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Cross-scale feature fusion algorithm for small object detection in
UAY images

Li Mengxin She Changwei
(College of Electrical and Control Engineering, Shenyang Jianzhu University, Shenyang 110000, China)

Abstract: To address the issues of low precision, false detections and missed detections for small objects in UAV aerial
images caused by large scale variations and complex backgrounds, an improved algorithm named CSFF-DETR based on
RT-DETR is proposed. First, a context-aware enhancement module is designed in the backbone to improve small
object feature extraction and suppress complex background interference. Second, a high-resolution P, feature layer is
introduced into the neck network, along with a novel cross-scale feature fusion module. to enhance interaction between
features at different scales and boost small object detection capability. Finally, a multi-path fusion downsampling
module is designed to better preserve and extract fine-grained details of small objects. Experiments on the
VisDrone2019, Tinyperson and UAVVaste datasets show that compared to the baseline RT-DETR model, CSFF-
DETR achieves mAP;, improvements of 3.6%, 1.0% and 2.8% and mAP;, o improvements of 3.0%, 1.1% and
1. 6%, respectively, while reducing parameters by 40.7%. This meets the requirements for both detection accuracy
and lightweight deployment on UAV platforms.

Keywords: UAYV aerial images;small object detection;context awareness;cross-scale fusion; RT-DETR
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Table 1 Results of ablation experiments on the VisDrone2019 dataset

Basiline CAE P,-CSFF MPFD  P/% R/% mAP,/% mAP,,./% Params/(X10°) GFLOPs
NG 62.1 46. 8 48.1 29.5 19.9 57.0
NG NG 62. 6 48. 6 50. 2 31.1 13.8 44.8
N N 62.5 48. 8 50. 4 31.4 18.0 72.6
N NG 62. 6 47.3 48.7 30. 2 19. 8 63.2
J J J 62.9 50. 2 51.2 32.0 11.9 60. 2
J J J 63.0  49.5 50. 9 31.3 13.7 48.9
NG N N 63.2 49.7 51.0 31.5 15.5 63.0
NG NG N N 64.0 50. 1 51.7 32.5 11.8 59. 8
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Table 2 Results of comparative experiments on the VisDrone2019 dataset

1 GO P/% R/% mAP;, /%  mAP;4 /% Params/(X10°) GFLOPs
Faster-RCNN 2015 48.1 34. 6 35.8 21.3 41. 4 208. 0
YOLOv8-m 2023 53.7 43.0 43.7 26.7 25.8 78.7
RT-DETR-R18 2023 62. 1 46. 8 48.1 29.5 19.9 57.0
YOLOv10-m"™" 2024 56. 0 41. 4 44. 0 26. 8 15.3 58.9
Mamba-YOLO"™" 2024 53.0 41.0 42.3 25.8 20. 5 44.5
YOLOv11l-m 2024 55. 1 43.4 45.0 27.8 20. 0 67.7
Hyper-YOLO™" 2025 51.7 40. 1 41.1 24.9 13.5 33.8
YOLOv12-m 2025 54.0 42. 8 44.3 27.2 19.6 59. 5
SF-DETR 2025 63.3 49.9 51.0 31.8 14.7 55.7
LKR-DETR 2025 62. 9 48.5 49. 8 30. 6 17.7 61.7
VRF-DETR 2025 51.4 31.8 13.5 44.3
EMRT-DETR 2025 62.0 46. 6 48. 8 30. 5 13.8 68. 1
Drone-DETR 2025 62.6 48.7 50. 4 31.1 19.1 68.8
MGEF-DETR 2025 63. 6 49. 8 51.3 31.9 17.2 68. 2
CSFF-DETR(A30) 2025 64.0 50.1 51.7 32.5 11.8 59. 8
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Fig. 6 Visual comparison diagrams under typical scenarios
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Table 3 Results of comparative experiments on the Tinyperson and UAVVaste datasets

TR P/% R/% mAP;, /% mAP;e4s/% Params/(X10°)  GFLOPs
YOLOvl1m 42.0 20.9 21.3 7.9 20.0 67.7
YOLOvI2m 42.8 20. 3 20. 6 7.5 19.6 59.5
Hyper-YOLO 41.6 19.5 20. 1 7.3 13.5 33.8

Mamba-YOLO 40. 8 20. 2 20. 2 7.3 20.5 44.5
RT-DETR-R18 48. 4 28. 8 27.3 9.7 19.9 57.0
CSFF-DETR(ZA 30) 46. 8 30.8 28.3 10. 8 11.8 59. 8
YOLOvl1m 88.7 69. 1 76. 2 44. 2 20.0 67.7
YOLOvI2m 86. 7 68. 4 76. 3 43. 8 19.6 59.5
Hyper-YOLO 83.0 70. 4 75.8 43.6 13.5 33.8
Mamba-YOLO 85.6 67.8 75. 1 42. 8 20.5 44.5
RT-DETR-R18 91.3 75.1 79.9 48.9 19.9 57.0
CSFF-DETR(A 30) 91.6 75.3 82.7 50.5 11.8 59. 8
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