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Lung Cancer Detection Method Based on Deep Learning
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Abstract ; With the development and application of modern computer technology ,computer aided diagnosis system plays an important role
in the field of medical image analysis. The key to this technology is the location and classification of lesions. As the feature extraction of
the image is very complex, many image preprocessing methods must be used when the traditional machine learning method as a solution.
We put forward a method for the detection of lung cancer based on deep learning. The images of lung tumors’ features are extracted by
convolutional neural network ,and the locations in the picture where tumors may exist are predicted in combination with region proposal
network , generating the proposal boxes simultaneously. The target area is classified by learned feature maps and the positions of the pro-
posal boxes will be fine—tuned. The proposed method does not need to design the features manually,and the features learned by the conv-

olutional neural network are more representative,, which also could predict the location of the tumor. The experiments of evaluation on

NLST and Kaggle data sets show that it has high accuracy and efficiency.
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