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Implementation of Gray Level Co-occurrence Matrix Texture
Feature Extraction Using Matlab

JIAO Peng-peng,GUO Yi-zheng,LIU Li—juan, WEI Xing
{ Taizhou College of Nanjing Normal University , Taizhou 225300, China)

Abstract : The texture feature extraction of image is a foundational work for image recognition and classification , content-based image re-
trieval ,image data mining, etc. The texture feature of image is significant for description of image content. And it is a hot topic in the re-
search of image now. The method of texture feature extraction based on gray level co—occurrence matrix { GLCM) was studied. Analyzed
the effect of each parameter on constructing the co—occurrence matrix and implemented the feature extraction using Matlab. The analytical
results provide valuable reference for creating GLCM better and extracting texture features of specific kinds of images.
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tic
pix={0011;0011;0222;2233];
[ m n] =size(pix) ;L=4;
q=double(zeros(L,L));
fori=1:m-1
for j=1:n~1
q(pix(i,j) +1,pix(i+1,j+1) +1) = q(pix(i,j) +1,
pix(i+1,j+1)+1)+1;
end
end
fori=2:m
for j=2:n
q(pix(i,j) +1,pix(i-1,j-1)+1)= q(pix(i,j) +1,
pix(i-1,j-1)+1)+1;
' end
end
R=2 % (L-1) * (L-1) ;cl =0;
fori=1:L
for j=1:.L
q(i.i)=q(i,j)/R;
cl=ct+q(i,j)2;
end :
end
q
cl -

toc
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Elapsed time is 0. 015000 seconds.
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