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Texture quantization is a useful method for extracting spatial
relevance between pixels, which is used in the human brain for image interpretation. Aside
from spectral bands, textural features of high spatial resolution image can be used to improve
classification accuracy. Finding proper textural features among available features is important
for special case studies.

M In this paper, two methods based on genetic algorithm (GA) are introduced to
choose efficient features. The first is binary GA, which improves classification accuracies
through selecting the best textural features. The second one is GA with a variable number of
selected features in a refined and full feature space. Results show that the best combination
does not necessarily consist of features with improved individual accuracy.

M The proposed methods have better accuracy, less number of features, and less
computational time when comparing with the simple GA. They could be used based on the
number of spectral bands, number of generated features, and train and check pixel number.
Second method needs more prerequisite time and could be used for images with fewer bands,
train and check pixels, and generated features, because increasing these items increase
computational time very much. Second method could be used in large images with more train
and check pixels but led to more selected features.

Results obtained on three datasets indicate 7.7 to 50.48 percent improvement in
mean accuracy.
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Table 3: Classification accuracies obtained using spectral bands and best and worst mean accuracy obtained using textural features

Dataset 1 Dataset 2 Dataset 3
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- oA N N Yy
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Table 4: Mean results (mean classification accuracy, mean computational time, and mean number of selected features) obtained from 10 runs of each method
(F: features, BF: best features)
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Table 5: Ranking criteria and overall ranking score of proposed methods

Dataset 1 Dataset 2 Dataset 3
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Table 6: Accuracy improvement compared with using spectral bands (Sp: spectral bands; 1st refined: first proposed method with refined feature space; 2nd : second
proposed method)
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