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Abstract

Due to the development of endoscopic equipment, there has been much progress in the early detection
and treatment of gastrointestinal diseases. Therefore, many endoscopic images have been provided, and
studies on endoscopic image classification have been increased actively. In this paper, we aim to classify
gastric ulcer, a disease frequently found in endoscopy.Gastric ulcers can lead to complications if not
properly treated early on, so it is most important to diagnose the lesions early.Our study used the
ResNet-50 in-depth learning model. A model was created using a total of 1,525 images, and data
enhancement was applied for efficient learning. The classification performance of the proposed model is
0.9016 with accuracy and 0.83 with ROC curve.
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[Fig. 1] Dataset of normal gastric images, (a), (b), (c), (d) and gastric ulcer image (e), (f), (g), (h)
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[Table 1] Classification result for normal images and ulcer images

Confusion matrix

. Predicted Normal | Predicted Ulcerl Accuracy (%) Total Accuracy (%)
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Actual Normal 170 5 97.14 %0.16
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[Fig. 4] ROC curve on classification model performance
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[Fig. 5] The result of class activation map images. (a),(b),(c),(d) normal images, (e), (f), (g), (h) gastric ulcer images
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