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Small target detection based on dynamic recalibration and multi-scale fusion
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Abstract: To address the challenges of small object detection in UAV aerial imagery—such as dense distribution, scale
variation, occlusion, and complex backgrounds—this paper proposes RAD-YOLO, an improved lightweight detection
framework based on YOLOvl1ln. The model incorporates a RFM-FPN with RAU and SBA to enhance multi-scale
feature integration. It also employs RFAConv in the backbone for adaptive spatial modeling, and introduces DDS-Soft-
NMS strategy to reduce false suppression based on object scale. Experimental results show that RAD-YOLO improves
mAP@0. 5 and mAP@0.5:0.95 by 13.1% and 11.4% respectively on the VisDrone2019 dataset, achieving 0. 561
precision and 0. 411 recall. On AI-TOD and SODA-A datasets, mAP@0. 5 improvements of 9. 9% and 7. 7% further

demonstrate its robustness and strong generalization in complex aerial scenarios.
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Fig.1 RAD-YOLO network framework
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Fig. 2 ReCalib attention unit
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Table 1 Comparative experimental results
VikeS Param/10° GFLOPs P R mAP@0.5/% mAP@0.5.0.95/%
Faster-R-CNN 63. 30 371.2 0.351 0.372 0.313 0.135
SSD 12.39 63. 4 0.225 0. 365 0. 243 0.126
Yolov3-tiny 8. 70 3.4 0.195 0.298 0.168 0.083
YOLOvVS5s 9.05 23.8 0. 496 0.375 0. 379 0. 225
YOLOvS8s 11. 15 28.5 0.492 0.375 0. 384 0.193
YOLOv10n 2.35 6.5 0.453 0. 356 0. 351 0.195
YOLOv10s 7.18 21.4 0.494 0.376 0. 384 0.228
YOLOvlln 2.52 6.3 0.421 0. 315 0. 325 0.188
YOLOvlls 9. 38 21.3 0. 501 0.379 0. 385 0. 205
Ours 3.74 16. 6 0.561 0.411 0. 456 0.302
x2 HEXBER
Table 2 Ablation experiment results
7k RF RC DSN Param/10°  GFLOPs p R mAP@0.5/% mAP@0.5:0.95/%
YOLOvlln 2.92 6.3 0.421  0.315 0. 325 0.188
A Vv 3. 65 16.0 0.477  0.371 0. 379 0. 229
B v 2.68 6.5 0.439  0.346 0. 342 0. 201
C Vv 2.52 6.3 0.602  0.402 0.372 0. 237
D 4 Vv 3.74 16. 6 0.489  0.384 0.392 0.239
E 4 Vv Vv 3.74 16. 6 0.561 0.411 0. 456 0. 302
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Fig. 9 Visual comparison in different scenarios
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Table 3 Generalization experiments
B4k /77 1k p R mAP@0. 5/ % mAP@0. 5:0. 95/ %
AT-TOD/YOLOvI11n 0. 545 0.438 0. 443 0.203
AT-TOD/Ours 0.634 0.548 0.542 0.268
SODAA/YOLOvl1n 0.711 0. 649 0. 681 0.376
SODA-A/Ours 0. 766 0.691 0.758 0.432
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