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A Synthetic Target Tracking Algorithm Based on a New Color
Distribution Model With Background Suppression

CHEN Zhao-Jiong! YE Dong-Yi! LIN De-Weit

Abstract The traditional histogram distribution based target color model easily fails to discern colors within a color
interval that cannot be too small due to the real-time tracking requirement. Moreover, the model is prone to background
interference. In this paper, a new target color distribution model with background suppression is proposed and synthetic
target tracking algorithm based on the new model is presented. The new model takes the first- and second-order statistical
information into account and makes use of human visual characteristics for weight computation. This approach allows to
distinguish different colors within the same color interval and to suppress the proportion of background colors in the target
model. The proposed algorithm builds up a target generative model on the basis of the new color model and figures out a
target shape discriminative model using the correlation filter in terms of histogram of oriented gradient (HOG) features.
These two models are then fused for target tracking. A set of qualitative principles for setting fusion parameters is given
for evaluating the individual confidence of both models and for model updating. Finally, a particle swarm optimization
algorithm is applied to identify the locations and scales of candidate targets using a fitness function determined by the
tracking result of the fusion model. The experimental results show that the proposed algorithm in most cases outperforms

the other algorithms in terms of accuracy while meeting the requirement of real time tracking.
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a) R (14) 624 uik BT IR, 1ERF
~rlb (t + 1 R IR s (b + 1), 0 = 1,
’ ) *E%Eﬁ (17) F1=k (1
c) Mzt (19) Fxt (2

6 SRIHER

AR EHE S OTB-100 U H Visual tracker
benchmark!2% 4 (R 51185 F % %2 1) AR
o ROEEARAL . B8 TEAR . KR, PRI 355 2 Fi
ATREG L, A H A i E 5 AR H bR R R R
RSN AET TR N 2 82 S NI E S N B s
5 G3240 [f) CPU, F:45i 3.10 GHz, P47 8 GB, 4if
5 VS2013.

S0 18 WY P A ) 2R A AT AR M A R
PRV R AH GRS 59 (Kernel correlation fil-
ter, KCF) #y4LP! Fl Staple (Sum of template and
pixel-wise learners) 5% {E 4%t L. KCF 5
ERHEET HOG Rk I AH I8 1k s TR 5 B R
FEJ7 ATk H 4548 &; Staple HiE7E KCF H
b 21 M e 2SI T L T RN = g e L
6.1 EEHHH

ASCAT I SCHR [17) 7 L) 5 FRbR R VRN Sk
PERE: H00 iR % (Center location error, CLE).
&% (Overlap score, OS). #EffiZe . BLhZ LU
BImiR, v Z R S R v U

8) MBI,
0) SBTAR S UE P AR A2,

CLE = /(z7 — 26)* + (yr — ya)? (21)
_ s(Br(1 Ra)
05 = S(RT U RG) (22)
o (2, yr) B (26, ye) 5836 BB 45 LR 2

ARSI FLARRR, Ry FoRERERSIEIRAT 1 H brlX
B, Re FonHSEH HBRIXEL, s(R) £ R 1
THIAR; YRR 0 SO BRERSE R CLE (/N TBIfE t,,
EI’J'FJﬁHSK JRE e SO EREREE R OS {HK T
fE t AOMIEEA. BREZFCRLF N CLE {5, it
(EELIVEPN
6.1.1 BEEASKRMREEEXTLL

B 7 s T AR SCEA S A ANk AE OTB-
2015 HdE AR 100 MBI BUH)— GBI PE (One-
pass evaluation, OPE) [ ERERER R A I E. 3
AN AT E W H AR BT B IT AR R A .
7(a) GG WIIBUER R t, = 20 NAOHERR
7 (b) RS AR AR s 0 S Tl A it 2
N7 BRI TEAR. T R DUR Y, A SCRA R
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Fig.7 OPE tracking accuracy rate and success rate of three algorithms

PRPERE AT HAB AN

R 1R T 3 ANEREERWREE EFITERESR
b WTLLE Y, KCF Sk BARWIRER SEm P4y,
E R HER G, Staple SEERIUER AT i), H
FEMTRAR, AN BEAR B3 AL S I 1R 25K iy AR SCAL I
KM TR R R[] I 2 5 7 A 2O ) ) A
REGEIN AR, ASRHRER G IO TR L, £i e PERE L
KCF A1 Staple 3%, HWiAAS] 7 SLmf PR 25K,

R 3AFEMEATERE I

Table 1 Average global performance of three algorithms

Hik CLE “F¥4fE OS “FHfH THEE (i/s)
AL 14.82 0.6616 33.82
Staple 30 0.5108 26.42
KCF 59.67 0.4626 121.82

6.1.2 KEMMNEERWERE DT

2 HIH T 3 ANEESFIEAEE T 18 MEAE
PERIALAP 51 5256 1 B AR CLE $abrtbig, b e s
B A2 H P, 1. 24 3044 5 16 R Pudifes) .
O . ROBEARAL S TEAR L SRR RS, 3£ 3 B
T 3 ANEEATIARAE D 18 AN KR
S BAR OS $RbR LLERL.

M 2 FiZk 3 Wil LA, ACEL4 K253
SRR AR T AL A AN R R R R AR
W s R AR .

6.2 Zifx=BEREREERRS
85061 WERAUAA RGN T 3 DNIAREAME
B R AR R TR Z8CR AR, AN TR X AN [l 37 5

N3 ANEVER H AR RS Oy, EECE T ARERER
EHE 7SI e PR . B 8 ~ 12 ) FRERHE L
HEJE A bR M B AR A SCRVE G R, =Rk
Staple Sykgt I, (A 5K KCF Sikgh .

#* 2 3 AHBEAE 18 MM CLE {EHHEKR
Table 2 CLE values of three algorithms on 18 videos

ZIES JE B AL Staple KCF
BlurFace 1,2 3 4 6
BlurOwl 1,2,3 9 62 70
Butterfly 4 35 39 130

Couple 2,3 9 23 43

Diving 3,4 35 83 136

DragonBaby 1 13 22 24
Football 6 6 10 9

Girl2 3,4,6 8 7 11
Human?2 3,5,6 15 18 68
Human4 4,5, 6 7 9 71
Human5 1,3 8 30 132
Human6 1,4,6 7 7 20
Iceskaterl 3,4 38 93 40
Jogging 6 5 45 7
Jumping 1,2 6 12 10
Singerl 3,5 7 10 10
Skating1 3,4,5 18 47 13
Skating2 3,4 30 33 37
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Table 3 OS values of three algorithms on 18 videos

P14 AL Staple KCF
BlurFace 0.9029 0.8491 0.8567
BlurOwl 0.8082 0.4263 0.1458
Butterfly 0.4284 0.4040 0.1251

Couple 0.6693 0.5306 0.0674

Diving 0.3006 0.2445 0

DragonBaby 0.5863 0.5019 0.4336
Football 0.7317 0.5825 0.6068

Girl2 0.7515 0.1100 0.7002
Human2 0.7896 0.7322 0.6035
Human4 0.6606 0.6661 0.3389
Human5 0.7243 0.4862 0.1808
Human6 0.7835 0.8054 0.5969

Iceskaterl 0.4493 0.1979 0.4054
Jogging 0.7373 0.1747 0.6131
Jumping 0.6841 0.2468 0.4596
Singerl 0.8253 0.6952 0.8169
Skating1 0.6910 0.4105 0.7030
Skating2 0.5231 0.4797 0.3890

t
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{b) Frame 289

(c) % 409 M
(¢) Frame 409
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(a) Frame 108

K8 BlurOwl EIf 751 3 kR e
Fig.8 Screen shots of tracking with three algorithms on

BlurOwl image sequences
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(a) Framc 86

9 Girl2 B4 3 AR EAIE
Fig.9 Screen shots of tracking with three algorithms on

Girl2 image sequences
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SENS PO AR £ 67 i (V8 2R SRS RE s 7 H b
Mz, B HERAE H AR, 2 0IA 8.
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(¢) Frame 407
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Fig. 10 Screen shots of tracking with three algorithms on

Humanb image sequences
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Fig. 11 Screen shots of tracking with three algorithms on

(b) 2 213 Mh
(b) Frame 213

Skatingl image sequences
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(b) Frame 143

(c) 55 218 Y
{¢) Frame 218
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Kl 12 Diving K1EF81 3 NEIAIREAMRIE
Fig. 12 Screen shots of tracking with three algorithms on

Diving image sequences
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%, AR H bR 2 PR, KCF 575 A1 Staple
SR RS 118 WiFN S 1398 i J& 2k Hx, 1M
ARSI A PR MR EEATL A, AR5 ) 2 A5 2R BT LA
TRIE T BRI 2R H AR, 2 WK 9.
6.2.3 BEEAMRETUIZ=ENR

Humanb B 7 51 S5 KR Ut A2 RO AR
K (B8 230 Ml 22 55 272 i LLJER 370 it 255 407 i),
[F) BN A Ak R e, DR A PR AE BRAE H s 14 170 ) HE i
T H bR B ANk, Ses W], A SCEVEMR
T Staple fl KCF 592 fig 6 i Hh 3k 43 H br L,
Z W14 10.
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6.2.5 BEEAXMETIZZAIHR
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) Bk KIE Bl 511D S R AR 21 [ AR S T T
ZIRARRIAR AR (b 304 HE LR AE SR BR B H bR 1)
SRR R MER. wT LU ), 28 19 Wi fIEE 143 i
KCF Sk %, 5 218 i Staple 1 KCF P A5
VEAR R, A SCEVEAR G HoP- Al T TR R B LR
HEAE BRI VE TP AR, R DR RS R H b, 2L
12.
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