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Abstract: Measuring Intima-media thickness (IMT) with ultrasound images can help early detection of coronary
artery disease. As a result, numerous machine learning studies have been conducted to measure IMT. However, most
of these studies require several steps of pre-treatment to extract the boundary, and some require manual inter-
vention, so they are not suitable for on-site treatment in urgent situations. in this paper, we propose to use deep
learning networks U-Net, Attention U-Net, and Pretrained U-Net to automatically segment the intima-media com-
plex. This study also applied the HE, HS, and CLAHE preprocessing technique to wireless portable ultrasound diag-
nostic device images. As a result, The average dice coefficient of HE applied Models is 71% and CLAHE applied
Models is 70%, while the HS applied Models have improved as 72% dice coefficient. Among them, Pretrained U-
Net showed the highest performance with an average of 74%. When comparing this with the mean value of IMT
measured by Conventional wired ultrasound equipment, the highest correlation coefficient value was shown in the

HS applied pretrained U-Net.
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Table 1. The Result of the cross-validation of trained each model

HS HE CLAHE
Model

Prec Recall Dice Prec Recall Dice Prec Recall Dice

U-Net 0.74 0.73 0.72 0.72 0.69 0.69 0.74 0.72 0.71
(+0.03) (+0.03) (+0.02) (+0.03) (+0.07) (+0.03) (+0.09) (+0.05) (+0.02)

AU 0.76 0.72 0.72 0.73 0.70 0.70 0.70 0.70 0.70
(+0.03) (+0.03) (+0.01) (+0.03) (+0.03) (+0.01) (+0.04) (+0.04) (+0.02)

PU 0.76 0.74 0.74 0.76 0.72 0.72 0.74 0.74 0.73
(+0.02) (+0.02) (+0.01) (+0.04) (+0.04) (+0.02) (+0.05) (£0.04) (+0.02)

Abbreviation: Pre, Precision; AU, Attention U-Net; PU, Pretrained U-Net.
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