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Abstract
matching tracking methods.
complex background. In this paper, a novel target tracking method, anti-interference matching under foreground constraint
(AMFC), is proposed to solve this kind of problem. First, the method selects several initial frames from a vedio sequence

The relation between a moving target and its image has not been fully considered in traditional model-
The tracking drift problem may frequently occur when the target is occluded under a

for tracking training. Each of these frames is divided into several super-pixel blocks based on its color feature. These
super-pixel blocks are combined into cluster sets by a mean shift algorithm to construct a discrimination appearance model.
Then, a constrained foreground region is established using the expectation maximization (EM) model and a matching
process is conducted based on the Lucas-Kanade (LK) optical flow method in order to select the optimum matching
block. A decision-making algorithm is introduced to avoid the interference caused by similar targets in the foreground
region, so as to increase the accuracy of the matching process. Moreover, in order to provide a more accurate target
representation, an algorithm for appearance model online-updating is proposed. When a severe occlusion occurs, this
algorithm can append appropriate feature compensations to the feature sets to improve the accuracy of the appearance
model. Experimental results indicate that the proposed approach can provide superior tracking accuracy and adaptability,
especially in the context of target deformation, target rotational movements, illumination changes, partial occlusion, and
complex background.
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JA A R (O AT H AR XA
JEEL5 T e WIBRER ) H AR DB AR BE 2 L, B

0, = Ci
' mean(Cy, Ci—1, -+ , Cy_mi1)

(17)
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ANRRFFE (HLRBRHEM BEEERT 0, WETH
PRI IREAE) AE 4 BRER M AT AN 4R, 700
H Nepuster I 10, A5 e 8 T H A X 3 1 RFAE
AL 10 A, WPKR XS B A5 KT 0 IRFIE A A
AMELE. B AMEAE G I B YT RIS R (M B
PR, AERB R IE SRS IR B IE S G, S8R
WRELWE T, RIGZRRESEIEERS
J5£, BT SRAT B 1) 40 0 A LRSS AR

TN M (1) 50 A TR R S R B 7 s,
L7 AT DU, B I o A P 5 ok 5 BT Ak
AR I TE VLR /s H bl ™ S0 1 X8, A 43 40 W
PR BE A RO I8 H AR, MRS Iy, Aok
AR IR JE VLA R ) H FR P ()5 2y, XA S
PR R SE A UER. 5] NAMEE S, A
UAVGIINER v 3 el R N P S N RPN S 0
HHER.
4 KWHER5HR

ASCHERAE MATLAB R2012b 355 RS2, 1
FHLEAES: CPU 24 Intel Core i7, WAEN 16 GB. 4

PR AR FIARAE SR — W ARt H FsX IR
N T B UEA SCEL PR RE, AR SR BRI H

P PR EEVE AR HERD R 12 A HATARR MM E
Bre A UL & 8 B BRI VL BEAT R L S5, BLARAIE
S RIS PR A A T vE. RIS T LR R AT
] LOT (Locally orderless tracking) fl SPT (Su-
perpixel tracking) P EEHVEIEAT X H, B0 R Sk
M R E RS . 12 -G 515 002 Girl.

Deer. Bird2. Football, Lemming. Woman. Bolt.
CarDark. Davidl. David2. Singer1l ! Basketball.
XA R e I FE AR 6 AR L A IR H bR
JEAR . AR SRR AR R I AR o BT PR v R 3R
8 FHERERFL L1 ASLA (Adaptive structural
local sparse appearance)?!), FRAG (Fragments-
based tracking)!??l. SCM (Sparsity-based collab-
orative model)?*), VTD (Visual tracking decom-
position)4, L1APG (L1 tracker using accelerated
proximal gradient approach)?>), CT (Compressive
tracker)2, OAB (Online AdaBoost tracker)?7),

TLD (Tracking-learning-detection)!?8). AR H 3
Tt PE A b A SR VT A S0 R AR M B, 20 ) DA b il
ZE29) | PRIERTE B % B0 R AT AR, DR 2 R LS
S PSR RFN 37 W N E R A AR Wl 1) B R
72, DMGER N S R VE I R RS L BRER TS
FIE NTARE 12 A KB WUF 5 HARHALE; N
HBREL score PEALERERTERE.

area(Rt N Rg)

= 1
seore area(Rt U Rg) (18)

e
:‘*-!.'_‘:‘
I H SR AR

£ MRy

(@) UK RS M T AR A R

(a) The effect of discrimination appearance model by adding feature compensation set

FURI ST

ShpL

(b)Y R0 FM A 19 1 SR AR AR LR
(b) The effect of discrimination appearance model without feature compensation set
K7 DA ) BEASCR

Fig.7 The contrast effects of discrimination appearance model
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TERAR G720 (T LR, H bR s 3 9 A
S IR B ) A%, SO Lt (1) H bR 5
YE RN ZRAE ARG B0 H PR AR B S p. T ERER 5K
B P AE EAN L PR TR — AN E R AR, A HE
PRAUE VA PR EE R I 2T $E T, b — Sl 5= o
RIS THEUE A P I 1) SR A B S I
K, PrUAH m = 4.

BRSPS N = 100. A SLIC &%
oy FEVRREAS IR EG R 1) B bR X3k (LLRE e H
P DX P H e Sk Ry s, A 2K R S H A Xt

AL 1.5 ATy ). e/l AT 408, 2
S EIEREOE 2 4 I B B, 1o E B
N NIETE R B IE R 506 B AU BT A
I (SPT 5y%), 75 18 2511 S i P e 1
Fk, BN = 100.

16 o EMER L, ASHPALSH T AR A7
EZE S, ITLLERW o [ SA T ZESR, (B4 T H4E
SIS — A PR, 28 RS 0N R g S R TR )
T AR T30 ' B AR A 6] PR ER ) 2, AR SC DL SE G
TP AR B 21 Singerl MATF T o EAEN
BAiEs, Bl o = 0.25.

4.2 IGLHER

SEIG PRAR G 11 FREREFEVELAE 12 NEB T L
PR R R ZE WL 2, 11 FRERERRVEAE 12 MRS
H) LR BRI TS R LR 3.

®1EBEGFIIEE

Table 1  The information of the test image sequences
K& T plige] B Rt ek
Girl v V4
Deer v Va
Bird2 4 4
Football 4 v
Lemming 4 4 v v
Woman 4 Vv
Bolt Vv V4 Vv
CarDark v
Davidl Vv v V4
David2 VA
Singerl Vv v v
Basketball v Vv VA V4
2 ARERERRIERFE bR 2
Table 2 Average center errors of different tracking algorithms
SEESe2 ASLA  FRAG SCM VID  LIAPG CT OAB TLD LOT SPT AMFC
Girl 36.76 24.27 3.47 8.64 25.51 19.45 4.68 7.66 20.28 4.73 4.76
Deer 6.74 87.64 37.62 7.93 38.76 52.13 16.77 25.34 29.44 28.76 11.92
Bird2 20.12 14.96 11.53 46.24 25.44 37.87 26.16 10.23 47.61 6.32 6.97
Football 16.62 15.38 9.64 13.57 11.31 17.44 9.28 13.82 7.15 11.27 6.28
Lemming 47.52 112.63 75.43 60.73 142.28 37.82 73.74 32.68 14.48 9.41 11.39
Woman 76.57 118.28 22.24 107.69 115.57 104.58 30.94 137.47 118.41 23.36 21.71
Bolt 62.42 73.62 9.37 49.17 132.48 38.74 129.56 141.24 17.62 15.23 8.44
CarDark 5.30 6.23 6.32 28.72 3.44 18.70 39.86 21.36 24.18 21.58 8.35
Davidl 3.57 84.41 4.38 48.95 5.76 9.69 31.26 8.92 37.84 23.29 9.36
David2 8.94 67.51 6.72 3.51 3.23 69.83 36.34 6.73 3.97 8.48 9.21
Singerl 45.62 57.83 17.85 12.53 49.84 31.07 36.27 22.17 16.64 10.14 10.25
Basketball 106.62 18.42 116.24 9.48 84.47 79.41 37.13 95.46 127.83 12.38 7.73
P8 36.40 56.77 26.73 33.10 53.17 43.06 39.33 43.59 38.79 14.58 9.70

E: A I REE A
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Table 3  Tracking overlap ratio of different tracking algorithms
K154 ASLA FRAG SCM VTD L1APG CT OAB TLD LOT SPT AMFC
Girl 0.31 0.41 0.74 0.69 0.39 0.29 0.73 0.56 0.43 0.71 0.73
Deer 0.69 0.11 0.47 0.63 0.45 0.34 0.56 0.41 0.50 0.53 0.61
Bird2 0.66 0.70 0.74 0.41 0.63 0.44 0.58 0.80 0.43 0.84 0.83
Football 0.61 0.63 0.71 0.65 0.68 0.62 0.68 0.65 0.73 0.69 0.75
Lemming 0.71 0.43 0.53 0.57 0.39 0.74 0.56 0.77 0.83 0.86 0.86
‘Woman 0.27 0.14 0.59 0.15 0.15 0.17 0.48 0.12 0.14 0.59 0.61
Bolt 0.53 0.47 0.76 0.55 0.23 0.58 0.20 0.16 0.72 0.73 0.77
CarDark 0.82 0.82 0.81 0.43 0.82 0.72 0.38 0.46 0.44 0.43 0.79
Davidl 0.83 0.23 0.82 0.53 0.80 0.77 0.57 0.79 0.55 0.62 0.76
David2 0.68 0.21 0.69 0.73 0.74 0.02 0.33 0.69 0.73 0.68 0.64
Singerl 0.58 0.55 0.73 0.74 0.57 0.64 0.63 0.69 0.72 0.76 0.76
Basketball 0.19 0.63 0.17 0.67 0.25 0.27 0.59 0.21 0.14 0.68 0.69
5] 0.57 0.45 0.65 0.56 0.51 0.47 0.52 0.53 0.53 0.68 0.73

MK 2 Fik 3 AT LLE Y, 15 KR SL 50 751,
AMFC HA8FRIZEH 2 (LOT HikA SPT 5
5. AUt AR 8 AN Y7 i ERER R VA AH
th, AMFC Fiktb BA B KRS, 1 H AMFC 5k
ERTA BT 50 LIP3 vt 2 22 K BRI T B R 1
BT, ERPA T AMFC 57522
AR, BB T YT R R R R ER BRSO
8 J& 11 MIRERSEEAE 12 ARG AP i IR i 45
R

4.3 BIREWMES

K14 7% David2, Girl 1 Basketball 7= %% H]
TR Y H bR A A e i S () R David2
FEA R BR B2 A 1 8 () i, Girl 541 i) B i
AP 8 (a) Fin, Basketball 5 1) R 5 2R
mE 8 (1) Fras. £E David2 #4024 Hbr & 24N
1 ] e 2 I RS 4 R B T S e M A PR B H
br. 76 Girl JPar, 2 H sk 2B e BAE 0 KG
e HAR (AR XL, SCM, VID, OAB,
TLD, SPT f1 AMFC SiE ) ERESUR BN BIAH. 1E
Basketball J¥515, 2 H bk B e Hi5 see &2
ZRiE, AV VTID, SPT 1 AMFC SR 5 4t
PERESROR. 551X =4l KB )P, AMFC 5L
PREERCR I r, PR RN 0.69. AL R ZRE VL
(LOT %9241 SPT £1i%), AMFC Sk AH H AR
ANWA ER A e i d wT s s B AT H
FrUCHCER S, 24 A e, H AR RS AT 55 Bk
A AR IS T BN W IR A T AR BT, AR AR B
I, 3B 2 i s T e g Bl it R R o it
IR A R AEAE D RMEE AR 25 IF 21 2 it IR IE SR
AT A 28T O ) AR AL 45 Sy Re e T U
b PR H AR

K14 %) Singerl, CarDark #1 Davidl T2
TR Y e A IR AR AL SR P ER ER R Singerl
FE A I BR B2 1B 8 (k) Fiow, CarDark 511
PREZCHRANPE 8 (h) Fia, Davidl F#41) i) FR R R4
e 8(1) Fras. #E Singerl FEAIH, X4 KI5
W AR b 5 B, R8T 0 SR B % S e T e A R B
H#r. 7£ CarDark 50, MG P AALER R DG
WAL H H b sh B ey, ASLA, FRAG, SCM,
VTD, L1APG I AMFC 5354 5 07 1 BR B R L.
7t Davidl JPai, EHG h A7 R am ZOE AR 40 HL
Hbr & B4, ASLA, SCM, L1APG, SPT Al
AMFC SR R FF R I BRI (EAH LL LT
o, AMFC Sk T IRE SR (0.77) BTl
HKEVE, AL T SCM &3 (0.79). HAR AMFC
SEVEIMON T e BT e e A 2R i TR ) O N
FEREAT J FS AR 2R UG P Py LA 8 v IR HE A 2, HL e T
JE RS 5R B, TE SR AR IR VT e I 2% e AR 4R BE TS
H VLR H bR I K BE R AR, X R DT T i M) %6
5 SCM Sy LI A, SRk A S 85090 117 W o
MZH o L, IRESCRIL T HADERER S (B T
PREESEIGIG 2P, IR gt B A 255

K14 741 Bird2, Woman 1 Bolt =% F -3
2 H AR & AE AR I L BRI UR. Bird2 FE 41 AR
BRI 8 (c) Bk, Woman 751 R B8R
8 (f) Fi7, Bolt A HIERESCR WA 8 (2) AR,
7£ Bird2 ¥ %)+, ASLA, FRAG, SCM, L1APG,
TLD, SPT Hil AMFC S5k T B U 1 ER R
. £ Woman Fl Bolt J¥51 " H b7 £ ™ 5 1) B
A% A SCM, SPT, AMFC 3 8 (BB RUR . #FiX
3 HEGFHIT, AMFC S BRI RO et
BE SN 0.74. L FZREE, AR SCR T4
NG FE P AT R UCHC, nT DARHERR LT H AR
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(a)

Deer #5 Deer #35

(®)

Bird2 #5

Bird2 #39
©

Bird2 #84

Lemming #248
(e)

Bolt #5

Bolr #88
€3]

Davidl #166

David1 #388
(D

Ve -

| S _Em— =

Singerl #73

Singerl #187
)
AMFC [ 30—
FRAG -—=------- VID ===
OAB — — — — - T — — ——

& i
I kN

Football #70
(d)

Football #5

Woman #298

Woman #147
69]

Woman #5

R

CarDark #188

CarDark #5 CarDark #103

()

S
R

=

David2 #5 David2 #138 David2 #413

G

A y ¥ N
Basketball #278

o
LOT e TLD ———————
LIAPG - ————- ASLA
SCM

8 11 FHEREREIETE 12 AIEG)F 5 i IR IR 45 R
Fig.8 Tracking results of the 11 algorithms in the 12 image sequences

JRy AR L, I AE ST AN AR I 5 )N — o i AE 2k
AN USRS G B, RPRAAE R NI SRR M2, A
315 H bR R AL TEAZ I AU e 8 5 vhE aff e ok H
Fx.

K14 %] Football, Lemming ! Woman %
FHTIR Y H bw AR B I SV P R RUR. Foot-
ball PR EE R 1 8 (d) Frzr, Lemming 7

FIERERSOR K 8 (e) Frur, Woman J7 41 [# ERER
BRI 8 (f) . 1E Football 1 Lemming /341
GG H AR SR IR I, 4K 2 R R A
AR REBER L ER B2 H b, 7F Woman 414, Hbx
R EE BRI, Ry R R S ) R S R AR
A PTFEAK, 5 AMFC SR BRI B . 5 [FI2E
HAHLE, AMFC 78§ 5t DO I, 5ot 5 ki
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FESRITHD, HAR KA RS (H 24 JRaEsy) 4
IR R AL (R R IR SS, VA U T
ERER Hbw, B T ERER R RIS, AN, AMFC 5k
SINYF A E, AR E AR X ) N B UL Ee b, 6
o A 5 DI R AR AR I T R EM OB $i
i H bR BT S AE S, B H AR 51 g 2 AR
HIz g ey, SRR e 8 B i st Ak v B FRA
FEHERR UL EC H AR B a5 S, A3 ER R i DR A .

K 1% 5 %] Bolt, Basketball #il Deer % T
WY H AR T 2 241 50 h BVE M ERER R, Deer
P AR ER R a0 K 8 (b) Fior, Bolt J¥ 41 (1 ER ER
BRI 8 (g) Fron, Basketball J37 41 (1 FRES SR 40
8(1) Fi/n. fE Bolt &4, M HRG T R4
5 HIEZ I, SCM, LOT, SPT f1 AMFC 5%
H IR B T S R 8 5. 7F Basketball FF41H, 2 Hbp
AT s HORAE RIS N, H A7 VTID, SPT
M AMFC FEMERERE B R 5. 1E Deer [T,
M EARE TR Y s B s Pt H AR, A
ASLA, VID 1 AMFC Sk IR EFRCR 4T, (HZE
HiX=HEG T, AMFEC [ ER B2 B et F1y
EEEN 0.69. MHELFZREE, AMFC SEAH T
— A VAT S AE SAE M AR SAT, B bR AT =
5 HERRFIEAL AR, AR RE 5
ARG e, HARBEAEIZIX 0] N ) d AR VLR B, B
R AEARAA AR RS B30 AR R 8 S v ff b VT T
HF5.

T I 6 SR HER P o AT AT LB, M3 s AR
BOKE (BFEHT /1 5%), AMFC S5 FH EM AR
T —mt H bR R S5 S, B HAs S B #
AR HLE g SR SEEAN U H bR AR s X R 1)

7 &, I I f A AR AR T E 7 v 5 R AE BT 5 X
R R HR U, AR, AMFC S35 N &,
JUOR B 76 12 DX 0] Y 1R B FE DT e B, 388 S iy S5 X 4
FEALI R T4, AT H bR i S AL . AEABE Y
BT RO H AR A R A T R AT R, 2 R A
FE RS, AEAEAE AR I NGE 2 kM, A5 S HT A
ARG H b () 34 58 s
4.4 RIEBMESH

H T U STV A S, IR 11 Rh SR A PR
12 20 PR A5 iy 270 B B B[] P S92 BR B 1 5, B
ANFRFIERPP YIS, 451 IE 4.

T A SR ST LA H bR ER R SVE T 3402
T M AR H, B4k TLD. OAB. CT #.i%
(P SE PR g, AH L PR BRI Th R B, 11 AMFC 5
VT H TBE FEAERAE 3 WiZe Ay, BREF B R .
FHEGIE T [ 28803, L0 1038 AT 3 BE A 4 RT3 F,
VR IR ERH P R iR ZE 8 /N L BRI TS R .

5 25t

ARSCHR T — PSRN BT TR IL RS H AR
PRERJT %, FMIRTEBA TSR, S T H bR 2
DAk, D e H AR ERER SR AL OB A SR T
EM AR i A5 B KAl U Al ke AR UG P (3R
WA, EVCRCE R, SIARSCAE, HEFR S H s
AR T4, 3 mSE LT TPk, 7ERR
BB R, SRR H bn e A A T R A TR, 2
AP HE RN, FEARFIEAE OIS, A T
K3 0 AR 0T H AR 0 3 SN A, v TR ER (10
CIER G

R4 AFBREREVER 18T H

Table 4  Average running speeds of different tracking algorithms

K351 ASLA FRAG SCM VTD L1APG CT OAB TLD LOT SPT AMFC
Girl 5.31 6.32 0.65 2.74 1.76 38.21 17.51 26.84 0.79 0.47 3.68
Deer 6.24 4.78 0.97 2.67 1.64 31.63 14.72 27.17 0.83 0.41 3.56
Bird2 5.74 5.43 0.67 2.58 1.49 27.06 9.94 26.58 0.65 0.56 3.09
Football 6.15 5.68 0.61 3.14 1.61 36.73 19.67 26.63 0.93 0.76 3.41
Lemming 6.78 6.27 0.69 2.77 1.75 28.15 10.46 26.70 0.71 0.37 3.39
Woman 8.45 6.41 0.57 2.16 1.53 32.42 11.31 26.32 0.66 0.43 4.37
Bolt 7.04 3.97 0.46 2.21 1.63 27.18 8.66 24.74 0.61 0.29 3.06
CarDark 7.23 4.23 0.48 2.49 1.74 26.79 10.35 25.13 0.59 0.36 2.95
Davidl 7.84 4.48 0.53 3.47 2.03 34.22 14.75 26.47 0.67 0.54 3.86
David2 5.87 5.25 0.48 2.68 1.44 36.36 16.68 25.89 0.73 0.66 2.97
Singerl 5.31 4.96 0.52 2.91 1.73 28.19 10.43 26.31 0.71 0.43 3.42
Basketball 7.91 6.23 0.89 2.34 2.04 25.81 9.09 24.53 0.62 0.34 2.89
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