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ABSTRACT

The purpose of this study is to propose a convolutional neural network model that can classify normal and
abnormal(cardiomegaly) in chest X-ray images. The training data and test data used in this paper were used by
acquiring chest X-ray images of patients diagnosed with normal and abnormal(cardiomegaly). Using the proposed
deep learning model, we classified normal and abnormal(cardiomegaly) images and verified the classification
performance. When using the proposed model, the classification accuracy of normal and abnormal(cardiomegaly)
was 99.88%. Validation of classification performance using normal images as test data showed 95%, 100%, 90%,
and 96% in accuracy, precision, recall, and F1 score. Validation of classification performance using
abnormal(cardiomegaly) images as test data showed 95%, 92%, 100%, and 96% in accuracy, precision, recall, and
F1 score. Our classification results show that the proposed convolutional neural network model shows very good
performance in feature extraction and classification of chest X-ray images. The convolutional neural network
model proposed in this paper is expected to show useful results for disease classification of chest X-ray images,
and further study of CNN models are needed focusing on the features of medical images.
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(A) Normal

(B) Abnormal

Santa Clara, Fig. 1. Chest X-ray Images.
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Fig. 2. A Flowchart of the Layer Constituting the Cnn
Model for Normal and Abnormal(Cardiomegaly) Classification.
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Table 2. 30 Times and 60 Times Augmented Data

30 times augmentation 60 times augmentation

Normal  Abnormal Normal  Abnormal
Training data 14,227 16,251 28,727 31,771
(Validation data)  (200) (150) (200) (150)
Test data 200 150 200 150
Total 14,627 16,551 31,127 32,001
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Fig. 4. Classification Result of the Proposed Model.
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Table 4. Result of Classification using Test Data

Accuracy Precision Recall F1 Score
(o) (%) (%) (%)
Normal 95.0 100.0 90.0 96.0
Abnormal 95.0 92.0 100.0 96.0
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