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Texture Classification Based on Gabor-like Feature
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Abstract Efficient texture representation is very important in computer vision fields. The performance of
texture classification or/and segmentation can be improved based on efficient texture representation. Gabor
filter is a representation method that has long history for texture representation based on multi-scale
analysis. Gabor filter shows good performance in texture classification and segmentation but requires much
processing time. In this paper, we propose new texture representation method that is also based on
multi-scale analysis. The proposed representation can provide similar performance in texture classification
but can reduce processing time against Gabor filter. Experimental results show good performance of our
method.
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Table 2. Classification result of Gabor-like feature by
using 5x4 parameter (confusion matrix)
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Fig. 2. Comparison between of Gabor filter[10] and
Gabor-like feature on metal surface image s
et by changing orientation and scale
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Table 1. Classification result of Gabor filter[10] by
using 5x4 parameter (confusion matrix)

1 2 3 4 5 | num. prob.
1 40 0 0 0 0 40 100.00
2 0 2 0 1 0 3 66.67
3 0 0 0 4 0 4 0.00
4 3 0 0 37 0 40 92.50
5 1 0 0 0 13 14 92.86
total | 44 2 0 42 13 101 91.09

1 2 3 4 5 num. prob.
1 40 0 0 0 0 40 100.00
2 0 1 0 2 0 3 33.33
3 0 0 2 2 0 4 50.00
4 1 0 0 39 0 40 97.50
5 1 0 0 2 1 14 78.57
total | 42 1 2 45 11 101 92.08
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Table 3. Comparison of processing time (sec) between
Gabor filter and Gabor-like feature

parameter Gabor[10] Gabor-like
3x3 998.59 65.56
3x4 1312.16 62.94
3x5 1626.25 64.02
4x3 1318.68 62.96
4x4 1717.66 63.01
4x5 2154.61 63.32
5x3 1628.25 62.95
5x4 2143.31 63.22
5x5 2663.45 63.18
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Table 4. Classification result of Gabor filter[10] by
using 3x3 parameter (using confusion matrix)
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Table 5. Classification result of Gabor-like feature by
using 35x39 parameter (using confusion matrix)
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