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A Texture Classification Algorithm Based on Feature Fusion
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Abstract: A feasible texture classification algorithm is proposed based on Gabor/ MRF fea

ture fusion. The performance of the algorithm is investigated with Brodatz and QuickBird

images. The fused Gabor/ M RF features can provide higher classification accuracy than either

Gabor or MRF features alone. T he experimental results indicate that the proposed algorithm

is stable, reliable and efficient.
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