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Abstract—The combination of computer vision and remote
sensing imaging mechanisms drives the development of aerial
object detection technology toward intelligence and precision.
Existing methods are limited by the locality of spatial repre-
sentation and insufficient use of frequency domain information,
leading to the annihilation of small object features and sensitivity
to noise interference. To address these limitations, we propose
a multi-branch cross-domain enhancement (MBCDE) method,
which incorporates three novel modules: an edge enhancement
frequency-domain module to fuse multi-directional gradient and
frequency features in shallow layers for refined texture detail, a
Gaussian filtering frequency-domain module to suppress high-
frequency noise in deep layers via a heat-diffusion Gaussian
kernel, and a multi-branch large-Kernel frequency-domain at-
tention module to mine and enhance shallow features during
fusion for improved small object detection. Extensive experiments
on the low-altitude drone dataset VisDrone2019 and the high-
altitude satellite dataset DIOR demonstrate the effectiveness
of MBCDE, showcasing its plug-and-play compatibility across
diverse detection architectures.

Index Terms—Object detection, Frequency-domain informa-
tion, Large kernel convolution, Aerial image

I. INTRODUCTION

Aerial image object detection [1], [2] is not only a core
task in the field of computer vision but also a key component
of modern earth observation systems. It plays an irreplaceable
role in the construction of smart cities [3], emergency response
management, public safety [4], and other fields. With the rapid
development of drones and remote sensing technology, air-
based platforms enable multi-scale continuous observation of
surface objects. However, this technology still faces significant
challenges in practical applications. The extreme differences in
object size, the complexity and variability of the background
environment, and the particularity of the imaging perspective
together form the main bottleneck of current detection al-
gorithms. These challenges not only restrict the application
of existing technologies but also provide a clear research
direction for algorithm innovation. Developing a detection
paradigm that adapts to the characteristics of aerial images
has become a key breakthrough in enhancing earth observation
capabilities and intelligence levels.

The current aerial object detection methods can be catego-
rized into three types: one-stage detectors, two-stage detectors,
and DETR series detectors. Early two-stage detectors, such as
D2Det [5], improve the positioning accuracy of drone scenes
through dense feature sampling and bounding box refinement
mechanisms. However, due to their large computational work-

load and slow inference speed, they struggle to meet real-time
requirements, leading to a decline in related research in recent
years. DETR pioneers the end-to-end use of Transformers
for object detection, and subsequent optimization efforts in
various scenarios continue to emerge. For instance, although
the aerial object detector ARS-DETR [6] enhances global
modeling capabilities, its training difficulty and large number
of parameters limit its application on edge devices. In contrast,
one-stage detectors have become the mainstream choice in the
industry due to their high efficiency. The YOLO model, repre-
sented by TPH-YOLOv5 [7], introduces the P2 prediction head
and attention mechanism to significantly improve small ob-
ject detection performance, though this also greatly increases
computational complexity. However, these classic aerial object
detection methods remain limited to spatial feature modeling,
overlooking the potential of frequency domain information to
enhance texture expression and suppress noise interference.

At the same time, frequency domain learning, as a com-
plementary approach, gradually gains attention in the field
of computer vision. In the early stages, Xu et al [8]. and
FcaNet [9] applied the frequency domain reweighting mecha-
nism to object detection and instance segmentation tasks. By
dynamically adjusting spectral weights and selecting key fre-
quency components, these methods improve the model’s abil-
ity to perceive fine-grained features. Although such methods
demonstrate the effectiveness of frequency domain analysis in
computer vision, their application in aerial object detection
remains in its infancy. Moreover, existing methods generally
fail to systematically model the functional differences be-
tween various levels of the network and often indiscriminately
eliminate high-frequency components, leading to the loss of
shallow edge and texture information. Additionally, the key
frequency domain information of small objects in the shallow
features of P2 is often overlooked during the multi-scale
fusion process. To address these issues, this paper proposes
a multi-branch cross-domain enhancement (MBCDE) method
and an edge-Gaussian frequency-domain backbone network
(EGFNet), with the following contributions:

• We propose MBCDE, which achieves collaborative op-
timization of spatial and frequency domain features in a
plug-and-play manner, effectively improving the perfor-
mance of object detection from an aerial perspective.

• We design three core modules: edge enhancement
frequency-domain module (EFM) to enhance shallow tex-
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Fig. 1. The overall architecture of the MBCDE. Two layers of EFM are embedded in the shallow layer of the backbone to capture fine-grained contour
perception, and two layers of GFM are embedded in the deep layer of the backbone to remove the interference of high-frequency background noise. The
features of the P2 layer are reused in the neck network and OKM attention is introduced to enhance the representation ability of objects of different scales.

ture details, Gaussian filtering frequency-domain module
(GFM) to suppress deep background noise, and multi-
branch large kernel convolution frequency-domain atten-
tion module (OKM) to fully exploit and optimize the
high-frequency features of the P2 layer, which together
constitute a complete multi-scale cross-domain enhance-
ment framework.

• Extensive experiments validate the effectiveness of the
method. On the VisDrone2019 and DIOR datasets,
MBCDE achieved mAP of 27.8% and 67.2%, respec-
tively, and its generalizability was also verified in various
one-stage and two-stage detectors.

II. RELATED WORK

A. Object Detection in Aerial Images

Aerial images can be divided into high-altitude satellite and
low-altitude drone perspectives. Their unique imaging charac-
teristics lead to severe challenges in object detection, such as
difficulty in identifying small objects, excessive background
interference, and dense overlap. Existing methods primarily
improve detection performance by optimizing multi-scale fu-
sion strategies or modeling specific problems for different
datasets and scenarios. For example, MFEFNet [10] designs
an adaptive feature fusion module that allows the model
to dynamically evaluate the importance of feature maps at
different scales, thereby suppressing unnecessary redundant
information. To solve the problem of detail loss and weak
semantic information in small objects, MAGC-YOLO [11]
proposes a multi-scale fusion method based on a graph neural
network with self-attention, enabling the model to detect small
objects accurately and efficiently in complex environments.
ABFL [12] models the angle of the object bounding box based
on the characteristics of the aerial perspective and von Mises
distribution to alleviate the issue of discontinuous positioning

angles, performing well in dense scenes. EARL [13] addresses
the problem of large length and width changes, as well as
unbalanced sampling of remote sensing objects, by introducing
a dynamic elliptical distribution auxiliary sampling strategy
that flexibly selects high-quality samples to fit the object
shape while filtering out low-quality object samples. Although
these methods have made significant progress in various aerial
object detection scenarios, their optimization is still limited
to spatial domain representation, overlooking the potential of
frequency domain information. Moreover, they lack solutions
for optimizing the feature extraction stage and suffer from
issues such as insufficient decoupling of object edge-texture
information and background noise interference.

B. Frequency-domain Learning for Object Detection

By mapping spatial information to the frequency domain
through fast Fourier transform (FFT), different frequency
components of the image are effectively separated, helping the
model better understand the overall layout and local details
of the image. However, these features are often difficult to
obtain directly or are easily ignored in single spatial domain
processing. In recent years, frequency domain learning has
gained increasing attention in object detection tasks. For
example, CFIL [24] and SFI [25] propose frequency domain
feature extraction mechanisms and frequency domain feature
interaction mechanisms to compensate for the lack of spa-
tial information, deepening the network’s understanding and
perception of object details. NLE-YOLO [26] introduces low-
frequency filters to remove high-frequency noise in low-light
scene interference. Another study [27] uses discrete wavelet
transform to construct a high-frequency coefficient fusion
model that efficiently and accurately fuses infrared and visible
light images, alleviating the problem of inadequate understand-
ing of complex road conditions by visual sensors and making
a practical contribution to the implementation of autonomous



TABLE I
COMPARISON WITH OTHER METHODS OF MEDIUM SIZE ON THE VISDRONE2019 DATASET.

Methods Year Aw Bi Bu Ca Mo Pd Po Ti Tu Va AP50↑ AP↑ FPS↑
DoubleHead-RCNN-R50 [14] 2020 16.8 20.5 56.0 75.1 43.8 40.2 33.6 31.4 40.7 48.5 40.7 25.6 14.2
Dynamic-RCNN-R50 [15] 2020 11.0 9.8 47.0 69.3 27.7 31.0 22.6 15.4 28.6 43.4 30.6 19.2 28.0
Sparse-RCNN-R50 [16] 2021 9.3 13.2 36.7 59.8 36.9 31.2 25.8 20.0 27.8 30.1 29.1 16.8 18.3
DAB-DETR-R50 [17] 2022 8.2 11.3 33.5 62.8 36.5 30.4 25.6 20.2 30.5 30.2 28.9 15.0 25.3
DINO-R50 [18] 2023 17.3 17.7 59.5 82.7 48.2 46.4 36.3 32.7 41.3 49.2 43.1 25.5 19.8
DDQ-R50 [19] 2023 18.0 18.3 61.2 83.9 51.2 58.1 44.3 30.7 38.5 49.6 45.4 26.7 21.6
RTMDET-M [20] 2022 14.6 12.1 56.1 75.2 40.4 34.2 28.3 25.1 36.3 41.4 36.4 21.5 36.7
Gold-YOLO-M [21] 2023 18.8 14.4 59.8 80.4 46.6 43.5 34.2 30.3 40.9 45.5 41.4 25.0 58.0
YOLOv12-M [22] 2025 17.5 14.8 60.8 81.0 46.7 45.7 35.1 31.2 40.4 47.5 42.1 25.5 64.6
YOLOv11-M [23] (Baseline) 2024 18.5 14.9 59.4 80.5 47.2 45.3 34.1 30.7 41.2 48.0 42.0 25.4 64.3
MBCDE (Ours) - 20.1 18.6 63.8 84.5 50.9 49.5 38.5 35.0 44.8 50.3 45.7 27.8 58.7

driving technology. Although these methods highlight the
value of the frequency domain in feature decoupling and noise
suppression, the strategies they propose fail to fully consider
the semantic changes of features in the depth direction of the
network. This results in the weakening of edge and texture
clues contained in the shallow layer during high-frequency
suppression. Additionally, the frequency domain information
of the shallow feature layer, which contains a large amount
of small object information, is ignored during feature fusion,
limiting the model’s ability to recognize small objects.

III. METHOD

A. The Overall Architecture of MBCDE

Figure 1 (a) shows the overall architecture of the MBCDE
proposed in this paper. In the feature extraction stage, we use
the EGFNet backbone network, which includes two shallow
EFM and two deep GFM. A OKM is introduced into the
neck network, enhancing the model’s contextual perception
and semantic expression capabilities for objects of different
scales by efficiently integrating the multi-scale features of the
P2, P3, and P4 layers in the backbone network.

B. Edge Enhancement Frequency-domain Block

In the shallow layers of the backbone network (layers
with 128 and 256 channels), we design four-branch EFBlock
(shown in Figure 1 (d)) and EFM (shown in Figure 1 (b)) to
enhance the backbone network’s ability to capture fine-grained
features, such as object contours and internal textures, from the
original spatial domain, x gradient, y gradient, and frequency
domain. For the input image x(x, y), the Scharr edge detection
operator effectively captures the horizontal and vertical edges
of objects in the image, as shown in the following formula:

Gx =

 3 0 −3
10 0 −10
3 0 −3

 , Gy =

 3 10 3
0 0 0
−3 −10 −3

 (1)

Here, Gx and Gy represent the Scharr operators in the
horizontal and vertical directions, respectively, and are used
to calculate the horizontal and vertical gradients of the image.
Additionally, we use FFT to convert the spatial domain image
x(x, y) into the frequency domain image X(u, v), as shown
in the following formula:

X(u, v) =

M−1∑
x=0

N−1∑
y=0

x(x, y)e−j2π(ux
M + vy

N ) (2)

Here, (x, y) represents the spatial image pixel position,
(u, v) denotes the frequency domain coordinates of the fre-
quency domain image, and M and N are the width and height
of the image. The frequency domain features after FFT are
represented by the real part and the imaginary part:

X(u, v) = Xreal(u, v) + jXimag(u, v) (3)

Then, the low-frequency and high-frequency information of
the image is processed through frequency domain convolution.
Finally, the spatial domain image y(x, y) is restored using
the inverse fast Fourier transform (IFFT), as shown in the
following formula:

y(x, y) =
1

MN

M−1∑
u=0

N−1∑
v=0

X(u, v)ej2π(
ux
M + vy

N ) (4)

Finally, the four-branch features are weighted and embedded
into the EFM, enabling the model to enhance its ability to
extract local details of objects from different perspectives.

C. Gaussian Filtering Frequency-domain Block

In the deep layers of the backbone network (layers with
512 and 1024 channels), we design the three-branch GFBlock
(shown in Figure 1 (e)) and GFM (shown in Figure 1 (c)).
While retaining the spatial and frequency domain branches
to learn the global structure of the image, we introduce a
Gaussian filtering to smooth the image and suppress irrelevant
background noise. The Gaussian kernel is defined as follows:

Gaussian(x, y) =
1

2πσ2
exp

(
− x2+y2

2σ2

)
(5)

Here, the value range of x and y consists of five discrete
values, {−2,−1, 0, 1, 2}, with a Gaussian kernel size of 5 ×
5 and a σ value of 1. The design of the frequency domain
branch is the same as the EFBlock in Section III-B. Finally,
by integrating the fused three-branch GFBlock into GFM,
the global semantic consistency of the deep information is
enhanced, and the features are aligned for the subsequent
multi-scale fusion in the neck network.



TABLE II
COMPARISON WITH OTHER METHODS OF MEDIUM SIZE ON THE DIOR DATASET.

Methods AL/GF AO/HA BE/OP BK/SH BI/SA CI/SO DM/TC ES/TS ET/VE GF/WM AP50↑ AP↑

DoubleHead-RCNN 92.8/89.8 87.9/63.0 94.3/71.1 91.6/74.6 56.1/96.1 89.6/65.5 76.0/94.8 93.6/72.1 80.3/51.6 87.2/94.1 81.0 57.3
Dynamic-RCNN 92.8/88.9 88.4/61.5 93.1/68.3 91.0/73.2 55.2/94.8 89.0/63.3 75.0/94.8 67.4/62.5 63.6/48.7 86.7/90.1 79.6 57.2

Sparse-RCNN 91.3/86.4 85.9/50.5 92.9/68.8 88.6/61.7 52.3/93.6 89.6/59.1 75.0/92.9 91.2/65.9 83.9/56.0 86.9/94.8 78.4 54.2
DAB-DETR 89.6/89.8 89.9/39.8 91.0/73.9 86.7/59.8 55.7/96.3 94.2/60.6 85.9/92.3 92.9/69.5 78.8/57.6 88.2/90.4 79.2 52.9

DINO 95.0/89.6 91.0/69.1 94.1/71.0 90.2/76.1 55.3/94.6 91.7/77.7 76.7/95.4 93.7/66.9 82.4/62.2 87.8/93.3 82.7 59.3
DDQ 96.7/90.6 92.5/67.7 95.4/72.4 91.1/93.8 56.9/95.3 92.5/86.3 79.7/96.4 93.9/72.5 91.3/70.8 89.9/94.0 86.0 62.7

RTMDET 96.2/90.8 94.2/77.8 94.4/71.9 94.3/77.7 56.7/96.5 93.6/79.2 78.4/96.9 96.3/78.1 86.0/65.0 90.8/92.0 85.3 63.1
Gold-YOLO 96.4/90.5 93.3/75.0 95.9/71.9 92.6/94.5 59.3/95.9 92.4/88.8 81.4/97.0 96.2/72.7 89.6/67.9 88.5/94.2 85.7 64.6
YOLOv12 96.0/91.1 92.9/78.0 95.6/73.2 92.8/94.3 60.4/96.0 92.5/88.4 81.7/97.1 96.1/74.1 87.5/68.0 89.8/94.5 86.0 65.3

YOLOv11 (Baseline) 96.4/91.4 92.9/73.1 95.9/73.1 93.3/94.7 60.0/96.8 91.1/88.0 80.3/97.4 96.0/72.2 87.9/67.2 88.6/95.8 86.1 65.0
MBCDE (Ours) 97.3/92.1 94.5/78.1 96.9/74.0 94.0/95.6 62.2/97.5 93.4/89.7 83.8/98.1 97.9/76.7 90.6/70.1 91.6/95.7 88.5 67.2

D. Frequency-domain Attention Module

In order to effectively enhance the model’s detection ability
for objects of different sizes (especially small objects) and
fully tap the complementary information between the spatial
domain and the frequency domain, we reuse the feature
information of the P2 layer in the neck network and introduce a
multi-branch large-kernel convolution frequency-domain atten-
tion OKM [28] based on joint modeling of the spatial domain
and the frequency domain. OKM consists of three parts: the
large-kernel branch, the global branch, and the local branch.
The large-kernel branch expands the receptive field through 1
× 31, 31 × 1, and 31 × 31 large-kernel convolutions to obtain
contextual information of objects of different shapes. The
global branch first introduces the frequency-domain channel
attention FCA to weight the features in the channel dimension
and adjust the frequency components of the global features to
improve the expression of global information. The formula is
as follows:

XFCA = F−1
(
F(Xglobal)⊙W 1×1

FCA (GAP(Xglobal))
)

(6)

Here, F and F−1 represent FFT and IFFT, respectively;
⊙ denotes element-wise multiplication; and GAP stands for
global average pooling. Next, the frequency-domain spatial
attention (FSAM) fine-tunes spatial features in the frequency
domain. The formula is as follows:

XFSAM = F−1
(
F(W 1×1

FCA(XFCA))⊙W 2×1
FCA(XFCA)

)
(7)

W 1×1
FCA and W 2×1

FCA are 1 × 1 and 2 × 1 convolution kernels.
The final local branch uses 1 × 1 depth convolution to effec-
tively capture local detail information and prevent information
degradation of small objects during feature transfer.

IV. EXPERIMENT AND ANALYSIS

A. Dataset and Experimental Details

The first is VisDrone2019 [29] from the perspective of
a low-altitude drone, which contains 10 categories: awning-
tricycle (Aw), bicycle (Bi), bus (Bu), car (Ca), motorcycle
(Mo), pedestrian (Pd), person (Po), tricycle (Ti), truck (Tu)
and van (Va), of which 6471 images are used for training, 548

images are used for validation, and 1610 images are used for
testing. The second is DIOR [30] from a high-altitude satel-
lite perspective, including 20 categories: airplane (AL), air-
port (AO), baseball-field (BE), basketball-court (BK), bridge
(BI), chimney (CI), dam (DM), expressway-service-area (ES),
expressway-toll-station (ET), golf-field (GF), ground-track-
field (GT), harbor (HA), overpass (OP), ship (SH), stadium
(SA), storage-tank (SO), tennis-court (TC), trainstation (TS),
vehicle (VE), windmill(WM), of which 14077 images are
used for training, 4694 for validation, and 4692 for testing.
We use an RTX 3090 graphics card for experiments, employ
YOLOv11-M [23] as the baseline method, and train for 150
epochs on both datasets with a batch size of 8 and a learning
rate of 0.01. We use the F1 score, AP50, AP, and FPS as
evaluation metrics for analysis.

B. Comparison with Other Advanced Methods

As shown in Table I, we compare MBCDE with recent
object detection methods on the VisDrone2019 dataset. The
first three methods are two-stage object detection methods,
the middle three are DETR series object detection methods,
and the last three are one-stage object detection methods.
Experimental results show that MBCDE achieves the highest
AP50 scores in 6 out of 10 categories, with an average AP50

of 45.7% and an average AP of 27.8%, both the highest
among all methods. This demonstrates that MBCDE’s mining
and utilization of frequency domain information effectively
compensates for the shortcomings of spatial domain infor-
mation, and cross-domain collaboration enhances the overall
performance of the model. Additionally, MBCDE, like other
one-stage object detection methods, generally exhibits efficient
computing speed, ranking third among the 11 methods. This
indicates that MBCDE has the potential to be deployed in edge
devices for real-time detection.

We also compare the same method on the DIOR dataset,
with the results shown in Table II. First, MBCDE achieves the
highest detection accuracy in 13 out of 20 object categories,
covering objects of different sizes, such as large objects GF-
92.1%, medium objects BE-96.6%, and small objects SH-
95.6%. This demonstrates that MBCDE has excellent ability to
identify objects of various sizes. Secondly, MBCDE achieves
88.5% and 67.2% in AP50 and AP metrics, respectively, which
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Fig. 2. Ablation study for EGFNet. (a) and (b) are visualizations of the insertion locations of EFM and GFM, respectively. (c), (d) Ablation of the insertion
location of EFM. (e), (f) Ablation of the insertion location of GFM. The horizontal axis names in (c)-(f) are No, First, Last, and All from front to back,
respectively, and the F1 score and AP50 are compared.

TABLE III
ABLATION EXPERIMENTS ON VISDRONE2019 AND DIOR DATASETS.

EFM GFM OKM VisDrone2019 DIOR

F1↑ AP50↑ AP↑ F1↑ AP50↑ AP↑

✗ ✗ ✗ 45.1 42.0 25.4 83.9 86.1 65.0
✓ ✗ ✗ 46.7 42.6 26.1 84.7 87.1 65.4
✗ ✓ ✗ 46.5 42.8 26.1 85.0 87.3 66.4
✗ ✗ ✓ 47.9 43.7 26.7 85.0 87.6 66.0
✓ ✓ ✗ 48.2 44.3 27.2 85.8 87.9 66.5
✓ ✓ ✓ 49.2 45.7 27.8 85.7 88.5 67.2

are 2.4% and 2.2% higher than the baseline method. This
further shows that, compared to the baseline method, MBCDE
adapts well to high-altitude satellite perspectives for object
detection and maintains stability in complex scenes.

C. Ablation Study

To verify the effectiveness of each component of MBCDE,
we conduct ablation studies on two datasets. As shown in
Table III, on the VisDrone2019 dataset, the addition of OKM
significantly improves the detection results, with increases of
2.8%, 1.7%, and 1.3% in F1 score, AP50, and AP, respectively,
compared to the baseline. This reveals that OKM’s strategy of
reusing the P2 feature layer and the multi-branch large-kernel
convolution scheme enhances the model’s ability to handle ex-
treme scenes, such as dense overlap, and effectively transmits
information about small objects. On the DIOR dataset, models
using EFM and GFM alone improve AP50 by 1.0% and 1.2%,
respectively, compared to the baseline, and improve by 1.7%

when used together. This shows that the shallow EFBlock and
deep GFBlock enhance object texture recognition and reduce
high-frequency noise interference, respectively, and can work
together flexibly and effectively. Finally, MBCDE, combining
all its components, achieves the best performance on both the
AP50 and AP metrics.

1) Effectiveness Experiments within EGFNet Backbone Net-
work: As shown in Figure 2, we conduct an ablation study on
the insertion position and number of modules within EGFNet.
Overall, EFM and GFM achieve the best insertion effect at all
positions, and inserting a single layer performs better than
not inserting any. This demonstrates that spatial-frequency
domain collaboration at different levels can leverage multi-
angle information and improve the model’s understanding
of complex scenes. Additionally, inserting modules in the
deep layers generally performs better than in the shallow
layers, reflecting that the deep layers contain richer details
and semantic information, which better support global feature
modeling.

2) Effectiveness Experiments within OKM Module: As
shown in Table IV, we compare OKM with several attention
algorithms based on similar concepts. It can be observed
that OKM, which integrates multi-branch, large-kernel convo-
lution, and frequency-domain information, achieves the best
overall performance on both datasets. Its F1 score improves
by 0.6%, 1.0%, 1.1%, 0.6%, 0.5%, and 0.7%, respectively,
compared to other attention algorithms that rely on only one
concept. This demonstrates that OKM has stronger adaptability



TABLE IV
ABLATION EXPERIMENTS OF SIMILAR ATTENTION AND OKM ATTENTION,

WHERE MB REPRESENTS MULTI-BRANCH, LK REPRESENTS
LARGE-KERNEL CNN, AND FD REPRESENTS FREQUENCY DOMAIN.

Attention MB LK FD VisDrone2019 DIOR

F1↑ AP50↑ AP↑ F1↑ AP50↑ AP↑

DBB [31] ✓ ✗ ✗ 47.6 44.1 26.7 85.1 88.2 66.5
LSKA [32] ✗ ✓ ✗ 48.2 44.5 26.8 85.2 88.2 67.0
MSCA [9] ✗ ✗ ✓ 48.1 44.6 27.0 85.0 88.0 66.2
OKM [28] ✓ ✓ ✓ 49.2 45.7 27.8 85.7 88.5 67.2

TABLE V
GENERALITY EXPERIMENTS ON DIFFERENT ONE-STAGE AND TWO-STAGE
DETECTION METHODS MBCDE METHOD ON THE VISDRONE-2019 AND

DIOR DATASETS.

Method VisDrone2019 DIOR

AP50↑ AP↑ AP50↑ AP↑

Dynamic-RCNN [15] 30.6 19.2 79.6 57.2
+MBCDE 33.4 (+2.8) 20.9 (+1.7) 82.0 (+2.4) 59.1 (+1.9)
DoubleHead-RCNN [14] 40.7 25.6 81.0 57.3
+MBCDE 43.9 (+3.2) 26.8 (+1.2) 83.8 (+2.8) 59.3 (+2.0)
RTMDET [20] 36.4 21.5 85.3 63.1
+MBCDE 38.6 (+2.2) 22.5 (+1.0) 87.0 (+1.7) 63.8 (+0.7)
YOLOv12 [22] 42.0 25.4 86.0 65.3
+MBCDE 45.5 (+3.5) 27.2 (+1.8) 88.2 (+2.2) 66.5 (+1.2)

and robustness for aerial object detection tasks.

D. Universality Study of MBCDE Method

Our MBCDE method can be flexibly and plug-and-play
into other detectors. As shown in Table V, integrating the
MBCDE consistently improves AP50 and AP metrics on
both two-stage (Dynamic-RCNN, DoubleHead-RCNN) and
two one-stage (RTMDET, YOLOv12) methods. Experiments
demonstrate that the mechanisms of MBCDE in enhancing
texture, suppressing noise, and optimizing feature fusion are
universally effective in improving the generalization perfor-
mance of detectors with different architectures.

E. Visualization

As shown in Figure 3, we compare the detection results
of the baseline and MBCDE on two datasets with real labeled
data. To highlight the differences more clearly, we use different
colors. It can be seen that MBCDE significantly reduces
missed detections and false detections across multiple scenes,
such as intersections, highway toll booths, and stadiums.
Additionally, in the dense scene in the fourth column, MBCDE
accurately identifies small objects and ships without being
disturbed by complex backgrounds. These visualization results
fully verify the advantages and reliability of MBCDE in
practical applications.

V. CONCLUSION

This paper proposed a multi-branch cross-domain enhance-
ment detection method, MBCDE, which integrates spatial and
frequency domain modeling, providing a new, reliable, and
efficient solution for aerial object detection. By introducing
the edge enhancement frequency-domain module EFM in
the shallow layer of the backbone network, embedding the
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Fig. 3. The detection results of the two datasets are visualized. The top three
rows are VisDrone-2019, and the bottom three rows are DIOR. Red boxes
indicate missed objects, blue boxes indicate false detections, green boxes
indicate correct object detections, and yellow circles highlight errors.

Gaussian filtering frequency-domain module GFM in the deep
layer of the backbone network, and designing a multi-branch
large-kernel convolution frequency-domain attention module
in the neck network to optimize the feature fusion process,
MBCDE effectively improved the model’s adaptability to
complex scenes and scale-varying situations. Extensive experi-
ments on two typical aerial image datasets, VisDrone2019 and
DIOR, demonstrated the advantages of this method in terms of
detection accuracy and versatility, while also exhibiting good
computational efficiency, making it suitable for deployment
on edge devices. In the future, we plan to further optimize its
architecture and apply this method to video object detection,
cross-modal object detection, and other fields to explore its



potential.
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