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Robust Object Tracking Based on Adaptive and Incremental Subspace Learning

TONG Xiao-Min! ZHANG Yan-Ning? YANG Tao!

Abstract The traditional target tracking algorithm usually trains the template with detected samples and updates the
template at a fixed frequency. This close-loop mechanism lacks feedback and often makes it impossible to track targets
robustly when target appearance or illumination changes. Besides, it can not recover from tracking failure easily. Therefore,
we propose a feedback-loop tracking framework by bringing in the tracking state judgement. In this framework, the tracking
state judgement works as the basis of the following template updating. According to the tracking state judgement, we
can choose suitable samples to update the template at appropriate time so as to track targets continuously. Experimental
results show that our method can get the current template immediately and correctly due to the tracking state judgement
and decision mechanism. We can upate the template at an adaptive frequency and meanwhile track targets correctly even

in the case of target appearance or illumination changing.
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(a) Target appearance change before and after the 150th frame (b) Target appearance change before and after the 162th frame
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Fig.11 Comparison of template updating
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Fig.12 Tracking results comparison at night (Data are from [16]. The top row shows the results by our method and the
bottom shows the results of IVT.)
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K13 ARAEMERELL R Bk 3 DARPA KA VIVID B3EPE. 8 1 47 WA SCHEIRE R, 28 2 178 IVT Sk R)
Fig.13 Tracking results comparison in daytime (Data are from DARPA. The top row shows the results by our method

and the bottom shows the results of IVT.)
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Fig.14 Face tracking results comparison (Data are from [16]. The top row shows the result by our method and the
bottom shows the result of IVT.)
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Table 2  Comparison of tracking results and updating frequencies on DARPA dataset

Hisgis  FAERW ASCEREERERR T (W) TVT BRESRIT (W) ASCEIEERcs VT Bk BERN sl SRt

1 1 ~ 380 1 ~ 380 1~ 380 17 76 1.00 0.224
2 1~ 280 1~ 280 1~ 280 14 56 1.00 0.250
3 1~ 210 1~ 210 1~ 210 9 42 1.00 0.214
4 1~1821 1 ~ 1040 1~ 310 31 208 3.35 0.149
5 1~1821 1~ 1810 1 ~ 400 59 362 4.53 0.163

— Y5 TR OR BN, XA AR IE, 4 5k

RO AR S AR SR G e PR AR 22, FE3 SR AR A

I P S R R I IS HOFT AL e, SOFTR 53 RSP T FEE T 38 N SR R R (K H AR ER
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B, MRIGEST HIEN EH RS RS R, R A RS 2 R U B IR AR, JF
BRI 2, DT AN T S 2 e R IR 2 FEBERERS b X 72 [ 3G 2 2] RpRE 7 SRR R 5T
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3 CHR [16) RATMEARE A SRS IVT SR RRERG SRR % LU
Table 3 ~ Comparison of tracking results and updating frequencies on dataset in [16]
H#z AR ARSCREIRERN ) (W) IVT BRERITE) (WD) ASCHVETERREC IVT TR IRENZL TRt
i 1~ 476 1~ 476 1~ 476 15 95 1.00 0.158
PN 1 ~ 501 1~ 501 1~ 132 93 100 3.80 0.930
b= K] 1~ 1344 1~ 1280 1 ~ 620 103 256 2.06 0.402
IR ZE 4 1 ~ 659 1 ~ 659 1 ~ 659 18 131 1.00 0.137
HWELAERS 1 ~393 1 ~ 393 1 ~ 280 12 78 1.40 0.154
/gilfjﬁ‘ T /E\"TZ,S El"] E ﬁﬁjﬂ ‘{J%%ﬂ ﬁ%ﬁ@ﬁﬂlﬂ, %\EIE: Hj T jj_t 9 Yu Q, Dinh T B, Medioni G. Online tracking and reacquisi-
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ERCR. BEAb, T Y SR AL S N S A
BEAAF AR 22, B S AN ZE BB, 1M
SUAE 6 B (R I 0 BERRCIE AT B 1 S8, AN T3 v
SE IR SIS IR T A SCENE A R

References

Cannons K. A review of visual tracking [Online], available:
http://www.cse.yorku.ca/techreports/2008/?abstract=CSE-
2008-07, Oct 31, 2010

Tu J, Tao H, Huang T. Online updating appearance gener-
ative mixture model for mean shift tracking. Lecture Notes
in Computer Science. New York: Springer, 2006. 694—703

Shan C, Tan T, Wei Y. Real-time hand tracking using a
mean shift embedded particle filter. Pattern Recognition,
2007, 40(7): 1958—1970

Wang X, Wang S, Ma J. An improved particle filter for tar-
get tracking in sensor systems. Sensors, 2007, 7(1): 144—156

Wang T, Gu I, Backhouse A, Shi P. Face tracking using Rao-
Blackwellized particle filter and pose-dependent probabilis-
tic PCA. In: Proceedings of the 15th IEEE International
Conference on Image Processing. San Diego, USA: IEEE,
2008. 853—856

Silveira G, Malis E. Real-time visual tracking under arbi-
trary illumination changes. In: Proceedings of the IEEE
Conference on Computer Vision and Patter Recognition.
Minneapolis, USA: IEEE, 2007. 1—6

Buenaposada J, Munoz E, Baumela L. Efficient illumination
independent appearance-based face tracking. Image and Vi-
sion Computing, 2009, 27(5): 560—578

Kwon J, Lee K M. Visual tracking decomposition. In:
Proceedings of the IEEE Conference on Computer Vision
and Patter Recognition. San Francisco, USA: IEEE, 2010.
1269—-1276

10

11

12

15

16

17

18

19

tion using co-trained generative and discriminative trackers.
Lecture Notes in Computer Science. Berlin: Springer, 2008.
678—691

Wang P, Ji Q. Robust face tracking via collaboration of
generic and specific models. IEEE Transactions on Image
Processing, 2008, 17(7): 1189—1199

Zhang B, Tian W, Jin Z. Efficient hybrid appearance model
for object tracking with occlusion handling. Optical Engi-
neering, 2007, 46(8): 087202-1—087202-11

Jepson A, Fleet D, El-Maraghi T. Robust online appear-
ance models for visual tracking. In: Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pat-
tern Recognition. Hawaii, USA: IEEE, 2001. 415—422

Zhou S, Chellappa R, Moghaddam B. Appearance tracking
using adaptive models in a particle filter. In: Proceedings of
the 6th Asian Conference on Computer Vision. Jeju, Korea:
Asian Federation of Computer Vision Societies, 2004. 1—9

Babenko B, Yang M, Belongie S. Visual tracking with on-
line multiple instance learning. In: Proceedings of the IEEE
Conference on Computer Vision and Patter Recognition.
Miami, USA: IEEE, 2009. 983—990

Grabner H, Leistner C, Bischof H. Semi-supervised on-line
boosting for robust tracking. Lecture Notes in Computer
Science. Berlin: Springer, 2008. 234—247

Ross D, Lim J, Lin R, Yang M. Incremental learning for
robust visual tracking. International Journal of Computer
Vision, 2008, 77(1—-3): 125—141

Ross D, Lim J, Yang M. Adaptive probabilistic visual track-
ing with incremental subspace update. Lecture Notes in
Computer Science. Berlin: Springer, 2004. 470—482

Wu G, Tang Z. Adaptive appearance tracking model using
subspace learning method. In: Proceedings of the Interna-
tional Conference on Intelligent Computation Technology
and Automation. Changsha, China: IEEE, 2010. 413—416

Yu G, Hu Z, Lu H. Robust incremental subspace learning for
object tracking. Lecture Notes in Computer Science. Berlin:
Springer, 2009. 819—828



1494 H ]|

374

20 Li M, Chen W, Huang K, Tan T. Visual tracking via incre-
mental self-tuning particle filtering on the affine group. In:
Proceedings of the IEEE Conference on Computer Vision
and Patter Recognition. San Francisco, USA: IEEE, 2010.
1315—-1322

21 Wen Jing, Li Jie, Gao Xin-Bo. Adaptive object tracking
with incremental tensor subspace learning. Acta Electron-
ica Sinica, 2009, 37(7): 1618—1623
(L, 0k, BT, BE TR KR T A )2 20 K B G H ARER B
B4R, 2009, 37(7): 1618—1623)

22 Wen J, Gao X, Li X, Tao D, Li J. Incremental pairwise dis-
criminant analysis based visual tracking. Neurocomputing,
2010, 74(1—3): 428—438

23 Wen J, Gao X, Yuan Y, Tao D, Li J. Incremental tensor bi-
ased discriminant analysis: a new color-based visual track-
ing method. Neurocomputing, 2010, 73(4—6): 827—839

24 Li X, Hu W, Zhang F, Zhang X, Luo G. Robust visual
tracking based on incremental tensor subspace learning. In:
Proceedings of the 11th IEEE International Conference on
Computer Vision. Rio de Janeiro, Brazil: IEEE, 2007. 1—8

25 Yang J, Zhang D, Frangi F, Yang J. Two-dimensional PCA:
a new approach to appearance based face representation
and recognition. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2004, 26(1): 131-137

26 Li G, Liang D, Huang Q, Jiang S, Gao W. Object tracking
using incremental 2d-LDA learning and Bayes inference. In:
Proceedings of the 15th IEEE International Conference on
Image Processing. San Diego, USA: IEEE, 2008. 1568—1571

27 Wang T, Gu I, Shi P. Object tracking using incremental
2D-PCA leaning and ML estimation. In: Proceedings of the
IEEE International Conference on Acoustics, Speech and
Signal Processing. Honolulu, USA: IEEE, 2007. 933—936

28 Levy A, Lindenbaum M. Sequential Karhunen-Loeve basis
extraction and its application to images. IEEE Transactions
on Image Processing, 2000, 9(8): 1371—1374

DN PRI TR S LA e
BE5EA. 2010 4E3RPTAL TAL K227 5L
Bl G E ARG LA, Ry
) S REAI H b 5 R, 45 2 R
BUBR R TS, REAR 4.

E-mail: xmtongnwpu@gmail.com
(TONG Xiao-Min  Ph.D. candi-
date at the School of Computer Science,
Northwestern Polytechnical University. She received her
master degree from the School of Computer Science, North-
western Polytechnical University in 2010. Her research in-
terest covers video target detection and tracking, multi-
camera network cooperative processing, and visual surveil-
lance.)

ST VUL DMV R YA HER. RS
J7 ) v HAL S, GRS B,
REAS RACRE, B, ASCEG 1R
E-mail: ynzhang@nwpu.edu.cn
(ZHANG Yan-Ning
Northwestern Polytechnical University.

Professor at

Her research interest covers computer
vision, image and video signal process-
ing, intelligence information processing, and pattern recog-
nition. Corresponding author of this paper.)

B #F ALK R HdR. 2008 4F
ARV b R A P e ) TR
V|45 S s 22 VAN 5 e ISR T
e AT, R PR A I 5 ER R, AR MV,
FAHLEE 515 A LAR U

E-mail: yangtaonwpu@163.com
(YANG Tao Associate professor at
the School of Computer Science, North-
He received his Ph.D.
degree from the School of Automation, Northwestern Poly-

western Polytechnical University.

technical University in 2008. His research interest covers
video content analysis, visual object detection and track-
ing, image registration, and camera array synthetic aper-
ture imaging.)



