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Abstract: A novel method of dynamic object modeling for visual tracking is presented. The Haar transformation
is first applied on the incoming image of the video to get features, which are over-complete description of the image.
Then, the Fisher criteria are employed for ranking features based on their contributions to the discrimination
between the tracked objects and the background. After that, the objects are modeled by the subset of top-ranked
features. During tracking, a Kalman filter is used to predict the upcoming destinations of the tracked objects and the
features are re-ranked by the discrimination between the objects and predicted locations. Thereafter, objects models
will be updated and only discriminative features are kept in it. This proposed strategy aims to maximally maintain
the basic discrimination and reduce computational cost simultaneously. To evaluate the performance of the proposed
method, several experiments have been conducted on long video sequences. The experimental results show that the
proposed method can handle various uncertain factors under the real world conditions and successfully track the
objectsin real-time.
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Fig.5 Some results on sequence B. Frames: 239, 346, 401, 434 (top row) and 636, 650, 659, 686 (bottom row)
5 B . 239,346,401,434( ) 636,650,659,686( )

A 1527 384x288 . ,

© HHEREBAAIGUT http:/ www. jos. org. cn



1007

( http://www.jdl.ac.cn/user/jywang/index.htm ).
3
, u » 6 7
) ( 4 469 472
6 , ,
(13] { A
8 ; /
o Target O Tage |
o Threat 1 ' Previous threat
= F Threat 2 [ Similarity score
Similarity score A L e YT ’ﬁ
AT : s
= M i . Do
ol gr o B 10
[ .
1} o ol - E.-_j

Fig.6 Thedistribution of similarity scores on Fig.7 Thedistribution of similarity scores on frame
frame 472 between the target model and 506 between the target model and image
image observation in sequence A observation in sequence A

6 A 472 7 A 506

Fig.8 Some tracking results by algorithm in Ref.[13]. Frames: 370, 469, 472, 489 (top row)
and 506, 534, 653, 737 (bottom row)

8 [13] 370,469,472,489( ) 506,534,653,737( )
B 724 384x288 . )
' ) . 5 ,
( http://www.jdl.ac.cn/user/jywang/index.htm ).
) . 120~180 :
, 10Hz 1.5GHz Pentium 4,

© PEEREBEAD

http:/ www. jos. org. cn



1008 Journal of Software Vol.17, No.5, May 2006

256MB.

) ) . 1

(particle filter) . ,

References:

[1] Regazzoni C, Ramesh V, Foresti GL. Special issue on video communications, processing, and understanding for third generation
surveillance systems. Proc. of the |EEE, 2001,89(10):1355-1539

[2] Comaniciu D, Ramesh V, Meer P. Kernel-Based object tracking. IEEE Trans. on Pattern Analysis and Machine Intelligence, 2003,
25(5):564-577.

[3] Gustafsson F, Gunnarsson F, Bergman N, Forssell U, Jansson J, Karlsson R, Nordlund J. Particle filters for positioning, navigation,
and tracking. |EEE Trans. on Signal Processing, 2002,50(2):425-437.

[4] Welch G, G. Bishop. An introduction to the Kalman filter. Technical Report, 95-041, University of North Carolina at Chapel Hill,
2001. http://www.cs.unc.edu/~welch/media/pdf/kal man_intro.pdf

[5] Stauffer C, Grimson W. Learning patterns of activity using real-time tracking. |[EEE. Trans. on Pattern Analysis and Machine
Intelligence, 2000,22(8): 747-757.

[6] Stenger B, Ramesh V, Paragios N, Coetzee F, Bouhman J. Topology free hidden Markov models: Application to background
modeling. In: Horaud R, ed. Proc. of the Int'l Conf. on Computer Vision. Vancouver. Vancour: |IEEE Computer Society, 2001.
294-301.

[7]1 KatoJ, Watanabe T, Joga S, Rittscher J, Blake A. An HMM-Based segmentation method for traffic monitoring movies. |EEE Trans.
on Pattern Analysis and Machine Intelligence, 2002,24(9):1291-1296.

[8 Rui Y, Chen Y. Better proposa distributions: Object tracking using unscented particle filter. In: Flynn P, ed. IEEE Conf. on
Computer Vision and Pattern Recognition. Hawaii: |EEE Computer Society, 2001. 786—793.

[9] Hager G, Belhumeur P. Efficient region tracking with parametric models of geometry and illumination. IEEE Trans. on Pattern
Analysis and Machine Intelligence, 1998,20(10):1025-1039.

[10] Nguyen H, Smeulders A. Tracking aspects of the foreground against the background. In: Pajdla T, ed. European Conf. on
Computer Vision, Vol.2. Prague: Springer-Verlag, 2004. 446-456.

[11] Birchfield S. Elliptical head tracking using intensity gradients and color histograms. In: Proc. of the Computer Vision and Pattern
Recognition. Santa Barbara: IEEE Computer Society, 1998. 232-237.

[12] Stern H, Efros B. Adaptive color space switching for face tracking in multi-colored lighting environments. In: Proc. of the Int’l
Conf. On Automatic Face and Gesture Recognition. Washington: |EEE Computer Society, 2002. 236—241.

[13] Collins R, Liu Y. On-Line selection of discriminative tracking features. In: Lee SW, ed. Proc. of the IEEE Conf. on Computer
Vision. Nice: IEEE Computer Society, 2003. 346—352.

[14] ViolaP, Jones M. Robust real-time face detection. Int’| Journal of Computer Vision, 2004,2(57):137-154.

[15] DudaR, Hart P, Stork D. Pattern Classification. 2nd ed., New Y ork: Wiley-Interscience Press, 2000.

[16] Fisher R, et al. CAVIAR test case scenarios. 2003. http://homepages.inf.ed.ac.uk/rbf/CAVIAR

(2975 ), , , , (1956 ), , , , ,

CCF ,

) , ,CCF (1963 ), , , ,
/

(1965
ah a

ERKAIIAUET  hup:// www. jos. org. cn



	方法概述
	基于目标/背景差异信息的特征选择
	特征集合
	目标建模

	跟踪过程中目标模型的动态更新
	维护目标/背景差异性的模型更新
	维护目标描述一致性的更新

	采用动态建模的目标跟踪
	实验结果
	结  论

