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Lung nodule detection based on improved YOLOvSs
ZHANG Yulu,ZHANG Jialin

(School of Information Engineering, Hebei GEO University, Shijiazhuang 052161, China)

Abstract: To address the issue of low detection accuracy for tiny nodules in lung CT images, an improved algorithm based on
YOLOVS5s is proposed. First, the Coordinate Attention (CA) and Efficient Channel Attention (ECA) modules are integrated into
the backbone network to enhance the extraction of critical features. Second, the original C3 module is replaced with the C3GC
module, which models long-range dependencies by capturing global contextual information. Finally, the loss function combines
CIoU with Normalized Wasserstein Distance (NWD) to optimize the detection performance for small targets. Experimental results
on the LUNA16 dataset demonstrate that the improved model achieves a detection precision of 0. 898 and mAP@ 0. 5 of 0. 903,
representing improvements of 6. 2% and 4. 7% , respectively, compared to the original YOLOVSs.
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Table 1 Results of ablation experiments

TR Epoch  P/% R/ % mAP@O0.5/%
YOLOv5s 200 83.6  81.2 85.6
YOLOvSs+CA 200 86.1  79.4 85.6
YOLOv5s+ECA 200 85.9  79.3 85. 4
YOLOvSs+C3GC 200 84.3  82.1 88.6
YOLOv5s+NWD 200 85.5  82.4 86.5
YOLOv5s+NWD +ECA 200 84.7  81.7 86. 4
YOLOv5s+C3GC+CA 200 85.8  81.2 87.2
YOLOv5s_EAGN 200 89.8  82.5 90. 3
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Table 2 Comparative experimental results with mainstream models

i Epoch P/% R/% mAP@0.5/%
SSD 200 83.6 79.8 85.4
Faster—RCNN 200 84.7  82.2 80.5
YOLOv5s 200 83.6 81.2 85.6
YOLOv8s 200 87.5 79.3 87.2
YOLOVOt 200 8.4 81.6 88.4
YOLOv9s 200 84.8  83.9 87.7
YOLOvI10s 200 87.9  82.4 87.8
YOLO11n 200 829  81.5 83.7
YOLOvSs_EAGN 200 89.8  82.5 90.3
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