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2RI KI5 2 X R IR AL A 7 L 2%

ST A A TR AT ANBCEIE /g s 01 SR RAS H ARG IR 52 TSR 1 3 1)
s 2 BB MR A b . RISt BB G SE T A7 AR 2 MARI AC B3
BT HAEFHRREIME AR oA = N4 BEREA, A B AL AL R RELRL B« 22
FEREA. PRI s BRI - oA, SEAA R T HERT SR R R, 19 2 A e 4 B B vl 4 3 v v A
K.

B0 B K 5 UG b 15 R B AT NBEAT 0 AT, 5 BEORAIE G B B AT N T T, B EIR i v
SRR XN A K R BECRE S o T BB R R, R RRE T OB R A
FUARML B3~181 0 JeF- REF AL, Wang 55 101 Ky T BB AN TLB RS R 20 f 8357 &
PANDA, HAh [ Kzt N a i B AREEE-F 6 1072 8, NRRETEENALETT R4 7 Ay sl i %
PR, ZEAEE SRR B BRy R AR, B AT NMT RS B AR I, I kA
BEKRE T IEREA M)« AT NGBS A7 AL AT NN 1D S54E B AL DOZ 8 B, B 7 v
PR 37688 8 4 1 238 K I s BB 0 N 20 AL 7 0.

A7 v 2 R K S R R BN ALK Im i R Bk (1) ARG H TR ANRE B AL
R LA R R U, TR S T IE R N AR B BRI, 2 — R LR 44 BURAE
SR R PRIUE 7 HAERAVE R K AN L0715, (2) R ER & REAT N, A T I
T AR BAG B 22 5, BEAEE S B AR KNI E 1 o K37 5 N7 AT 55 IO HME R, 7 2 —
Bk 3 A [T 4H 45 1 SCREWE AT RORLEE R NTE 20778, (3) E ABURZ M K Iz =, AT N[ L 8%
SAFAETE B . AT AT SRR IR I D0, 75— R AT 2 A e S S RE 1 AL PR IR AR LN
BTV

BEoxF DA PR AR A i R, A SR A4 JR) 38 Ry AR A K3 S5 BRI B N LSS 7 HAE SR, 3%
FEZRE ] T IR 5 R, BER X UG b i B AREEAT AR B2 R . ok, AEZR R L — A &1 5
SR RIS RN T %, S AT NG W R AR TR AR L, A S5 ik ae i R Is HOMAE S E A
SERIRINREREAT 0 21, FLIR, O 1 AER AT B DL AR AE X SR B, A SCiett 17— A 2 SRR UMY B i
P i VR E AL AZ 4 2H X 4% DSGnet (deep social grouping network). AR Y s R Y EPSN I (e ]
BN, 5 2] B B DL B R IE R O, BEfE H 3 S0 A RSO0 T AR A R B AR E L HAT N
BEATFIT. 5, T R BB AL S0 28 LG BUR A R b 4 Ja) N2 LRI Al . SR 25 SR AR W,
AR TARS 7 HAEZGE ] T A I s A3 a5 5 K 5 PANDA Ba 4k, JF B BT 70 42K
BB 1 IR T ARRERL TARRAR 5 2 HAUR. BATRE AL 5 UIZREAR Y, X AR AR B R
ORI ST E AR AR, A TAE R - ZEokan

o TRHIE N TIRIZ Y 2RI SRR AR L ANREALAE 7 AHAE SR, 3 I IET 51 3 1) 7y SR 55 R P o
S K+ 2 il JEOR s IR SR R BR B R, RABAL G VEA B AL K3 55 R O BRI S

o FIXTHEAAEAE . MR Z 5 0] @, $2 H—Fhsh A2 4 R B Jm 88 1R g SR, B e A 3
AR B R SR L AT R H AR RTE Y, [F)I BEAIS 10 22 NBOHEZEL 1 V00 f0) Ak A A

o FPXTE A NFEP AR B AR A 0 R ), $2 th— Fh 2 3 SR FE MRS RHE 51 5 IR AE R & A 177
V2, BTV DR JEE DX 28 W] AR B R fiff ke LA P B IR L R0~ AT SR AR S0 2 A 0 ) 4 2L i)

2 HxXIfE
TR X 2 42 N A AR & B S R — T 55, TR T B AR S iG B — 2 &R 2

1) http://cic.tju.edu.cn/faculty/likun/projects/DSGnet/DSGnet.html.
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Figure 1 (Color online) The framework and results of fine-grained crowd social grouping for large scene images: the
subimage below shows the gigapixel-level image input, partially enlarged picture, and the grouping result of the framework

FEE R AR SIRLE AR SRR O B AORE S FE0Z 1, & AT DU AR FEI 27 46 (0 [ 4 0 — R
FAR, G108 A 20207 3 5 BRI P AT AL 2Rttt P S AS [T T8l NS, AT BLR2 28075
M EAZR SR AFAE SN TR SRR A, A SCHORIT T H ST 7 Jm . BUAEZE rh AR BB B AR,
IR LM AR HERRAE L. 7321 I TR A2 75 R FH I 18045 J2 T 20 g2k U Bl 78 7 LRI 1]
BIERS AN

SR B BRI AR B4 S e 2 0 5 1 A ()R M AR ISR S5 A, M AL
SEEEAT R BORSE RN, AZITT MR T AR R BAT S B (R P R AR O T B L e A, (HIX R
AN 2 IR, NG BB BIBLSL A B A ZAEER 5. O T I AN1#, Hongeng
S5 0T S U R U R AT R (Markov) BEBSBEAT KA S LRI, F 2 38 AT RR A 30 1E,
T X LIRS A A AL R A R SR AL i 2 AR R 2D S A R N AR 0 AL ) L. AL ) A p AR 3
MBI DL IEF] T ARIFIIBOR, Cheng 55 U812t 1 — M4 32 sh By NREEEAT R0 1977 1%, 723
RGN Tl (Gauss) 3R DUE NN NG AL, $Em 12 T s shidt T A 4l
TPk E . Ni A 1O) FAMARIR S R« O R R 56 R ATHEAA IR SR O 20T BEAR G B BEAT S, 31X
BB PR RO AR BR AN AR IS B 2 18] (4 SR A LA A HEBE G &%, B Tk AR 4HAT:
5. LR T5 EE S T HIAMALE 7 5 P AT O, S —J5 T, AN S & AR SRR AR
W IR R — R AT AT T 0. R 2T R A T SR BURFAE I L IR A P 2 (20~26) 5
AR 26:27) AT REARVE SN, ARk, BEAE TR L 2] PRI M 25 RNN [ H I, X FhEE AR
57 25 BRI SRS XA Edis o RIS 18] 58 RAEAT AR 7 ik, 3T 1 SR TR R AL PR RE. Thrahim
25 28] iR T RNN 2B B KA A2 M4 LSTM R RUSRRAEAMAZ M ISR, 425G AR
FAEA GO BV E R, RIS ERR R0 B2 N, KB NREEEAT 704 H (1. 53, BB
P T2 20 SR R B AR AMRIIR R, 1205 VABENS (RN il SR8 53 22 18] R AU AN 7 B T ¢ 7l
REATE S IAESS 29, fH B IRIE TR N 28 X ARSI E AT @R VAR Z A, e
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T TNV RR € 58 Bl AR I B 7R 245 G TS B AT 2L Tl

SXof R AT ot LR A A A A AT 132038 B S5 R 5 2 M LA T v OIS ) A, T 7 K3 35 R
oL EAR 2 A, R BT B MR RS S R R m R 5E B 4y AT 55 A2 W), Bazzani
5 B0 Y MUHET AR AT « BR BT RN 8] 3 A7 AR 58 BLAT N, DOZAENVE A FERE SR 1 A Bk SRR
V2 (inter-relation pattern matrix, IRPM), 1% /5 V20 H Sk &85 I HEWTANMA R 3D MHEFF/EZAMA R

2 B It A4E3: (dominant set, DS) Al Tran 45 61 952 H 20 & Bk (interacting group discovery, IGD),
AR E SOV BT 46 5, AR A S A A Y W RS AN A, T AEAE BLAH A B Hh i R AL
HE SN ZE s A8 AR RE, A8 B PERE T I ANAMA T B R IE R A8 B IR TR B & 22, AT
IR RS AR FERR RO, Ak, BT 2 M RS A A R EE B ML (dominant-
sets for F-formations, DSFF) B PR VEER UL F AR, X R e SO B2 AN B S BA
R NGERE— RS AR T [ R RN, BRSTE R F B, F R =M (A B EAR 4L 2 o- 25 (8], p- X [AFI
- S [H). AR, FORR — M A, o] DRI AN BN L N BB, B AR SR A1
— AT R S FATHEAS L LG B AR R R A IR AN N AL B S T ), e
Wr F 20 o- S EH LA B BN BFHR) o 2 0E], RIEAE o- RN T, X NBEREAT 7040
Ry, BIERENZ, BRI B S S e ) 86 3 —ANMERE 2 BT 2 K, @il ot
B £ S S AR F B, Setti 55 B2 XA 7L AT X L, RILTE B 10 . S 42 R4 11
THOLT, R ENEE R T HEIF R, Russell 55 01 856 7THFONEMR SR H T F IREDI#IHE
(graph-cuts for F-formation, GCFF), 1% J51% LA e RAMA RO AL B AT W5 BAE RT3 o- ¥ (W]
HYERERIR, MR A 73 2H 0] R ) e L e 4.

A ST I 7 V532 B N A B2 & 07 AU P 2001, RN 75 2R 2 1) 2 e f5 BAE A
BN, ANBE E T N A T SR I s B A Y BN R A PR R ARG () AR L, HL R BN 15
5015 BMECURE RS, N 7 Mok Bk ) R, ASCHR T — P4 R 31 R AR UK Kb s R At ks FE B
FEAZ S AR, A8 A UG B & B0~ THNE B 5 28 AME B e s 475 5K, S R s o 477154
FEA TARR 2 1 A1 70 HRUR.

3 AXFE

AW TAR SR IEE AR5, #ESHERARAMNY X, H50 AR 4Tk
552 BRI B3 SR AT T IR, [ X S50 45 2 A wERAVE AR i 1 K. A AR 1 v AN 32 B 1 ) 3 53¢,
[ AN 37 5 T A L B R R AR R AT PO 2 MR 2 2L AT (689, 30~341 A ok (] B 5 475 DAy 4 W 4
N1 i T [ ZH A 2 B AR AR, T T A P B 2 20 SO0 PR rh IR AL S B3R AT R o, I i s B
AR A 2 5 BARAMRBEAT 20 2R RSO A HLA) € SO A EVGRAMR L RATE . #5147
ARSI HHAT N, IR 2 W R, RAHAE AR MAR MR B A e B V. NS 2 R h
REA, RGBS E RS B FEEA L, R 42 R i 4Ll o3 9 R A 2H R e b B2 %
JE AN 2 JR 46 2R, DRI AR A e Y e 7 /I 2L B R A S A DA S R 2L R 2 SRS

B 2 A TARSR K3 5 R AR BE N AL A 0 HAE R ARG R G 7 Bya 17 B AR
ORI WA 28 ) A N, St e I 4 2 A 1 R A A B A B, PR R R P A 1 R A A
BEAT AR A I, 4R B i A R TR AR B A IR AL A AR, B B A A S BB SRS B
(RIHE R MR 5 R B R, 28 BB VR Ak 5T 0 ZH I 255 (R R N, 4158 20 AL X 28 2 0 1 258 B o PR R AIE
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Local pair creation

Detection module Graph-guided local relation pair detection

2 (MERRFE) KinREREAE AR T AESR

Figure 2 (Color online) Fine-grained crowd social grouping framework for large scenes
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3.1 BfrEMRR

I FmAsr 2 — TR ) o SRR 0 A 55, R DI ARBE A2 1 5] I+ 75 3026 W0 o AU ) R e, 4158 53
AT S5 1) e 5 7 SRl o B b N e 6. TR B 25 ) A I R0V =2 B AT I 2 v, bk
HEAS AR SCAT 73 9 W2 PRI RO U E A — B B vk, A8 BRI A Dy R 2104, s =8 ) Dy —
A TE . DA B B ARSI AR S N B B 2 IR, AR BRI HC PR &= R R R, ek
AR R K3 5 BUG S B EAT 73 R AL I S, DL 1024 x 2048 AR 3 9 500t R B EAT 70 e, FEAE R
BRI S 18] 5E 500 A8 3 AR R H 8 DX LAl AN PR 38 3 e 2 o i o i A7 R 37 55 LG e ke D) 45
FATRES RIFAE Kt UG R A M A B B, 2400 B R AR R G SRR N A= T A
#FE FasterRCNN B9 /R K37 5t EUG B SRS MIAE AL, FasterRONN & — PR RRAEFREL . X IR 1
JEXGEB X AL (regions of interest pooling, Roi-Pooling)~ JEA AEFIH] (non-maximum suppression,
NMS) S5 R B — & o B i 7 ST HE LR, R TAR TR IR B kg5, 7 BRI 37 55 AN [R) R/ INRE FE A
A, DA AR 3 T P BUG A FasterRCNN {E A TAE RORE MR B, 78 H v i X e g iU
B, A TAER 2 B RS SR 5 K7 SRR B R ME R A A 58 AR B 9 M HE AR )ik A1)
SE X IRBEAT R 57 /18 FAE, I AR O BN R IIAE K R e, EA AR AT S EdE AL AR R
WIXIRE, SR XS RFAE I B Roi-Pooling 43 3 23— B AT 70 AR #4F, 480 K S
Roi-Pooling #:4E 5, $RULIX SRR BUR A\ 31 J5 28 A5 2 108 BARSE FF45 A OG0 8. B
28 1 R 2 i AR A AR B, B T A — AN B S B S A IAESS I EE (fou) R — 5 BIME I TT
RATIHER Bl 7. SSIF LU TH AN SRR R A F ) i R 1)  Ktann F

Area(b; N b;)

oubi: b)) = R rea(b; Uby)’ )
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Siy iou bl,b <N,
={ b @)

0, iOU(bi,bj) 2 Nt,

Hort by, by ARPIADAF RIAE, s, 55 ARICIHES B X RG22, N, R ARRE NS B . H
A TAERAN R NEE SR R 5 B, S HIAE S0 NMS S0EH 2 L H ARAs AR <8 H #om
T B SRR AR H] B8 DL, NSRRI Bz U E™ 8, Oy 1 g gz, o2l R
AR IAGSMEI I BIE N, A 0.7 FEARE] 0.3, BEAREE R AP IESIE LT AR TR IR B (15 00 B
IR, (H 23 AR PR RS SR LA bR i R g s it SE o IR 2% I HACR, IR TAES % Bodla
5 3O BT AR Soft-NMS HVEBEATRAL. X T2 9F FLR T BUE AR IIAE, Soft-NMS A2xf& NMS
—FEEARRERT LUA AR 7> BB 0 BEAT IR, 100 A2 158 P A O SROMGS PR HL 7 B, 8 G P AU A A B R
T ARG DL, X IR BN 1 e NI A N 45 SR B I SO b 1 R BB VRS R I HcE. R
A A 2 % B BB 73 SRS B8 Soft-NMS B3, AT

i iou(b;, b;) <Ny,
. — {s iou(b;, bj) <Ny 3)

S; X (l—iou(bi,bj)), iou(bi,bj) 2 Nt,

I bk IS i HE R B A I B AN AE R R AL B S 2 AR TRl () IOBER, R TR R
SE TR BRI 0.7 AL R AT 4 i, BRI AR HR A D s IIHE Vi Bl P9 (0 B 4R 2 N IIE O 70% LA
E PR B RAE D R A IR 1 i 1 25

3.2 [E5|SHEERAL 3 X

N T BEARE 2 L IR B2 iR SR K RAE T, AR AR AT I 51 3 10 = df A e Ay =0k 4 J/y 7 41
At N RER 4. BRI, 15 SR H bR BRI AG 1 A B AT e R, 4= e SO
GW,E), 'V = {v1,vs,... v} FoRBEPRIRANL R (N), BN A (4,) RLHBEEN E; ;. 5
ETAEAR, ATAEE LT — N Eh S EAREE F(V,B,G), Hh, B = {by,bs,...,b,} 2K
HEEAN G R BLATIEAL B, G AR AR BAR B WIas 2= I, R BOABh S I EE v &
ANNE S BTG AR FHRARAE H AR, B30 1 BE B A R T VAR RAETE. A AR (PR R 20 A R B A dn
T X FEEANGE A v, Je TR A BRI R 8, P DS pCo o [ O« AS DNAE B8 5 Dt il 4 3¢
5E [V A, A UAE P LA o 85 RSN B RS e N 5 45 R o) MIILIEHIAT A&, &
FRUCHC AR RS 5L v; IOULHECER, 455 v BIVLECER Py 5 LUITF:

Pi = {v;, v | g € V,dis(eg, ¢i)<w; }, (4)

Forpr o ARRAME ¢ R IIAE PoC, w; ARFRAMAE @ RRIIHERT B8 B2, dis() FonBRIRER B R 3. 2 Bh s
(AT B B L PRI A2 A P ] 52 (ELREAT PR RS L SR B PR X sk A B, BE A B Laa i H
BRI AR BB B AR B A O Iz 1) HARTIARCR, 0 AR SR 58 1 AU (14 98 5 5 v B, [ IR AR X R P 22 K 1
P ARSEAEAF AL A, e WA AR BB F A IR 58 B2 1) W9 5 Y BB R (1 442, 1% B3
BUR S0 N 28 ThAFAE KR TUAR AR, 2800 22 RS, >4 ¥ BRS84S A DUATE 58 FEEAH (R ik 21
T BT 7 AR foe R R A S0 AL T

A TARM H br A AL BB SEA A R R 2357 TR LR R, 235t 8 28 LA LEE R
EIRGNS & MBAE A AN TR OL. Dy T AT IS b, BAE R s s A LA, Xt
THR v, 5EHSIAE b, BHREEZ K (KA TED K =5) MEEEAME « IHES O ¢; BKERE
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AN HAE by, TR NITRRIAR b, 55 b, MEAT AR LLEE, WU b, BOTTRLODIN T by TR, 54
BRI by B AL R B K MESR LR, R b, 76 R B (9 A2 B 5 by AR B .

Zoit bR 5 R P G SR I T 6 S IR Py, P, oG AR 5 53
AL A LR 48 1 4

3.3 #RSEMLE

AR, RS A BOR QA 2 N T AL BT SN SE 17 AL, AR AR B s il Al P e I 2%
FRHE KIS G BB AAEST, SR — D RES I AR 9 R F S B R EEAT #5270 A 55 (TR
JEM 4% DSGnet. ASEHLKE VRS QR FEALAZ 73 AL 2% AL S AR OG0T, T B4 WEs 454 . Hdle
HESFPIHR 7> 2. DSGnet FIYIZRANTTTE WANTEAF RS C AT D Y.

3.3.1 LRLEH

A NG A TR FFAETHBIVR BEAE S 40 4L 2% DSGet B ELRZE K 547 . 70 TR, 41 5
TES AR R, A o (W A — DBER y SRR Fz,y) =0, BAZ F
BEUR BN © 5 y AT 6 RINBERREL. X T4k A0 2 1) 56 R IWT i A, 758 TR — R T LUK
0T I EREE 54 ZABRS LI 7 v, % B R, K TAEHS DSGnet 5& SCA— R BRI
A B AR, FUA AR I AS B MR Py ARG Fp, 6 Ak 3%
TRAE JRAEAE N A T R, AR R

DSGnet(Fy, Fp) =7 : Fy € R®, Fp e R?, 7 e R2 (5)

ZARIR R R B XA, DSGnet 3 N BIPTRE 2 & TE AL SR R B AR N AL
HRTE B dtar W, A5 70 40 46 08 e ARSI AR SR BE 7R R 52 732 A8 LI 1 e ) R B

ARSCHGA A8 (1 73 AL R SR A 9 R AN VL BC A A& A7 AEAZ LI 70 28 1A .t F IR R Py
LS I UE S, BRSSP ER A A R ST REAFAE B R 25 5, DRI L A B R PRI
R IR 28 S8 K I 2 BT 75 1 22 RUBE R E SRS INRE /0. AEBUAT T i, K22 5R A XA IR I 28 454
BEAT 2 REHRFAE ARl & 30, BIXEG RS A% AR AL B e idb AT R R FREAT LR LMK e o 5
LB, 54 N RAFERAEIRAT IR R AR AL B S 00 P R AL P EAT B 2 43w P 0Bk < 7 PR B
FHIEZ RPERA FIRCR. ENMR 2D R v ) i, bk 22 ROBE RS T ER T 2 8 DA A2 il
TSR NS fir B A 75 2, (BRI R AR HEAT SE P T BRI 4 A e ad R e300 IR AT 46
F R 20 HEFR AL, S0 0 MR E SR AERE V), HOAR TAE 275 HRNet 7 (BB, it 7 — A2 R
& ZSCHIRFAE SR 2%, Wl 3 B, W2 FpAS IR 20 3 2 10 SR AT I, A ORUEAN [F) S HH AR Ak
SEMULREAN TS LA b, AT 2 20 R SCRR RO AE R &, 8 22 VR 5 5 1 22 ROBEARFAIE R
JETT I N 3] 4 HE-43 W 28 R gE AT R AIE 9 A1 3038

B 5 BB AR AR KR L B B 20 A E BAT W] B AL ZE (O BARRRANA, D9 7 IR 0N L3R 15 DL i
PSR, AR TARRAHAZ S Fp AF 9SS A 2 MBI TIMA. BT Fp 5 Fy 1038
ERRAFAEZE R, IR 2 M 28 S QR I BOR 2 1 Fyy oP ARORFAE A5 5 T /202 ) PR R FE
R, PEUNZBAR BRI TR BE T . B2, A AR TR INANSI 3B BEAT A0S IR A AL A S L
TAE. AT BRAESEBURAE (A2 THI M, A SCREERE Resnet TR ZE W ZAE R ARG R, 1S5 IR T 4% N
TR I B IR A 1), A ORAUEARFAIE $2 HC 4 26 ) [0 A SO T 2% 1) P R A T a3t S 17 68 P2 ¥ 2% Il R
Bl SAHAEBIEE P BISCEEHR, AR BRI SR IGE # oh [ RE A ) = 2 A 3R 20K SR 3 (1 Ry
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3 (MKHRFZE) REALIZ 5 EM L E

Figure 3 (Color online) The structure of deep social grouping network (DSGnet)

ik AT 20 A AR

FENE UG SRR 55 AR B2 LS SRR i HE R 220 7% B I 28 4R U HOARFAIE 1) £, 5 k0 24 5 s A
PARRRFALL XS 70 245 SR NI SEMARE S, 75 Bt — D X R & A P NRFAE 1) B A R R AR AT I I 5 B ) JFAR
RS 5 RFAEBEAT N S BRI, 9 T ARRFEZL & 1) 2 REPE S5 A 8000, AR AR A B & SR R
I T FEASL RO T A S A S A RFAE ) AT T R 4R BE S 40, BRI KA SCBR A A0 128
24 1) AT U PRI THAE L, X5 AL SR AR 1) B R AT DU R PR 28 P N B R, 20T B
RERE IR S 1 — ORI T BT B R 25 2% 1R, AR T AR LB RFIE I G NLRE ). ek, 4t
A2 R a2 — A M &, 1) P R 0 AR A A FR AR AR A L A AE A L R A

3.3.2 HIEHEE

e e M M R REIE 5 10 £ B 32—, T AE (0 % COCHR T W 4% B e 1 ) 7. AR T
VR AL B SO AR L PR 3C 0 S B B eh AR 20 AL 1P REAT IR 7S, ) 4 o, 28R
PS5 A7 B ORI PO B P R 5 0 35 AU R AR RO IR P R A D I 2% R BN

B RIGAETTIE B Ry oy 20 )RR G R R F OB o- IRk . IR AMA BT T B p- 2% 1]
PARE B NPT AR B SCPT LLZH 5 B Ml R A . A A OR B S 2 T 4 ol B AR R I AE S
h, BAELER 2 22 S R AR AR B H A TE AL W 5 B, Bl 5(a) & Cristani 55 B 2111 F
ALK, B 5(b) AT/ p- 2 R AMEAE R U A SR O, 58 AT R A TR R A e
o- Z A (R I Y0 ) ) R Pl

MELGERHE. MIEEGRRBOEIT: M5 3.2 M RENENE A (N) v MEILE
& P BATHADW LR &, RN R P EIE EME v 5 v (v € Py) BIHE b, b; RN KTTTE
oy, IR b 5 by AENERHAT RURHERR. (5 b, 5 b, RCDIUHE T AN £330 i (0 S0 7 ) 45 2R
TERNSRAJE R A e B R R i UE R, e R EE R MEASUEEBAE, B UER
Xty AL DU R B A 6 2 1) 15 1] A BOR . IX AR BE R & 42 & 1 SUE B OLRERR S Ros A5 xT o 2 8] 4
BRI 7 A TAR TR e IR 3R 1 0 245 R IR .

1294



HERBYERRE B 516 B8

- | I

4 (MEMRFE) ZAHERS. SEANEERRORAMIIRE . HIRER . B3REE
Figure 4 (Color online) Triple pack data samples. Each group from left to right contains the original image, the mask
image, and the relative depth image
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Figure 5 (Color online) F-formation (a) and our o-space (b)
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Figure 6 (Color online) The grouping results of deep social grouping network in dense crowd scenes
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Table 1 Quantitative comparison with the state-of-the-art methods

CoffeeBreak SEQ1 CoffeeBreak SEQ2
Method Accuracy Recall Average Accuracy Recall Average
HVFF 8 0.6473 0.5574 0.6024 0.6821 0.5363 0.6092
GCFF [l 0.8170 0.7822 0.7996 0.8804 0.8538 0.8656
Ours 0.9034 0.9510 0.9272 0.9173 0.8630 0.8901

OURS
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Figure 7 (Color online) Qualitative comparison with the state-of-the-art methods
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Table 2 Quantitative ablation study of social grouping network

XiliStreetl XiliStreet2 HuaQiangBei
Structure Accuracy  Recall Average Accuracy Recall Average Accuracy Recall Average
Mask branch 0.7060 0.4566 0.5813 0.6315 0.6368 0.6342 0.7086 0.5625 0.6356
Depth branch 0.6272 0.6770 0.6521 0.6399 0.7176 0.6788 0.6013 0.7296  0.6655

Integrated network 0.6916 0.5895 0.6401 0.6571 0.7424 0.6998 0.6652 0.6950 0.6801
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Figure 8 (Color online) Visual results of different variants of deep social grouping network
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Deep social grouping network for large scenes with multiple sub-
jects

Kun LI', Wanpeng LI', Xiaokun SUN! & Lu FANG?"

1. College of Intelligence and Computing, Tiangin University, Tiangin 300350, China;
2. Department of Electronic Engineering, Tsinghua University, Beijing 100084, China
* Corresponding author. E-mail: fanglu@tsinghua.edu.cn

Abstract In computer vision, more attention has been paid to group analysis, and the group detection in
images becomes a key technology of human analysis on groups. The existing social grouping methods only focus
on small scenes with fixed number of persons and cannot deal with large scene images in the real world. This
paper proposes the first fine-grained social grouping framework for gigapixel large scene images based on deep
learning, which consists of a graph-guided global-to-local partition strategy and a deep grouping network that
learns an implicit respresentation for social pairs. The framework has achieved accurate grouping on large scene
images. Our method is also applicable to small scene images, and has outperformed the existing methods. The

relevant code and the training dataset will be released soon.

Keywords group, large-scene image, deep learning, social grouping, graph-guided
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