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Abstract: Objective Small-object detection in unmanned aerial vehicle (UAV) imagery remains one of the most challeng-
ing tasks in computer vision and is particularly important for surveillance, search and rescue, traffic monitoring, and preci-
sion agriculture. UAV images present several intrinsic difficulties: small targets often occupy fewer than 32 X 32 pixels in
high-resolution images, exhibit low contrast against complex backgrounds, suffer from motion blur and varying illumina-
tion, and show extreme scale variation because of changing flight altitude. Traditional object detectors, which are primarily
designed for ground-level imagery with relatively large objects, do not address these challenges well, because conventional
convolutional neural networks progressively lose fine-grained spatial information through pooling and strided convolutions.

Method To overcome these limitations, we propose multi-scale frequency adaptive-you only look once (MSFA-YOLO), an
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innovative detector that integrates multi-scale feature extraction, frequency-domain analysis, and efficient feature enhance-
ment. The architecture includes three key components. First, the multi-scale edge feature extractor module preserves and
enhances edge information that is crucial for small-object detection. It processes input features through parallel pathways at
multiple scales, applies the Sobel operator for edge exiraction, and then fuses the resulting edge features with the original
features through an adaptive cross-channel attention mechanism that dynamically adjusts their relative contributions. Sec-
ond, the frequency-spatial adaptive module exploits the complementary nature of spatial and frequency-domain representa-
tions. It applies the fast Fourier transform to decompose spatial features into frequency components and uses a dual-branch
design in which the spatial branch preserves location-specific information through depthwise separable convolutions, while
the frequency branch applies learnable filters to selectively enhance relevant frequency bands. An adaptive gating mecha-
nism then combines the two branches. Third, the lightweight feature fusion enhancement module addresses computational
efficiency through a multi-branch structure with different kernel sizes and re-parameterizable convolutions, which are
merged during inference without performance loss. Group convolution and channel shuffling are further introduced to
reduce parameter count while maintaining representational capacity. Result Comprehensive experiments were conducted on
two challenging UAV datasets: VisDrone2019-DET, which contains 10 209 images with 54 200 annotated instances from
ten object categories captured under diverse conditions, and UAVDT, which includes 80 000 frames with three vehicle cat-
egories and exhibits significant scale variation and occlusion. On VisDrone2019-DET, MSFA-YOLO achieved an mAP;; of
38. 1% with only 3. 08 M parameters, representing a 4. 3% improvement over the YOLO11n baseline (33. 8%) and outper-
forming state-of-the-art lightweight methods including LWUAVDet (37.4% with 9.7 M parameters) , Mamba-YOLO
(36. 4% with 5.66 M parameters) , LUD-YOLOn (35.2% with 2.81 M parameters) , and Hyper-YOLO (33.7% with
2.68 M parameters). These results demonstrate a superior balance between efficiency and accuracy, with the highest
detection accuracy among all compared methods while maintaining a compact model size. On UAVDT, MSFA-YOLO
achieved an mAPy, of 32.3% and an mAP,,; of 19.3%, surpassing the YOLO11n baseline (30.2% mAP,; and 17. 8%
mAP;, ) by 2. 1% and 1. 5%, respectively, while also outperforming Mamba-YOLO (31. 7% mAP,, with 5. 66 M param-
eters) , Hyper-YOLO (30.9% mAP,,) , and YOLO12n (30. 6% mAP,,). Precision reached 45. 1% and recall reached
31. 2%, indicating robust detection performance across diverse scenarios. The proposed method achieves these results with
only 3. 08 M parameters, substantially fewer than Mamba-YOLO s 5. 66 M and comparable to the most efficient baseline
models, validating the effectiveness of the overall design. Ablation studies confirmed the contribution of each component:
the MEF module provided clear gains through edge enhancement, the FSA module improved representation through
frequency-spatial fusion, and the LFFE module optimized the efficiency-accuracy trade-off while reducing computational
overhead. Cross-dataset evaluation further demonstrated strong generalization, as models trained on VisDrone2019-DET
achieved robust performance on UAVDT without fine-tuning, suggesting effective feature learning and domain adaptation.
Conclusion This work presents MSFA-YOLO as a novel detection framework that addresses the core challenges of small-
object detection in UAV imagery through the synergistic integration of multi-scale edge features, frequency-spatial adaptive
processing, and efficient architectural design. The approach significantly improves performance over existing methods
while maintaining the computational efficiency required for real-world UAV deployment. Its effectiveness stems from three
main insights: preserving and enhancing edge information through multi-scale Sobel processing is crucial for targets with
very limited pixel support; frequency-domain analysis provides complementary fine-grained cues that are often lost in
purely spatial processing; and careful architecture design can maintain a compact model size without sacrificing detection
accuracy. Future work will focus on improving robustness under extreme conditions such as low illumination and adverse
weather, extending the framework to video-based detection with temporal consistency constraints, exploring self-supervised
pre-training for domain adaptation, and deploying the system on edge devices with hardware-specific optimizations. Over-
all, the proposed method represents a meaningful step toward practical, deployable UAV-based detection systems for chal-
lenging real-world environments.

Key words: small object detection; aerial imagery; YOLO11; multi-scale edge features; feature enhancement
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Table 2 MSFA-YOLO ablation results on VisDrone2019-DET validation set

MEF  FSA  LFFE  Precision®  Recall%  mAPy%  mAPy v 0o ZEC B n G
>0 2098 [(Wifs) /M K/NMB
x x x 44.8 34.1 337 19.6 142 2.58 5.2 6.3
N x x 46.7 353 354 212 135 2.60 53 7.7
x N x 458 35.1 35.1 20.8 131 294 6.0 76
x x N 455 346 349 20.1 172 2.24 4.6 6.2
N x N 48.1 358 372 223 147 272 56 9.2
x N N 484 36.1 36.9 22.1 136 3.06 6.2 9.1
N v x 483 36.5 37.6 22.5 120 342 6.9 10.5
N N N 48.9 37.6 38.1 227 133 3.08 6.1 10.4
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Table 3 MSFA-YOLO ablation results on VisDrone2019-DET test set
MEF  FSA  LFFE  Precision/%  Recall%  mAPy/%  mAPy,/% ([FHEZ) gﬁ jﬁfﬁas FLOPs/G

x x 39.1 29.5 27.2 15.1 142 258 5.2 6.3
N x 39.6 30.9 28.1 15.8 135 2.60 5.3 7.7
x N x 39.4 30.5 27.8 15.6 131 294 6.0 7.6
x x N 39.7 30.4 27.7 15.4 172 224 4.6 6.2
N x N 412 32.3 30.1 17.1 147 272 5.6 9.2
x N N 423 32.1 29.9 16.8 136 3.06 6.2 9.1
N N x 432 328 30.8 17.5 129 342 6.9 10.5
N N N 44.1 33.3 31.4 17.7 133 3.08 6.1 10.4
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Fig. 6 Feature maps with added module
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Fig. 7 Comparative heatmaps of original and improved methods
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Table 4 Comparison of experimental results on VisDrone2019-DET validation set

mAP, /%
Trik ZHEM

All  pedestrian people bicycle car van truck tricycle Awning tricycle bus motor
YOLOv8n 3.01 32.8 34.4 273 83 76.1 38.6 27.7 213 10.7 473 36.5
YOLOv9t 1.97 322 33.6 27.6 75 754 40.0 277 199 12.2 43.8 34.6
YOLOv10n 2.27 32.9 34.6 27.7 83 755 37.8 284 205 11.3 48.3 36.4
YOLO11n(FEZR) 2.58 338 35.6 27.9 92 762 394 298 213 11.9 492 372
YOLOI12n 2.56 32.7 343 27.5 81 758 38.1 287 20.1 11.0 48.5 36.7
LUD-YOLO 2.81 352 36.9 293 997 774 418 314 222 13.6 49.8 394
LWUAVDet 9.70 37.4 - - - - - - - - - -
Hyper-YOLO 2.68 337 36.3 28.3 7.6 765 382 305 22.1 11.7 503 374
Mamba-YOLO 5.66 36.4 38.1 298 100 77.7 42.1 33.1 231 14.2 54.8 40.6
MSFA-YOLO(4 () 3.08 38.1 41.3 314 124 793 45.0 36.6 25.0 14.7 53.0 422
T L P SRR 5 S R 2 2R =7 3 BEAT % 23 B Rl ol

&S5 UAVDTH#EE EXSLLLIEER
Table 5 Comparison of experimental results on UAVDT dataset
AR A Precision/% Recall/% mAP,/% mAP,, /% SR IM
Faster RCNN 29.8 245 234 11.0 41.39
SSD 27.3 20.6 21.4 9.3 50.40
YOLOv8n 36.4 29.7 29.5 16.8 3.01
YOLOv9t 35.7 29.4 28.2 16.2 1.97
YOLOv10n 359 30.4 30.1 17.2 2.27
YOLO11In(H£4k) 36.6 30.6 30.2 17.8 2.58
YOLO12n 36.8 30.9 30.6 17.5 2.56
Hyper-YOLO 39.1 30.8 30.9 18.1 2.68
Mamba-YOLO 42.5 31.1 31.7 18.6 5.66
MSFA-YOLO(A3C) 45.1 31.2 32.3 19.3 3.08
TE IR TR R % 9 e L4 R
52 BPHE SR/ FARAS U AE /7 5 LEFE BEBRSR FH 2200 32 0]

3 &
ASCHRE T — i 1) JC A BLAT A/ H BRI
22 RUBE SR A 38 Y M 4% MSFA-YOLO. %7 4
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B 20K B IR ARHAIE AT RO AL 58 T SRR 1 AT 1Y
SRR s FSA BLR G & 25 B & FR I I

FSRACE TR R B 1 [ B R TR e

£ VisDrone2019-DET Al UAVDT %4 4 | B@ B
5], MSFA-YOLO MEREAR T BUA Seit Jridi . il
SLH IR T AT A RO R BN IE] T %
PAETC AN/ BERAG AT 55 v A 41 B R A3z A g
TIo AR TARN B i R A BEIE RO IR ANE S KR
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Fig. 8 Detection performance of MSFA-YOLO on UAVDT dataset
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