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Abstract

Accurate small object detection in unmanned aerial vehicle (UAV) imagery is fundamental
to numerous safety-critical applications, including intelligent transportation, urban surveil-
lance, and disaster assessment. However, extreme scale compression, dense object distribu-
tions, and complex backgrounds severely constrain the feature representation capability of
existing detectors, leading to degraded reliability in real-world deployments. To overcome
these limitations, we propose FDE-YOLO, a lightweight yet high-performance detection
framework built upon YOLOv11 with three complementary architectural innovations. The
Fine-Grained Detection Pyramid (FGDP) integrates space-to-depth convolution with a
CSP-MFE module that fuses multi-granularity features through parallel local, context, and
global branches, capturing comprehensive small target information while avoiding compu-
tational overhead from layer stacking. The Dynamic Detection Fusion Head (DDFHead)
unifies scale-aware, spatial-aware, and task-aware attention mechanisms via sequential
refinement with DCNv4 and FReLU activation, adaptively enhancing discriminative capa-
bility for densely clustered targets in complex scenes. The EdgeSpaceNet module explicitly
fuses Sobel-extracted boundary features with spatial convolution outputs through residual
connections, recovering edge details typically lost in standard operations while reducing
parameter count via depthwise separable convolutions. Extensive experiments on the
VisDrone2019 dataset demonstrate that FDE-YOLO achieves 53.6% precision, 42.5% recall,
43.3% mAP50, and 26.3% mAP50:95, surpassing YOLOv11s by 2.8%, 4.4%, 4.1%, and
2.8% respectively, with only 10.25 M parameters. The proposed approach outperforms
UAV-specialized methods including Drone-YOLO and MASF-YOLO while using signifi-
cantly fewer parameters (37.5% and 29.8% reductions respectively), demonstrating superior
efficiency. Cross-dataset evaluations on UAV-DT and NWPU VHR-10 further confirm
strong generalization capability with 1.6% and 1.5% mAP50 improvements respectively,
validating FDE-YOLO as an effective and efficient solution for reliable UAV-based small
object detection in real-world scenarios.

Keywords: YOLOv11; UAV aerial images; small target detection; multi-scale feature fusion;
object detection

MSC: 68T45; 68T07

1. Introduction
With the rapid advancement of computer technology, particularly artificial intelli-

gence (AI) and machine learning (ML), data-driven approaches have been widely adopted
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across various industries to improve efficiency, prediction accuracy, and decision-making
processes [1]. Building upon these technological advancements, unmanned aerial vehicle
(UAV) technology has experienced rapid development, with applications spanning agri-
cultural monitoring [2], disaster relief, traffic inspection [3], and border security [4]. UAV
aerial imagery has emerged as a critical data source for large-scale surface observation
due to its flexibility, wide field of view, and cost-effectiveness [5]. However, aerial images
often suffer from challenges such as small target sizes, complex backgrounds, and densely
distributed objects. Accurate detection of small targets—particularly vehicles, pedestrians,
and small facilities—remains a fundamental challenge that limits the intelligent perception
capabilities of UAV systems [6,7].

Currently, object detection algorithms can be divided into two categories: traditional
detection algorithms based on manual feature extraction [8,9] and object detection al-
gorithms based on deep learning, which possess powerful feature expression capabili-
ties and generalization, representing the current mainstream research direction. Deep
learning-based object detection algorithms can be subdivided into two-stage algorithms
(representative algorithms include Fast R-CNN [10,11] and Mask R-CNN [12,13]) and one-
stage algorithms (representative algorithms include the YOLO [14–16] series and SSD [17]).
Among these, one-stage algorithms with fast detection speed, high computational effi-
ciency, and good edge deployment capabilities have become common algorithms for small
target detection in UAV aerial images. The YOLO series algorithms are typical represen-
tatives of this category, widely applied in UAV aerial image small target detection due
to their fast, accurate, and efficient characteristics, with extensive research conducted by
scholars worldwide.

Recent advances in YOLOv11-based detection systems have demonstrated significant
improvements in various UAV applications [18–20]. However, existing UAV aerial image
detection algorithms still suffer from the following problems to varying degrees: First,
although the above-mentioned improved algorithms can improve small target detection
performance to a certain extent, they lead to dramatic increases in computational cost,
affecting overall model performance improvement while being difficult to apply to edge
devices [21,22]. Additionally, insufficient utilization of feature information remains a prob-
lem. When facing scenarios where highly similar small targets appear in large numbers
within limited areas, the above-mentioned improved methods perform poorly, resulting in
missed detections [23,24].

To address these fundamental challenges in UAV aerial image small target detection,
we propose FDE-YOLO, an enhanced YOLOv11-based detection framework incorporating
three complementary architectural innovations for robust small target localization under
challenging aerial imaging conditions. The proposed framework comprises a reconstructed
neck architecture through the Fine-Grained Detection Pyramid (FGDP), which employs
space-to-depth convolution and cross-stage partial multi-scale feature extraction to preserve
small target information while avoiding the computational burden of excessive detection
layer stacking. To enhance discriminative capability for densely clustered similar targets, we
introduce a Dynamic Detection Fusion Head (DDFHead) that integrates scale-aware, spatial-
aware, and task-aware attention mechanisms through sequential refinement, enabling
adaptive focus on multi-scale targets across complex spatial distributions. Furthermore,
the framework incorporates EdgeSpaceNet, a lightweight dual-branch feature extraction
module that explicitly captures edge and spatial information through Sobel operators and
standard convolutions with residual fusion, strengthening boundary discrimination for
blurred small targets while reducing model complexity. These synergistic components
collectively enhance feature representation quality, localization accuracy, and computational
efficiency for UAV-based small target detection tasks.
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In summary, the main contributions of this paper are as follows:

• To address the problem of excessive computational cost introduced by stacking detec-
tion layers, a Fine-Grained Detection Pyramid (FGDP) is designed with space-to-depth
convolution and CSP-MFE modules to enhance multi-scale feature fusion capability.
The pyramid structure adopts space-to-depth transformation strategy to preserve
small target information through lossless downsampling while avoiding excessive
computational overhead, achieving improved detection accuracy with controlled
model complexity.

• To address the problem of missed detections caused by small target aggregation,
a Dynamic Detection Fusion Head (DDFHead) incorporating DCNv4 and FReLU
activation is developed to strengthen multi-dimensional perception through unified
spatial-aware, scale-aware, and task-aware attention mechanisms. This detection head
dynamically combines attention mechanisms to enhance discriminative capability
for densely distributed similar small targets and improve localization precision in
complex backgrounds.

• To address the problem of missed detections caused by blurred small target boundaries,
an EdgeSpaceNet module combining Sobel edge extraction and spatial convolution
is introduced to explicitly capture boundary and spatial features for small targets.
The dual-branch architecture with residual fusion combines edge information and spa-
tial information extraction, enhancing feature representation while reducing parameter
count to facilitate deployment on edge devices.

The remainder of this paper is organized as follows. Section 2 reviews related work
on YOLO-based small target detection, UAV detection systems, and attention mechanisms.
Section 3 presents the detailed methodology of FDE-YOLO including network architecture
and module designs. Section 4 reports experimental results including ablation studies,
comparative experiments, and visualization analyses. Finally, Section 5 concludes the paper
and discusses future research directions.

2. Related Work
2.1. YOLO-Based Small Target Detection

The YOLO series has evolved significantly since its introduction [14], with subsequent
versions progressively improving detection accuracy and speed. YOLOv3 [25] introduced
multi-scale prediction through feature pyramid networks, while YOLOv4 [15] incorporated
various training techniques and architectural innovations. Recent iterations including
YOLOX [26], YOLOv6 [27], YOLOv7 [28], and YOLOv9 [16] have continued this trajectory
of improvement, demonstrating the framework’s adaptability to diverse detection scenarios.
However, these general-purpose architectures often struggle with small target detection in
aerial imagery due to limited feature resolution and insufficient multi-scale representation.

To address small target detection challenges, researchers have proposed various
architectural modifications focusing on feature enhancement and multi-scale fusion.
Zhang et al. [29] proposed feature enhancement modules and spatial context awareness
modules to enrich local and global context features respectively, effectively enhancing small
target perception by fully utilizing local and global context information. Qi et al. [29] de-
signed efficient multi-scale attention modules in the neck network to achieve cross-channel
information intersection and cross-spatial learning, improving the feature extraction ca-
pability of the pyramid network and enhancing local feature correlation. Xiong et al. [30]
learned weight parameters to adjust the degree of feature fusion, fusing large target infor-
mation from deep features and small target information from shallow features by weight,
thereby enhancing the final fusion effect.
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Detection head innovations have also proven crucial for small target localization.
Qin et al. [31] added a detection head to low-level high-resolution feature maps, which con-
tains more small target information, improving the model’s small target detection capability.
Xie et al. [32] proposed an adaptive local-global feature aggregation layer to fully utilize the
complementary correlation between local and global features, adaptively combining their
advantages through attention-based fusion modules. Despite these advances, balancing
detection accuracy with computational efficiency remains challenging, particularly for
resource-constrained UAV platforms requiring real-time processing capabilities.

2.2. UAV-Based Detection Systems

UAV-based object detection has attracted substantial research attention due to its
critical applications in surveillance, disaster response, and infrastructure inspection. Tra-
ditional two-stage detectors including Faster R-CNN [10,33] and its variants [11] provide
high accuracy but suffer from computational inefficiency unsuitable for real-time UAV
applications. Mask R-CNN [12] and its adaptations [13,34,35] have been applied to aerial
image segmentation but face similar latency constraints. Single-stage detectors, particularly
YOLO variants, have thus become preferred choices for UAV deployment due to their
favorable speed-accuracy trade-offs [17].

Recent YOLOv11-based systems have demonstrated significant improvements through
specialized architectural designs for aerial imagery. Bi et al. [4] proposed DRM-YOLO with
MetaDWBlock integrating multi-branch depthwise separable convolutions and Cross-scale
Feature Fusion Module employing CARAFE upsampling, achieving 21.4% improvement
in mAP@0.5 on VisDrone2019. Liu et al. [19] introduced PD-YOLOv11 with C3K2_Sc
backbone and CARAFE neck for power transmission tower detection, demonstrating supe-
rior accuracy and robustness in infrastructure inspection tasks. Tian et al. [18] developed
SCDF-YOLOv11 with parallel branch feature extraction and selection-compensation feature
integration mechanisms, maintaining lightweight design while significantly improving
detection accuracy on UAV datasets [36,37].

Application-specific optimizations have further enhanced UAV detection capabilities
across diverse domains. Huo et al. [5] combined UAV-borne and handheld LiDAR with
YOLOv11 for precise urban tree species identification and biomass estimation, achiev-
ing 87.3% classification accuracy. You et al. [6] developed a lightweight insulator defect
detection network based on improved YOLOv7 with rotating frame detection for aerial
images, while Ji et al. [7] proposed WDI-YOLO for steel bridge weld defect detection using
UAV images, achieving 93.7% precision with only 7.1 GB FLOPs. These domain-specific
adaptations demonstrate the versatility of YOLO architectures for UAV-based detection
tasks [2,20,38,39].

2.3. Attention Mechanisms and Dynamic Heads

Attention mechanisms have emerged as powerful tools for enhancing feature repre-
sentation in object detection networks by enabling adaptive focus on informative regions
while suppressing irrelevant background information. The Dynamic Head framework [40]
introduced unified attention mechanisms operating across scale, spatial, and task dimen-
sions, providing a principled approach to enhance detection head expressiveness. This
concept has been successfully adapted for various detection tasks, demonstrating consistent
improvements in handling multi-scale objects and complex spatial distributions [41,42].

Recent UAV detection systems have integrated advanced attention mechanisms to
address small target localization challenges. Liang et al. [37] proposed YOLOv11-RAH
with recurrent attention-enhanced edge intelligence networks, achieving approximately
5% mAP improvement over YOLOv11 baseline through iterative feature refinement with
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depthwise gated convolutions. Hou et al. [21] developed MFEL-YOLO with multi-stage
feature enhancement and context-enhanced heads employing multi-scale convolutions
to capture contextual information, improving detection and classification accuracy for
small aerial targets. These attention-based enhancements demonstrate the effectiveness of
adaptive feature weighting for UAV detection tasks [22,24].

Lightweight attention mechanisms have been specifically designed for edge deploy-
ment on UAV platforms with limited computational resources. Liang et al. [23] combined
Slicing Aided Hyper Inference (SAHI) with Focal loss and Convolutional Block Attention
Module (CBAM) to address dense small target detection, achieving 85.17% precision while
maintaining efficient processing of high-resolution UAV imagery. Qi et al. [43] integrated
depth-based ROI extraction with improved YOLOv11 and SeaFormer lightweight segmen-
tation for crack detection in bridge inspection, demonstrating 93.2% identification accuracy
with efficient 3D reconstruction capabilities. These developments highlight the critical
balance between detection performance and computational efficiency for practical UAV
deployment [3,21,44].

3. Materials and Methods
3.1. YOLOv11 Architecture

YOLOv11 is the latest object detection algorithm model that demonstrates excel-
lent performance with significant improvements over previous YOLO series algorithms.
The YOLOv11 object detection algorithm model is primarily divided into three parts: fea-
ture extraction network (backbone), feature fusion network (neck), and detection network
(head), as illustrated in Figure 1.

The backbone utilizes convolutional neural networks to transform raw image data into
multi-scale feature maps, introducing the novel C3k2 block to optimize feature extraction
efficiency while reducing computational cost. Additionally, it retains the Fast Spatial Pyra-
mid Pooling (SPPF) module from previous versions and adds the C2PSA block to enhance
the model’s spatial attention capability. The neck serves as an intermediate processing
stage, using specialized layers to aggregate and enhance feature representations at different
scales, comprehensively utilizing upsampling and multi-scale feature concatenation meth-
ods to strengthen aggregation capabilities for information at different resolutions while
integrating C3k2 and C2PSA blocks. The head functions as the prediction mechanism,
combining C3k2 and CBS through multi-scale paths to achieve efficient feature processing
and fine-grained target prediction [4,18].

Figure 1. Overall architecture of the proposed FDE-YOLO network.
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3.2. Fine-Grained Detection Pyramid (FGDP)

Existing YOLO series models still suffer from low sensitivity to small targets. Tradi-
tional optimization methods improve small target detection capability by stacking detection
layers, but simultaneously bring problems such as excessive computational cost and time-
consuming post-processing. Therefore, it is necessary to develop new feature pyramids
effective for small targets. This paper proposes an improved Fine-Grained Detection
Pyramid (FGDP), improving upon the original neck structure and combining innovative
methods of feature extraction and multi-scale feature fusion to increase model attention
to small targets while avoiding excessive computational cost. The architecture of FGDP is
shown in Figure 2.

Figure 2. Architecture of the Fine-Grained Detection Pyramid (FGDP).

SPDConv [45] adopts a space-to-depth conversion strategy, avoiding information
loss in traditional downsampling operations and obtaining features rich in small target
information, as shown in Equation (1):

Fenh
P2 = σ

(
BN
(
Conv(W, b, k)

(
SPD

(
Fp2, s

))))
(1)

where σ is the SiLU activation function, BN is the standard batch normalization layer, W is
the weight matrix, b is the bias vector, k is the convolution kernel size, and s is the stride.

The CSP-MFE module is the core innovation of FGDP, combining the gradient shunt-
ing advantages of the CSP [46] structure with the multi-dimensional perception capability
of our self-designed MFE module. The CSP structure divides the original input into two
branches through channel splitting, enabling the model to learn richer gradient information.
The MFE module enables the model to possess extreme capture capability for aerial small
targets while maintaining lightweight characteristics through multi-granularity perspec-
tive adaptive feature recalibration, which adaptively reweights channel-wise features by
learning importance coefficients to enhance discriminative representations.

After feature fusion, the input features first undergo channel adjustment through
1 × 1 convolution, then the input feature channels are allocated at a ratio of 25% and 75%
through the Split operation. The shallow branch directly transmits 25% of features to

https://doi.org/10.3390/math14040663

https://doi.org/10.3390/math14040663


Mathematics 2026, 14, 663 7 of 25

preserve detail information and enhance gradient flow, while the deep branch utilizes 75%
of features for multi-scale feature extraction and modeling. This design effectively balances
computational complexity and feature expression capability, as expressed in Equation (2):[

Flight, Fdense

]
= Split

(
Conv1×1

(
Ff used

)
, [0.25C, 0.75C]

)
(2)

where Flight represents shallow branch features, Fdense represents deep branch features,
Ff used represents fused features, Split represents the channel splitting operation, and C is
the total number of input feature channels.

The MFE module innovatively designs a three-branch parallel structure to solve the
computational redundancy problem of traditional large kernel convolutions, reconstructing
features from three dimensions: local details, anisotropic context, and global semantics,
as shown in Figure 3.

Figure 3. Structure of the multi-scale feature extraction (MFE) module.

In the global branch, to avoid excessive computational cost, complex self-attention
mechanisms are abandoned in favor of a global gated aggregation strategy. First, global
average pooling is performed on input features to obtain global distribution information,
then channel weight coefficients are generated through 1 × 1 convolution, and finally
coefficients ranging from 0 to 1 are generated through the Sigmoid activation function to
gate information and recalibrate features, as formulated in Equation (3):

Fglobal = σ(Conv1×1(GAP(Fdense))) · Fdense (3)

where Fglobal represents global branch output features, GAP denotes global average pooling
operation, and σ is the Sigmoid activation function.

In the context branch, targeting elongated targets common in UAV aerial images, cross-
shaped dilated convolution (CCDC) is designed. Two orthogonal depthwise separable strip
convolutions (1 × K and K × 1) are used with dilation rate d introduced, enabling capture
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of contextual information spanning entire targets while drastically reducing parameter
count, as shown in Equation (4):

Fcontext = DWCd=3
1×11(Fdense) + DWCd=3

11×1(Fdense) (4)

where Fcontext represents context branch output features, DWConv represents depthwise
separable convolution, and d = 3 represents the dilation rate. This design simulates human
visual perception of long-range dependencies.

In the local branch, 3 × 3 depthwise separable convolution is used to extract texture
and edge details of small targets, supplementing high-frequency information, as given in
Equation (5):

Flocal = DWConv3×3(Fdense) (5)

where Flocal represents local branch output features.
Finally, the MFE module adaptively fuses features from three dimensions, as expressed

in Equation (6):
Fout = Concat

(
Flight, Fglobal + Fcontext + Flocal

)
(6)

The complete architecture of the CSP-MFE module is illustrated in Figure 4.

Figure 4. Architecture of the CSP-MFE module.

3.3. Dynamic Detection Fusion Head (DDFHead)

UAV aerial images often present scenarios where highly similar and spatially dense
small targets appear in large numbers within limited areas. The original algorithm’s insuf-
ficient focus on inter-class differences in small target feature maps leads to reduced target
detection accuracy and missed detections. Traditional detection head optimization methods
often only study one dimension of the network without fully utilizing information from
scale, channel, and spatial dimensions. To address this problem, we designed a detection
head called DDFHead that integrates scale, channel, and spatial attention mechanisms.

Dynamic Head [40] is an innovative dynamic detection head design for object detec-
tion tasks that improves scene adaptability and detection accuracy by introducing dynamic
adjustment mechanisms. However, when small targets are densely clustered or targets
are too similar, the original detection head struggles to accurately extract target infor-
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mation. Therefore, we enhance information extraction capability in Dynamic Head by
introducing DCNv4 as the convolution module to replace the original DCNv2 and intro-
ducing the FReLU adaptive activation function. DCNv4 removes softmax normalization
in the spatial aggregation process, enhancing the network’s dynamic adaptability and
representation capability. Removing softmax overcomes its inherent limitations, including
limited convergence speed and reduced operator expression capability. By adopting adap-
tive windows and dynamic unconstrained weights, DCNv4 provides greater flexibility
in feature processing. Additionally, DCNv4 optimizes memory access patterns through
analytical-level kernel analysis, reducing redundant operations and significantly improving
computational efficiency. The optimized memory access substantially enhances overall
operator performance.

The structure of DDFHead is shown in Figure 5.

Figure 5. Architecture of the Dynamic Detection Fusion Head (DDFHead).

To improve image contrast and help the detection head more accurately locate and
recognize targets, a spatial attention mechanism is constructed to focus on target regions.
First, deformable convolution (DCNv4) learns offsets in feature maps, enabling features to
adaptively focus on the shape and position of small targets. Then, features are aggregated
across hierarchy at the same spatial position to enhance feature map discriminability.
The spatial attention is formulated in Equation (7):

πs(F) · F =
L

∑
l=1

K

∑
k=1

Wl,k · F(l; pk + ∆pk; c) · ∆mk (7)

where L represents the hierarchy of feature maps, K is the number of sparse sampling
positions, and pk + ∆pk is the spatial offset learned by the network.

To address the problem of dense quantity and high similarity in small target detection,
a scale attention mechanism is constructed to extract multi-scale features from different
hierarchies, helping the detection head better capture targets. First, 1 × 1 convolutional
layers are used to adaptively learn attention weights for each scale. Then, FReLU and
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hard-sigmoid activation functions are used to assign weights to features at each scale.
Finally, the normalized attention weight vector is applied to multi-scale feature maps to
generate corresponding output results. The scale attention is expressed in Equation (8):

πL(F) · F = σ

(
f

(
1

SC ∑
S,c

F

))
· F (8)

where σ is the hard-sigmoid activation function, S is the number of scales, and C is the
number of channels.

Under some complex environmental conditions, image contrast is significantly re-
duced. To ensure the model accurately focuses on local feature information, a channel
attention mechanism is constructed to perform weighted selection on feature channels,
emphasizing feature channels more important for small targets. By integrating information
from these channels and filtering out irrelevant information, feature representativeness is
improved. First, global average pooling is performed on input feature maps in the spatial
dimension to obtain global feature representations for each channel. Then, global feature
representations are processed through two fully connected layers, and a normalization
layer is used to learn parameters controlling activation thresholds for each channel. Finally,
FReLU adaptively adjusts the nonlinear activation degree. The task attention is formulated
in Equation (9):

πC(F) · F = max(α1(F) · Fc, β1(F)) · F, (α2(F) · Fc, β2(F)) (9)

where [α1, α2, β1, β2]
T is the parameter vector controlling activation thresholds learned by

the hyperfunction θ(·).
This paper simultaneously introduces scale-aware attention, spatial position-aware

attention, and task-aware attention in the detection head. Given a three-dimensional feature
tensor F ∈ RL×S×C on the detection layer, this attention function is shown in Equation (10):

W(F) = πC(πS(πL(F) · F) · F) · F (10)

Through sequential stacking of πL(·), πS(·), and πC(·) modules, the detection head
can better integrate different information and flexibly adjust weights of different feature
layers, enhancing integration capability for information from different dimensions.

3.4. EdgeSpaceNet Module

In UAV aerial image small target detection tasks, small targets often exhibit blurred
boundaries. The original algorithm’s insufficient accuracy in small target feature discrim-
ination leads to reduced target detection accuracy and missed detections. Traditional
optimization methods often cannot effectively extract edge and spatial features when in-
creasing model feature extraction capability. To solve this problem, this research proposes a
new efficient front-end feature extraction module called EdgeSpaceNet, integrating it into
YOLOv11 to replace the traditional C3k2 convolution structure. The EdgeSpaceNet module
combines edge information extraction and spatial information extraction, enabling the
model to learn image features more comprehensively in complex scenes to improve small
target feature discrimination accuracy, while reducing parameter count for convenient edge
device deployment. The structure of EdgeSpaceNet is shown in Figure 6.
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Figure 6. Architecture of the EdgeSpaceNet module.

EdgeSpaceNet adopts a dual-branch parallel structure design that enhances image
feature representation capability by combining edge information and spatial information
extraction capabilities, enabling the model to better discriminate features of different small
targets. This module consists of two parts: a SobelConv branch for extracting image edge
information and a convolution branch for extracting spatial information. The two branches’
extracted edge and spatial information are then integrated through a feature fusion part.

In the SobelConv branch, the Sobel operator [47] contains convolution kernels in
horizontal and vertical directions, effectively capturing intensity changes in images to
obtain important edge information. Unlike learnable convolutions that may converge to
arbitrary feature extractors during training, the fixed Sobel operator provides mathemati-
cally guaranteed gradient detection with stable boundary extraction properties, ensuring
that the edge branch maintains its intended architectural complementarity with the spatial
convolution branch. This non-learnable design reduces trainable parameters and enhances
generalization across diverse aerial imaging conditions where edge patterns vary signifi-
cantly due to atmospheric effects, illumination changes, and target appearance variations.
Convolutional neural networks typically excel at learning spatial information but are some-
what insufficient in extracting edge information from images. The EdgeSpaceNet module
can explicitly extract edge features of images through the SobelConv branch.

For input feature map X, gradients in horizontal and vertical directions are calculated
respectively in Equations (11) and (12):

Gx = SX ∗ X (11)

Gy = Sy ∗ X (12)

where SX and Sy are Sobel operators in horizontal and vertical directions respectively,
as defined in Equations (13) and (14):

SX =

−1 0 1
−2 0 2
−1 0 1

 (13)
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SY =

−1 −2 −1
0 0 0
1 2 1

 (14)

Edge features can be expressed as shown in Equation (15):

Fedge =
√

G2
x + G2

y + ϵ (15)

where ϵ is a small positive number for numerical stability.
In addition to edge information, spatial information in images is equally important.

The EdgeSpaceNet module extracts spatial information through an additional convolution
branch. Unlike the SobelConv branch, the convolution branch extracts features from
original images, preserving rich spatial details. The spatial feature extraction branch adopts
a standard convolution structure, and its output features can be expressed in Equation (16):

Fspatial = ReLU(BN(W ∗ X + b)) (16)

where W and b are the weight and bias of the convolutional layer respectively, BN repre-
sents batch normalization operation, and ReLU represents the ReLU activation function.

The EdgeSpaceNet module finally achieves deep fusion and output of edge features
and spatial features through two stages: feature concatenation and feature fusion. Edge
features output by the SobelConv branch and spatial features output by the convolution
branch undergo feature concatenation, as shown in Equation (17):

Fcat =
[

Fedge, Fspatial

]
(17)

The concatenated features undergo convolution processing followed by residual
connection for final output, as formulated in Equation (18):

Fout = W ∗
[
(W ∗ Fcat + b) + Fspatial

]
+ b (18)

where Fedge and Fspatial represent edge feature extraction branch and spatial feature ex-
traction branch and mapping functions respectively, and Ff usion represents the feature
fusion function.

4. Experiments
4.1. Datasets

The ablation and comparison experiments in this paper use the VisDrone2019-DET [48]
dataset to verify model detection performance. This dataset was collected by the Machine
Learning and Data Mining Laboratory team at Tianjin University and contains a total of
10,209 static images, including 6471 training images, 3190 test images, and 548 validation
images. The dataset includes 10 categories: cars, pedestrians, people, trucks, vans, buses,
motorcycles, bicycles, tricycles, and awning tricycles.

Generalization experiments in this paper are verified through experiments on the UAV
aerial photography dataset UAV-DT [49] and the remote sensing image dataset NWPU
VHR-10 [50]. The UAV-DT dataset was released by Zhejiang University and is specifically
used for target detection and tracking tasks in UAV images, covering various scenarios such
as urban streets and open spaces, including pedestrians and vehicles. The NWPU VHR-10
dataset was released by Northwestern Polytechnical University and is a commonly used
benchmark for high-resolution remote sensing image target detection, containing 800 high-
resolution satellite images covering 10 target categories including aircraft, ships, and storage
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tanks, characterized by complex backgrounds, dense target distribution, and large intra-
class variability.

4.2. Experimental Setup
4.2.1. Implementation Details

The experimental environment for this paper is Operating System: Windows 11, CPU:
Intel(R) Core(TM) i9-10900X @ 3.70 GHz, running memory 64 GB, GPU: NVIDIA Tesla P40
with 48 GB memory. The deep learning framework uses PyTorch 2.2, the programming
language uses Python 3.10, and the experimental environment is built in PyCharm 2025.2.
Network training sets Epoch size to 200, and image input size to 640 × 640 and other key
training hyperparameters are summarized in Table 1.

Table 1. Training hyperparameter settings.

Parameter Name Parameter Value

Initial Learning Rate 0.01
Final Learning Rate 0.0001
Optimizer SGD
Patience 100
Weight Decay 0.0005
Batch Size 32
Epochs 200
Input Size 640 × 640

4.2.2. Comparison Methods

To comprehensively evaluate the performance of the proposed FDE-YOLO, we com-
pare it with multiple state-of-the-art methods including both two-stage detectors and
one-stage detectors. For two-stage methods, we select Faster R-CNN [51], which rep-
resents the classical region-based detection paradigm. For one-stage methods, we se-
lect representative models from the YOLO series including YOLOv5s [52], YOLOX [26],
YOLOv8s [53], YOLOv10s [54], YOLOv11s [55], YOLOv12s [56], and YOLO26 [57], as well
as the transformer-based RT-DETR [58] and D-Fine [59]. Additionally, we compare with
UAV-specialized detection methods including Drone-YOLO [60] and MASF-YOLO [61],
which are specifically designed for real-time aerial image target detection. For detection
head comparison, we evaluate our proposed DDFHead against the original Dynamic
Head [40]. For edge detection operators, we compare Sobel [47], Prewitt, and Roberts
operators within the EdgeSpaceNet module.

4.2.3. Evaluation Metrics

The main indicators adopted in this paper are precision (Pre), recall (R), mean average
precision at IoU threshold mAP50 and mAP50:95, frames per second (FPS), and network
model parameter count (P). Precision is the proportion of actual positive samples among
samples predicted as positive, calculated as shown in Equation (19); recall is the proportion
of samples correctly predicted as positive among all samples that are actually positive,
calculated as shown in Equation (20); mAP is used to evaluate model detection accuracy
across different categories, calculated as shown in Equations (21) and (22). mAP50 and
mAP50:95 represent the mAP value when the IoU threshold is 0.50 and the mAP value
calculated when the IoU threshold varies in the range of 0.50 to 0.95, respectively; Params
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is the number of parameters in the model; FPS is the number of images processed by the
model per second, used to measure detection speed.

P =
TP

TP + FP
(19)

R =
TP

TP + FN
(20)

mAP =
1
n

n

∑
i=1

AP(i) (21)

AP =
∫

PdR (22)

where TP is the number of correctly predicted positive samples, FP is the number of
negative samples predicted as positive, FN is the number of positive samples predicted
as negative, n is the number of detection categories, and AP is the area contained by the
precision–recall (PR) curve.

4.3. Results and Analysis
4.3.1. Performance Assessment

To comprehensively evaluate the effectiveness of FDE-YOLO, we conduct extensive
comparisons with state-of-the-art object detection methods on the VisDrone2019 dataset
under identical experimental conditions. The baseline methods include representative
two-stage detectors (Faster R-CNN), classical one-stage detectors from the YOLO fam-
ily (YOLOv5s, YOLOX, YOLOv8s, YOLOv10s, YOLOv11s, YOLOv12s, and YOLO26),
transformer-based architectures (RT-DETR and D-Fine), and UAV-specific detection meth-
ods (Drone-YOLO and MASF-YOLO). All models are evaluated using consistent metrics
including precision, recall, mAP50, mAP50:95, parameter count, and inference speed.
The comprehensive comparison results are presented in Table 2.

Table 2. Performance comparison of algorithms on VisDrone2019 dataset.

Model Pre (%) R (%) mAP50 (%) mAP50:95 (%) P (M) FPS

Faster R-CNN 40.4 28.9 29.9 14.2 41.5 12.1
YOLOv5s 46.9 35.2 34.9 19.4 7.0 86.4
YOLOX 44.3 37.3 37.8 22.1 9.1 74
YOLOv8s 47.5 35.2 38.8 22.4 11.4 118.2
YOLOv10s 49.7 37.7 38.0 21.6 7.2 130.3
YOLOv11s 50.8 38.1 39.2 23.5 9.5 122.5
YOLOv12s 49.5 37.5 38.4 23.3 9.1 106.3
YOLO26 50.5 37.5 39.0 22.9 9.4 126.2
RT-DETR 60.5 43.6 44.8 27.4 32.8 62.1
D-Fine 63.9 48.0 49.3 30.3 28.7 65.1
Drone-YOLO 52.6 40.3 40.5 21.7 16.4 70.6
MASF-YOLO 53.8 41.9 43.1 25.9 14.6 72.0
FDE-YOLO 53.6 42.5 43.3 26.3 10.25 69.8

The experimental results demonstrate that FDE-YOLO achieves superior detection
performance while maintaining a favorable balance between accuracy and computational
efficiency. Specifically, FDE-YOLO attains 53.6% precision, 42.5% recall, 43.3% mAP50,
and 26.3% mAP50:95, representing substantial improvements of 2.8%, 4.4%, 4.1%, and 2.8%
respectively over the baseline YOLOv11s. Compared with the UAV-specialized Drone-
YOLO and MASF-YOLO, FDE-YOLO achieves 2.8% and 0.2% higher mAP50 respectively,
while significantly reducing model parameters by 37.5% (10.25 M vs. 16.4 M) compared to
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Drone-YOLO and 29.8% (10.25 M vs. 14.6 M) compared to MASF-YOLO, demonstrating
the effectiveness of our lightweight architectural innovations. Against other YOLO variants
including YOLOv5s, YOLOX, YOLOv8s, YOLOv10s, YOLOv12s, and the recently proposed
YOLO26, FDE-YOLO consistently outperforms across all evaluation metrics, validating its
robustness for small target detection in aerial imagery. When compared with transformer-
based architectures, D-Fine exhibits the highest overall performance with 49.3% mAP50
and 30.3% mAP50:95, followed by RT-DETR with 44.8% mAP50 and 27.4% mAP50:95.
While FDE-YOLO achieves slightly lower accuracy (6.0% mAP50 gap with D-Fine and 1.5%
gap with RT-DETR), it requires only 35.7% of D-Fine’s parameters (10.25 M vs. 28.7 M) and
31.2% of RT-DETR’s parameters (10.25 M vs. 32.8 M), highlighting the efficiency advantages
of our approach for resource-constrained UAV deployment scenarios where computational
budget and real-time performance are critical constraints.

4.3.2. Ablation Study

To verify the performance of the improved modules proposed in this paper, ablation
experiments were conducted on the VisDrone2019 dataset using the YOLOv11s model
as baseline. The effects of the improved Fine-Grained Detection Pyramid (FGDP), self-
developed detection head DDFHead, and EdgeSpaceNet replacing C3k2 were further
analyzed. The experimental results are shown in Table 3.

Adding the algorithm YOLOv11s-F that improves the original Neck structure to
enhance small target detection accuracy, results show that precision (Pre), recall (R), mAP50,
and mAP50:95 increased by 2.3%, 3.2%, 3.4%, and 2.2% respectively, while network size
only increased by 0.66 M. On this basis, introducing the dynamic detection head algorithm
YOLOv11s-FD to enhance feature extraction and improve recognition capability for targets
in different complex environments, precision (Pre) and recall (R) increased by 0.1% and
0.4%, and mean average precision mAP50 and mAP50:95 also increased by 0.5% and
0.4% respectively. On this basis, introducing the algorithm YOLOv11s-FDE that replaces
the traditional C3k2 convolution structure, by combining edge information and spatial
information extraction to enhance image feature representation capability, precision (Pre),
recall (R), mAP50, and mAP50:95 increased by 0.4%, 0.8%, 0.2%, and 0.2% respectively,
while simultaneously reducing network model parameter count (P) by 0.25 M. The final
improved algorithm FDE-YOLO compared to the original algorithm YOLOv11s shows
precision (Pre) increased by 2.8%, recall (R) increased by 4.4%, and mean average precision
mAP50 and mAP50:95 increased by 4.1% and 2.8% respectively, with relatively obvious
improvement in detection performance.

Table 3. Ablation experiment results on VisDrone2019 dataset.

Model Pre (%) R (%) mAP50 (%) mAP50:95 (%) P (M) FPS

YOLOv11s 50.8 38.1 39.2 23.5 9.5 122.5
YOLOv11s-F 53.1 41.3 42.6 25.7 10.16 104.5
YOLOv11s-FD 53.2 41.7 43.1 26.1 10.48 77.6
FDE-YOLO 53.6 42.5 43.3 26.3 10.25 69.8

Comparative analysis of experimental result figures for YOLOv11s and the improved
algorithm shows that the improved model achieves significant detection accuracy improve-
ments across all categories, especially with Bus class improving by 9.5%. Additionally,
although the Bicycle and Awning Tricycle classes have limited feature information making
them difficult to detect, detection accuracy for these two classes also improved by 5.5% and
3.6%, respectively. The precision–recall curves for both models are presented separately in
Figures 7 and 8 for better clarity and detailed analysis.
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Figure 7. Precision–recall curves of YOLOv11s baseline model on VisDrone2019 dataset.

Figure 8. Precision–recall curves of FDE-YOLO model on VisDrone2019 dataset.

The ablation experiments demonstrate that feature fusion mechanisms fundamentally
contribute to improved object detection performance in aerial images. Among the proposed
modules, the Fine-Grained Detection Pyramid (FGDP) exhibits the most substantial impact
on detection accuracy. As shown in Table 3, introducing FGDP alone (YOLOv11s-F)
improves mAP50 by 3.4% and mAP50:95 by 2.2%, accounting for 82.9% and 78.6% of
the total improvement, respectively. This substantial gain stems from FGDP’s multi-scale
feature fusion strategy, which integrates features across multiple granularity levels—local
details through 3 × 3 depthwise convolutions, anisotropic context via cross-shaped dilated
convolutions, and global semantics through gated aggregation. Given that small targets
in UAV aerial images often span only 5–20 pixels, they are highly sensitive to feature
scale. The multi-scale fusion architecture ensures that subtle appearance cues at fine scales
are preserved while semantic context from coarse scales provides discrimination against
background clutter, particularly critical in complex aerial scenes with dense small objects.

Beyond multi-scale integration, the hierarchical feature fusion architecture in CSP-
MFE demonstrates how gradient flow optimization enhances representation learning.
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By splitting features into 25% shallow and 75% deep branches, the module enables parallel
processing of features at different abstraction levels before fusion. This design alleviates
gradient vanishing issues while allowing the network to jointly optimize multi-granularity
features during backpropagation. The adaptive feature recalibration mechanism in the
global branch further refines the fused features by learning channel-wise importance
weights, suppressing irrelevant channels while amplifying discriminative ones. In aerial
images where background patterns such as roads and buildings often exhibit similar
textures to small vehicles or pedestrians, this channel-wise recalibration following fusion
significantly improves feature discriminability, contributing to the 3.2% recall improvement
observed in the ablation study.

The fusion of edge and spatial features through EdgeSpaceNet provides another di-
mension of complementary information essential for precise localization. The ablation
results indicate that adding EdgeSpaceNet (YOLOv11s-FDE) contributes an additional 0.8%
recall improvement beyond FGDP and DDFHead. This gain is attributed to the explicit
extraction and fusion of boundary information via Sobel operators with spatial contextual
features. Small targets in aerial images frequently suffer from blurred boundaries due to
motion blur, atmospheric effects, or low resolution. By fusing edge-enhanced features
with spatial convolution outputs through residual connections, EdgeSpaceNet recovers
boundary details typically lost in standard convolutions, enabling more accurate bounding
box regression. The synergistic integration of multi-level feature fusion (FGDP), hierarchi-
cal channel fusion (CSP-MFE), and boundary-spatial fusion (EdgeSpaceNet) ultimately
achieves 4.1% mAP50 improvement, demonstrating that comprehensive feature fusion
across scales, channels, and feature types is fundamental to robust small target detection in
challenging aerial scenarios.

To verify the precision and efficiency of the detection head DDFHead designed in this
paper, comparison experiments with the Dynamic Head detection head were designed.
The experimental data uses the VisDrone2019 dataset, with fixed test image size of 640× 640,
baseline model YOLOv11s, and sequential replacement with our designed detection head
and Dynamic Head detection head. Experimental results are shown in Table 4. From the
table, it can be seen that the detection head designed in this paper achieves improvements of
0.8%, 0.5%, 1.3%, and 1.3% in precision (Pre), recall (R), mAP50, and mAP50:95, respectively,
compared to the Dynamic Head detection head. Experimental results demonstrate that
the DDFHead detection head achieves overall detection effect improvements based on the
Dynamic Head detection head.

Table 4. Performance comparison of detectors with different detection heads.

Model Pre (%) R (%) mAP50 (%) mAP50:95 (%)

YOLOv11s 50.8 38.1 39.2 23.5
+Dynamic Head 52.0 40.5 40.6 24.4
+DDFHead 52.8 41.0 41.9 25.7

To verify the superiority of the Sobel operator in the EdgeSpaceNet module designed
in this paper, comparison experiments were conducted by integrating EdgeSpaceNet with
different edge detection operators (Sobel, Prewitt, and Roberts) to replace the traditional
C3k2 convolution module in YOLOv11s. The experimental data uses the VisDrone2019
dataset, with fixed test image size of 640 × 640. Experimental results are shown in Table 5.
From the table, it can be seen that the Sobel-based EdgeSpaceNet achieves improvements of
2.6%, 2.8%, 2.4%, and 2.4% in precision (Pre), recall (R), mAP50, and mAP50:95, respectively,
compared to the Prewitt-based variant, and improvements of 5.2%, 5.4%, 5.1%, and 4.2%,
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respectively, compared to the Roberts-based variant. Experimental results demonstrate the
superiority of the Sobel operator for edge feature extraction in the EdgeSpaceNet module.

Table 5. Performance comparison with different operators.

Operator Type Pre (%) R (%) mAP50 (%) mAP50:95 (%)

Sobel 51.5 39.5 40.5 24.3
Prewitt 48.9 36.7 38.1 21.9
Roberts 46.3 34.1 35.4 20.1

4.3.3. Parameter Sensitivity Analysis

To validate the robustness of FDE-YOLO and justify the parameter choices adopted in
our experiments, we conduct comprehensive sensitivity analysis on four critical parameters:
CSP branch ratio in the CSP-MFE module, dilation rate in the cross-shaped dilated convo-
lution, initial learning rate, and batch size. These parameters directly influence the model’s
feature representation capability, gradient flow optimization, and convergence behavior.
For each parameter, we systematically vary its value while keeping all other configurations
constant, evaluating the impact on detection performance using mAP50 and mAP50:95
metrics on the VisDrone2019 validation set. The comprehensive sensitivity analysis results
are presented in Figure 9, which reveals the relationship between parameter configurations
and detection accuracy across different architectural and training dimensions.

Figure 9. Parameter sensitivity analysis for FDE-YOLO: (a) CSP branch ratio, (b) dilation rate,
(c) initial learning rate, and (d) batch size.

The sensitivity curves presented in Figure 9 demonstrate that our adopted parameter
configurations achieve optimal or near-optimal performance across all evaluated settings.
For the CSP branch ratio, the 25/75 allocation achieves peak performance, substantially
outperforming alternative configurations, with the 20/80 ratio showing marginally lower
performance due to insufficient shallow feature representation, while higher ratios (30/70,
35/65, and 40/60) exhibit progressive degradation as reduced deep branch capacity limits
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multi-scale extraction. For the dilation rate in CCDC, d = 3 achieves optimal performance
with d = 2 yielding highly competitive results, while smaller rates provide insufficient
contextual coverage for elongated targets and larger rates introduce excessive spatial gaps
degrading localization accuracy. The learning rate analysis reveals that 0.01 optimally bal-
ances convergence speed and final accuracy, with 0.005 producing comparable but slightly
lower results requiring longer training, whereas higher rates cause training instability and
notable performance degradation. Similarly, batch size 32 achieves peak performance,
with size 16 maintaining competitive accuracy at the cost of noisier gradient estimates,
while larger batches exhibit diminishing returns. The relatively smooth sensitivity curves
around optimal configurations indicate stable performance under moderate parameter
variations, suggesting practical robustness without requiring exhaustive hyperparameter
tuning. Notably, all evaluated configurations consistently surpass the baseline YOLOv11s
performance across both metrics, validating that the architectural innovations in FGDP,
DDFHead, and EdgeSpaceNet provide fundamental improvements beyond mere hyper-
parameter optimization, while also providing practitioners with guidance for adapting
FDE-YOLO to specific application requirements or hardware constraints.

4.3.4. Visualization Analysis

Images of dense targets and complex backgrounds in different scenarios were se-
lected from the experimental dataset to test the effectiveness of the FDE-YOLO algorithm,
as shown in Figure 10. From the comparison in the figure, it can be seen that in scenar-
ios with dense targets, a large number of similar small targets appear clustered together.
Compared to the baseline algorithm YOLOv11s, the FDE-YOLO algorithm reduces missed
detections and false positives of small targets, with overall better detection performance.
In scenarios with complex backgrounds, fast-moving vehicles highly overlap with roads,
and basketball courts have high similarity with surrounding environments, causing target
boundaries to blur. The baseline algorithm YOLOv11s struggles to detect and recognize
targets, while the FDE-YOLO algorithm can still accurately identify targets.

Figure 10. Visual comparison of detection results between YOLOv11 and FDE-YOLO.

To verify and analyze the reasons for FDE-YOLO algorithm’s improved detection
effect on small targets, this paper uses heat maps for analysis and comparison, as shown in
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Figure 11. From the figure, it can be seen that the baseline model YOLOv11s ignores some
clustered small targets and difficult-to-identify targets, and focuses on useless positions.
The improved algorithm model focuses more carefully, with more accurate coverage
positions, reducing attention to uninteresting targets while also being able to focus on
distant smaller targets.

Figure 11. Attention heatmap visualization comparison between YOLOv11 and FDE-YOLO.

4.3.5. Generalization Analysis

To rigorously assess the generalization capability and cross-domain robustness of
FDE-YOLO, we conduct comprehensive validation experiments on two additional bench-
mark datasets with distinct characteristics from the primary VisDrone2019 training corpus.
The UAV-DT dataset, released by Zhejiang University, comprises UAV imagery captured un-
der diverse urban and open-space scenarios with varying illumination conditions, camera
angles, and target densities, providing a stringent test for model adaptability to heteroge-
neous aerial imaging conditions. The NWPU VHR-10 dataset, established by Northwestern
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Polytechnical University, contains high-resolution satellite remote sensing images covering
ten object categories including aircraft, ships, and storage tanks, characterized by signifi-
cantly different imaging modalities, target scales, and background complexity compared to
low-altitude UAV footage. These cross-dataset evaluations enable assessment of whether
the architectural innovations in FDE-YOLO learn generalizable feature representations
rather than dataset-specific patterns, a critical consideration for real-world deployment
where imaging conditions inevitably deviate from training distributions.

The generalization performance on the UAV-DT dataset, presented in Table 6, demon-
strates FDE-YOLO’s robust transferability to unseen aerial imaging scenarios. FDE-YOLO
achieves 93.1% precision, 90.8% recall, 96.0% mAP50, and 67.1% mAP50:95, substantially
outperforming the baseline YOLOv11s by 0.5%, 3.0%, 1.6%, and 4.9%, respectively, across
all metrics. Notably, the 3.0% recall improvement and 4.9% mAP50:95 enhancement are
particularly significant, indicating that FDE-YOLO’s multi-scale feature fusion and edge-
spatial feature extraction mechanisms effectively capture diverse target appearances and
localization cues that generalize beyond the training domain. When compared with the
UAV-specialized Drone-YOLO method, FDE-YOLO achieves 1.9% higher mAP50 (96.0% vs.
94.1%), validating that our architectural designs yield superior cross-scenario adaptability.
The consistent performance gains across precision, recall, and mAP metrics suggest that
FDE-YOLO successfully balances false positive suppression and missed detection reduction
in varying environmental conditions, demonstrating robust generalization to diverse UAV
imaging scenarios beyond the VisDrone2019 training distribution.

Table 6. Generalization experiments based on UAV-DT dataset.

Model Pre (%) R (%) mAP50 (%) mAP50:95 (%)

YOLOv5s 90.2 84.9 89.3 55.8
YOLOv8s 91.7 86.5 92.6 60.5
YOLOv10s 91.5 86.1 92.4 60.1
YOLOv11s 92.6 87.8 94.4 62.2
YOLOv12s 92.1 86.3 93.0 61.0
Drone-YOLO 92.4 87.3 94.1 61.9
FDE-YOLO 93.1 90.8 96.0 67.1

The cross-domain generalization to satellite remote sensing imagery, evaluated on
the NWPU VHR-10 dataset (Table 7), further substantiates FDE-YOLO’s capability to
transfer learned representations across drastically different imaging modalities. Despite
the substantial domain shift between low-altitude UAV footage (training domain) and
high-altitude satellite imagery (test domain), which encompasses differences in spatial
resolution, viewing geometry, atmospheric effects, and target appearance, FDE-YOLO
maintains strong detection performance with 95.6% precision, 82.6% recall, 94.6% mAP50,
and 63.9% mAP50:95. Compared to the baseline YOLOv11s, FDE-YOLO achieves improve-
ments of 0.7%, 0.8%, 1.5%, and 3.0% across all evaluation metrics, with the 3.0% mAP50:95
enhancement being particularly noteworthy as it reflects improved localization accuracy
under stricter IoU thresholds. The 2.2% mAP50 advantage over Drone-YOLO (94.6% vs.
92.4%) underscores the superior generalizability of FDE-YOLO’s feature extraction and
fusion strategies. Collectively, the consistent performance improvements across both UAV-
DT and NWPU VHR-10 datasets, spanning diverse imaging conditions, target categories,
and domain characteristics, provide compelling evidence that FDE-YOLO’s architectural
innovations—particularly the multi-granularity feature fusion in FGDP, adaptive attention
mechanisms in DDFHead, and edge-spatial feature integration in EdgeSpaceNet—learn
robust, generalizable representations rather than overfitting to specific dataset charac-
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teristics, thereby ensuring reliable deployment across heterogeneous real-world aerial
detection scenarios.

Table 7. Generalization experiments based on NWPU VHR-10 dataset.

Model Pre (%) R (%) mAP50 (%) mAP50:95 (%)

YOLOv5s 94.1 80.8 90.8 59.4
YOLOv8s 94.3 80.7 91.6 59.8
YOLOv10s 94.5 81.1 92.2 60.5
YOLOv11s 94.9 81.8 93.1 60.9
YOLOv12s 93.9 79.3 90.0 60.2
Drone-YOLO 94.9 81.5 92.4 60.5
FDE-YOLO 95.6 82.6 94.6 63.9

5. Conclusions
This paper addresses the issues of missed detections, false positives, and low accu-

racy in UAV aerial image small target detection algorithms by proposing the FDE-YOLO
algorithm based on improved YOLOv11. By introducing the improved Fine-Grained Detec-
tion Pyramid (FGDP), the algorithm extracts composite features of targets to provide rich
target feature information for the neck structure, improving small target detection perfor-
mance while avoiding excessive computational cost. By designing the dynamic detection
head DDFHead, the algorithm enhances perception of different scales, spatial positions,
and tasks, further improving the accuracy and robustness of small target detection. Finally,
by designing the efficient front-end feature module EdgeSpaceNet to replace the traditional
convolution structure C3k2, the algorithm improves learning capability for edge and spatial
information, enhancing model detection effect while reducing model complexity.

Experimental results on the VisDrone2019 dataset show that the proposed FDE-YOLO
algorithm achieves precision of 53.6%, and mAP50 and mAP50:95 of 43.3% and 26.3%
respectively, surpassing the original YOLOv11 algorithm and most mainstream YOLO-
based object detection algorithms including YOLOv5s, YOLOX, YOLOv8s, YOLOv10s,
YOLOv12s, and YOLO26, while maintaining competitive performance compared to
transformer-based methods with significantly fewer parameters, with good performance.
The algorithm effectively completes UAV aerial image small target detection tasks with
superior detection performance for small targets compared to other mainstream models.
Meanwhile, generalization experiments on the UAV-DT and NWPU VHR-10 datasets
demonstrate that FDE-YOLO detection accuracy mAP50 improved by 1.6% and 1.5%,
respectively, compared to the baseline algorithm.

Although FDE-YOLO maintains a relatively compact model size, practical deployment
on resource-constrained edge devices such as NVIDIA Jetson series or other embedded
platforms commonly mounted on UAV systems requires further validation and optimiza-
tion. Future research will focus on comprehensive edge device deployment verification,
including inference speed benchmarking, memory consumption profiling, and power effi-
ciency analysis on actual hardware platforms. Additionally, adopting model compression
techniques such as pruning, quantization, or knowledge distillation could further reduce
computational requirements while preserving detection accuracy. Exploring multi-modal
fusion approaches combining RGB and thermal imaging could enhance detection robust-
ness in challenging environmental conditions. Integration of attention mechanisms at
multiple scales and investigation of transformer-based architectures may provide addi-
tional performance improvements while maintaining computational efficiency for practical
edge deployment scenarios.
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