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Abstract: The early diagnosis of pulmonary nodules is essential to improve the survival rate of patients. However, traditional detection meth-
ods are prone to lose small target features, difficult to resist complex background interference, and lightweight and performance imbalance.
Therefore, a lung nodule detection algorithm based on improved YOLOV9 is proposed. Firstly, the loss function Shape loU is introduced to en-
hance the model’s attention to complex backgrounds and small targets by optimizing the traditional calculation method of intersection and merg-
er ratio; Secondly, the space channel collaborative attention module is designed, and multi—scale spatial feature fusion and progressive chan-
nel compression strategy are used to enhance the feature expression ability of the algorithm ; Finally, the lightweight dynamic convolution mod-
ule is designed. Through the dynamic selection strategy of expert convolution core library, the flexibility of feature extraction is improved while
maintaining the lightweight of the model. The experimental results show that the average accuracy (AP) of the improved algorithm is 82.7%,
which is 2.4% higher than the original YOLOv9 model. The accuracy and recall rates are 2.8% and 0.6% higher respectively, and the number
of parameters is reduced by 5 X 10°. This algorithm realizes the balance between detection accuracy and lightweight, and provides an efficient
solution for the detection of pulmonary nodules.

Key Words: lung nodule detection; YOLOv9; lightweight dynamic convolution; Shape—IoU; spatial-channel collaborative attention
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Fig. 1 Improved YOLOVY network structure
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Shared Multi-Semantic Spatial Attention(SMSA)
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Fig.4 Comparison of detection performance between original YO-
LOV9 and proposed algorithm
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