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QB-YOLO: Colorectal Polyp Detection Algorithm Based on Improved YOLOvVSs

ZHANG Zijian, XU Jianyu, YANG Huan
(School of Software , South China Normal University, Foshan 528225, China)

Abstract: In the field of medical imaging, early detection of colorectal polyps is crucial for preventing diseases such as colorectal cancer. In
practical medical operations, the accuracy of automated detection of colorectal polyps is limited by many special conditions. Therefore, a colon
polyp detection model QB—YOLO based on improved YOLOvS3s is proposed. Firstly, a local context information enhancement module (CAM
module) is introduced into the original backbone network to replace the spatial pyramid pooling SPPF module in the original model , in order to
enhance the model’s target attention to colorectal polyps; Secondly, adding a Large Kernel Separation Convolutional Attention Module (LSKA
module) to the backbone network enhances the model’s ability to capture local details in colorectal polyp images; Finally, Soft NMS with soft
non maximum suppression is introduced into the model to address the possibility of dense distribution of some colorectal polyps, making the
model more efficient in handling overlapping and dense targets. The experiment shows that the accuracy, recall, and average precision of the
improved model have increased by 4.1%, 8.5%, and 3.9% compared to the original model.

Key Words: YOLOvS5s; colorectal polyps; object detection; local context augmentation; large separable kernel attention; Soft—-NMS
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Table 1 Comparative experimental results

1 HREHER (%)

Models Precision Recall mAP
YOLOv3-tiny 75.9 79.9 80.0
YOLOv7 75.0 84.0 81.6
YOLOv8n 87.5 84.2 89.3
RT-DETR 86.9 84.4 87.5
YOLOv9-c 90.9 87.0 92.5
YOLOv9-e 90.2 85.5 91.2
QB-YOLO 91.0 94.0 93.4
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Table 2 Results of ablation experiments
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Fig.7 Experimental results after adding CAM module
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Fig. 8 Experimental results after adding LSKA module
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