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Accuracy Evaluation of Brain Parenchymal MRI Image
Classification Using Inception V3
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Abstract The amount of data generated from medical images is increasingly exceeding the limits of professional visual analysis, and
the need for automated medical image analysis is increasing. For this reason, this study evaluated the classification and accuracy
according to the presence or absence of tumor using Inception V3 deep learning model, using MRI medical images showing normal and
tumor findings. As a result, the accuracy of the deep learning model was 90% for the training data set and 86% for the validation data
set. The loss rate was 0.56 for the training data set and 1.28 for the validation data set. In future studies, it is necessary to secure the
data of publicly available medical images to improve the performance of the deep learning model and to ensure the reliability of the

evaluation, and to implement modeling by improving the accuracy of labeling through labeling classification.
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Fig. 1. Distribution of image Ratios
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Fig. 2. Imaging pre—processing step
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Fig. 3. Augmentation normal brain image
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