR, [F AR P R IE R Tl R A, HIssh A B, WEES
. DRI, BRI SIS B, B AT AU R M i R A R ) L. B4R, A TAEFIA gKLT
J710: B R P SF BRI BRFAE AR, 43 BIRHIE OIS BB, JHERT SLIC T3k B4 H 4 — Wi AR B 2>
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2y s H R IF S I T £ VLA R K B LT A b

EIN Nparen B, BEBRASATATRRE 55 (055 e, oA BRIER 71k 25) R E1G 4y 8100575 126:27) [RFEH. R
THIKT 4 AR ol B b 5 7 vk A T e R

REXFR. NEER MR GBI HR R, AT NI T 28 R0, AN AL
EARME TR E. B, R R RSN, T L IR S RS HR R, 1 %, SRR
MU PIAS B RIEAT JIWT. X TATRRRAE 5 4, MR AR M AT S AW 1 2 [ B 2, R & 24875738 3
ok NMEAR. BORAFAE AT 5 52 0 BEAR, i i A1 j BB R AR v 5 v;, SR HEEIE 307 AL
FERT B thy, WA NP E 2 [GIAFAEAE ., WP A8 B E Inter(i, j) WA 1

1, if cos(v;,v;) > thy,
Inter(i, j) = (1)
0, else.

XTRABIR p F1 g, WERPIHE 21814 3 W A EAHE RS EEEN 1, MK p 5 ¢ BIZSE R RZAME
Ginter(p7 ) Wjj 1:

1, if Y Inter(i,j) =3, (i €p,j € q),
Ginter (pa Q) = 3 (2)
0, else,

XX RARLEE, RIS 215 T C RARAE Ginter. WIR PSR B P RFIE RIAF A 5 DI AE
B, WARARE K. BRI, A T5ERE U 78 P23 MA TR A2 E R A

lElfErE.  HRAEAE 2 R B EGL A ANAR AL RR. FIREM, X PSRRI, 2 R g ),
J& T A — R IR BOR. BB A p KT OELEN (2, 9,), W p 5 ¢ BIARIEEE N

d(p,9) = \/ (B — 39)% + (G — )2, 3)
TG p 5 g (0% 1A B BRI 5t 3L A

Garelp. 1) = exp (- 2010, (@)

b h AR L. FARYEE BEROR, BRI, e Dy RN 0 mT Be bl BRI AR T Ve 2
E= e RS VA S

BENFEES. BB A AR MEAT 0t AR AR, T E RGPV, W R
W EBHRFE S HIZ BT R 70 AT . i 1 Fos, 07 s E gy oy 8 ANdiE, WSS p WisshJym) o A
Distri, BJYJ A ML S AE 8 NEIE LR/ A6, Distri, B2 o NITEN

Distri,(a) = pro(v; € bingli € p), (5)

Herb pro() WHEE, v; € bing FARFHERA @ KRS T9 o NMEE (o= [1,...,8]). X TG p M
q, H3&shJ7 F o A H A E SO

Girec(p, q) = exp{—KLD(Distri,||Distri,)}, (6)

Forp KLD(Distri, || Distri,) 4 Distri, 55 Distri, [BF KL #U% (Kullback-Leibler divergence) 29 FiF
THEA R AR 2 572

1230



FEB FEREE B A8 E 9

BEIME. R RME, S ERE AL I8 SR AR A 8] 7 B AR 8] 7 51 _E AR
PR, B T AR BIAT 9, DI B SR B RS AIE s R s R BEAT AT T XT38 p, iF
SR A BRI R AE B — WP P R S TR AL, Dy b TSR AR, AT 6 Wi 2 AT (E, WIS 2
KRy 6 BV {(28, g8) Yoo, KRN p BB BE. AMA (a)r B AR A AE I R 7 51 _E o S8 ),
BRI AR p £ ¢ WEZIMALE AT ¢ — 1 NZIMALE AR #AE). 12 (28,95, 1)" A 2L (1 NWE, T N
FEAS), WAL A,

zh = Apz;_1 + 6t (7)
Horp A, e R = [ b BASHIERE, of Jym g, S0 {250, ATAIH Kalman P B0 1531
BHHELE Ay, Ay, FICRA/DARIL T BE p APTERHE SR s . 285, AR 23 A £ B AR 1%
TR, G Ous s AR LR € N
_ tr(AYAy)
a HAPHFXHAQHF7

[+ || p AAFK Frobenius JEEL. %57 p M1 g HIZZHFEFERIEL, W tr(AT Ag) BOK, T B || Ap||F x| |Aqgl|
HIPE KA AR HIAE 0 ) 1 22 08). 85 $2 40 4 12 B AR R, AT VRN AR R N HFAIE RIS 3
FUEREAT 7 B BRTT, IR A 1IN PR,

(8)

Grans (p7 Q)

4 ETEZHMNZIARE

ASCHIBETE H bR 2R R B 73 AR, Seit B n AR Bt AT 3R 2K ARt —Fh it T &
ZREE 2 KT (multiview clustering with diversity regularization, MCD), &5& LA 1)
4 FARAAE, SR PRI BCEAREE. FREER IR IR T, Wit 1 — Rk AR k.

4.1 BEF&E

LA RB RN GBI R AT L R B (S AR B &, [/ — HasnT HkB £
AL R IERROR. ARG R TR R B — AU AR AE, shZ X0 2 M E S REE, Fit
LB P2 B O N AE G K. 2 WA BRITT IR 2 MU IR R AT A LA &, RIS R A 0 L
A, R ECHE BEAT A B M, RIS RA M TR 28 R, SR REESKEBMESS
IS T B 4h

FERF IR 70, FIRIAZ LR A S 1837 [ oA 2 (B BRI s S 4 ML AR U,
MG IGRET 2 MBI, A MZUMBITTERZ R & WERRIE NGB IR, fi T k27
WO T RIARME, PRI IX L8770 ASRAG RS 45 2R Li 45 131 Sl —MIE T Laplace FFERRFR K177
%, e Z ML, 23— R o MEBX I AU (¢ FRAER ), MR RV A %
PEIEB KRR, 13RS, %7k A AR En T

S — i Wy, Gy
v=1 F

st. w >0, Zwvzl, S =0, (9)

2

min
w,S

Z Spq =1, rank(Lg) =n —¢,
q
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Sl G, W o AR, w, FARIRUE, § AFFREGAIALE, n, SMAHE, n SRR,

Ls 79 S ) Laplace HiWE. AR4ESCHR [31] BNIEW], IRA] Ls BOBEA n— o, MBAEEIN 5 AA o 1k

T T FRSASUR, 76 S R TR MEmKE, FIk, § TR SRS R, 5] 5 1

SERCRK. ST, DT AFTEREE LA UL B, LA Gy BUEECK, 5 Gy 4 R 0

fAFOL )t b 3 B AT, S R AE P 103 FE T4, DL LA SO 2. A7 40 FRAR 0

AV, A SCHR TR R S WL RSOV, B0, R SO H e R
TH(GEGL)

H(u,v) = , 10
() = TGuTle % [[Gallr (10)

A u Ao DM E A B S, W H (u, v) BOK. D9 % o B RE i i B BORMALUBL R, 3R 11 DL R
EZ (e

minZwuH(u, v)w, = w' Hw. (11)

uU,v

H (u, v) B, M wyw, #8/, AR S JE FARUEE B2 . 25630 (9), 28000 F AR &

2

min ||S — Zvev + BwT Hw
w,S 1 »
st. w >0, Zwvzl, S =0, (12)

Z Spq =1, rank(Ls) =n —c,
a

Hrb o AZHC Z53CHR [32] IVERE, BRI Ls BN n — ¢, SEFTSRAFUT )8

i Tr(FTLgF), 13
FE]R”?},I%TF:I ( s ) ( )

Hrf I e R e dE R, RGAS & B bR s 80k
S =Y w,Gy|| +pw"Hw+ ATr(F"LgF)
v=1 F (14)

st w>0, Y wy=1,8520, Y Sp=1, FTF=1,

q

2

min
w,S,F

X N NS SR IENI SN, AT HE RIS T R 08 70 042 48 AN [ A 5] 0 ELAME L. RIS, F
Lg WIFGHAT RS, FTLME S BAEAE NI HITaRH R, THRMAH & BMERE I EE NG H D IR
BEAR 79 7 — YR M R A] 15 21 R 28 45 L.

B RS, fEEH RIMTS T, KA H ¢ R4, TERLAT NI, 1R X T
HH. B, ARSCIERI S BEART, K ¢ BON—ANEKINE, SERCRAR R, TR0 RIRIE @ 2T A 9t
wpE 1 .

4.2 KFREX

Hreg g (14) 8 K 3 AT ERAM A E, PR I — Rk AR 2%, I — &,
e AR, IEREWSUEHRIRIME. H5E, K w KN TTRGHY L, )5 ST [32] 5
et S.
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R F. 4% FORAERS, B AR R, K (14) BIFEAEAER (13). &l F RN Ls T ¢ N8
NFFIEAE S B AFAE A B AR
ik s. Kig s i, X (14) Bk
+ ATr(FYLsF)

S=Y w,G,
v=1 F (15)

st 520, Spg=1,
q

2

min
S

XEF G (15) FISRARJTVES WICHR [32].
R w. BEE F NS, A w i, Hr N

TNy 2
S=> w,G,
v=1

+ fwT Hw
s.t. w =0, Zwv =1,

min
w

F (16)

KR (16) S REE 4T, T o R, AR S %A R oA B R 5 e R, [FEE
KB ARBIE Gy, ..., Gy, FAHAFIEE §1,... gn, € RV XL FEE IR G e RY e, IR (16)
A N o) B K i ) L )

5 — éw”2 + pwT Hw

min
b 17
s.t. w}O,Zwvzl, (a7)
JeIFIaHL, LHTCRIN, 155
min w"(GTG + fH)w — 20" G5
(18)

s.t. w =0, Zwv =1.
v

1T CL L (R AN RERE AL PR 3, TR A SO IR Lagrange 777 B3 X7 AL, SIAZ R
W =w, 1 GG+ BH N A, it GT5 Jy b, W IR [F) A A0y

min wT Aw — 2wTh
w

19
s.t.w}O,Zwvzl,ﬁ):w. (19)
MY Lagrange J7ik, KEEFEL (19) 55 [T OLAk LT fi
A2
min w’ A — 2wTb + % Hw —w+ —
o Hl2 (20)

s.t. w>=0, Zwv =1,
i F1A BT Lagrange 240 5032 1 A48 7 1AL (20) BISKEDT V. 1EIEARH, i o BIAS Y
K, [lw—w+ %H% B 0, I @ T w, BIILRE (20) FISsAOCAERD NIRRT (19) IR, %) H bR
0 (14) BEAAR SRR IR 2 Pk,

1233



BOE 1 (20) MRS

1: Set 1 < p < 2, initial g and A;

2: repeat

3:  Update @ with @ = w — %(ATw +A);

Av72b||§

Update w by solving min [|lw—w + LA+ Av=2b112 with an efficient optimization method [32];
w>0,>", wy=1 r r

Update A by A = A+ p(w — @);

4
5: Update p by p = pp;
6
7: until Converge.

BOX 2 Hiwel (14) BRMESHE

Require: Graphs {G,},?, parameter ¢, 8 and \;
Ensure: Optimal Graph S;

1: Initialize S and w;

2: repeat

3 Update F' with (13);

4: Update S by solving problem (15);

5 Update w by solving problem (20);

6

: until Converge.

5 EHTEsFREMERIENREHTTE

EOCHRE, HT R EE MDA, DR e BONBORAE, RIS BB B KT S bR 4 3
H. A H PG IE07, AR RN RHE a3 77 7] LA R SR O AL B AR ER, X SCTRE B2 a1
FABATE I, 1R A

BTS2 A BB A R AE TR G — 24, X RAAR R AT Z A TR, AR S B g%
FEAFAE s 2. X T-280 cluster; 5 clustero, QISP 2 A0 FE B HGE H N EVRFIE /S 3 77 17—,
MRTA R SRR B mr. BRI, 23 (4) 5 (6), THE cluster; 5 clustery 258 FE B A2 577 1919
T FLEE Gy(clustery, clusters) 5 Gy(clustery, clusters). #5 BT AHALEE I KT BIME the, WIAK cluster;
5 clusters KIBERE iy, NJB TR —HE4L, 0T & 97, ik A BT & 9F, BEEFRINA
WG, RIS B B A RE2H. Dkt OB I3 %) i 48 45 3 sl s, FE R kAR, A ki 2% [a)
PR B ARABARE S K — 2 HEAT & JF . I X S0 QIR P i W S AR BT & 0F, AT VA8 08 H 201 E fe 2%
FFHEH.

6 =

ARG E B AP . O, R ANTFEER SR A R o A5 R AT RS, R siIR S5 IR A
&, MBI LIRS T AT B 2RI 2 R TR RCR.

VN RRAE. EREE R 5 2 BRI b, SR RS20 i H B 70 RUERIJE (accuracy, ACC)
5 F-AH (F-score) 3] YENFIEEAN AR UE. ACC 5 F-score K, ISy Rl 4T

SHOEE. FELRT, B Npasen, k, ¢, B 3B E N 200, 15, 15, 26, S48 X BN 1, 16
AR, WR Ls BIFRKT no— ¢, WK N, 2B/ A BIME thy, thy #I8BCN 0.7. HTES
WA REGHAT T REHEAE, B thy, b 5 ¢ X RATLIEEREMA K. T the F{E, A0
17 7 280, BENE CUHK BdE 8 iz i 100 MR P Y, K0 30 Wi B A ZR8ds, T ik
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1.0 1.0
0.9} ] 0.9}
0.8} o 0.8p 5 1
0.7} = 07 ]
0.6} ] 0.6}
0.5 ' ' ' 0.5 ' ' '

0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9

th, th,

(@) (b)

2 (MEMFE) EIIZGE L, S8 thy MRARNE RN
Figure 2 (Color online) The influence of thy on the group detection (a) ACC and (b) F-score with the training data

*x 1 AREA#E CUHK Crowd HiE&E LRISLIRER
Table 1 Experimental results on CUHK Crowd dataset®

CF CT MCC CDC MPF MGBA V-inter V-dist V-direc V-trans
ACC 0.70 0.75 0.68 0.67 0.80 0.85 0.74 0.75 0.73 0.76
F-score 0.67 0.74 0.67 0.67 0.79 0.83 0.74 0.73 0.72 0.75

a) Best results are in bold face.

B2 MERPAR W ENRE. B 2 PR T thy FEHAUGIIE R, AL, 2
thy 7£ 0.7 £ 0.9 AIVEEINI, FRRCRELF. BRI, A0 thy FMEBEN 0.7. TS E 5 X HEHRER
FRISZNE, R AE 2 AL RIS IR HEAT VT

6.1 FFHAEXISIEIE

RIS A ST B MGBA BARIBCR, A/N1i/E CUHK Crowd #i#fidk (6 b7 seie, Jr ik
RAGHEACEIY 5 ML 3 J7 1A Rt EE B,

HHEEE. CUHK Crowd HUIRHEAAL 474 MEBFSI, Hrh 300 MAIRA N TARE. BAsIER 7
P2 T RAMRIE BB AR . A G CARERT 300 MR FP BT S256, 72K 73 F It gk Lk
ATREALRI Y, FFAL ACC M1 F-score HPIMENFNSEIEE R, AR Iw e SO B8, it
FEANRFAE 25 (R FF AR5 R AT B 52 A8 AR 25

STECEE. Seat R H Xt LE BV coherent filtering (CF) P, collective transition (CT) ) mea-
suring crowd collectiveness (MCC) 8 coherent density clustering (CDC) [7], PL K multiview-based pa-
rameter free (MPF) 18], S {RAESEEG 1) AP, 435075 24 FH et 240

IR, FEERBHAR G R WE 1 s, TR H, MGBA FVEIE T R&R ACC 5 F-
score. CF ¢ — BN ] N ORFFIEL AT 5% & HI a5 i) —Ei ikl 73 R — R, BRI RS IR Rk R R
AL, W NHFREA. COT FIHIRRAE s HUZ RIS A FUER, 02 N AR AL A HEAT 7 1%, (ELXE LA
AR FRRFAIE 1AL R i L. MCC 5 CDC H 4 — WiRs AR AT SPMAR B, ) FARFAE R 78 2 it (4
B R ABATREAR 7, SR FPER R AT, BeAb, BLET5 08 SN AE AL M, A-AERTE TEX
it TR . MPF @57 E R SCHAE 52 s AR, XS AE AT 200U 238, A AR
I BT 1) 73 AT SR AMRFAE £53R AL AR il B, (EL R RER A T I P R, HRZE FEALAA (B I & L, Dy Al
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3 CUHK Crowd #iE& LA SER

Figure 3 Representation results on CUHK Crowd dataset. (a) Ground truth; (b) image patches; (c¢) multiview clustering
results; (d) classes after merging; (e) groups detected by the proposed method; (f) groups detected by CF; (g) weight
distribution of different views
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Table 2 Performance of different methods on multiview clustering®

ACC F-score
Co-reg  RMSC MMSC SMC MCD Co-reg  RMSC MMSC SMC MCD
MSRC-v1 0.70 0.67 0.71 0.70 0.75 0.59 0.59 0.61 0.60 0.73
Digits 0.79 0.77 0.84 0.88 0.90 0.72 0.69 0.79 0.86 0.88
Caltech101-7 0.43 0.59 0.68 0.68 0.81 0.45 0.56 0.69 0.64 0.76
Caltech101-20 0.48 0.51 0.51 0.60 0.64 0.39 0.46 0.41 0.42 0.51
a) Best results are in bold face.
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Figure 4 (Color online) Clustering accuracy with different 8. (a) MSRC-v1; (b) Caltech101-7
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Multiview-based group behavior analysis in optical image
sequence
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Abstract Group behavior analysis is a hot topic in intelligent video surveillance, and has attracted a surge of
interest in the field of artificial intelligence. Groups are the basic components of a crowd system, and provide
a high-level representation of the crowd phenomenon. By investigating the motion dynamics within each image
patch, this paper proposes a multiview-based group behavior analysis method that is able to divide the paths into
different groups. The main contributions are threefold: (1) the correlation between image paths is captured from
four views (interaction, distance, motion direction, and motion transition), (2) a multiview clustering method with
diversity regularization is proposed to perceive the complementary information within the multiview data and
alleviate the influence of redundant features, and (3) a cluster merging strategy is designed to combine the highly
correlated clusters and determine the final groups automatically. Experimental results on several benchmark
datasets validate the good performance of the proposed method.

Keywords crowd analysis, group behavior analysis, clustering, graph clustering, multiview clustering
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