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Pulmonary nodule detection based on improved YOLO V3
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Abstract: In view of small proportion of pulmonary nodules in CT images, irregular shapes of pulmonary nodules and unsatisfactory
results obtained by the direct application of YOLO V3 algorithm for pulmonary nodule detection, a pulmonary nodule detection
method based on improved YOLOV3 is proposed in the study. Preprocessing such as resampling and parenchymal segmentation
is carried out. Then the basic network structure of YOLO V3 is modified, and the number of structural units of the backbone network
and the detection network is adjusted. Leaky ReLU activation function is replaced by Mish activation function, and receptive field
block layers with dilated convolutions are added. Moreover, the loss function is modified. Finally, the improved YOLO V3 is used
to detect pulmonary nodules, and the comparative experiment is completed. The proposed method is tested on LIDC-IDRI data
set, and the results show that the improved YOLO V3 achieves an accuracy of 88.89% and a sensitivity of 94.73%, indicating that
the proposed method can effectively detect pulmonary nodules.
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Fig.1 YOLO V3 network structure
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Fig.7 Visualization of lung parenchyma segmentation
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