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A Study on the Analysis of Structural Textures using
CNN (Convolution Neural Network)
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Abstract The structural texture is defined as a form which a texel is regularly repeated in the texture.
Structural texture analysis/recognition has various industrial applications, such as automatic inspection
of textiles, automatic testing of metal surfaces, and automatic analysis of micro images. In this paper,
we propose a Convolution Neural Network (CNN) based system for structural texture analysis. The
proposed method learns texles, which are components of textures to be classified. Then, this trained
CNN recognizes a structural texture using a partial image obtained from input texture. The experiment

shows the superiority of the proposed system.
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Fig. 1. Examples of structural textures
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Fig. 2. Patterns obtained from a single texture
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Algorithm : Recognition
1: for each input texture fTL (1 <1< m) do

for k<—0 10 k<l do
extract 30 X 30 partial images from T,

7
select maximum output node
od

od

end
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Fig. 6. The algorithm for recognition
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