>

DIANT 2omeees
214 f

Journal of Advanced Navigation Technology J. Adv. Navig. Technol. 23(1): 77-83, Feb. 2019

gd2| S|IAETJEH CNN 222 0|28 2| ==

Object Tracking using Color Histogram and CNN Model
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[Abstract]

In this paper, we propose an object tracking algorithm based on color histogram and convolutional neural network model. In
order to increase the tracking accuracy, we synthesize generic object tracking using regression network algorithm which is one of
the convolutional neural network model-based tracking algorithms and a mean-shift tracking algorithm which is a color
histogram-based algorithm. Both algorithms are classified through support vector machine and designed to select an algorithm with
higher tracking accuracy. The mean-shift tracking algorithm tends to move the bounding box to a large range when the object
tracking fails, thus we improve the accuracy by limiting the movement distance of the bounding box. Also, we improve the
performance by initializing the tracking start positions of the two algorithms based on the average brightness and the histogram
similarity. As a result, the overall accuracy of the proposed algorithm is 1.6% better than the existing generic object tracking
using regression network algorithm.
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Fig. 10. Case of tracking performance decline.
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Table 1. Performance comparison of each video

sequence.

10U Tracking Success
Video Frame |Average(%) Frame
Sequence |Number

GOTURN |Ours GOTURN |Ours
1 603 76.93 83.78 596 600
2 725 50.70 68.23 474 631
3 271 54.13 54.40 159 164
4 350 0.78 34.97 2 141
5 252 74.06 73.09 252 242
6 770 67.74 57.42 749 627
7 219 49.83 38.43 81 43
8 1210 71.48 70.77 1105 1079
9 292 43.16 38.77 150 75
10 436 2.80 13.42 5 29
11 310 31.44 15.52 72 51
12 207 66.80 59.27 184 148
13 244 12.09 16.44 16 42
14 267 14.76 20.46 28 52
15 307 17.64 39.09 69 169
16 164 46.82 16.77 98 27
17 371 79.89 65.92 371 348
18 400 54.83 48.73 239 226
19 201 83.91 78.45 201 167
20 172 74.53 62.58 172 163
21 282 62.72 73.18 243 257
22 264 50.17 48.97 172 161
23 569 61.62 57.72 517 406
24 731 28.29 19.12 86 26
25 597 12.76 37.08 110 304
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Fig. 11. 10U average comparison of each video sequence.
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