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Classification of Chest X-ray Disease Based on Convolutional Neural Network

Abstract

Abstract: The artificial intelligence technology can effectively assist the chest X-ray diagnosis. On the
basis of the analysis of Chinese reports of chest X-rays, a labeling method of the thoracic disease
classification for the chest abnormal parts is proposed and a dataset of the thoracic disease
classification labels is complied. The thoracic disease classification is evaluated through four kinds of
convolutional neural networks, AlexNet, VGGNet, ResNet and DenseNet and through three kinds of
training methods, direct training, ImageNet pre-training and Chest X-14 pre-training. The result shows that
the more complicated convolutional neural network with the more parameters, the better performance in
obtaining the key information from the chest X-ray images can be. The model pre-trained by Chest X-14, a
large dataset of chest X-ray, has the better result than the other pre-training methods.
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Abstract: The artificial intelligence technology can effectively assist the chest X-ray diagnosis. On the
basis of the analysis of Chinese reports of chest X-rays, a labeling method of the thoracic disease
classification for the chest abnormal parts is proposed and a dataset of the thoracic disease classification
labels is complied. The thoracic disease classification is evaluated through four kinds of convolutional
neural networks, AlexNet, VGGNet, ResNet and DenseNet and through three kinds of training methods,
direct training, ImageNet pre-training and Chest X-14 pre-training. The result shows that the more
complicated convolutional neural network with the more parameters, the better performance in obtaining
the key information from the chest X-ray images can be. The model pre-trained by Chest X-14, a large
dataset of chest X-ray, has the better result than the other pre-training methods.
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Tab. 1 Chest X-ray abnormal statistics
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