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Abstract: Objective Small object detection in unmanned aerial vehicle imagery represents one of the most challenging
tasks in computer vision, particularly critical for applications including surveillance , search and rescue operations, traffic
monitoring, and precision agriculture. The inherent characteristics of UAV-captured images pose significant challenges :
small objects often occupy fewer than 32x32 pixels in high-resolution images, exhibit low contrast against complex back-
grounds, suffer from motion blur and varying illumination conditions, and demonstrate extreme scale variations due to alti-
tude changes. Traditional object detection algorithms, primarily designed for ground-level imagery with relatively large
objects, fail to adequately address these challenges as conventional convolutional neural networks progressively lose fine-
grained spatial information through pooling operations and stride convolutions. Method To overcome these limitations, we

propose MSFA-YOLO, an innovative detection network that integrates multi-scale feature extraction, frequency domain
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analysis, and efficient feature enhancement mechanisms. The architecture comprises three key innovations: first, the
Multi-scale Edge Feature extractor module preserves and enhances edge information crucial for small object detection
through parallel pathways processing input features at multiple scales using the Sobel operator for edge detection, subse-
quently fusing these edge features with original features through an adaptive cross-channel attention mechanism that
dynamically adjusts contributions based on input characteristics; second, the Frequency-Spatial Adaptive module lever-
ages the complementary nature of spatial and frequency domain representations by applying Fast Fourier Transform to
decompose spatial features into frequency components, implementing a dual-branch architecture where the spatial branch
preserves location-specific information through depthwise separable convolutions while the frequency branch applies learn-
able filters to selectively enhance relevant frequency bands, with an adaptive gating mechanism combining both branches;
third, the Lightweight Feature Fusion Enhancement module addresses computational efficiency through a multi-branch
structure with varying kernel sizes utilizing reparameterizable convolutions that merge multiple operations during inference
without performance degradation, incorporating group convolutions and channel shuffling to reduce parameters while main-
taining representational capacity. Result Comprehensive experiments were conducted on two challenging UAV datasets :
VisDrone2019-DET containing 10209 images with 54200 annotated instances across ten object categories captured under
various conditions, and UAVDT comprising 80000 frames with three vehicle categories featuring significant scale variations
and occlusions. On VisDrone2019-DET, MSFA-YOLO achieved mAP50 of 38. 1% with only 3. 08M parameters, repre-
senting a 4. 3% improvement over the YOLO11n baseline (33. 8%) and outperforming state-of-the-art lightweight methods
including LWUAVDet (37.4% with 9. 7M parameters) , Mamba-YOLO (36. 4% with 5. 66M parameters) , LUD (light-
weight UAV small object detection) -YOLOn (35.2% with 2. 81M parameters) , and Hyper-YOLO (33. 7% with 2. 68M
parameters) , demonstrating superior efficiency-accuracy trade-offs with the highest detection accuracy among all compared
methods while maintaining a compact model size. On UAVDT dataset, MSFA-YOLO achieved exceptional performance
with mAP50 of 32. 3% and mAP50-95 of 19. 3%, surpassing the YOLO11n baseline (30. 2% mAP50, 17. 8% mAP50-95)
by 2. 1% and 1. 5% respectively, while significantly outperforming other state-of-the-art methods including Mamba-yolo
(31. 7% mAP50 with 5. 66M parameters) , Hyper-YOLO (30. 9% mAP50), and YOLO12n (30. 6% mAP50) , with preci-
sion reaching 45. 1% and recall of 31. 2%, demonstrating robust detection capabilities across diverse scenarios. The pro-
posed method achieves these superior results with only 3. 08M parameters, significantly lower than Mamba-YOLO's 5. 66M
and comparable to the most efficient baseline models, validating the effectiveness of our architectural design in balancing
accuracy and efficiency. Ablation studies confirmed the contribution of individual components with MEF module providing
substantial gains through edge feature enhancement, FSA module improving feature representation through frequency-
spatial fusion, and LFFE module optimizing the efficiency-accuracy balance while reducing computational overhead. Cross-
dataset evaluation demonstrated strong generalization capabilities with models trained on VisDrone2019-DET achieving
robust performance on UAVDT without fine-tuning, indicating effective feature learning and domain adaptation abilities.
Conclusion This research presents MSFA-YOLO as a novel detection framework that effectively addresses the fundamental
challenges of small object detection in UAV imagery through synergistic integration of multi-scale edge features, frequency-
spatial adaptive processing, and efficient architectural design, demonstrating significant improvements over existing
approaches while maintaining computational efficiency suitable for real-world UAV deployment. The success stems from
three key insights: preserving and enhancing edge information through multi-scale sobel operator processing proves crucial
for detecting objects with limited pixel representation; frequency domain analysis provides complementary features captur-
ing fine-grained details often lost in purely spatial processing; and careful architectural design enables maintaining a com-
pact model size without sacrificing detection accuracy. Future research directions will focus on enhancing the algorithm's
robustness under extreme conditions such as low illumination and adverse weather scenarios , extending the framework to
video-based detection with temporal consistency constraints, investigating self-supervised pre-training strategies for domain
adaptation, and deploying the system on edge devices with hardware-specific optimizations, representing a significant step
toward practical, deployable UAV-based detection systems capable of operating reliably in challenging real-world environ-
ments.
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TSRS, R 24 6471 5K BESE 548 5K
IRAE 1610 5K ; S 3 U0, 400k A7 KON
HATH JRE a4 K4 =R GEH =% A
R ERESC S . BRI T AR (E R,
ALFERT G FHE X G250 B SR A R4 4

MSFA-YOLO ¥ 5 FH F o A HLEE HE Y (AR Rl 5
PR UAVDT 5086 4E (2018) 0 ik — A5 6 i Ho 4 ek
FSZHPE . UAVDT $048 48 i Jo AHLIRHT X 3k
B, A2 23258 TR I 2k ISR 15069 5K I S, 25
LS =2 R R EMA RS
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x1 #HEERYNEXESH

Table 1 Key training parameters
28 W

VisDrone2019-DET: 300 epochs

Vet £ UAVDT: 100 epochs
B 0.937
LG 0.01

A R, 0.0005
i/ AN 32 samples
LIPNEICSNAN 640%640 pixels
Ak s SGD
g Mosaic
T,

Sk A T R AR g G 0 A5 SR, S Y R 2R
¥ & : Ubuntu 22.04, Python 3.10.14, PyTorch
2.2.2.CDUA 11. 8; 5255 Ay i {44 3R 554 : AMD EPYC
7H12 (3.3GHz CPU, 60GB) . NVIDIAGeFor-
ceRTX4090Ti (24GB) o 7 IR M 2% Il 25 i) O 5 24K
MFE 1R,

Sy T AR A S, FE ISR B Y B s 101
epochs JCH] T H 3 se B TR DI Al . S PTAL 2% 1Y
A8, BN (precision, P) 3 [F] K (recall, R) .
F ¥ kS B 34 {5 (mean average precision, mAP;/
mAP, ;) . FPS (frames per second) . Z % & (param-
eters/M) . 5 A K /N (model size/MB) UL f i+ 58 &
(FLOPs/G)WE NN 85
2.3 HERIE

T %A K MSFA-YOLO o 4 4~ 21 4 1 5%
R A LAY h & 20 1 ] MEF \FSA F1 LFFE
Bidk, 2 MK 353 5E/R T £ VisDrone2019-DET
BRI uE A A A B PG FE AR i 52
), JH P TS 0 PR e, X A (P e

1) MEF: il A MEF J& , %5 3iF 42 Al i 42 1 A9
mAP, DAL HE A5 247 B W 4 T, 43 33, 7% JH &
35.4% LA S D\ 27. 2% 2 31 28. 1%, X Uk 58 T
MEF ffi i B 25 5 X 43 /b Hbr 58 5t . XEH T
MEF $E B2 R i R I 5 TR IR S ik i
IZ 28X 5 2 0T SRR B RAF I I ROR

2)FSA: 16BN A FSA J5 1] DL 3% T A7 VEAY

TR, 3 BIZAHOT T/ H bR 0550 8RR AE 3 5 L
A RACR . B FE T ML A MEF J5 5] A FSA
B, A PR FR A 2 0 25 A4 Tt , 7t A o o
HJZ Precision Fll mAPs, 7351 Ak 39. 6% F+ %2 43. 2% L
KN 28. 1% T+ = 30. 8%, 4 5l #2 T+ T 3. 6%
2. 7% Zeat BTSRRI RUE 1 4 RRAE T i
N e b ey AL AP O AN B R T & 11 i i 1B
TE S, (A5 P AR AR B A, 15 2 B A A3 .
3)LFFE : i 1 1 1) 2 2 /D W 283
FREYIUAY , SEBUTT B8 A 3 R B, 78 S A
LFFE BHS  FEVEA T8 bR A T4 TH B L T, =
B SEIRIR /N A3> T 0. 34M 10, 6MB, Hirfr
FPS $2TF 3 S 0H ., M 142 48 T3 172, 76 5 HTH A
R R[] R A S Bl R s 5 381) e 255 50 MSFA-
YOLO , HAE S 5158 K/ N3 5 /0 1 (] B
5P T Precision ., Recall ,mAPg, Fll mAP,, ., P44~ PEAf
febr i Tl M H A B 2 [ 5o Faoe M B
haE, 5L L, S LB 1) DU A PR 5 AR o501 51
5% 3. 8% .4. 2% F12. 6% 1Y ik, HAKH T
(R B R R/ INAT B S /N 1
{EEXF T FPSFEFR M 142 FREE] 133, HAA DR
Rk, U IR R B 1 ik 5 22 108 TR) I AR TH R T A2 80 11
S AP SRR AR A R R AR 5]
HEATXF L, a0 1B 6 7R S AR U A 25 RSB 5 R AiE &
(A% BL B 6 B 2 s A5E R X 9% X8 1 DR T

MSFA-YOLO B ARIE M AR | A0 4G I L AR
WE 7R Sl A e R, k2
TR0 7 S AR R AEAS 46 52 2 45 5t R LI
bk SN (R IR SR 92E 0 2 valllR 7B = e N E AR R U B F|
WA HERR 097K 20 1] LAFE X5 /0y FL RS (04 0 80
AR, 5 et A A AR DA EE BT $R AR AR B A 5
BT R 55, 78 25 Tl g 55 vh BR 8 THU01 O o
HARALE I BARR S A A B 2 2
2.4 SHMERAEMNITEELE

4 MSFA-YOLO 5 fe 37 (1) 5 By B H Az ) 5457
HEFTXT LY, X AR AR AR I 2 50 A R A T e 4, i
KRG THE | IF AR A ™ AR 15 4> S5 2]
JZ B L AL 4% LWUVADet (lightweight UAV object
detection network) (2024) | Hyper-YOLO (2024) .
Mamba-YOLO (2024) | LUD (lightweight UAV small
object detection)-YOLO (2025) L K YOLO % %l 5
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Table 2 MSFA-YOLO ablation results on VisDrone2019-DET validation set

Precision  Recall ~ mAP mAP Parameters  Model Size  FLOPs
MEFFSA LR S e @ @ M) MB) (©)
x x 44.8 34.1 337 19.6 142 2.58 52 6.3
N x 46.7 353 35.4 212 135 2.6 53 7.7
x N x 458 35.1 35.1 20.8 131 2.94 6.0 7.6
x x N 45.5 34.6 349 20.1 172 224 4.6 6.2
N X v 48.1 35.8 372 223 147 272 56 92
x N N 48.4 36.1 36.9 22.1 136 3.06 6.2 9.1
N N X 483 36.5 37.6 225 129 3.42 6.9 10.5
N N N 48.9 37.6 38.1 22.7 133 3.08 6.1 10.4
T ML TR R R A, N8 ) T e, xR A e
%3 VisDrone2019-DET illif £ MSFA-YOLO jH R SEIG 25 R
Table 3 MSFA-YOLO ablation results on VisDrone2019-DET test set
Precision  Recall ~ mAP mAP Parameters  Model Size ~ FLOPs
MEFFSA LR S e @ @ (M) MB) ()
x x 39.1 295 27.2 15.1 142 2.58 52 6.3
N x x 39.6 30.9 28.1 15.8 135 2.6 53 7.7
x N x 39.4 30.5 27.8 15.6 131 2.94 6.0 7.6
x x v 39.7 30.4 277 15.4 172 2.24 4.6 6.2
N x N 412 323 30.1 17.1 147 272 56 9.2
x N N 423 32.1 29.9 16.8 136 3.06 62 9.1
N N x 432 32.8 30.8 17.5 129 3.42 6.9 10.5
N N N 44.1 333 314 17.7 133 3.08 6.1 10.4

VIR R AR A, N H P T IR, X R PR ks B

RS PEREPEAl 18 45 T A 28500 19 mA P, B
002K B DA M AR A S8 Parameters , X} 5K
IRZE RN 4 TR

Hrp = "R ZIR AR AT H] . &K 4rh
HH T MSFA-YOLO LA A 9 X bb B33 118 S 55
ghESL AR FTE B9 mAP, LR T AR A
Z5 5K B v, MSFA-YOLO A9 38 A5 # HUAS T Fe 3L
R RK ) mAP, I B T 38. 1%, BV 78 B 45 >
() AT 42 RN B =48 5 v, 2 40 B US T 2. 4%
-4.9% F10. 5%-4% W& T, 76 A bl i 2 i 4:
PR T 1. 6%-3. 9% T, £ S50 5 5
Il LWUAVDet 70> 6.62M #1 [t Mamba-YOLO 7>
2. 58M, {H J& HoKG B2 43 il s T 0 2 0. 7% Fil 1. 7%
M2z, TR H B MSFA-YOLO 76 fift v Jo A ML A 1K

B/ H RN 55 vh R B R kG B sz fh e
e
2.5 HM#EE FHXE

g T I MSFA-YOLO B4 #5152 H]
PE KL T UAVDT Bl 45 E 47112 A e 526, 4%
4 IR T 2 BB AR R DL K AR 58 BETT A B AR 7R i
G AR ISR e &8, PEAL 78 AR 1E £ Precision
Recall . mAPy, .mAP,,  #l Parameters

25 5 7 %, MSFA-YOLO 7E UAVDT 8t 4 |-,
Ll I Ath 28 M VAT AE A e An L RIA A, 5
FEL A LA TPAG T8 AR 3 AT 8. 5% .0. 6% .2. 1% Fil
1. 5% By HE T, i ik B T 4 9 MSFA-YOLO 7£
ENEESTOE ¢/ N RS SR = DN S R 7y il 7z
FOZAR A Bk iz fb e 1 . B 8 J/R T i
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Fig. 6  Feature maps with added module

ot B

P17 SRR R R E

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, /%
Model Parameters .
(M) All pedestrian people (bicyele  car van  truck tricycle 08 bug4, “motor
tricycle

YOLOv8n 301 328 344 273 83 761 386 277 213 107 473 365
YOLOVOt 197 322 336 276 75 754 400 277 199 122 438 346
YOLOv10n 227 329 346 277 83 755 378 284 205 113 483 364
YOLO11n 258 338 356 279 92 762 394 298 213 119 492 372
YOLO12n 256 327 343 275 8.1 758 381 287 201 110 485 367

LUD-YOLO 2.81 35.2 36.9 29.3 9.97
LWUAVDet 9.7 37.4 - - -

H —
yber 268 337 363 28.3 7.6
YOLO
Mamba-—
YOLO 566 364  38.1 298 100
MSFA-

308 381 413 314 124
YOLO(A )

77.4 41.8 314 222 13.6 49.8 39.4

76.5 38.2 30.5 22.1 11.7 50.3 374

77.7 42.1 33.1 23.1 14.2 54.8 40.6

79.3 45.0 36.6 25.0 14.7 53.0 422

T IO P AR ZABCR I, = 18 o s HLA g

*S5 UAVDTEHEE EXJLL LR

Table 5 Comparison of experimental results on UAVDT datasets

Model Precision(%) Recall(%) mAP(%) mAP, (%) Parameters(M)

Faster RCNN 29.8 245 234 11.0 41.39
ssD 27.3 20.6 21.4 93 50.4

YOLOv8n 36.4 29.7 295 16.8 3.01
YOLOvOt 35.7 29.4 282 16.2 1.97
YOLOvIOn 35.9 30.4 30.1 17.2 2.27
YOLO11n 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 425 311 31.7 18.6 5.66
MSFA-YOLO(Z ) 45.1 312 323 19.3 3.08

E O AR Z SRR R A

ARSCHR R T — Bl [ JC AL/ B bR
2 JUBE I, [ 3 17 9 4% MSFA-YOLO . %7 k%
SN EEEL : MEF LU 5 35T Sobel fA6 FE H2 L
T BA 20K BE T B R AT, A RO A 58 T SRR AT

A5 B s FSA BTH S 4 23 MUK & R m F 2 JE
AR By /N B AR BE T s LFFE BEHCR £ 45
3R] H SR A BRAE R ARG B B [ B AR S

£ VisDrone2019-DET F1 UAVDT ¥ 545 & A9 52
5 R W], MSFA-YOLO TEREAL T IUA Sk Iy ik . T il
S IIE AR B R R B AN TE] T %0
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18 MSFA-YOLO7E UAVDT L il i
Fig. 8 Detection performance of MSFA-YOLO on UAVDT
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