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Robust Visual Tracking via Weighted Spatio-temporal Context Learning
XU Jian-Qiang®? LU Yaol'2

Abstract
changes, appearance changes, rotation, partial or full occlusion, etc. The local context surrounding of the target could

Implementing a robust visual tracker is a challenging task due to many disturbing factors such as illumination

provide much effective information in getting a robust tracker. The spatio-temporal context (STC) learning algorithm
proposed recently considers the information of the dense context around the target and has achieved a better performance.
However, STC treats the whole region of the context equally, which weakens the effectiveness of the context information.
In this paper, we propose a novel weighted spatio-temporal context (WSTC) learning algorithm. Our algorithm considers
the surrounding context discriminatively and incorporates a weighted matrix by evaluating the motion consistencies of
different regions with the tracking target. Extensive experimental results on public benchmark databases show that our

algorithm outperforms the original STC algorithm and other state-of-the-art algorithms.
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Fig.1 Context and weighted matrix ((a) The object
is inside the rectangle centering at * and the context
Qc(x™) is the region inside the rectangle which
includes the object region; (b) The weighted
matrix created by our WSTC tracker with

respect to the context Q.(z™))
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B2 BRI m A ((a) BRAREREG R,
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(b) TSI I Y DX AR 73 45 2R )
Fig.2 Context and division result ((a) The dots are
pixels with different grayscale and the arrows show the

motion directions; (b) The result of division)
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v(z)eXe®

Hr o Mz #ORE ZYEMALE AR, o AR IRERXS
%. P(zlv(z),0) FsAERERN SATAE HAZA B HAT
v(z) BB SCRFERT, 1% A47 B AR IR R H AR L.
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N L, o UL S
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3. STC SrkdRih, = 6 > 1 1, LEE BT,
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.
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FeRL. TR AR 4 (Fast Fourier transforma-
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Ty, =arg max c¢.q(x) (9)

€Q(x}
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VEARH) Hy () S bR SORO, iy fp g )
()b SCRE AR A 2 SEOBT 10 5 U5 21, LA h

HiY () = (1= p)H*(x) + phi(z)  (11)
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F 7 STC Mse BRI RER IR, MARHE THEZH
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EEXS STC SEIANE, ASCER I 70 1 F 304
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O 5 Harris M s A28 ) &2 I 22 oA
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132 AT LASR 2 — AN B, A S, A7 S A
XIA IR, ARG HAUER MG 2. B 1(b) 2
WSTC HIARATILRR P AR 1 () Preei bt 545
PR BN SOBUERRFE, AR B =, m
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XL, R R SH, W L MU R,
FATIEIL B2 O AP o a2 A AE AL
pELEN

3 HIRIRERSRYHFR

AR SCH IR GG TR B R AT T SCRUEFERE,
R BR AR M S 2 A 5 20 e AT S BR R BB R A
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TR R B R HE R, e 2% o 0 A B ER SRR 1)
REXE .

7t TLD (Tracking-learning-detection) 5ykH,
JAEFAR M T —MEET FB U2 A DR PR IR A0 B
B, BERS R L BRI R R T B B R T FB
R ZE ST IE M BRER (Forward tracking), FFE4T %
M ERER (Backward tracking), 28 & v 5 A ERER AL £
FPREFA U AR ICER 25, B FB iR 22, iR %
2 BRI, WA 1% RO R R A AL B 3
R T FB iRZE A A B, T rp e 0 i R BR R
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PRER. AN 3 sl LLE 2, 1 5 (0 1E ) BRER 45 R 2
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PRIEF I & — S0, BREGE 5 2 RS 1 9 8,
PRI FB 224 0. 11 2 S IE R EREE L2 5
T, A5 T RIT AR S BRER G R AN 3 5 4,
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X R R

g

K3 FB ®ZERER (AREKEB T30 [17])
Fig.3 The forward-backward error
(This figure comes from [17].)
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Fig.4 Forward-backward tracking trajectories
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PIREOL, BIFE 4 (a) A1 4 (c) PFRIETE, TAE 7 Ak
PRI DL Y L T AR T AT 0 o0 A 25 Fh R R
B8 ] DR B — A ] B A, R Y R R O AR A
eI, PR A B2 R AR K B R AR T A
WAL, e 4 ) DNIRE BER [ ER
B I L MR (R B R € R TR R S G (R
P Prfl oL, PR A e e k). MRIET R AR K
5 IEM AT KRS Z B AE e — A 24, A2
HATFER 2 (Journey error, JE). 47 #4215 2= vl i an
TR Bt — 1 Mirp REE R 2y, HAE
B¢ Wi AR N IR AE RO o, SRR R ER B (14
TE A @y, WATRE R 2208 A

JE(x;) = dis(J(xi—1,2¢) — J(x4-1,2;7))  (21)

Horb, J(2eg,m) RN 2y By ZIRIAT
R E. dis(z,y) &on o 5y ZEEREEE. M
€ ¢ b 2, JEAONIEMERES &, AlEa U
F W

1, JE()<T
0, JE(xy)>T

iswalid(z) A 1 FoRiz s IEMERES S 2 0 Ko
TR ERER A NPT, T AT R 22 .

e B B — AN OB ) U 2 ¢ it b R IE AR A
By SRR, OGRS BT R R 22 BV A

R T RPN 0] B, 2 1 DI TR B [ B 6
KRR AR I R AT BRIER, T AR BRI % 1Y) AR
/DR, PRI RT DA AR I R AT A PR 34 R AR
FANRFAE R AR, XA AT 2 T A AR (AT R
PRAE, MR 5€ B T 8 5% A 0 0 3 4. AN an
M, AT AR ZE HURE TR SR A 55 5 2 2 TR RR I
PR RIAT, A8 LT R M ERERD IR, A FB %
ZET i, Wb T a2 T RCR.

4 SREITFREE

J T HE WSTC Sykpifa shE, JAE 12 A
FEREVEIIREAR X WSTC Sy AT 7 A sz, X
SBR[ RBCEINLE 2013 4 CVPR T4 H bras
WA R e 1A H b BR VP I S R 18] v AR (1 3 v D
DURLATLE, P A S AH 5 1) Ground truth U4
BILEAH G W kT A AL X 12 AN PRI A AT
BWECA 7215 Wi, SEAMRGE T AR SR N A
B E SRR R 2 WHRRIZ AR L, B
ZREE St R E R ERIMAASTE . H bR e s L&
BRI, HET 2R D TERARA
PRI Ground truth AS[E], M52 W BR 2 4% 1 g
). AR SRR T R E I 2013 4 CVPR

Thttp://www.visual-tracking.net

iswalid(xy) = { (22)

H A BRI S 508 AR gk Ground truth B
FATIRHE LB 5 K, IFORFr BT SR ER R I 1
WG ZAF — 20 Br T 5K STC k2 4h, AR
B GIANPREE T 11 AR TFIEACRS B I T IE AT A
T ) 2 0 R R R Sk — i 2 A, DLOR IR SE 5
MAE 2 5 %, XA A4S MIL (Multiple in-
stance learning)[), CT (Compressive tracker)!?
MTT (Multi-task tracker)?, DFT (Distribu-
tion field tracker)?), VTD (Visual tracking
decomposition)®’, TVT (Incremental subspace
tracker)®), OAB (Online AdaBoost tracker)??,
TLD (Tracking-learning-detection)®’, LOT (Lo-
cal orderless tracker)®®, Frag (Fragment-based
tracker)? 1 LIAPGI?3,

ARSI 2 AE STC HIE AT Matlab Y5
AN Bt b 5B B, E SN 1O SR R
P KA F B vF SASE TR, AT 389 0 i oF SACH 322E
KB TOCTER BT, (H i1 3 JRATTIE H] i is AT %4
R R 1 Lucas-Kanade #i 5 6 SR IEE S V5 (1%
Je R AR H T TLD 5vk0)),) Bt e A fR
UE T WSTC LRSI IE. ASCH) s AL s ie &
Jy: Intel i5 3.2 GHz H R 4EF 4 4 GB AAF, BAt
5624 Win7 4+ Matlab 2011b, 52563l WSTC
LRI AT LAy 23 i/ FD.

41 WS

ESER R, WSTC Hykh i &4 S50k E
WR: X @) TS =225 8=1 =K (11)
WZH p = 0.075, XEESHME 554G STC Fikdh
FIZ AR, 0 TASCR IR 25, 50 (18) i
SR E Ny =2, X (20) PIOSEEE R n = 0.3,
X (22) FINSHUE N T = 2. HABK L LI
T H RTS8 8 4 BN SR XS4k
SE G, TEREA S R R EF AR

4.2 KGR

ASCAEHT T 2415 BB AT B = b 0P 00 s v R
VP A SCHE I WSTC Sk, X = ANF
MARAE > 2 o7 B R 2% (Centre location er-
ror). PRERTE Z %K (Tracking overlap ratio) FIERER
)% (Tracking success rate). HOME R % & TR
FREZAS 20 H brh0 A28 5 Ground truth FrjE (1)
H bR O A B 2 TR R IGERE RS, 26 1 45 T 13 Ml
ERasAE 12 ADVFIARS b i oA B iR 2, LR
PRIEE AR FE AR R 3 BRERIR 22, U AN AN VF
I v 2 BRI TR S R MR R D &, IR TS
X4 R = Area(B; N B,)/Area(B; U B,), ' B,



1908 H ]|

¥ {1

41 %

& PR IR R AT BN ) HARAE, B, &S Sehnii i m
Ground truth HsHE. U FI N 4 %UQQT%AHﬁ’H:
PIHE S, Area(-) Ron XA, @, 4
S AR BB S AR B SR R LJi O 5 i,
TN Ay Lo P SR B A s D P i A R B 8 2 1)
i 85 S R B LU AE, B A ERES R %, 7ER 2

X3 HIsEIR gt g5 Rl LR 2, R4S 12 AMAI
o, AR WSTC BIETE =Rl SEAnvE T30
FIELAT STC Hyk, Ak, 53HAh 11 A~ 477
TR LA, A WSTC Hkh F a8
j(ﬁt%%‘ TE RS 53 S 56 A0 A0 #S ECA T A 0 S5 A
g, 1 HAE =R AR HE T, WSTC SiEAE M

AN 3 v, B TR R R R SRR I PR RS A R T 1. KR WA SR Y
TR AT I RALBRER ST . T 1, % 2 A1 WSTC SUERATANY, BEAE WSTC §ikik
R1ONEEGRICEETORE (BFR) (B R A RR)

Table 1  Average center location error (in pixels) (The best results are shown in bold fonts.)

Sequence CT MTT DFT VTD MIL OAB TLD IVT LOT Frag L1APG STC WSTC
fish 10.7 45.5 8.8 16.8 24.1 87.0 6.5 5.7 33.6 21.6 29.4 6.4 4.5
coke 40.5 30.0 70.7 68.6 46.7 35.9 25.1 83.0 69.4 124 50.4 17.7 15.6
david 10.5 33.1 42.9 11.6 16.9 21.7 5.1 4.8 23.9 82.1 14.0 8.2 3.9

david2 76.7 1.7 17.3 2.9 10.9 33.8 5.0 1.2 4.1 56.9 1.4 4.3 3.9
girl 18.9 4.3 24.0 8.6 13.7 3.7 9.8 22.5 22.8 20.7 2.8 11.8 6.5

boy 9.0 12.8 106 7.6 12.8 2.9 4.5 91.3 66.0 40.5 7.0 21.9 9.5
mountainBike 214 7.1 155 9.8 73.0 12.0 216 7.7 24.9 206 8.3 7.2 7.1

jumping 47.7 84.6 67.1 41.4 10.0 45.3 5.9 61.6 5.6 5.6 83.7 93.6 3.9

shaking 80.0 97.9 26.3 9.0 24.0 191 37.1 85.7 82.6 192 109 17.0 6.4

sylvester 8.6 7.6 44.9 19.6 15.2 14.8 7.3 34.2 11.3 15.0 26.2 11.0 6.8

woman 114 137 8.5 118 125 31.4 139 176 117 111 128 9.4 10.2
mhyang 13.3 3.1 9.1 4.4 20.4 7.4 9.5 1.9 113 12.5 3.2 6.1 4.1
Average 53.7 38.7 48.4 26.6 32.8 40.6 39.3 48.0 47.9 74.2 38.8 17.9 6.9
R2ONEREIRIVES R (s R ER)
Table 2  Tracking overlap ratio (The best results are shown in bold fonts.)

Sequence CT MTT DFT VTD MIL OAB TLD IVT LOT Frag L1APG STC WSTC
fish 0.72 0.16 0.76 0.56 0.45 0.04 0.81 0.77 0.23 0.55 0.34 0.78 0.83
coke 0.23 0.44 0.11 0.14 0.20 0.33 0.40 0.12 0.12 0.04 0.17 0.50 0.60
david 0.50 0.29 0.30 0.56 0.43 0.39 0.72 0.64 0.26 0.17 0.54 0.52 0.54

david2 0.00 0.86 0.54 0.69 0.45 0.32 0.69 0.70 0.60 0.24 0.86 0.71 0.74
girl 0.31 0.66 0.28 0.55 0.40 0.72 0.57 0.17 0.42 0.45 0.73 0.54 0.62

boy 0.59 0.50 0.40 0.63 0.49 0.79 0.66 0.26 0.53 0.39 0.73 0.54 0.67
mountainBike  0.14 0.74 0.30 0.70 0.45 0.63 0.20 0.73 0.58 0.13 0.74 0.71 0.72

jumping 0.04 0.10 0.11 0.12 0.52 0.07 0.66 0.12 0.58 0.67 0.15 0.05 0.73

shaking 0.10 0.04 0.64 0.71 0.43 0.01 0.39 0.03 0.13 0.08 0.08 0.57 0.74

sylvester 0.67 0.65 0.38 0.62 0.53 0.56 0.67 0.52 0.57 0.58 0.40 0.61 0.71

woman 0.13 0.17 0.76 0.14 0.16 0.48 0.13 0.15 0.09 0.15 0.16 0.66 0.69

mhyang 0.60 0.85 0.71 0.73 0.51 0.75 0.63 0.80 0.22 0.65 0.83 0.76 0.79

Average 0.34 0.46 0.44 0.51 0.42 0.42 0.55 0.42 0.36 0.34 0.48 0.58 0.70
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Table 3  Tracking success rate (The best results are shown in bold fonts.)

Sequence CT MTT DFT VITD MIL OAB TLD IVT LOT Frag LIAPG STC WSTC
fish 0.89 0.04 0.86 0.64 0.39 0.04 0.96 1.00 0.11 0.55 0.04 1.00 1.00
coke 0.09 0.62 0.09 0.14 0.12 0.17 0.29 0.13 0.09 0.03 0.20 0.47 0.81

david 0.43 0.29 0.23 0.68 0.23 0.15 0.97 0.80 0.15 0.12 0.69 0.56 0.63
david2 0.00 1.00 0.54 0.99 0.32 0.25 0.95 0.93 0.77 0.30 1.00 0.96 0.99
girl 0.18 0.93 0.25 0.65 0.29 0.94 0.76 0.19 0.55 0.54 0.97 0.69 0.80
boy 0.69 0.49 0.48 0.79 0.39 0.99 0.94 0.33 0.65 0.46 0.90 0.65 0.79

mountainBike  0.17 0.96 0.35 1.00 0.57 0.91

jumping 0.01 0.09 0.12 0.11 0.48 0.05
shaking 0.04 0.01 0.82 0.94 0.23 0.01
sylvester 0.83 0.82 0.41 0.80 0.55 0.68
woman 0.16 0.20 0.93 0.18 0.19 0.61
mhyang 0.73 1.00 0.78 0.95 0.39 0.96
Average 0.35 0.54 0.49 0.66 0.34 0.48

0.26 0.98 0.69 0.14 0.92 0.96 0.96
0.85 0.10 0.78 0.85 0.12 0.05 0.99
0.40 0.01 0.08 0.07 0.04 0.53 0.98
0.93 0.68 0.68 0.68 0.43 0.69 0.84
0.17 0.18 0.08 0.18 0.20 0.86 0.93
0.89 1.00 0.26 0.72 0.97 0.97 1.00
0.70 0.53 0.41 0.39 0.54 0.70 0.89

588 CT woos MIT 2 8 8 DFT s VID = 5 8 MIL == OAB

senTLD waw VT s OT mssmFrag === L1APG STC

WSTC |

K5 o MU ER R 45 A

Fig.5 The tracking results on some benchmark video sequences

FIF A T AT R A ERERSE. AERE S A& 5.
6 S P T b g TS R R R R O ML R R 4
PN =<

421 ABEURERER
FEZ MR I VEINALT , shaking HLATAF £E ]

FU R AL, AT S AR Y 2%l X4 ERER STV
Ak A KRBk, B 5 28 1 AT A I
ALLE ), AR T #10 i, OAB Hikmi 0454
EEE T HbR. WIAE S T #62 Mil. #£140 Wi, #270
Wi S #365 Wi, 46K 2 RV A T E
R, AELCALAI, MBI 50 % FRES LI R 53
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#88CT s MTT 8 88 DFT s VID s 58 MIL s OAB s w5 TLD s 5 8 [VT s OT mmmmFrag ssss LIAPG = STC WSTC |

K6 Ha ot is g Rk

Fig.6 The tracking results on some benchmark video sequences

wuws CT s MTT # 8 8 DFT s VTD 588 MIL s OAB  # %% TLD s w5 I[VT s LOT wmmmmFrag s L1APG « STC WSTC|

7 AR LR R R R A

Fig.7 The tracking results on some benchmark video sequences
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HH WSTC. DFT. STC X VTD PyF. WSTC %
EAE A P R IAT R 4F, UG T 98 % (IR ER 1y
X EH T WSTC 27500 H bR g AT 2,
DS 632 06 B s LA/, T STC Bk AR 2 11
AR AT S, H LA SZ 2 H bR R R B AL 1) 1
SRR, 1 WSTC M B RE, Ashiks T
H b 8 TR A 28k b R S X3k, ATk AS T b STC 3E
U EREAPERE. 7EE] 5 56 2 4T R sylvester 140
AL TORIRARG . AR S DA R R A 2 B R 5
{RAEZ AL, R BRI SRV A A3 3 T A8 4 1 R i
GEL (B0 #467 Wi, #547 Wi e #616 i), 13 N
A 10 DNEVEERER B R KT EEE T 68 %,
K] g 5 H bRz ghva s B SR A K
K. ALK WSTC kA EIE T 93 %
MR ER TN, fEAREL PR . 7E fish (=
DL #£22 iy #326 Wi Jz #428 i) & mhyang (2L
F#701 Wi, #830 Wi fx #849 i) A+, HEE T
—E DGR S S 2 S AR &, (H WSTC 52
TEPAS A B IS T Bt g, PSRRI ik 2]
T 100 % MIERERRLINZ.
4.2.2 PHRIEHN R IE SIEH

K6 5 1AT4 T jumping P8 ) S5 5648
Bt, jumping MG T P30S Bl K B KFR iz
BN, R R R H b2 AR, AR A R
/N, BRI EABORSE FE (138 3 ROz SO, 45 BRER AT K
TR IR A, DRI R0 43 S e A AL (1 2R IR
HRAEH 2, I\ #102 Mii. #176 Wi, #250 Wiz #311
in] LU B E Y B TLD. LOT. Frag 2 WSTC 2
Hb, HABPRER AR 582l E T HAs. i WSTC Sk
KR 25 18 T H b S Bl B R SCERES, AT DLE BT A
(1) 5 PR 2o e A H b, PRIHERAS T R4 1 BR R
R boy M HAS T HARHMIIRIZS) | 23
NRERE S R AN 22, D\ #4248 . #442 i K #484
Myifi e A& 2] IVT LOT. Frag. STC %6&yk 24
SEAR T, A SO WSTC 59— B A4 I iR
EEFIH AR B 6 1 david (3 W #496 1. #600
MK #4643 i) K david2 (Z W #299 i, #366 M
o #466 M) FLAT, 53 AL T IS B AROR K R
BERER, FEERE T2 HAPkEEER R, W
WEHe . MRS AR TS, AR XA, AR ST
WSTC HiE#RIMIAH, JLILAE david2 WA,
AT 99 % [IERER KT %.
4.2.3 BB R BIRER

EAEZEINEL N, W AR H bRl 2 1 15 8.
TEE 7 1) coke MM, Y N A 0] AR AR — Ak
W I AN BT B Bl I, TS O 28 5 o i e 4. 437
TE #£75 Ml #166 Wi #188 Wi ¥4 AN FIFERE 1)

WP, MAE #255 Miirh, H ks JLP4 g 2P E 7.
MIX L BE b o] LLR 2, S TE TV 2 B R A 5
KT HbR, REBUSFEE: HARH A MTT, STC K&
WSTC =k, X =Fp&Ekh, XL WSTC
M ERER A R B, 1A 2] T 81 % W&, X & H
TR AR, BT EM XIS H s A Sis3)
L7/087) 07 N O PN D12 i B P ) VA Y [ S N ]
At DRI Y 1 BCAE AR K, A0 Y T AT H b
FROEEIN BT 22 22 2% 1 AR RS DX I )45 S, AT 34
TXFEER A e bE. AR girl B, BEAF ARG
£, WAFAEA P e (In-plane rotation) A & if
e (Out-of-plane rotation). M #90 Mi. #309
Wiy #331 Wi #436 W] LUE 2, BEAR AR 4
T 2 UGERS SRR AL i, WSTC A Re i
PR R R H bR, JER AR T 80 % MIERER T 2.
i CT+ DFT. MIL. IVT. LOT } Frag 5%
ENER DR AR L2 60 %. B 7 5 3 AT MR 4 17
JE75 T woman M mountainBike #{40, H/ 5 € FE
TR K H br i S W AMER Z. £E woman LAY
F#123 Wi, 4142 Wi J #368 Wik ] LLE R, BARK
AT HERY, HIER M WSTC HE R EEAUR, &
2 WSTC Hi5LL 93 % MIERER Il 247 fa s i,
Al P AN B RO B I R 4 0 o DET K& STC.
mountainBike #4132 EE H bR e, 78 #78
W #1114 WL #166 Wik #199 Witk A LLF 2], A
S WSTC BRI IS T 5 iR EE8UR.

5 45t

ASCHR T AT AU A LR SO b
BB BRI, TR F AR 1 SCB B £
FLEAT T ¥R 2 UCAb 38, R AN I X SR B R
A R R, DL 5 R B, A B0
AL SO A K R A 5 2 1 032 )
FRBLEE, JE0 b F SO By = 2%, BB IX B,
S BRI PRI, A5 A48 I 12 55
A 4 HE BHTIOURR B A R 1R S R (A
B STC BEAHEA, T8 LT ML %5 E T
SCHER, T M T A SCH WSTC 5k, %5 ik
B 8 L SR e R R KRB, 4 7y
TR0 X 850035 LB T BB R, B S 0 7 St
A SR ) ST R, i 1 T R ML B B
1. SCERE A RIS 4 R, A WSTC
Sk, YeRETNARTS, BE T R STC 50k R oA
— M e R, B T A SR A A
5b, LERLEI B R, A CAFAIAT T FB 5t
2, IR REIURAL, $Rth T — AT RR 2 0
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