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Abstract: Objective Unmanned aerial vehicle (UAV) imagery is characterized by an extremely high density of small

objects (often < 16 x 16 pixels) and frequent corruption by weather-related noise, such as haze, rain, and motion blur.
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These factors cause severe signal attenuation and geometric ambiguity, making small-object detection a persistent bottle-
neck for convolutional neural networks and Transformer detectors. Although two- and one-stage frameworks have achieved
remarkable progress on natural-scene datasets, their accuracy decreases considerably on UAV benchmark datasets, includ-
ing VisDrone2019-DET, UAV Benchmark Object Detection and Tracking (UAVDT) , and Car Parking Lot (CARPK).
This study aims to enhance small-object precision without increasing the model size or sacrificing real-time capability.
Method To address the challenges above, this study proposes YOLO-WF, an enhanced YOLOvVS architecture that syner-
gistically fuses wavelet convolution with frequency-domain attention. First, YOLO-WF embeds a composite Fourier self-
attention module (CFSA) in the backbone. By applying 2D fast Fourier transform (FFT) to feature maps, CFSA estimates
cross-channel covariance on the amplitude spectrum, generates a learnable frequency mask that amplifies harmonics benefi-
cial for small-object detection, and suppresses high-frequency noise caused by haze, rainfall, and motion blur. The modu-
lated spectrum is then transformed back to the spatial domain via inverse FF'T, enabling the model to obtain a global recep-
tive field and long-range dependencies without increasing convolution kernel sizes. Second, a low-frequency wavelet trans-
form convolution module (LOWTC) is inserted at the feature extraction stage. Utilizing second-order Daubechies-4 wave-
lets, LOWTC decomposes the input features into approximation (A) and detail (D) subbands. The A subband, containing
object shape and contextual information, is processed by dilated depth-wise convolutions to capture long-range dependen-
cies. The D subband, which preserves edges and textures, is unchanged. This divide-and-conquer strategy not only
enlarges the receptive field but also alleviates the long-distance modeling deficiency of standard convolutions while keeping
parameter growth and computational overhead low, resulting in rich, robust feature representations for small and medium
objects. Third, after shallow feature extraction, a dedicated P2 detection head for objects smaller than 32 pixels is added,
together with a small-object label assignment strategy, to prevent large-instance interference and substantially improve the
localization accuracy of tiny targets. Extensive experiments on VisDrone2019, UAVDT, and CARPK benchmarks demon-
strated that YOLO-WF achieves substantial accuracy gains over the baseline model. Result All experiments were con-
ducted on single NVIDIA GeForce RTX 4090 D (24 210 MiB) running Ubuntu 16.04. The software stack comprised
Python 3.9 and PyTorch 2. 6. 0+cul24. Input images were resized to 640 X 640 pixels. The mini-batch size was set to 4
because of limited GPU memory. In accordance with the standard practice for fair comparison, no ImageNet pretrained
weights were loaded ; all models were trained from scratch for 100 epochs. On the VisDrone2019 dataset, the average preci-
sion (AP) metrics of AP50, APs (small objects) , and APm (medium objects) reach 47. 1%, 19.9%, and 40. 3%,
respectively. On the UAVDT dataset, the AP50, APs, and APm metrics are 81.56%, 38.54%, and 65. 12%, respec-
tively. Furthermore, on the CARPK dataset, the AP50, APs, and APm metrics are 94. 3%, 33. 3%, and 67. 9%, respec-
tively. These results indicate that the YOLO-WF model not only achieves high detection accuracy for small objects but also
maintains good performance for objects of different sizes. In addition, comparisons with several typical detection methods
showed that the YOLO-WF model has a substantial increase in average detection accuracy. For example, compared with
the traditional YOLOv8 model, the YOLO-WF model achieves an average improvement of 6. 5% in detection accuracy on
the VisDrone2019 dataset and 2. 44% on the UAVDT dataset. These improvements highlight the effectiveness of the pro-
posed YOLO-WF model in enhancing the detection performance for small objects in UAV-captured images. Sequential
module removal on VisDrone2019 shows that the detection head of small objects contributes the most (+3. 6% APs), fol-
lowed by CFSA (+2.7%) and LOWTC (+2. 1%). Combining CFSA with LOWTC yields an extra +1. 2%, indicating that
frequency-domain enhancement and wavelet context are complementary. Replacing standard convolutions with GSConv
recovers 0. 3% lost by the additional detection head, validating the slimming strategy. Conclusion The proposed YOLO-
WF model demonstrates notable improvements in the detection of small objects in UAV -captured images. By incorporating
the CFSA module, LOWTC module, and a specialized detection head, the model effectively enhances the extraction of key
features and improves the detection capability for small objects. Experimental results on multiple benchmark datasets vali-
date the superior performance of the YOLO-WF model in terms of detection accuracy and recall. This study provides a
promising solution for small-object detection in UAV-captured images, and the proposed model has the potential to be
applied in various practical scenarios, such as surveillance, traffic monitoring, and environmental monitoring. Future work

may focus on further optimizing the model architecture and exploring the integration of additional techniques to further
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enhance the detection performance and adaptability of the model to different types of UAV-captured images and environ-

mental conditions.

Key words: deep learning; small object detection; Fourier-based self-attention convolution module (CFSA) ; low-

frequency enhanced wavelet transform convolution (LOWTC) ; YOLOv8
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Fig. 1 The structural diagram of the YOLO-WF module
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Fig. 4 Two-level decomposition low-frequency band process
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Fig. 5 Small object detection head feature fusion module
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Fig. 6 The description of the VisDrone2019 dataset
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ATSS (adaptive training sample selection) (Zhang 5 ,
2020) . FCOS (fully convolutional one-stage object
detection) (Tian 4§ , 2019) . Faster R-CNN, DINO
(DETR with improved denoising anchor boxes ) (Zhang
4 ,2022) . YOLOv5 ., YOLOvS, YOLOv9 (Wang 55 ,
2024b) . TPH-YOLOVS (improved YOLOvS5 based on
transformer prediction head for object detection on
drone-captured scenarios ) (Zhu %5 ,2021) ,CZDet ( cas-

caded zoom-in detector for high resolution aerial

images) (Meethal % , 2023) . RTMDet (an empirical
study of designing real-time object detectors) (Lyu %5 ,
2022) . SODYOLOvS (enhancing YOLOvS for small
object detection in traffic scenes) (Khalili il Smyth,
2024 ) Fl YOLOv12 (Tian %5 , 2025) 2 fh 22 #i k6 0] 55
I 75 R AR AR A 3 B A R R B
A 06 R P A 7 THD R AT L . R 11— 3 200l
A N TR (1 R S B i T S i R
EE

%1 VisDrone2019 ##55% FHIXI L KI5 R
Table1 Comparison results on the VisDrone2019 dataset

(el AP50/% AP/% APs/% APm/% Params/M GFLOPs FPS/(1li/s)
ATSS 24.34 13.97 5.42 23.05 32.1 256.2 50.6
FCOS 2491 14.30 5.49 23.64 47.1 98.3 47.77
Faster R-CNN 26.57 16.35 6.20 29.67 41.4 370 50.4
DINO 35.59 19.52 10.61 30.03 47.6 500.1 19.94
YOLOv51 38.33 21.69 13.27 31.95 46.2 107.8 73.9
YOLOvSI 40.60 24.50 14.40 37.80 437 165.7 67.9
YOLOv9m 44.17 26.37 16.75 39.27 25.3 102.1 33.63
TPH-YOLOv5 40.67 23.82 14.96 33.66 60.4 237.3 111.2
CZDet 43.62 24.49 17.33 33.00 19.8 25.03 55.25
RTMDet 37.61 2223 12.04 34.63 52.3 129.8 46.32
SODYOLOv8 45.10 26.60 16.86 38.99 452 226 116.8
YOLOv121 43.00 26.39 16.53 39.46 26.5 89.75 50.86
YOLO-WF(A30) 47.10 28.60 19.90 40.30 43.52 238.44 83.04

T L SRR % 8 B A2 2R

M1 ] LUE Y, AR SCBER YOLO-WF 76 AP50
(TIoU [ {4 4 0.5) AP APs (/N H¥5) Fl APm (1 H
B ) IX 4 A KRS bR b AR EOAS e RS . Horp
AP50 AP Fl APs 48 45 53l ik 3] 47. 10% . 28. 60% FI
19.90%, & & & T AR, JG I JE7E APs $5 45
b R BB R LB AL CZDet 5 1 2. 57%, 3X
T8 53 U0 I B A S R AE S B /N H AR 19 R AT D T 1
. H R J& SODYOLOvS ., YOLOVY, CZDet Fil
YOLOvI2 2R, 44 SCHEFR IRt AR U A FE 1 245 2R
LAY R — R, AEA R e R B A 25
SRR (Params) K F , YOLO-WF S50}y 43. 52 M,
5 YOLOVS 11 43. 7 M AT , 75 T A (1) XF LrAsE 7Y v b
Frp Al o7 B, 2 YOLO-WF i s A pERE B i, R

AR SCHR H ALY GFLOPs iy 238. 44, 78 T A X HE AR
R b b A A, (H R RD A B A TR FPS 5 AR R AIK
T SODYOLOvS FIl TPH-YOLOvS5 4k, B i 25 T HAts A6
DAY

W2 Fros, T UAVDT 040 48 J2 DS A3
T W RS AR, AR IENGR R 2 | PR A 1A
IR T 45 LT 458 HEAE VisDrone2019 %44k b 9330
BERTE, Hrh,SDOYOLOvS £ YOLOvS #5751 43 5]
TEAPFIAPmAE bR Fab B m , 46 A B A ZE X P A~
Fe bR _EAORF X A {3 APSO FIl APs $5 bR S It
A XF A b i 1Y, 43 A 3 81. 56% i 38. 54%,
WY T R s A B AY LB IR 1 YOLOVS Fil
SODYOLOv8 43l &1 i1 2. 44% F12. 22%.
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Table 2 Comparison results on the UAVDT dataset
/%

&3 CARPKHIESE EMIXTEE R4 R
Table 3 Comparison results on the CARPK dataset
1%

e AP50 AP APs APm H A AP50 AP APs APm
ATSS 5132 2624 1838  49.23 ATSS 80.9 49.8 3.0 51.4
FCOS 61.67 3242 2335  59.10 FCOS 74.2 40.4 0.8 41.9
Faster R-CNN 4321 2560 1609  55.00 Faster R-CNN 79.9 49.6 3.3 51.1
DINO 69.25 3679 2870  61.10 DINO 94.4 525 279 62.1
YOLOvSI 7776 43.61 3597  64.72 YOLOvS! 96.0 582 246 67.8
YOLOvSI 79.12 4423 3546  67.11 YOLOvSI 95.1 582 265 67.9
YOLOv9m 71.58 3729 2951  59.10 YOLOv9m 95.0 560 235 65.0
TPH-YOLOv5 77.84 3746 2993 5813 TPH-YOLOv5 82.0 58.8 6.2 60.6
CZDet 63.00 3537 2821  59.17 CZDet 68.5 349 6.93  36.1
RTMDet 69.06 3856 3045  60.72 RTMDet 82.0 61.9 3.0 63.9
SODYOLOvS 73.44  48.67 3632  63.90 SODYOLOvS 95.8 565  27.8 66.1
YOLOv121 62.80 3590 2850  56.70 YOLOvI21 95.2 580 240 67.8
YOLO-WF(A30) 81.56  45.63 3854  65.12 YOLO-WF(A3C) 94.3 58.6 333 67.9

TE PRI R SR 2 5 e A4 2R

M 30 LLFE H, YOLOvS] (Bochkovskiy 4% ,
2020) BIEITE APSO FEbr L R M e fE , 18 51 96. 0%, '
7 AR R I AT 55 TR %) H AR Y 5 A 13 . RTMDet
FEAPFEbR L RIMIEH B8] 61. 9%, HoAth Z 50
BRI AEARNFE R AR L&A . HAPsTRIRR M,
ATSSFCOS . Faster R-CNN , TPH-YOLOv5 ., CZDet L)
S RTMDet #5256 /1N H A A6 0 J2& 25 U9 . YOLO-
W #5481 5 AR TE APSO Fl AP BN FR A SRR,
{H APs F1 APm 5 b5 1 /2 5 =5 14, 43 591 Ry 33. 3% Al
67. 9% JUHIE APs F5 45 B i s T oA i A 4Gz A5
B RS DINO SRS = 5. 4%, CARPK 34 45
T SR, BT YOLO-WF #5558 75 42 2= 3
s T [FAERE O 26 B0 O S ARG M R L HLA 800 1Y)
ERE

ZE E PR, AR SCHE A YOLO-WF K A% 7 7E
2 SRR v B B 1 SE A g RR I FE /N E
FnAer AT 55 v SR 30

ST R BRI ol AR AR P R Bk
FCOS. DINO. YOLOv5, YOLOv8., YOLOvO L) J
YOLO-WF # %Y 73 5] 7E VisDrone2019, UAVDT Hi
CARPK H¥a 4 b HEA T4 45 3 (%) v Ak

K 7@/~ T VisDrone2019 2045 4E F 19 n] Ak 25

T L P SRR 25 8 B A2

SR, v g e PTG A R A R 7 DN BT A5 Jmy A0
P (/NEEHE ) LK B . DINO, FCOS, YOLOvS .
YOLOv8 ., YOLOvO #5784 43 546 I 28] 18 v B4 v ) 52
AT ANEE M 11.13.11,10, 12, #LZT,YOLO-
WE A A B DA il i 7 R 17 S 588 AT N T
o 5o o R AR . X R AR /N B ARSI Jr T AR 3L
T A A AR Y B 2 A SE e

K8 25 i T4 UAVDT B0 45 b ] MRAL 25 5
AL A ARG A 2 A b BRI S Ak 1) 42
PIRE IS BT ARSI AR o AFXS T A0 B 32 Ak B /)
B AR, BRAS SCHE Y AOAR R A, H Al AR R 2 oK RE 64
N REE R K 8 B IRIEG AT T A i B R 1
LT 37 St Sy 38 ) TR P o Y OLOwS A 7R AN ASUAS: N
B % XA A 1754 s DINO L FCOS ., YOLOVS .
YOLOvO A5 74 43 51 6 I 1] B Hh X 38 o 19 75 42 50
$9:9.6.7.7. MIHLZ T, YOLO-WF R8I 5§ ks il i
T e Dk Y 10 TR G . A e Y A A R
ALIUARZE KIS, BRIV PA) ARt X D23, G T 5k 24 {4
JE— TR HL Ak G 4T 55, AR SCHR HE Y YOLO-WF
RERVEL G 58 i 13X —AT55 -

K9 J /R T 16 CARPK Bl 4 | 1y ] #i Ak &%
AL L 3R A YOLO-WEF 5 17E CARPK. |-, 139K
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Fig. 7 Comparison of detection visualization results of different models on the VisDrone2019 dataset
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Fig. 8 Comparison of detection visualization results of different models on the UAVDT dataset
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Fig. 9  Comparison of detection visualization results of different models on the CARPK dataset
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Fig. 10 Comparison results of accuracy, recall, AP50, and AP50-95 in the ablation study
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Table 4 Ablation study results
LAY eI
YOLOv8  +CFSA  +#&illsk  +LOWTC  AP50/% AP/% APs/% APm/%  Params/M  GFLOPs
N - - - 40.6 245 14.2 37.8 43.69 165.74
N N - - 40.9 25.0 14.8 37.1 4431 196.92
N - N - 433 25.3 17.2 35.4 42.89 206.29
N - - N 40.8 24.4 14.7 37.1 43.69 165.88
N N - N 420 25.4 15.4 38.6 47.44 357.41
N - N N 46.5 28.2 19.7 393 42.89 207.27
N N N - 46.6 28.4 19.8 39.9 43.50 237.60
N N N N 47.1 28.6 19.9 40.3 43.52 238.44

I F AT R A B GS e  FR AR, R R e

BT 5 SR (R P RE o 38 X EE B i AR [
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X HETH ARG A PERE RO ANEE . 2433 458
HCFA I 7N B A7 ARG I Sk AR (] B AL 19X 445 B
M T AR, 3 AR 4RGP i HE Bl s /s B A
K Sk A T B 42T, APS0 AP APs Fl APm 43 542
BT 3.8%.3.3%. 2.7% FlI 4.9%, Fl 3 £k A5 A
YOLOv8 A Lt , AP50 AP il APs $5 A5 32 T+ 86 0 i 3%
SRR T 6. 5% 4. 1% F1 5. 7%, 3 B AE R IEXT
ZERIN H BRSNS BE B TR B, 384T — e FE A T
APm SRR T 2. 5%, 3 1 Tk BRI e
iyt RRAE A 20/ B AR I Sk Bl A T LOWTC il
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