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Small object detection method based on high-resolution
feature-guided learning

Tu Xiaoguang Li Zhuojun Liu Jianhua Yang Ming Wei Lin
(College of Aviation Electronic and Electrical Engineering, Civil Aviation Flight University of China,Chengdu 641450, China)

Abstract: To address the technical bottlenecks of poor detection accuracy and robustness in small object detection
caused by insufficient feature information and low-resolution feature maps, this paper proposes a small object detection
method based on high-resolution feature-guided learning. The method adopts an improved YOLOv11l algorithm
structure based on context aggregation pinwheel convolution and constructs a dual-channel detection framework
consisting of a high-resolution detection branch and a low-resolution detection branch. During the training process, the
high-resolution detection network guides the learning of the low-resolution detection network, alleviating the problem
of insufficient semantic information of small objects in low-resolution images. A multi-scale feature alignment loss
function with weighted multi-loss functions is introduced in the middle layer of the dual-channel network to enhance the
expressive ability of small object features. Experimental results show that the proposed method achieves a 4.11%
improvement in mAP50 and a 4. 07% improvement in mAP50:95 compared to the original YOLOv11 on the PASCAL
VOC 2012 small object dataset; on the Visdrone2019 dataset, the mAP50 increases by 2.24% and the mAP50; 95
increases by 1. 50% compared to the original YOLOv11.

Keywords: small object detection;deep learning;dual-channel network model; multi-scale feature alignment loss
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Fig. 6 Dual-channel object detection network training and testing
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Table 2 Ablation experiment results on the VOC1012 dataset
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YOLOvlln 2.593 740 3.23 61. 663 44. 862 16.73 6. 65
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Table 3 Ablation experiment results on the Visdrone2019 dataset

¥ 25 25 #g Z¥/10° 5 E/GFLOPs mAP50/% mAP50:95/% /NHAS mAP50/% Kl 2 /ms
YOLOvlln 2.591 790 3.23 30. 994 17. 691 12.91 5. 99
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XUE T8 (L e ) 2.643 534 3.55 32.034 18.173 13.01 10. 30
S IE (Lyse +Loaw,)  2.643 534 3.55 32. 263 18. 675 13.22 10. 43
BB (L sz L) 2,643 534 3.55 32. 337 18.711 13.27 10. 46
ML iE (MSFAL) 2. 643 534 3.55 33.231 19.188 13. 84 10. 69
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Table 4 Comparative experimental results on the VOC2012 dataset

o 44 5 4 %%0/10° HHEE/GFLOPs  mAP50/% mAP50:95/% /NHFE mAP50/ % &I 53 # /ms
YOLOv8n 3.011 043 8. 72 63. 345 41.123 13.81 8.70
YOLOv5n 1. 973 569 4. 45 63.197 41. 090 13.50 5.71
YOLOv7-tiny 6.014 988 13. 21 60. 23 39. 901 13. 89 7.23
Faster R-CNN 42. 304 43 180. 42 58. 789 32.012 12. 41 35. 64
SSD 26.013 23 95. 31 59. 567 32. 890 12.78 40.12
CenterNet 34. 602 32 60. 43 52.123 34. 345 12.12 12. 34
PE-YOLO™" 30. 869 35 110. 78 61. 345 47. 234 16. 95 12. 82
DMF-YOLOv11™'  3.196 490 5.82 62. 981 47.910 16. 61 8.63
Relation-DETR™  36. 747 97 97. 94 65. 475 48.963 17. 24 14. 32
A3 2.615 484 3.55 65.776 49. 114 17.50 10. 42
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Table 5 Comparative experimental results on the Visdrone2019 dataset

I 2% 25 1) ZH/10°  HEE/GFLOPs  mAP50/% mAP50:95/% /NEAE mAP50/% Kl /ms
YOLOv8n 3.011 043 8.72 30. 694 17. 491 12.41 6. 04
YOLOv5n 1. 843 835 4.43 30.525 17. 259 12. 26 9.02
YOLOv7-tiny 6.014 988 13. 52 30. 680 17. 321 12. 39 8.75
Faster R-CNN 42,014 42 180. 10 28. 342 16. 420 12. 24 32.06
SSD 26.023 41 95. 42 28. 949 17.009 12.51 28. 44
CenterNet 34.602 71 90. 55 26. 315 16.003 11. 89 31. 23
PE-YOLO™" 30. 069 34 110. 42 31. 134 18. 21 12.95 12.53
DMF-YOLOv11™7  3.196 490 546. 8 30. 355 18.02 12. 43 5.83
Relation-DETR™  37.747 97 120. 23 33.021 18. 994 13.50 12. 66
A3 2. 613 534 3.55 33.231 19.188 13. 84 10. 69
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