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Abstract: Lung cancer is a kind of cancer with high lethality in the world, and the detection of lung nodules becomes
particularly important in the early clinical manifestations of lung cancer. However, due to the characteristics of the small
size of the lung nodules on the front of the chest and the obstruction of the ribs, it is more difficult to manually detect the
lung nodules. At the same time, because of the explosive growth of lung X-ray images and diagnostic reports, the The
application of deep learning technology to the identification of lung nodules has become an inevitable. In order to be able to
detect lung nodules in real time, this paper is based on the YOLOV3 algorithm. In view of the characteristics of lung nodules
imaging, such as small size and rib occlusion, a method that can be used Lung nodule detection algorithm
(nodule-YOLOV3), the pre-processed lung nodule X-ray image is input to the nodule-YOLOV3 network to obtain the
prediction results of lung nodules. The experimental results show that: nodule -YOLOV3 detection accuracy is 61%,
compared with YOLOV3 target detection algorithm, the accuracy of nodule-YOLOV3 algorithm is improved by 3%.
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