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ABSTRACT
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Non-alcoholic fatty liver disease is an independent risk factor for the development of cardiovascular disease,
diabetes, hypertension, and kidney disease, and the clinical importance of non-alcoholic fatty liver disease has
recently been increasing. In this study, we aim to extract feature values by applying GLCM, a texture analysis
method, to ultrasound images of patients with non-alcoholic fatty liver disease. By applying an artificial neural
network model using extracted feature values, we would like to classify the degree of fat deposition in
non-alcoholic fatty liver into normal liver, mild fatty liver, moderate fatty liver, and severe fatty liver. As a result
of applying the GLCM algorithm, the parameters Autocorrelation, Sum of squares, Sum average, and sum
variance showed a tendency for the average value of the feature values to increase as it progressed from mild
fatty liver to moderate fatty liver to severe fatty liver. The four parameters of Autocorrelation, Sum of squares,
Sum average, and sum variance extracted by applying the GLCM algorithm to ultrasound images of non-alcoholic
fatty liver disease were applied as inputs to the artificial neural network model. The classification accuracy was
evaluated by applying the GLCM algorithm to the ultrasound images of non-alcoholic fatty liver disease and
applying the extracted images to an artificial neural network, showing a high accuracy of 92.5%. Through these
results, we would like to present the results of this study as basic data when conducting a texture analysis GLCM
study on ultrasound images of patients with non-alcoholic fatty liver disease.
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