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Abstract Visual tracking is an active reasch topic in the field of computer vision and has been well
studied in the last decades. A key component for achieving robust tracking is the tracker’s capability
of updating its internal representation of tragets to capture the varying appearance. Although
numberous approaches have been proposed, many challenging problems still remain in designing an
effective model of the appearance of tracked objects. In recent years, the methods of appearance model
associated with statistical learning have been promoting the study for video object tracking. To help
reader swiftly learn the rencent advances and trends so as to easily grasp the key problems of visual
object tracking based on appearance models learning, a detailed review of the existing appearance
learning models is provided. Here, the mechanism of the tracking algorithm based on appearance
model learning is introduced firstly. Then the state-of-the-art feature descriptors are analyzed to show
their different performance. Meanwhile, the tracking progress is categorized into three main groups,
and the character of representative methods in each group are compared and analyzed in detail.
Finally, the current research on the tracking methods based appearance model learning is summarized

and classified, and the further application and research trend is discussed.
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Fig. 1 Flow chart of video tracking based on

appearance models learning.
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Summary of the Features Presentation Used by Trackers
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Character Tracking Performance

Color[2221] ;SIFTI20] 4

Be easy to get; Strong limitation

Adapt the simple tracking

Original o ) o . .
SURFLZ7), HOG2) ; LBpLz 3] from image content environment
Single
. 0 (2o . Adapt the structural object
Refinement Haar-like!? Real-time o .
tracking in real time
o Color, Texture-** ; Color, Texture, ) . . Adapt the drastic object
Weighting . . B Good expression; Complex form
Edgel?%7 ; Color, Edge , Motion 7] appearance changes
Mi b . R . (91 . Seql41] Low dimension ; Good expression; Adapt the drastic object appearance
ixture escriptor “ovariance-*"' ; Sigma Set

Haar-like, HOG, LBPM?];

Refinement
Haar-like, HOG, , Colort*3]

Good Discriminability ; High

Be easy to mixture changes in real-time tracking

Adapt complex tracking environment;

computational cost Tracking object hardly in real time

2.2 BhEYFERER

BB H A 14 S0 WA A A 52 2% 14 R B B 05 v AR 1
2 B AN R A R — ) SRR AR A A T TE A R AT H
B AT RE B 2 Bl AR I 2. O T RE 8 fi A1 WL ASE Y
DX 73 HE T 38 58« Z2 R AE Rl 19 75 34T 2 EE A AR 00 Rl
I H bR IR 7 36 AT L2y - 1) HL A
fEFl A 07 3 2) B R AR Fl 5 O 2 3D SR MR AR Rl
Jr s

ELHARAE Rl 5 AU 8 2 FEIE B EER AN ]
I8 A7 21 & 2 A WU L. SCHR (35 1R Bk &
FAARLEE T 0K €0 0 S0 B RR E E 47 Rl SCRR[36
R A A 5 0K S0 2R 5060 R i % s A 22 A il
o SCHRL37 I 3 0 B €0 L 30 2% MLz 2l e AE 1E 47 Rl
B BT TR B9l A 2 X5 B H AR i 200 R 38
A5G RIS i TR R RA Y A & L BE ). X
G LS TR (14 65 A P OB T R AIE 23 i 1) R AR BE T L X
Fob ] IR 5 22 R A 14 07 3 23 3 B A WL ASE 2R AR i)
[i) 5 DL B i 34 L AN M T BB B 0 0 S

BT Rl T S E bR R AR AR R A
FARY A R AE. SCHKL 38 T8 3 T RS B S
PERY P J5 22 58 Rl 7 5 BB XN 18R 2 Bl
iR A= 5C & LGE T 4 19 05 X 9 B T B O7 22 0
L BERE A H B 2R B SRR AIE L T HLE A % H s
TR NS FE (9 50 B 5 | AR R I 44
AT ARG R SR R Sigma Sed T RS D7
A — B GE T P R HURR AL AR o] 8 AR B 7

ZE Rl A J7 SO IR RO BB A, SCk (41 D L T H F
PR B B 0 08, 2R ] 22 Bk Sigma Set R¢ AR & H F5
AL, TEAZ A A 2 S HE SR T 52 P& A IR

BR A RS FAFR G T R S T B AR RRIE
AR RE 1 AHBE & H AR AN UL 728 1k & AT AR X £ UE
BERL IR 2 B4 B0 1 X 3 BB 7. SR MR R R il & 7 X
PRI HC e 8 7 1 T R v R U D i TR A R A DL Al A
H s i SR N 25, Hor, B T Boosting HE 42
(R Rl T Al i 22, 6B 2 RRAE 43 ) R 55 3 2R 4%
N ORHR o % AR YN SR B R S DL RRAE 7 B A o
DX 43 7 g A WA AL SCHR[42 14 Haar-like, HOG
1 LBP Z 4Rk fl & 8 H bR R AdaBoost J7
T AE SR AR M e U R iE 8 7 AR 43 5 A R 5t SOk
[43 % Haar-like, HOG #12i f& B J7 El £ Boosting
MESL T SE AR IR P2 MR il G o 45 G2k W B 27 ) ik g
i A7 30 5 il S 30 A ) R

H ET . 5 o — BUR A R IR B bR 2 WY 7
AR B P N A £ {H X R RRAE B R 1 O 2
TR B, G o] 48 e 45 A D8 Ak 2023 0 A o] it 72
5553 A 4w I K ATh & Boosting $R1E fill & 77 2 75 2
— B 5 1 )

3 FENXIAERZEIRERETE

7 A O 2R PR HG 2% I a9 P 7 A B R
b i H bR R RE . B AT, AR AN AL 2 o) B R



SR M I 5 R T AN UL B 2 > LA bR B B U vk 2k

181

T AR A BARRAE T AR /] Loy g DR G 77 2k
X725 2) Fas ) AR A .
3.1 BREFEXFEIRE

R G 7 A 2 > 2 H AR SN UL L i B AT A
[ I 25 A Y 224 455 880 70 R 5 JE A B BB 15 1L
A 51 v H b 1) 22 Fl AR Ak T X %A 43 6 A
SRHATIE LT T, e 2 25 4 TR SR A WL ASE A 174 T3
y NIV 3 73 e (U NS B IA o /&7 L SR iy
BB e Oy R [F AT LU Sy« D) 8L E 3 VR G A
B 520 H 3o B TR G L.

IEi] 7 3k YR 5 A5 R R A 7 R B AT I 20 B ) £
H C 20 76 BRI o A2 v X 80 A0 2 503 47 5 A
TR H BRSNS ) A2 A 20T 28 i Y [ E TR
A AN R R WSL (wander-stable-lost) ™, & 1 &
Rl i€ ¥R 03 PR O3 R MR 7 3 23 3 S o IR A AR A
ik =X (5) .

Pdd,|q. sm, d, ) =m,P,(d, ;d, )+
m P (d,) +m,P.,(d,;q,) . (5)

XHE m=(m,,m,,m) ZBIREWHE,P,,P, fl P, 4y
Sl o3 i A RL. IR B i 0 R SR B B e R Ak
(expectation maximization, EM) J5 ¥ #4718 1L ¥
TE S IZTT L RE S A O IR LSRN | S A AR AR b 1 B
W8 HRR A R A A3 T 5 M LUA B H A
AP 8 AR AL SCHRLS J48 R AT 2 21 i i 40
it g (s o) WIS TR G A AL, B RE B8 6 I B b
SOV 22 Bl R AR 30, o o s o 20 900 R RO FE
fE AN Ty 22 L [ AR EM J5 iR A 5 8 2 4
X AN FIU) E AR S A RO R SR 8 A 43 TR A R
AU e a5 B bR L8 LA R S 0L A Ak TG 1k B AR
TS RE SO 3 80 H AR ME 52 A i A H bR i BT
HMILAE AT K

BEXT 3 — [n) R, BF 503 B 1 A 3 4 iR G AR
A, AL 140 B 25 DLRE 08 I 0 i B s Ah WL AE
AT E 38 LR RE L 5B 2 o R A5 3 1Y . Sk (6]
P 0 v T TR A B PR B A N B A i ST A0 e
K H AR OC 2 BB  IF KR R 19 SB35 B Rl
ASMWEEHY B T BN ARE ). S TR R H AR
23 AR AE AR B, SCHR L7 48 =5 )30 6 3R & &
(spatial-color mixture of Gaussians, SMOG) #} Wi
RIS R e g 1 NS E S (Tt e 1 O R
RS & IR ERRE A LA 3R . AR, H 3 1 43 TR
AR b gy B H A E TR AR B IR AR b
WUERPE 5k B i 3 T K5 o 2 (1 R B2 o v AR AIC, AR
S, 43 BRI RAE B I T B A ] S B> R A

1]

SR

FrRABESE.

Il T A i 7 A TR 5 R TR A L 80 ) BB T
FEP I % B HAA e — DA 45 1F L BT H
iz s AN WAL Ak 1) 2 22 P SR B A H AR 2 WL A2
FEAR FE B 5 TR A 0 £ 00 8 H R R 2 85000 I 7
ARG Ao IR, I3 Ah TR A 7 A SR B R R A
SHEAT AN LA R 2 T I PR R R R AR 4
A PR ME IR 1] TC AR £ B 20 55 ) A
3.2 FREFERXREFEIRE

F- 25 [y A R A A o BRUER T vk R FH AR e
Blersersoerve,) K20 B AR A B3] 525 [8], S W
WRIA] IR A=cie) T cey + -+ e, , Hotp
s, g8 B bR WG AR 5T B 2R O L LRI
Y523 (8] T X RFAE 6 AT BE B DR F8 A WA Y 1) 272
(AR NITE S/ AEErI A 1Y~
3.2.1  BEFpal g Y s (] AR A

T ) g 7S () A o] BRER 5 SR RS O e
TR 1) T 2 41 1) St K FG LA o) e ) T o S B 5 45 T
AL AW AL 38 g A AR R 0 2 o) 2 B H AR R
) H N

Fie I T 1) i T 25 ) 2 S B BRI O IR R
Zu B /M T R BORE SR s H AR ALY 2P
TS E) Ll i 7R SR L S xS B Ar e AR AL BB
O3 RPN 2 A ) B & NP R e S R AE H
P B8 A 5 Ja e H AT R Y X0 RE ) AH B W SR
T2 [ A 75 A T AR R I 25 B AT 00
AL RN B .

b St 33— i) R, i 2 ) R T R
R HARSM L S A5 B b e T A 8T A i
A UK 2 A0 A5 B ST AN LAY, b Tl
SRR Y BCRE FVRR A B A7 A i AR AE 2R R S
T HFRI B AR R AR R TE H AR AN R A 8
I AZ I 23 PR S 49 38 - % ) 19 45 F 3 G 125 e I 3%
R 3% Fh A Ak, TS SO B AR M. gt SCHR (8, 47-48 ]
3 R 48 A ) A R 7 AR AT B R4S S
6 B A28 A0 Ah W ASE Y L LLBR oy B B 10 6 A 12

SR o BT [a] 5 19 7 4 () (A5 Oy = 26 KR
R 0 i ) g T 2R AT S ] R X
e LT B ARV AE R 4k R b 0 25 4 4R BUAE
B 233 AN UL A SRAE g 7 B AR
3.2.2 BETHMEM 7= (] HE R

BE TR W 1 1 s TR B 2 O T skt TR 5 B Al 1)
IR AR R R R LU B 5 5k R B
O B B B 4% AT 25 [a] A8, G o A5 8 2 o)

((‘1 9Co 9"



182 HENMR SR E 2015, 52(D)
S A R . AR R, RENS IE N A R B sl AN WA

TESE By v, Py 3 5 5k B 1 2 [R] 4SS Y BB A A K
A 1 FAE FUR A7 B TUART 25 4 ) 045 5L B
F 5 B AR R R SE . SCEk[49 1M B B Ah WA 4k
17 BAT R = ok fit 25 [a] g 57 SR WA AL, AF %
Tok 123 [ LR 5 5 00 5« B RE A% [ 1) 0 4 A1 2
FVE AT 50T, B AL 2 o] B ) S0 L % T i xt iz 3
Gzt Bl H AR A UL A /N B 17 00 8 1 PR B AR
ZAERITE H b iz ol Ji 20 sk A0 W08 AR fb 35 K i) 725 ) B 2
I3 L. B X I — ] B, B gk S ) O AT
FIA 3 1 gk 8 7 25 18] 7 365 4 00 % gk & F 2 )
Ty SCHEA T RCHE L B 4 A0 LA Y 5 =X B A 15 N
JEE AR AT Z0 ) BR R PR EE . SR L IZ AR Y () REAE 34 g
737" R T 25 (RS AU BB A5 R A5 H bR 24 A 1Y
WNTESS I KA.
3.2.3 ARZMEFAs MBI AY

JE T 1) d RV PR A 7S (R R i 1 b, i gp AR
12 R I 72 4ot T =0, T A 52 B v 2% B BR 19 2h
WLAE AL I AR BE 2 M R s o 0 24 AL e A R AR 1)
S IR R I AR LM AL G S ] J v X DA

R TR — ] B, 22 -2 [R) A1 00 g Ay 2
STiRUE ARl U R SR UNER AP A VN HE 54 & 5K Ay
REA% 1 1 H AR 1Y R 508 2 8 A1 B0, Ja BB P ik A
#: (local linear embedding, LLE)M i 7 4 S 48 4
J5 2 R AR G v R 4 7 3k S 8 B s A WA ek

b LS5 R L 34 6 LA AR B ). & T
FAMILEERE T 20 H AR AN LA S A T
AT A o T2 TR I X T
U I A 28 5 A B 05 A 2 M A 33 48
25 1R FE S Al % Z T S S B L AR T L
9 1 A 2 2 ) Al A M
3.2.4 BB TS IR

IEJUAE 3 TR T2 19 77 A 3% 4 WML 05 g
SR LU BRI o R S S R 1
S AR L SR FH 5 2% 3 T AR S [54] 9 vk
A2 BT b B A, 0% BB 6 Ml K
L1 S5 /ML 90 50, A 05 38 R Ot 2 B 20 1L s A 5 Ak
P 5 44 B A0 AR BB B 2
TR

I 3 — 51481 SRR 555615 R B 37 76 T
2 6 F S AN ULRERD 245 25 G2 5T B 5 T
] 6 R 0 A S B B BB T A
7% B S S 7 e L P R R B 28 iy B 2
STBREE 7 U BB IESE 7 1. SR T » 76 S5 bR 4100
TERR B AL B o AT — 5 0 BB , 3 S B 45
VR B 16 5 AR AL R 3 — B BT % 2 4
S AU 2 35 980 B o ) 7 % A B (G A
e P DL I B 7 ol 5 ) A7 1 B
8 T LM 4 0 3 37

Table 2 Summary of the State-of-the-art Tracking Algorithms Using Generative Models
®2 ARG TARBFEXRIRTEEESF

Methods Model Feature Vedio Tracking Performance
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Update David2 pose and illumination; Adapt drastic changes hardly
Multi-Subspace ) . Tigerl, Faceocc2, . .
VTDC 0] Gray, Edgy . . . Adapt abrupt motion Adapt severe occlusion hardly
Update Shaking, Animal
o Sparse Dictionary . . . Adapt severe occlusion and illumination changes;
L1654] Gray Value Singer, Jumping

Update

Adapt deformation and abrupt motion hardly

e 2 T 7 A SRR (i LR BR B Ok R AT 40
Hr» LA A A ] A1 0L A5 280 Xof B B2 200 SR 1) B . Frag
T o 43 P SR W B X S B Y 1% R B A R AT AR
A1 BENS IS I AT 41 Faceocel Fll Sylvester GX P
A5 R bR B AN WA Ak ) o E AR Y i S X L
FESZBRA 3z B . WSL J7 i 4 7 25 A 2% ) iR

%% (incremental subspace learning visual tracking,
IVT) J5 ¥ 00 R B2 43 M1 (visual tracking decom-
position, VTD) 7 ¥EHM L1 JE%0R/MEIRE: (L1 norm
minimum tracking, L1) 77 ¥ ¥ 5 T T 4 %) 8 % Bl
il ALt X H AR A0 0 AS A e R B B 45 A R A 3 Ay
Horp, WSL 5 3515 S8 WA A [A] 228 A B TR 6 40 i
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T BRER B 1 B X PR B0 ; TVT J7 3k B X H AR 2%
P 3 B 2 5 ok RF B Y SR E 5L O R
PR D7 208 I R 72 Ak R B SRR A A A 22 18 1Y
PR EE IR B T ROR $5 4 (Faceoce2 #AR A & B 578 1k
D) s VTD J7 i 51 xb H ARz 3 i A 5 E 1E 3t
S URETY L IR ] 22 S0 WU T L3 by 72 A 1) 22 R A
SRR B0 T 68 B CAnimal B 635 3 ) 2 748 RS
s 2% , Shaking Y40 18 PR 12 ). L1 75 %5 A H
i L L A 15 2 TR A WA Y L 5 M) 3RS A L f
P00 5 54 ] AT R BB B 3k A 2 1 A1 LA Ak RS 7 JE
P L 38 IV 1k 2 4 (Singer $AR A & K 1 2k AE
). X LET7 I 53 0 AN [R] B4 £ 8 i S AR Y L
RE 5 3t e e R 26 o ) R M) AL T A O R L
i 1B 00 BR e A AT B R AR R A AR 1 A AR
Pl ¢ AT Y O E R T L o P M S g 1=
% 355 1 F AR SN WA By 7 1 A 1 S LRSS TR A7) S — A~
A B TR B BIF S [ A

4 FIHIIPRE R S RERTT %

) 531) AR AU BRI B b i 3 2 ) A S A TR
R B A ARG 0 X 43 BE 1. H A 30 591 XA 0 2 o] R
R EARAE r K ARt o AR R 4 D T
SVM (¥ 4N RS 5 2) 5E 1 51 53 Bt (1 F ULAEE 74 5 3)
FF Boosting B Ap UL 7,
4.1 EF SVM 4 295 M 4% B BR BR

Fe T SVM (9 SR 5 20K B bR AV 5 45 0E
TNGRFEAS LA ERE A — Bk B B bR, AR A
H A5 J X R AT R 1] U 2R A 0 B Ak i 5] 2
JiR. SR R SVM J5 I 2 b 2 FE A L AR 15 )
SRR 456 2 2] Jr 0k TR b WA AL S B 3R
Jf R

~>0 ® Positive Sample
© Negative Sample

Fig. 2 The mapping from images information to

training samples.

B2 ERAE BRI R AR ROR

e B Sk (57 148 H K SR R 1) 8T 5 4 ik T
SVM 1 =43 5 0] 3, 2R FH 88 I 25 75 23145 10 51 =X
BLTRY 32 07 5 S WA B R AR AL T — AT R I 5 T )
VAR B A M SCERES8 4 SVM 432k

#r5 Adaboost J5 ¥k 45 & BT — WTAR BORE A I 5
32 AR 92 XS 21T ML H AR g3 B SCEk (12 148
SVM 43248 5 Ensemble 77 1 45 & » M\ G 5 i 3¢ H
FEAYIN L 73 2 4% 52 IR 24 HiF Wt H A5 19 73 25, 3 9 Fif
T3 ¥ YRR 0 3 N A UL IE A8 R R R AR 0. AR T L B
T SVM (15057 2807 155 B R o (0 8 T 4L RO AR
A5 ) LB 0 I 0 A5 AR 1 A 3K 328 8% ) AT, | 3R LA
B AR 1 0 N AR AR RTINS il — BREAR
TR W 75 ) 1 LA iR ) R BUR B R

T B A R B O A, SCHRLS9 I R AR 4
HGUEMIEAZS 50 K8 14, g TR
Z ]I 2 2 R O R L A AR TR RE A% T G N A
SNV AL R P e, SR (60 DR AR AR 5 5 410 WL
B (g AR AR B2 4 S5 0 12 5 KA 4R
B AN AL 50 9 5 1 DS (] 2 RO A AR 2l 4
GRS 5N S5 1 o0 8 10 70 S0Pk, 1 ol
T A A 38 N fig

BAR, LR B I A AR L R ML e T
Iy R EENT R A T L B
AL E AR R R ER PN 09 A8 Ak, T8 ik Rk ) ) SR
AU 43 26 68 ) AN B AL, SCRRE61 148 i K SVM il
B E DRSS A BB B R A2 B —
(B Ay R AR e 019 B R KR A RO 28 A 1 e i
% ] @il
4.2 ETFTHINKS LI WAZE R ER

F ) Ko B AR Ty o A A T B
BEFRENMYE 25 1z F = W EA /RN
R R R P IS () B 5 3 e X ) ) A A R 4 T
PLSZ B H A R R 0 B 35 NP

LI R 0 00 X0 T A A0 O ARE AL B X H AR A
T 50 R [R] S0 B HE AT AR e 4 ) 1 20y A
(linear discriminant analysis, LDA)fEZ2 F sZ ¥ H
b R B BE W8 38 N AP WL AR B 7™ RN O 2k 58 A8 A IR 2
IBE . AR 2 A T 75 5 8 A WS AR AT B i 43 A
o T 3 o A A2 B TR AR Y SRAE BB . b, SCHR
[63 1R FHg & 2D-LDA J5 ik, H4E X K& (5 B7E T
23 (8] T a7 ) 1 A ALY, A T LDA i 5 BR R
HORAGF LR . f T ILBE S M L B TR
THA I A Sl AU B A 5 X 53 ) 9 T X
FEKe AR Ay S LA 7Y 45570 AT fil ) KR $ . (R 1%
R 5 BT Bl e £ W) 4 FRAE L k(65 1R I A 3
WA A 35 DXL I ) T A0 5 22 ) 7 g i rh R AR
5 DX 43 07 B S 2 R AR B T AN TR SR T A S PR
R T A R R B B R AR R O N A S RS
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O B AR R 5200 Jr 26 50 BEDE AL S R 22
AT 52 Wi R 0 SR 5 2 SR

R TSR R A A R PRI X Y T A s B
7 7 B (semi-supervised discriminant analysis,
SDAYS g4 i B AN AR T bR 5 R A RE 5 14 B
FENE B R iy LR T T A R AR X 26 BIE B
PAE 2 SR PG A5 S, 38 5 X6 K 3 oA AR A 1% 1)
WD TR BR B REAS T 5K A — S W B AL R R IR T
HMULBERL Y X 73 BE T3 . SCERL67 19 & SDA 2| Online
Boosting HE4L , 48 HH £ T SDA (1 3 &t 2% > L, fiff
A1 AR Y B A AR G- b b BEORE DL H bR T L™ EE G Y
1 B A A S B LR [R) A T R AR F 5 B R AT G Tl
SE SCHY IR I 2 A H AR AR B PR BT 2 A AR AR I
PRGN, AN & 3 Fr i s A )G P 2 B bR AEAS [ 1 B2
A5 (AR 23RN A Y 43 2 45 2R

Fig. 3 The classified results of different metric spaces.

K3 Nz [T 73 2845 R X
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7S (] PR B 0R 2 BA R 1 2 2 BE T LS BLER
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Rl A 530 SCOD AR Y L I 2 1 T R e~ 9 A
PR ERHE 2. B AR AR G 0 0 K00 W O 3 SR IR G
e300 5 R SR R R T 2200 AR S AT 28 235 4 4[] A
1 F AR F L i 2 ()RR L 20 % 08 T H AR B 46
P05 B BRAR 4 19 0 SR L RE RS 15 1L H b il 2 5 1
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AR 118 e S 728 A S 00 2 P A D 0 L S B v B AR
FEAE 23 (8] F A — 2 A0 gl 1 ZR 72 A 3145 ) 73 B 1Y
JEE s ).

Bt X R AL, SCRRL 16 48 AR 4k 2 B k2 )
75+ K WS A2 Al A 3 R AR A L (8 A WL Y
Y FAERE 1 A2 15 38 I AR X SCHRRL68 11 5 - & X B
AR SCHL ) H AR AET 5 o 2R BE S . S350, O T
R o B AL ), SCRRC69 PR i 2 ) 45 20 W 2
STARGS G+ 3 R ZRAT SR S5 AR AR ARG A Al 5 A
o) B BE A A B A R R A A 1 R 22 A .

5 T B i 2] W BB O iR OE g b B R
IR fof i 7 R 4 (1) ) 24 KRR B B WY S B A R
TR, SCHRL70 8 i i 1F W) 4k 9 52 4 2 2 (sparsity
regularization for metric learning, SRML) ¥, B
RE B X 2 1 2 [R] 1) 2 B0 AT PEAL L ORAIE T 1 25 [
T e AR B ) 15 00 T 4R A5 e A i 2 2R BOR L ixX — 28
W AR R T T R 2 o) BRI D7V A I AR
4.3 EHF Boosting 43> 2 By 5b U 45 B IR Iz

Boosting J5 ¥k &8 55 27 2 & T+ Ry i 2 2] 19 7 1
SLFR LT Boosting Il 24 /& DL B £ 5 7E 2 1Y 7 =ik %
5503 K dw A IR G R 73 2 8% L 4y R iR 25 B
/MBS AR AT 509 70 B, 45 6 o > S S 3
AR % ) 3
4.3.1 A% Boosting MR T ¥k

3T Boosting RUIREE FE K EWIHER B
AE A% S I S e U0 1 H A e AR LA B3 1) 2 A WA
Y R A 1) Sl e T R (B By T h R
IR 11 55 43 2 4% DL ARAS 5 43 2 & 1 57 A WL A8
R XA 0 A L ACRE I

B XTI e A, SRR [ 17 148 SR FH e AIE 2B 8 4 41
B 9953 S AR AL 1 A WLABEAY , TXRE 23 el /D iR A 2K A8 P
TG T 5 9 35 AR URI o B B SR X 8 3 L B R A
PHAT AR G (3 7 B . (HIZ A B AR RR AR SR MR FE b
VA 2 IR B ) A 4540 56 2R L B i URRE U4 i
T Al A ERAE AN )L A S IR kT
T A 5 55 03 2R A 8 R 2 2 e L FE 0 IR
FEXT 4328 2% B S2 0 OC R, AM LA RS X0 A BL 7 5t (1R 18
WAL 3y 28 2578 A AR 73 208 45 A AR 1) 2 17

SR s b3 J5 v 35 02 5% R 1 55 43 2 4 AR 1H
(4 55 4325 2% 77 2 52 A ULAS 78 B axX A aok B A
o T AT R R AR A A A HL A R
SrRANGEBHEAS T E. SOk 72 148 H
HEXT 55 73 26 e A B BEAT SR A9 SEARL L BB % 35 1V AH {8
H bR 22 B P00 ER 23 18 14 55 B B I R & B O vk
WF5E 2 Bt — A~ 1 5 1)

ZEWE ST K B R G 03 2 A% AR B B F 0 2R A% R
Z VT O T R Y O i B A 2 AR R AT 4 T )
AE ZRAG e HIC 1) 73 28 45 1A A )il Oy figf e o ) et
SCRRLLI8 IR T Wald Jy 4 e 3 Fiie , A BRIE HE 2R I
fE T BB SR v o 2R AR BT I U L 45 Boosting
PR R 5 VR R AR i T O B S
4.3.2 FUE 2By Boosting BRER 7%

K A %7~ 77 89 Boosting B 55 75 1 7 b i i
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FRASFEAR BT IR = /Y 1] AL 2 5B 27 2] 5 vk RE A it
e AR A R AR MR R R AR 2H SRR A 4R 19 0 2
[ 50 o 8 A A WA B~ o] B D7 Y BE 5 4 38 D 1)

SCHRLT3 ) UK F B 4 2) 51 A Boosting #E
ZRBETH AR T A7 St B it T B RS 1) AL H %
TGRSR S A AT 1 R B, B 5 H
S0 WL 7 A W B BIL RS 2 25 A T 5 OB B K T
2 AR R O kT S A g — TR HE AT SR R
PREEFEA , DUE AR T — Witk B AR 28 9 4528 » [ i
K 220 et S 10 J7 AR i 70 R 4w 1 27 IS
SRR AGCRE U] A8 494 5 SR L T 5 1 0B BB — AR 4%
FEAR AT ST 73 28 i VI 5 - 5 oy 3 i A s B A T Ay
Y A VA S AR B R DU )

[FIRE O 1 4 e b 25 R A 1) B8 9 o i SRR 75 )

1 IR -2 S - Rl AH 4% & (tracking-learning-detec-

tion, TLD) ¥k, #] H IE £ (positive-negative, PN)
PR G| S BRI R REAS 2 b B AR AS BT L 7
AL A AR BE /N B 1 B0 BB 68 35 N F8 3 Bl 4 i
P4 E AR 25K R AV RS S L. SCRRL76 142
H £ FH 5] 2% 3] (multiple instance learning, MIL)
507 % A I REAS AL 19 12 AR B A R A A bR 48
FEA SR SR AR 7E Hin BB E 47
S TR S DL T 38 N RE ) 0RO
FEHE T AR B AR A L BE AL AT AR B 2 B
B R ER AR BT L S8 ML (9 R 22 ol iF 7 125 1
P th SCHRL77 IR FHAR B MIL J5 g 1 SCRRL 78 142
JIAL MIL J5 35 , B4 2 W Ry 1A 3 gk — 2P 5
. 2R3 g R A LA A 2 ) RS Bk % N
Xof B AT 0 CHR SR AR 2 4 4% o 5 425 B 08 A1) SR AT
(R IR B PR EE BRI AT DL DA 190t 3R A5

Table 3 Summary of the State-of-the-art Tracking Algorithms Using Discriminative Models
x3 FAEZHETABARKXRER T E RS

Method Model

Feature Vedio

Tracking Performance

Struck!?) SVM Classifier Haar-like

Metrick69] Metric Space EOH LBP

Coke, Faceocc2, Tigerl ,
Animal, David2, Sylvester

Cock, Sylveater,

Adapt severe occlusion, pose changes and abrupt

motion; Adapt drastic changes hardly

Adapt pose, illumination and scale changes

Surf, Tiger2 Adapt partial occlusion and fast motion
. . . . . o Adapt large pose and illumination changes;
DSTLE5] Attention Region Motion Surf, Skiing )
Adapt motion blur hardly
o ) . Haar Hog; Cock, Jumping, Adapt pose, illumination and scale changes; Adapt
Boosting!7 Self-Learning ] ) )
Lbp Animal, David2 views changes and cluttered background hardly

Semi-bostingt%!  Boosting Classifier Haar-like

Jumping, shaking

Sylvester, David2, Faceocc2,

TLDL1 PN Learning 2bp

Jumping. Panda

MILL72] Boosting Classifier Haar

Tiger2, Jumping

Sylvester, Surf,

Adapt partial occlusion and pose changes;

Adapt drastic changes for nonrigid object hardly

Adapt severe occlusion; Alleviate drift;

Adapt abrupt motion for nonrigid object hardly

Faceocc2, Panda, Shaking, Adapt pose, illumination changes and partial occlusion;

Alleviate drift; Adapt abrupt motion hardly

Z¢ 3 1, Struck Fll Metric 23 5l )\ 29 7R 3 3 [n) 1
B H (Coke #AI AL 7 JG 4 B4 AIF RN IHE $4) A1 A4S 18 f
6 BE £ 25 ] (Surf W04 4 3 Pk iz 2y | 3 P45 Fn R
AR TS 5 T 5 2R AR B L DA SE B A 3 R
ER AR s DST 1 Boosting 43 5l AR 5 v 22 AL il A0 1%
AARIRAIL T 35 B B A 250 g 04 b AR A, D) AT ¢
B HBR AT 55 TLD #l MIL 435 A PN %L 24
IR AL TR 23R BCIE i 1 U R AR A, LS v 43 28
A5 PE B SC PR R (Panda MU & 245 (52 2 AR AL A
SEA P . 3K 28Ty vk MO R AR FE 4R e T H AR R R
() 4 5 R 0 A 78 ST IR B i ST 65 A 1) R B2 AR

e ORI T R0 50 SRR B 07 1 B 2 W R AL b
WSS TR ) 8 FE A A X 7 A SRS LA 55 — L. A L B
AW A B FEPLEATIA R IR AT ST

5 FEHINESXERET]

A AR 5 e Rl A A= =ORA ) 04% B B
o N EBTIITR ' Z WAy s W N G R O S I Y
MZ R METTIE.

D FRIRA T SCERE79 1R Al PCA 736 %t IE
FEATE 725 8] T i 57 v 407 77 A 20 A AR A 143 1
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Fisher J 50 73 1 & 57 1 & 2CAH 0 2, 52 B o R X
AR TR e T AR TR RS R B B 1) 48 25 0 5 B R
AR IR BE % 385 7. SCRR 20 11E 4 FH B« 56 % A =X
RSP 2o 7 A 30 A A ST A LA L X ) JiE
PR R OR B X LR R A 253k ™ 2R
ool A R e i R B ST L S RE AT S8R B L A
P H AN H AR,

2) ZJRIRA I3 SCrRL21, 80 173 5 5k I ™ 28
ABALFN SVM A 51 KBS FE Co-training HESL T 52

LA HLAR A - I A 2 0] 0 0 8 45 R0 8 9 R AR
Bbef 0 Ji 2 FAR B 0 2 K i R 1
JI5. F380 . SCHREST e i A 2 T IR & 7 K AR iR
B FR A =0 2 A G REAORIR G 7 A U
) 530 5 A LSS D S T B B 0 A % 2R AH L Al B S
BRI ER X H bR AN LSS 2 A R B L 3R A
BLES 5l 25 BRI 1] AL 17 M - B R 5 R 2 B I
JE RS T SO E R e, R 4 i TIRA
AR 7328 RV RE 20 #T

Table 4 Summary of the State-of-the-art Tracking Algorithms Using Hybrid Generative-Discriminative Models
F4 FEHINXBEGREG EERED T

Model

Form

Tracking Performance

Single-layer Series Self-learning[2%:7%]

Two-layer Interactivel2!:76]

The generative model is obtained in light of appearance without considering background
information, so they would easily fail within cluttered background. The discriminative model

aim to find a decision boundary to separate the object from the background, if enough training

data is available they would be more performance. Hybrid tracking methods benefit from

Three-layer Series Self-learning! 77

both types of methods.

6.1 B 4%

AR SO S I AR BRI P B B B bR
FEAE AR J7 N HEAT B2 % H ARk 1y o7 X4 B
— AR AR A 3 R AR AR AR T A, R AR AR g AL
PG BL IR 1 R 7s. SR G 43 0 6 B A =0 AL )
OFR A 2 iy AP WA A 43 B 5 %F b an 38 5 s, H
FEE Y S8 L5 L B EE TR

1 A B YF, = A U R RR 05 1 3 B b5 1 4
JRy PR R AR L R A S P G AH A 5 R R 3 R R
AP R 5 F ] AR H AR A 5 B RO 3
U BERYIX 53 15 AH 2 B B Tk Ay B IR 4 3d R
AR5 5 IR B A BRSSP B L HE &
XS LR R B 58 B R 3D

2) M3 Pl 5 A B AR R BRI
IR G R TR S X AR UL A Ak 1 2 TR B
W s 2 M T 2 DA R0 A IR 4 2 0] 3 FARRRAIE Rk
e 8 24 B A IO A DL B 5 A Sk 1 s Tl
RIS 9E T 523 18] 7 % B A 0 ¥ /. AR 1 3
AUH BB 1 36 107 1 3 3 3 JEE K. FE T Boosting
G WSS R N 5 DGR AT 2 5 A B L (RIE T H AR 5
TR Al PR RE AT L AE ML o o B A9 4 B T H B
KA BB FE R - (BAR 224 B0 B8 20 2 32 B AR 26 4
S B W T P T BURE T Wi AE ; SVM AR D 28 L (1 /M
AR I3 ZETTVE R T B BT B A WA Y 3 M Ao X
Mt 7 = 0 AR R 5 A 5 5 T ) ) A A 2R A S HG SR
W B T s ) 2 o S A I I L ORE B B AR 2R X 0
X 58— L 5 i 8 s () AR TR DA [ s o I s ) Y e
AT e R o A R S ) R AIE T A MR R A X
IrRE ST L BRERSCR B4

Table 5 Summary of the Characters of Tracking Algorithms Using Different Appearance Models

£5 ARIREBREFESF XL
Parameter Linear Nolinear . Discriminant . Model
Model . . . SVM . Boosting .
Mixture Subspace Subspace Analysis Mixture
Learning Parameters Basis or Mean Manifold Classifier Supervised Classifier . .
. . Multi-Learning
Form Update Update Learning Update Learning Update
Key Mixed Basis Nonlinear Training Data Good Mapping Weak Classifier Hybrid
Problem Form Function Form Selection Form Form Form
. Vector; . Self-learning;  Visual Attention;  Self-learning; .
Model Component . Multi-subspace; ) ) o . ) Series;
. o Matrix; . Semi-supervised Discriminant Semi-supervised .
Form Combination Manifold . . . Interactive
Sparse Learning Metric Space Learning
Adaptation Strong Strong Weak Strong Strong Strong General
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6.2 E E

BE T AR SO 45 Bl A0 UL ASE 78 2% 5] BB 7 vk 1 F
I8 AR KR W) BRI R & SR A g5 T

1) H b5 FRAE 4 iR LA 7 SIFT, HOG A
LBP 45, {H 5 — 38 75 00 7 080 B b o A0 0 i
AN E S A HE LA A L SO 22 R T AN B 7 25 36 B
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4 [ bRz gy it e A LT 4R A% S SR R
ERAOR 22T B F 00 S ER R v 0 H AR RS 5 B L A
By % W 75 T L B 43 28 B 5 ) R R AR L
Fofr S WLASE AU 5 1 5 v A0 ) B3 4 b TR A 5 A L4 Bl 52
IR AILAT IR 5 38 A TR ST
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