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Study of diagnosis for carotid plaque by ultrasound images based on
deep neural network

MO Yingjun, LIU Youyuan, GUO Ruibin
Department of Ultrasound , the Second People’s Hospital of Hu nan Province, Changsha 410000, China

ABSTRACT Objective To construct the carotid plaque ultrasound image dataset, and to explore the application value
of deep learning technology in the automatic classification and diagnosis of carotid plaque.Methods The ultrasound images of
354 patients with carotid plaque and 254 normal adults were selected.Two carotid artery images were collected in each case, and
a carotid ultrasound image dataset containing 1216 images was constructed.Then, traditional method HOG+SVM and 14 different
deep neural network models were trained based on proposed dataset.Finally, the best network model was determined based on 3
evaluation indexes: precision, recall and F1 score.Results By comparing 15 different ultrasonic image classification methods
for carotid plaque diagnosis, the depth residual network model ResNet50 had the best performance, and its precision, recall and
F1 values were 97.36%,97.32% and 97.34%, respectively.Conclusion = The automatic diagnosis method of carotid ultrasound
image based on ResNet can accurately distinguish carotid plaque and normal carotid ultrasound image, which provides a
technical reference for clinical application.
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