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Abstract: As traditional compressive sensing tracking algorithm will produce tracking errors in circum-
astances when illumination has dramatic change or there exists a object similar to the target in back-
ground, this paper proposes a sparse representation object tracking algorithm by taking the histogram
of gradient feature to replace the generalized Haar feature. The algorithm uses the histogram of gradi-
ent feature as an original feature firstly, and gets the sparse representation of object feature subspace
by using compressive sensing theory. In the subsequent frames, the naive Bayes classifier is used to
search the target location and the classifier is online updated finally. As the histogram of gradient fea-
ture can represent the target more stably, this algorithm is more robust than original compressive
tracking algorithm. Furthermore, the integral histogram is adapted to effectively reduce computation-

al load when the gradient feature is computed. Experiments on different videos show that the tracking
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algorithm can reach the tracking rate of 10 frames per second in an experimental environment of Intel

Core2 2. 93 GHz, matlab R2010a, image size 320X 240, and it achieves stable tracking in some special

conditions as mentioned above.

Key words: object tracking; histogram of gradient feature; sparse representation; compressive sensing

1 3 =

H bR R BF 2 T 58 LA o 9 Bl — 101 5 22 A9 4
S AEAER T IZM AN . BARA H AR IR A
TR A S I 1 T 3 BT
TR H A PR R AL A BUAR T T OB IR
EHE ALY RURL O . H A S R Y
OSR]I £ BVIE 2R 2 2] O vk v
B HARE L) 2 7n 5 B8 b, DL Y H AR 19 4 7
AR IR BE B SN AE S AL L 33X — 28 J7 s Bl PR Dy i
T I Y BB B B 1k (tracking by detection)t?,
Avidan ) 414 IR 55 2% Censemble tracker)™ fifi
Adboost J5 ¥ — ZHREW 3 2 T Y 55 7 KA
B S K AT R RS BAR IR & Rk
FIWT . David %17 FIHG 2% 2] Jy A5 21 H A 0
AR ZE 25 (A R0 I AR S 24 16 B0 T 19 H A%
IREEEAS T AR, Grabber Fl1 Bischof #2
A3 T (online boosting) 2L 5 M\ 4 £iF i
VERESS oy 2R A2 G WU o 2w Ja R Stk — P 4
HE b2 W A 2 B R B O DA S R AR
KA BRIl B B SN R R AR T R AT R
HE D e H AR g™ BB R i IR L R R R
)i, Babenko %4 H — Fli 7E £k £ 7R 1] 2% 2
(MIL) J5 ¥ DA i D TEFEAS 19 AN 2 A ok 1) I 7%
IR, Saffari 84— Fh 75 2R B BL AR A2
2RI R T B AR BRER U T BT Y SE R R
BRI . Zhang S5 —Fh ] B ALY 46 IR0
PRl i BE AL N 22 RO B R R AE
25 () P A I H bR B R g s RO AL I
AR DU r K AT HAn S R 02K, &y
A AR 17 B L] AR 00 A st 1) 4% 5 R I TR 4
FRAEZS (8] >k 3278 H AR, U AT 3k 3] 40 frame/s.
2 W IE A g T MR B ) SC2R Haar FRAE,
TG RVR AL IR 2L, H AR 5 1 R AR — & AL 1Y)
0L 25 5 Bm .

Ry TSR U 4 SRR H AR B R P TR AR T PR
s MR 2L B 595 R A 7E— &

ARALLE 195 B0 T 25 2 R b ) 17 880 A SORE TR 1Y
J7 (2K Haar F¢AEE e H b 4946 B2 05 [l B 7 4]
R AR A S DA o R AL S (] R R R A
14 5 582 I 44 5 AU 2 ) 32 7. I A 940 7 6 2 A8
T d5e Jei AN 22 DU i 307 73 28 245 4 21 s o7 1 9 3k
FTAELR ST . B 5 1) B BURRAE B AR5 4
R TR AE R AELXT S 1A A A1 JRg 8 X I8 B3 /N JE
AR P R B R I X LU 4 A 5 7]
Je 45 ] AR OR g AR FG 3530t DR I K 38 R A %
e g 6 J3E R I AT A R R A S I 5 5 R 1 2 1)
REN P, SR EE R LT RO R AR H be 2B el
JeHARACRI AL, B AR5 8 S AT A — 2 MU RS
DU o TR0 B T 18] B 5 PRI IE 19 1 45 12 R0 R B
U B A5 1 1 S o b BR B A

2 R4 B Ak IE

JE 45 % B8 J& Donoho F 2006 4F 42 H
R A S I BT I 7 e A o Sl R
F49 o 550 AT AR — 4~ 0 5 R R D o 2 {5 1R
B —AMKGE 7S 8] L, JF H AT DL 28 /0 i i 4% 5%
D SRR E A R RS Wk —
AN 2 R AR R (RIP) 45 14 1 s i 0 e 6 2 %o
Jt R R 25 T A 4% 52 15 31— IR GE R 48 1 =5
] s IZ AR A R 4 1 =5 18] AT DAAR 47 i f B s 4 (E1MR
FRAEZS R M5 R . SCHRC13 ] AR Al X — BB 48
—Fil 3 F R 45 B B IR B B 3 (Compressive
Tracking, & Fr CT) . 2 575 F FI 45 8% 11 e 4k
(YRR AE 25 1] v 4 BRI 48RP AIE

V=RX , (D)

Hrp . XeR" JyEde i 659/ Xk 13

2 AN [R) RUBE 8 T8 8 e i 5 D IR G RS I &5

RUAEG. VER" m<<n) JE40 JG AR 4EFR1E . R

€ R R RIP S0 M BGE A 1 OB 08

TN 1/2s

i =s X O MEREN /s (2)
1—1’1%’?“&%7 1/2s

Horos J2AE 2~4 A REALICME . 92 PR 5 AIE 45 B



%12 PINBGERE L 45 A SRR AL AR B s H B BR B 3193
H HOG 5 A A H 4 46 0 J5 160 13 J1 5 25 1) 5 A
oy = S Bt rectis (5 Dollar %1 £33 LY UES - 7EAT AT AR T

= VNR HOG 5 S ORI 0 — FRAFAED 0 J5OR fi

AP p AL 15 — 1 S RERBEALE I, SEBRRE LAY K haar A 8O T REMERS R FAR Y

REAEVE RN BEHL LB NR(NR=2~4) 4R
[F R /NIRRT G B rect, o SR X LA /N B (1) K
FENNAURN C& R po I — 1 WAL R ) . FRAE

Y R4 AR A 1 BT s s Hep B R R R LK
MAERBC— 1.1 F0,

A E /NSRSy

B 1 HRE R4 AR R B A

Fig. 1 Diagram of feature generation by compression
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Fig. 2 Feature extraction of histogram of gradien orientation
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