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Dense Small Object Detection Based on Improved YOLOv8 Algorithm

ZHANG Chi, YOU Hao, GAO Qian, ZHANG Guangming, TAN Donghua, PENG Juhong
(School of Artificial Intelligence, Hubei University , Wuhan 430062, China)

Abstract: In order to solve the problems of complex and variable scenes from the perspective of drones, large changes in target scale from
their perspective, and mostly small targets, an improved YOLOvS algorithm is proposed. Firstly, changing the traditional FPN to BiFPN,
through its bidirectional information flow and weighted feature fusion mechanism, can more effectively integrate information from different lev-
els of the network; Secondly, the detection head is replaced with Dynamic Head, which adapts to features of different scales through dynamic
fusion mechanism, improving the detection ability for targets of various sizes; Finally, by introducing Soft—-NMS and reducing the confidence
of overlapping boxes, it is possible to more effectively distinguish and preserve these tightly arranged targets, thereby improving the detection
performance of the model for dense small targets. The results indicate that the YOLOv8-BDS algorithm has an average accuracy value on the
VisDrone2019 dataset( mAP@IoU =0.5) achieved 54.2%, which is 6.8 percentage points higher than the original benchmark network. This al-
gorithm can better meet the requirements of dense small object detection.
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Fig.2 BiFPN structure
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Table 1 Ablation experiment results( VisDrone2019 dataset)
F1 EHRESRIS LR (VisDrone2019 £iE )
mAP0O.5 mAPO0.5-

Modle Parameters/M  GFLOPs FPS/S
1% 0.95/%

YOLOv8s 11.10 179.20 474 29.0 140
yolov8s+BiFPN 7.58 166.56 48.2 29.1 113
yolov8s+Dyhead 13.07 205.96 48.7 29.6 77
yolov8s+Soft-NMS 11.10 28.70 52.4 34.5 22
+BiFPN+Dyhead 10.26 199.95 494 30.0 67
+BiFPN+Dyhead+S 10.26 199.95 54.2 35.7 18
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Table 2 Comparison of different algorithms on VisDrone2019 test set
#2 AREEXTE VisDrone2019 Uik & xf bk

mAP0.5-
Modle Parameters/M  mAP0.5/% FPS/S
0.95/%
SSD 245 24.1 18.8 21
Faster-RCNN 413 33.8 214 15
YOLOv3 63.1 36.0 19.4 33
YOLOvSs 7.0 34.1 18.6 66
YOLOv7'! 30.4 46.4 27.1 38
YOLOv7'! 34.2 45.8 26.3 /
YOLOv8n 19 382 22.9 81
YOLO8s''! 7.4 48.8 29.5 62
RT-DETR [{#4!'7! 28.1 47.1 28.8 /
YOLOv7''® / 522 30.3 /
YOLOv8s" 7.6 50.1 311 /
YOLOv8s 11.1 474 29.0 140
YOLOv8-BDS 10.3 542 35.7 18

Fig.4 Comparison of visualization results
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