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ABSTRACT

This study aimed to classify normal and nodule images in thyroid ultrasound images using GLCM and machine
learning. The research was conducted on 600 patients who visited S Hospital in Busan and were diagnosed with
thyroid nodules using thyroid ultrasound. In the thyroid ultrasound images, the ROI was set to a size of 50x50
pixels, and 21 parameters and 4 angles were used with GLCM to analyze the normal thyroid patterns and thyroid
nodule patterns. The analyzed data was used to distinguish between normal and nodule diagnostic results using
the SVM model and KNN model in MATLAB. As a result, the accuracy of the thyroid nodule classification rate
was 94% for SVM model and 91% for the KNN model. Both models showed an accuracy of over 90%,
indicating that the classification rate is excellent when using machine learning for the classification of normal
thyroid and thyroid nodules. In the ROC curve, the ROC curve for the SVM model was generally higher
compared to the KNN model, indicating that the SVM model has higher within-sample performance than the
KNN model. Based on these results, the SVM model showed high accuracy in diagnosing thyroid nodules. This
result can be used as basic data for future research as an auxiliary tool for medical diagnosis and is expected to
contribute to the qualitative improvement of medical services through machine learning technology.
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Fig. 1. Ultrasonographic Image.

2.2. GLCM (Gray Level Co-occurrence Matrix)
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Fig. 3. Diagram of GLCM algorithm.

2.3. KNN (K-Nearest Neighborhood)
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Table 1. Parameters of GLCM algorithm
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Table 2. Result of classificaion using machine learning

Model Accuracy  Precision  Specificity  Sensitivity
SVM 94% 92.3% 96.3% 89.5%
KNN 91% 84.1% 91.5% 90%
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Fig. 8. Result of using SVM model ROC curve.

Fig. 9°14] KNN E&e] gt ROC 412 Rt
Aoz SVM R} B3] ROCHAo] vron o

= SVM E!l:—ﬂilq_ e q] /Hho] 1;_\1—1:]-1:_ J,].7}
UrE}ME‘r.

—

08+

0 (AUC = 0.9213)

06F L

0.4+

True Positive Rate

0.2

0 0.2 0.4 0.6 0.8 1
False Positive Rate

Fig. 9. Result of using KNN model ROC curve.

IV. DISCUSSION
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