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Remote Sensing Small Target Detection Algorithm Based On Swin-T And Yolov8
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Abstract: To address the issues of insufficient feature extraction and limited detection accuracy in
YOLO series models for remote sensing small target detection, an improved YOLOVS model in-
tegrating Swin Transformer ( Swin-T) is proposed. Based on the YOLOvS framework , the Bottle-
neck in the C2f module is firstly improved by introducing Swin-T after the second convolution to
construct the C2f-ST feature fusion module. An additional Swin-T layer is added to the backbone
network to obtain diverse image features and enhance the ability to extract global context informa-
tion. Then,a CBAM attention module is introduced in the neck network to enhance the detection of
target areas. Finally ,the WIoU loss function is used as the regression loss,and an additional detec-
tion head is added to enhance the ability to capture multi-scale features. The experimental results on
the VisDrone2019 dataset show that the improved model achieves increases of 3. 7% ,3. 6% ,and
4. 6% in precision,recall rate,and the mean average precision,respectively ,compared to those with
the original model,indicating that the C2f-ST module can successfully integrate local features and
global information to improve the accuracy of small target detection. The improved model is light-
weight and real-time , making it suitable for scenarios with limited detection resources.
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