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Research on the Application of Deep Learning in Automatic Identification from
Dynamic Ultrasound Imaging: Using Gallbladder as a Target
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Abstract

Ultrasound is one of the common inspection tools commonly used in abdominal emergencies. It has the
advantages of being non-invasive, no radiation, low cost, flexible operation, and can provide real-time
images in clinical practice. However, the quality of ultrasound images is often hampered by the complexity
of parameter setting, inexperienced operators, and uncooperative patients resulting in difficulties in
diagnosis. In this study, 30 subjects recorded the dynamic ultrasound images (MPEG-4 format) and
converted them into a single static image (JPG format) to obtain 12,768 ultrasound images from the
abdomen. Two convolutional neural networks (CNN) models, including GoogLeNet and ResNet50, were
combined with three machine learning classifiers: linear regression, Naive Bayes, and support vector
machine (SVM). Six combined classification models were applied to automatically obtain the ultrasound
static images of the gallbladder in the field of view. The accuracy and kappa value among the six models
were compared, respectively. The results showed that ResNet50 combined with the SVM classifier was the
best. The accuracy and kappa value were both more significant than 90%. Furthermore, the disadvantages of
ultrasound can be overcome by using dynamic recording images of the abdomen through artificial
intelligence (Al) to construct automatic image recognition and classification models. These models can be
used to assist inexperienced operators and to obtain high-quality images in a shorter time.
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