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Real-time Visual Tracking of Multiple Targets Using
Bootstrap Importance Sampling

SHEN Le-Jun'? YOU Zhi-Sheng!? LI Xiao-Feng!?

Abstract Ambiguity is the major difficulty in multi-object tracking problem due to the interactions of multiple targets
(partial or complete occlusion). This ambiguity can be resolved by Markov random field (MRF) without explicit data
association. However, the computational cost of general probabilistic inference algorithms of MRF is expensive. This paper
presents a novel approach to this problem. Firstly, a new recursive Bayesian estimation framework, bootstrap importance
sampling particle filter (BIS-PF), is devised, which has a “distributed-central-distributed” structure. The core of this
framework is a suboptimal importance density which uses the observation at present time. So, it does not suffer from the
curse of dimensionality. Secondly, a new Monte Carlo strategy is proposed, which uses bootstrap sampling to generate low-
cost and high-quality samples, maintains multi-modality and decreases the number of likelihood computations. Thirdly,
a new marginalization technology is presented, which uses an auxiliary variable sampler to obtain marginal samples and
bootstrap based histogram for density estimation. The experiments show that the proposed method can track multiple
targets in real-time, handle the complex interaction and maintain multi-modalities even the objects disappear.

Key words Multi-object tracking, visual tracking, particle filter, Markov random field (MRF'), bootstrap, importance
sampling
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ML, A MR A AT 20k 24N PR 1IR3l AR, IR,
AT LR QTR (1) 2R B e VF 22 3 R 4t
PR AT H TR 22 H bR BRER ), Gn 2K AT K
S0 % (Markov chain Monte Carlo, MCMC)®l,
BEHO ., FakmE & HE, T MRF [k

[RRe sk BT B, S EUH R ACRAR T - SEINE 2
2) {EIB SRS PR AR, 25 2 Wk i+ 2 B
MBS, SEREA SR ZE. XA SRS T
MRF £ % H FrERER U A& e 5 W .

THRACRAR T R P S Ik e 1) %
AN R EREAT 0L, 5 TR IAAN IR, P ER R 1
R 2 TR ERUR B (BR IR AE) A& R B
o E SRR ORI ERAE . DR, se M BUAR BE LK
K, B AR AN, stae g Pt it SR, Khan
AEATFH R B 1) R 00 A R ARARLAR B 1 v A T
Chang %5 I 4 7 B 2 BEATRL AN 54 Yu %5
A AR O3 VA BRAR R AN 200 S5 AR SCAE A B ik
(Bootstrap)M4=15) K FHARALSRE T 5K EL. 2) 4
BORAME. R T AL H AR AL H U IR BRI ) R, 2
FI AR IR 7 s AU ST i 4R i JPDA B
s KBB4, 82 MRF A e A (i) A
£, #oBEAE H AR EOR i 28I K. M HbR
MCKT 4 B, MRF-JPF (Joint partice filters) JL
SPICVEAT B, S5 17 FLIE A A v e 4 1) 06
AT FH 2D v AR A R n] DA B R R A R AL
LR AR I A 1) S B A A A S S 00 A A Y b
BEA RSE, A RN 24 8B 200000 B0 (3R & o
A A BRI R A R 2. 3)
oA A B = ) STk, S A 07 vEE
HLG, 23 A 7R~ B ak. Lanz $#2 117 HIS
(Hybrid joint-separable) #5101 55 ACSC ({5 2 %
FRAE AL, W IS 2 B LI I & 2%, JFALH]
PE AT S0 S o3 A, AR SCASEFH B 17 5 1) 4l B AR
R AEEDS) SR S G A, A8 A B BT R 5 Rk
WA

Ye 2 B AR T2 H AR PRI ) e 43 S F 2
AMBLARALL H F5 A8 1.5 BURLAR B2 73 A S 90 2 B0
A (SR A e)). £ H bR ER R A T B E
ANRERL . MBS L H FRAS I S L B8 O TR )
5l MRF #8045, S Z A B 7 IER ) ID. H2,
FEAEPT A ) H AR A AR R0, 5 H AR 58 4
WPL G, % H AR e BB R, BRI e B A6 W (1)
B JPDA BALREW K HAR S 25 0 AR SC I
MRF FALH I 2 5 56 70 A, 4EFEH 2k H AR5 A
SREE S AT 2 A B 2 IR 2 AR s (ORHK). BT
JewAs RATYERF 2 AR RE ). Rk, BT MRF
(AR DB TR 25 BB A 38 50 4 4 3 350 H AR v K.

A JE, IAT TR v SRR W RIS, 25 S 4

PE (BCBAL) dEfr 2 B A IRE ). 4, Khan
AR MCMC J7 kB 3 m 1 i k. (A2
H MCMC A& HE 10 MFEAR ST — I ZI, X LEpt
AAR A 55 )5 50 o0 A I A, P L4 2k H bR
PR LB S A, Qu 442 11 DMOT (Dis-
tributed multi-object tracking) J5 A1 sZmfPER
5. {HJE, DMOT 7E2 EAUG, 55 A sk
P AT, Sk A A SO B BEA SR
MR BB E, A DR AE R 22 100 AT BE ) AN
K. SEIAE], HAag XA RE ) 1R R 4 EE MCMC
DMOT FHIF&E 1 BE4f.
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*ETEXJI_IIJUHM%:@ P(yi,t|$i,t) ﬁ“@“ﬁ%ﬁj\%ﬁ P(xi,tlyi,t)
(IRBAR O Jm B UEE ). AN SCAs ] B BhokL 7 g e ok S
WA (1), 20 (2) M O IR BERBEHLIA A H
PRI ) OC RAAT @A, O AR BN ESE.
BRI R A RS 5 R 0 A P(XL]Y )
BEATHR S ST, A ST A B S SRR R S L
X (2), HEIEMRE (FREDAM) 2 QX|Y,).
oy, x54) S _FriEF K%L (Potential). X (3) 1Y
ER R HIL GG R AT P, |Y,). R4 )R
YEIR B o0 An P (XY ) WS 21 J5 FR AR 4R 28 2% ).
A SCA A B AR R S A B E T R SR ELE (3).
Horr, oy RRIEIRE X, HBER 2 JAFIRK
WEmE. Z, M Ze RH—CREL AFT 201024
GIaRin A P(x:.|Y ) & F—INZI5E%.

B B PR R R O AN S R AR, PR,
W Bk EEERE SRR O 8 B I S SR AR 1R
7% (Bootstrap importance sampling particle filter,
BIS-PF). 19 1440 [ ik 5L 52 B4 5.

2 BEEZEMRERFIRK R
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H DB MR T AN AR R i,
FEIN i 2 W ARAE T SR (SRR AP AE). X
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FmE AR,
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MRS EEERARY B . BAR Khan %51
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Horp, Bbp 0 ZORBBIREAR, k 25, #E, Kk
FAFIER) M AS EBIFEAR AL A AR ASFEAR
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HT K KT N, HB YRR EA @z »
T ALK BE o0 A TR A (), K = 4000,
N = 200, HEKFE 0.15 =8, HBIRAE 0.004 =
F2). R, BIS 5 N + K AMREA K5 )
(200 x 0.15 4+ 4000 x 0.004 = 46 =) EwzL /T
B K ANFEARR TSI TE (4000 x 0.15 = 600
). 2) AR E . B EEERE (4) 7EK
YR PR =Rk, HIRE M Q BN T 4Hi7
ZI RIS B, BT A (8) MIREA AR s, 3)
Yk 2 B AT R 5. XA S A sz £
H bR R R SR VE AR b 22X, 5 SRR RUA.

22 WERESHEBHERE
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ARG PR, MRF BRI 4ERE = (55 H AR L
M OEIELE). BAR B ) SRR T A SR
vt SR, BRFRKG M P(X,[Y,) A
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s EM A B P(X|Y,) G5k BT 15 £
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BTV, TRz N T BB AR BRI, (H 2, el
T EARN R, AR SCR AT (] S0 T Flih A &
KFEEDS 3w, M, BEARE = X, PR 2,
ZHME M —1 Ao (R 2o, ,) R hi A R,
I, B3l (8) AR S i, ] S RIRF &
WG P2, |Y ) BIREA:

K
PV ~ {al" 0} (9)

N TR (9) ARHEENE A2, ASCBEE T A
WyE 77 Bl (Bootstrap based histogram). fEX (5)
PR REARA I NS (4) PR m k. 4
Bi(k) %3 (5) 53X (4) Z WAL R, I
(5) HE k MEAXT NI (4) T B;(k) MEA. 4
FRFESN S, WSS R B; (k) miifie Tk, it
P HARERER [ EL R, OG0 2 HARIRS IR, #s
Bi(k) MIFIRIEIE, FFA SR B i 28 45 R
UE, FTELRE B (k) AR IR ASBUE Sk, T8 A
N AFEA N SZHE BB E 5 K

N
P(x;,]Y,) = {xgz)awz(,?) = Z wik)}
n=1

(10)

BB 5 B AL RS AT 3 50 1) & AT EE.
AR ETE (10) J5, X (9) K AN ssdh 4
WAL ESE. BT ERRAE K MEA, Bk, A3
P K R/NTEBR . A BE TS AN ARAR, T LA
5 K )5, BIS-PF BEREFLILER AR 5 4041,
NAASENE 2) BEma wmEa (10) 53X (4)
() H AR T2 24 A R BRI, fassn 1 AN s
A7 g5 0], kT LK R (10) 530 (4) f7figdE—

FREE. 3) (R BT HakA k. 2 (10) W RLHAAEN
AR, Sz, BB EDTE G R
R, A F R AT T2 H AR ERER R G RE.
LR EPTA, H)IEEERAERL IR AT <9
M-SR - MR IR SRR A . 1 1 M T
ARG A MR A B OCR.
2.3 HEEXH
B X RIPE T LU MR AR ) 35 08 Bk
TSI T AR ST ) 35 b8 £

overlap(zi, 7;)2 \°
plwis x5) = exp <_ﬁ <area(:ci)(area(jx)j)> )
(11)

Hir, B 2 HFRH, area &R TIIFEEHAR, over-
lap EPIANHIEIEZ R (47 BR).

Nifii & BIS-PF (AR 1:

O t— 1 Wz KR TS
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{$§Z)—17Wi(,2177$)—1}n71

W 1. 3847 M AP IPRL 1 I8 A

Fori=1: M

1) HRFE: A {xEle, Wz(21 7]27:1 R A Wi(,?l1
HATESRRE, B N AREAR (27 1Y

2) TS R A Pl |2 ) R =
P(yi,t\:n;’?), Forn=1,---,N;

3) H%E: Wiﬁ?) =0,Forn=1,---,N

End

IR 2. QB EEMRAE
Fork=1: K

1) w=1.0;

2) AERFE: {xﬁﬁ)}le AR 4 77532) i%
HREAR, BT SRR B(i), fori=1,--- , M;
Fori=1. M
For j =i+1: M

, . . (B(i B(j
R MR, 2 (9) 53 (10) 40, (1 & 3) 0 = overlap (27,270,

fe—-——-- FUSTH = HEETH  —mmmmm S el vE AN -

[Hmﬂ»}—{P@M) 'Eﬂﬂ'

5 : o Jr) PX)Y) '
A
| | | | ;
A ki i A Bkt ETVERAE HBARE R A B E
B 1B TS SRR TR R 1 A e

Fig.1 Architecture of bootstrap importance sampling particle filter
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a; = area(x;f(j))> ,Q; = area(:cgf(i)))

4) EEMERIE: If o > 0, Then

0%\’
w=w X exp(—ﬁ (a-a-> >

End
End
5) %S BT B WD =
Wéf(i)) +w,fori=1,---, M
End

3 ZTHELHER

A SE B IR 85 JE Pentium 4 1.4 GHz
CPU, 512MB W Ar. 55 %4 MRF-
JPFEL, MCMCEl, MFMC (Mean field Monte
Carlo)®l, DMOTUIO ., Z A7 ki 1 38 4% (Mul-
tiple independent paricle filters, MIPF) F1 BIS-
PF. 4s¥#5EH VS 2005 JF %, 4 SSE #5411k
Tl WA 5 H 5 ¥ 1Y Bhattacharyya PR
B, B s AL FERO. ARSI s S 2
Bk HFEE B = 4; MRF-JPF 1§ N = 6000;
MCMC (] N = 6000, f£#% 10 A EAEFEAT N —
%1, T i 7 25 % MIFEA; MEMC k4R 5,
N = 400; DMOT %Ak E 6, N = 400; BIS-PF
] K = 4000, N = 400.

3.1 #ERZEASHENRIKE

T AR Z H bR R A A YR 2 X
SIATIRIRE ST, AR SCHE T B R S5

S48 1 (31237 RI8). Wil 2 frw, =AM
AR [A] H bs 2 6] A B3RS, S 80% b a] WL H bR
BB (MR Ky 3-1-2-3). £E 51 Wi, Hbx 2
A3 B HbS 1 5E AR S5 K A 51 g 93 i,
Hibr 3 ANRTIL; 75 93 mi, Hix 1 2R A HFR 1 A
3. M 51 miF| 93 Wi, Hix 3 ArEH: HAx 1 2
£ (R 1), A TTRes: HAx 2 88 (iR 2). FrLL,
PRER AR e RE 2 BE0A0 A, A REAE HAx 3 LAY
IERAERER . SEEERY: MCMCE! fil DMOT!M 12
Re i xR 2. BIS-PF. MRF-JPFE) FiI
MFMCE! Gedidr 2 M, BT,

B EmSIML | o3t | 200 |
AL L, ! 3 E
(Visible) (nvisible) 5 3
©o @ 0{ © | 00 o0o0o0
2 WK BRI “3123” SEh
Fig.2 “3123” experiment: testing the ability of

maintaining the multi-modality

3.2 RENREZ A BIREISKE

AL SR H e v BE AT B SR, A A R
A Ho ) A A S N AR R, B AR A 20 18F x 20
BEIMER, BARE g S s sl fe, I3 mil
B (722 = 0.4 183F) BIPLEhmRI A BELIE A,
e R FRRIAE 2 4835 /i, 5508 (I AT (L
STHCRTHERIAT NBCZERR) AN, BEHLIE D & AT
FEME LTI K B A2 8l (W H AR 74 77 5 o is
S5 1) AU E RS (W3 AL H AR TR S).
IXUEHRE % H bR ERER SRR T HhR.

SEI§ 2. AR, [F R ERER 16 AN H bR, 25
WERH: 1) B BB R R A& 5, 100 MEA
BHEA R EREE 16 N HbrHIAEARE ). 2) BIS-PF
tt MCMC. MRF-JPF F1 MEMC #3143 T) 5 %6
5 MCMC F1 DMOT #tt, ¥ H&dekE 21
fit )y, BIS-PF HfasE.

SEI6 3. SR, RN EREE 36 N HBR. T
Hirs M2, 55 B EEEsy (K 3). s2iir vl
BIS-PF fef st il K% & Hbx (5.5 fps).

K3 st ERER 36 A HAR
Fig.3 Real-time tracking of 36-objects

I8 4 (BEKEEZ|AIN). WA AE ™
£ (Kl 4). MRF-JPF 2k TAN40K 2, ok
5%, MCMC IB2H K, RERK, MFMC 5
DMOT AKEasE; BIS-PF %2/ HEa5E.

B T e

([}
m%
i L2

4 AE 251 W, 3 44155 B B AROR R AL E Y

Fig.4 The severe occlusion of 3-players at Frame 251

ieten].
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5 MRS (35 1 47) 5 PETS'09 MUY (5 2 17) MOBRERSE
Fig.5 Tracking results of hockey sequence® (the first row) and PETS09 sequencel?!! (the second row)

U 5 (BRSNS, BB R %3 BERSTANRELE
L. WA (@ 5)_ HTFE®EGWE 4 1™ Table 1  Stability of algorithms
TR, i DMOT 5 BISPF BRI ILTH o oo o o oo
[, 5 AHEATAELE H AR, BIS-PF (AL BHLE 8 44 T 1 = > i =
15.41ps. ‘ 3 B w2 W % I i

118 6 (PETS'09 #L55) 2. iZMifEE4T A Sl 4 i i i i
BOHI I Wk Y B S NIA AT  (h S ) R %% 5 i = = i

7£ BIS-PF v, 4 F ik sl H b i £ 2067221,
A AN AT AE AT ARSI, BIS-PF (1) b #3544
7.11ps.

LIRSV, ARV FRbR AT 3 AN
1) PREFHVEIGSATIN ) (AL = FP /). IE TR
ANEFEAAE R (S D), RGB 2 HSV A5, 4
MG PRI D B 2) BRERR 2, Bk
SRS B B BE B (BRA7: fRER). LU B
fHAFE N T B Widric. 3) RuEth. 12847 10 KL,
U FEBAT A (925 2 FISZER 3 7E 1000 Mipy) A
I, WS 2 LB, VRS B OIRBL D 2.

R AR RIBATIN 6] (225 /D)

Table 1  Average computation time (ms/frame)

b BIS-PF MCMC MFMC DMOT
S 1 5.36 25.61 352.88 5.66
S5 2 24.84 64.43 2145.99 21.88
S 3 72.02 - — -
S 4 18.56 52.80 438.47 16.02
S 5 30.65 72.22 1146.63 29.73
55 6 54.37 - - -

*2 REEERERRE (BF)
Table 2 Average error per target (pixel)

S BIS-PF MCMC MFMC DMOT
JiH 2 0.91 (H%H) 2.72 0.88
S 4 1.96 2.29 1.99 2.80

1 IHESER

AR T R H bR EVE: BB E
KRR T IENE 2% (BIS-PF). 1) ‘& AF 1 E BB
ABLER E (1S3 R B, A3 FH 300 k0 A FAAR 4 3 RTRE AR
JROST, A RN 22 i I 220 00 00 ) i 2800 A1 3145 i
BREA. P, ZSESSINESR. 2) E1{# ] MRF
BRI 22 A H AR 28 ) ¢ /AT @, B B R
A RME R, BEAE BT A SA E f  A IE) R
A0 o BB i S Qe DG, B T I A e R 28
HAT W7o i, sev i E 2R FE. 515
LG Y. MCMC 2540 L, M SRR T
BRI 3) H A AR SRR A, R, e e
R R AR ) ok, 4) S S RIs i &
RSZHL A AL LA I, RIS H, AT RAT
R A AR N, ALY SR, 5)
H B REE . EEERAE . Al Bh AR R AR A B E
K, #RELIfRi e, DA, % R B A S
.

55 58 A A b, B s D% e STk e e
Rioagr AMUARERLH AR e RS S8 ID A2 e il
PRI RE R I, HF R B IR/ N IR A
4T . B N, BIS-PF n] fE H BIGP2e45 R0 1
AT ID AZHAE RN [, B FOHA] A S5 ID
A, BRI . A, B e 4%
{8, FrCAsh 0T B A Bh T8 g X p 2R A%, Ak,
HESCRE 5 I 0 M Bh &R H ¥ R 5L B KR Bk
AR 1) fESB 1 &G, N B h AL (EE:
5 a;, i) W SR E TR B, 55
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A Ry s HAVE 1 MK (Merge), W 3 3K
MRS, F6JF; 2 (Split) K HAR i,
sRAGIEST. 2) PR 2 h AR 6 (A B) K
THERCE. ZIrEMAL s A STz 5 5 B 1 T
.
SR R A B i 124 *Xﬁ%fﬁ ERIE
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