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An object tracking algorithm based on color, space
and texture information

Hou Zhiqgiang®, Wang Liping, Guo Jianxin, Chu Peng
School of Information Engineering, Xijing University, Xian, Shaanxi 710123, China

Abstract: In order to deal with complex scene change problem in the tracking process, we propose a tracking algo-
rithm via multiple feature fusion. Under the framework of particle filter, dynamic feature weights are calculated by
making an uncertain measure of each feature in the tracking process, which results in adaptive feature fusion. The
algorithm uses the complementarity of color, space and texture features to improve the tracking performance. Expe-
rimental results show that the algorithm can adapt to complex scene changes such as scale, rotation and motion blur.
Compared with traditional algorithms, the proposed algorithm has obvious advantages to complete the tracking task.
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Fig. 2 Comparison between the tracking results of single features and ours in Basketball sequence
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Table 1 Comparison of partial trackina results
ACT ASLA DLT DSST LLC Ours
David3 74.6(9.1) 51.6(87.8)  32.9(107.4)  54.0(88.4)  11.9(286.8)  72.3(16.1)
Deer 100(5.1) 2.8(160.1) 38.0(49.1) 93.0(8.5) 2.8(216.3) 71.4(15.2)
Football1 48.7(9.8) 44.6(12.2)  52.4(104)  41.9(20.5) 70.3(15.4) 52.5(11.6)
Lemming 31.3(90.7)  16.9(178.8)  28.0(128.9)  46.0(81.5)  17.0(158.8)  85.9(15.3)
Liquor 20.8(326.4) 23.6(146.7)  20.5(153.3)  40.8(99.3)  24.2(180.6)  82.1(28.5)
Matrix 1.00(79.2) 2.0(65.2) 2.0(171.1) 21.0(59.7) 16.0(63.4) 32.1(38.7)
Mountain bike 100(6.8) 91.2(9.0) 84.2(13.1) 100(7.8) 100(7.9) 83.7(18.5)
Skiing 9.9(274.9)  11.1(266.6)  7.4(244.5) 7.4(220.1)  11.1(269.5)  25.7(96.2)
Basketball 25.9(89.1) 71.6(18.0) 49.7(13.9) 64.0(73.1) 62.5(73.8) 91.3(9.6)
Boy 71.6(8.8)  48.3(106.7) 100(2.5) 17.1(179.5)  12.6(163.2) 91.5(5.2)
0.5 (%) « )
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Fig. 5 Overall comparison of precision (a) and success rate (b)
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Overview: In order to deal with complex scene change problem in the tracking process, we propose a tracking algo-
rithm via multiple feature fusion. Due to the computational convenience, single feature descriptor is widely used in visu-
al tracking for target model expression. However, single feature descriptor is usually not enough to describe the complex
characteristics and changes of target. The target representation combined with multiple feature descriptors can improve
the overall performance of visual tracking, because different features can provide complementary target information.
How to effectively combine multiple features to make the algorithm truly improve performance is the most important
issue for the multi-feature fusion algorithm. Therefore, we use a method of uncertainty measurement, by measuring the
reliability of feature to determine the influence of it. Under the framework of particle filter, dynamic feature weights are
calculated by making an uncertain measure of each feature in the tracking process, which results in adaptive feature fu-
sion. This method adjusts the influence of features on tracking according to the uncertainty of features, so that the relia-
ble feature has a stronger influence. In addition, color feature is robust to changes in rotation, scaling, etc., but difficult to
cope with changes in illumination variation. Spatial feature contains the spatial information of target, which can make up
for the lack of spatial information in color histogram. Texture feature is not sensitive to changes in illumination variation
and not easily affected by local deviations. Therefore, if we fuse these three kinds of complementary features, the target
expression can be provided by these features, and it can provide more effective target information. Based on the above
discussions, the algorithm uses the complementarity of color, space and texture features to improve the tracking perfor-
mance. Experimental results show that the algorithm can adapt to complex scene changes such as scale, rotation and
motion blur. Compared with traditional algorithms, the proposed algorithm has obvious advantages to complete the
tracking task. In order to verify the performance of the algorithm in this paper, we programmed it through MAT-
LAB2009a, and tested a large number of experiments on the computer with 4 GB memory. We chose ACT, ASLA, DLT,
DSST, and LLC as contrast algorithm, which have good performance. The figure shows the overall tracking accuracy and
success rate of 30 videos in OTB2013 dataset. It can be seen from the figure that the accuracy and success rate of pro-
posed algorithm are the highest of these six algorithms. The overall tracking performance of ours algorithm is the best,
which can better adapt to different tracking environment and target changes.
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