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 a b s t r a c t

Object detection in UAV aerial images holds significant application value in traffic monitoring, precision agri-
culture, and other fields. However, this task faces numerous challenges, including significant variations in object 
sizes, complex background interference, high object density, and class imbalance. Additionally, processing high-
resolution aerial images involves disturbances such as uneven lighting and weather variations. To address these 
challenges, we propose an EMFNet model. This model effectively solves the problems in object detection in drone 
aerial images by enhancing the response to object areas under different lighting and weather conditions, sup-
pressing interference from complex backgrounds, and improving adaptability to changes in image object size. 
Specifically, firstly, the lightweight vision transformer architecture RepViT is innovatively used as the backbone 
of EMFNet, combined with Dual Cross-Stage Partial Attention (DCPA) to optimize multi-scale feature fusion and 
background suppression, thereby enhancing small object feature extraction under varying lighting and weather 
conditions. Second, we propose the Context Guided Downsample Block (CGDB) to improve the downsampling 
process and mitigate feature information loss. Finally, the DyHead detection head utilizing the three-level at-
tention mechanism receives three appropriately located prediction heads for classification and localization, thus 
improving the detection accuracy of dense and rare objects. Experiments on the VisDrone and UAVDT datasets 
demonstrate that EMFNet, with 6.76M parameters, achieves 𝐴𝑃  improvements of 7.5% and 15.2% over the 
baseline models, respectively.

1.  Introduction

Unmanned Aerial Vehicles (UAVs) have been widely applied in di-
verse sectors such as traffic monitoring, precision agriculture, and in-
frastructure inspection due to their advantages of high mobility, low 
cost, and scalable deployment. Unlike ground-based surveillance, UAV-
based aerial imagery is characterized by a high bird’s-eye view, cover-
ing extensive geographic areas. However, this broad perspective intro-
duces inherent challenges: images often exhibit high spatial resolution 
but contain objects of extremely small scales relative to the background. 
Furthermore, UAVs frequently operate in unstructured environments, 
leading to unpredictable variations in lighting, weather conditions, and 
viewing angles. These factors, combined with uneven object distribu-
tion and severe background clutter, constitute significant bottlenecks in 
current UAV-based object detection technology.
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Deep learning techniques, particularly Convolutional Neural Net-
works (CNNs) [1–3], have revolutionized computer vision by replacing 
traditional hand-crafted features with self-learned hierarchical represen-
tations. These networks can adaptively learn global semantic informa-
tion and local details, thereby alleviating the difficulties of joint opti-
mization in object localization and classification. Despite these advance-
ments, applying generic CNN-based detectors directly to UAV aerial im-
agery often yields suboptimal results due to the domain gap between 
natural scene images such as MS COCO and PASCAL VOC and aerial 
views.

Existing detection frameworks primarily fall into two technical 
paradigms: single-stage and two-stage detectors. Two-stage models, rep-
resented by architectures like Faster R-CNN [4], employ a Region Pro-
posal Network (RPN) to generate candidate boxes followed by a re-
finement stage. While they typically offer superior detection accuracy,
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especially for small objects, their complex multi-stage pipeline results in 
substantial computational overhead and high latency. This makes them 
difficult to deploy on resource-constrained UAV edge devices that de-
mand real-time feedback. Conversely, single-stage detectors, exempli-
fied by the YOLO series and SSD [5], treat detection as a regression 
problem, achieving faster inference speeds. However, they historically 
struggle with the “small object dilemma”: as the network depth increases 
to capture semantic information, the spatial resolution of feature maps 
decreases due to successive downsampling operations. Consequently, 
the feature representations of tiny objects-often occupying only a few 
pixels-are prone to vanishing, leading to high missed detection rates.

In the specific context of UAV surveillance, these limitations are ex-
acerbated. First, standard downsampling mechanisms like strided con-
volution or max pooling often discard critical spatial details required to 
distinguish small targets from complex backgrounds. Second, conven-
tional backbone networks lack the dynamic adaptability to handle the 
drastic intra-class variance caused by changing weather conditions, in-
cluding fog and strong sunlight, as well as diverse flying altitudes. Third, 
dense object occlusion in scenarios such as traffic congestion confuses 
the detection head, resulting in inaccurate bounding box regression.

To address these challenges effectively, we propose EMFNet, an effi-
cient multi-scale fusion network tailored for UAV small object detection. 
We innovate the architecture from three dimensions: backbone, neck, 
and head. Firstly, acknowledging the need for a lightweight yet powerful 
feature extractor, we adopt the RepViT architecture as the backbone. By 
integrating a dynamic feature optimization mechanism and cross-block 
Squeeze-and-Excitation (SE) [6] modules, RepViT enhances the model’s 
sensitivity to object areas under varying lighting conditions while main-
taining a compact parameter size. Secondly, to tackle the information 
loss during feature pyramid construction, we propose two novel mod-
ules in the neck: the Dual Cross-Stage Partial Attention (DCPA) and the 
Context Guided Downsample Block (CGDB). The DCPA module captures 
both local details and global spatial contexts to suppress background 
interference, while the CGDB replaces standard downsampling layers 
to preserve fine-grained features of small objects. Finally, we redesign 
the detection head by introducing a Dynamic Head (DyHead) equipped 
with a three-level attention mechanism comprising scale-aware, spatial-
aware, and task-aware components. This allows the model to selectively 
focus on optimally positioned prediction heads, significantly improving 
localization accuracy for dense and rare objects.

The main contributions of this paper are summarized as follows:

1. We integrate RepViT as the backbone to balance computational ef-
ficiency with robust feature extraction, enabling the model to adapt 
to small objects under diverse lighting and weather conditions.

2. We propose the DCPA and CGDB modules. DCPA optimizes multi-
scale fusion and suppresses background noise via attention mecha-
nisms, while CGDB minimizes feature information loss during down-
sampling.

3. We innovate the detection head by incorporating DyHead with a cas-
caded attention architecture. By selectively feeding three optimally 
positioned prediction heads, we enhance the model’s adaptability to 
scale variations and dense occlusions.

4. Experiments on VisDrone and UAVDT datasets show EMFNet 
achieves 𝐴𝑃  improvements of 7.5% and 15.2% over baselines, out-
performing state-of-the-art models with only 6.76M parameters.

2.  Related work

2.1.  Traditional object detection

Deep learning-driven object detection has emerged as a pivotal tech-
nology in computer vision, significantly surpassing traditional manual 
feature extraction methods in complex scenarios. CNNs excel at auto-
matically extracting high-level semantic features from raw pixels, facili-
tating accurate object localization and identification. These frameworks 

are broadly categorized into two-stage and single-stage paradigms. Two-
stage detectors, such as R-CNN [7], Fast R-CNN [8], and Faster R-CNN 
[4], prioritize higher precision by generating candidate regions before 
refinement. However, their computational intensity often renders them 
unsuitable for real-time UAV applications. Conversely, single-stage de-
tectors, exemplified by SSD [5], RetinaNet [9], and the YOLO series 
[10–15], offer rapid inference by predicting bounding boxes and class 
probabilities in a single forward pass, though they historically struggled 
with dense small objects due to the lack of fine-grained feature preser-
vation.

Since its inception, the YOLO framework has evolved continuously 
to balance speed and accuracy. YOLOv8 [16] represents a significant 
advancement by incorporating an anchor-free head and C2f modules to 
enhance feature extraction capabilities. Subsequent iterations, includ-
ing YOLOv9 [17], YOLOv10 [18], and YOLOv11 [19], have introduced 
progressive improvements in gradient optimization and semantic under-
standing, while the recent YOLOv12 [20] focuses on attention efficiency 
to further refine the trade-off between performance and latency. Beyond 
these CNN-based architectures, the Real-Time DEtection TRansformer 
(RT-DETR) [21] has emerged as a powerful contender, leveraging a hy-
brid encoder and efficient attention mechanisms to eliminate the need 
for Non-Maximum Suppression (NMS), thereby achieving competitive 
inference speeds with high accuracy.

However, despite these architectural breakthroughs in generic object 
detection, applying these models directly to UAV aerial imagery often 
yields suboptimal results. A critical gap remains: these detectors, pri-
marily optimized for natural scene images such as MS COCO, frequently 
struggle with the inherent challenges of aerial surveillance, such as weak 
global context modeling for tiny objects, drastic scale variations, and 
complex environmental interference.

2.2.  UAV object detection

Recent UAV image object detection studies have seen notable ad-
vancements. Chen et al. [22] proposed the Shallow & Deep Fovea Vi-
sion Block, a structure that mimics the double fovea structure of an ea-
gle, enabling efficient feature extraction through a large receptive field. 
Liao et al. [23] incorporated a MHSA-darknet module into the back-
bone to better handle scale variance, and a specialized detection head 
to improve the recognition of dense small objects. Du et al. [24] intro-
duced CEASC, optimizing detection heads via sparse convolution to bal-
ance accuracy and resource use. Chen et al. [25] created an RGB-IR fu-
sion framework with adaptive feature alignment, enhancing cross-modal 
consistency. Tian et al. [26] developed MECA and MFR to boost feature 
representation and fusion. Zhou et al. [27] designed UAVDNet, leverag-
ing multi-source interaction for better feature fusion. Zhang et al. [28] 
proposed UAV-DETR, utilizing Transformers for improved multi-path fu-
sion. Huang et al. [29] focused on feature enhancement to reduce detec-
tion errors. Liu et al. [30] improved YOLOv8s-P2 with slice assistance, 
while Huang et al. [31] addressed small-object detection inefficiency. 
Li et al. [32] introduced density map modeling for clustered objects. 
Wang et al. enhanced UAV-YOLOv8 with feature fusion and attention 
mechanisms. Zeng et al. [33] proposed YOLOv7-UAV with improved 
feature capture. LIU et al. [34] bolstered YOLOv5 with shallow feature 
detection and FEBlock. Li et al. [35] optimized YOLOv5s for better oc-
cluded object detection. Zhang et al. [36] enhanced model robustness 
with multi-source feature alignment. Similarly, Bakirci [37,38] lever-
aged diverse multi-altitude datasets to validate YOLOv8 in ITS, demon-
strating that the C2f module, decoupled head, and DIoU loss optimiza-
tions significantly enhance detection performance across various illumi-
nation and high-density traffic scenarios. From different perspectives, 
these researches are dedicated to improving the accuracy and efficiency 
of object detection in UAV aerial photography scenarios by optimizing 
feature extraction, feature fusion, and network architecture, providing 
new ideas and methods for the development of this field.
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Fig. 1. Overall architecture of proposed EMFNet.

Fig. 2. The RepViT backbone architecture is at the top. Beneath it are components like the stem, downsample, FFN, and RepVitBlock. Notably, the RepVitBlock is 
available in two versions: one with a stride of 1 Notably, the RepVitBlock is available in two versions: one with a stride of 1 and another with a stride of 2.

3.  Method

3.1.  Overview

To address the challenges posed by UAV aerial images we propose 
EMFNet, whose structure is shown in Fig. 1. EMFNet is optimized as 
follows: first, it innovates RepViT as the backbone network to enhance 
small object feature extraction capabilities; second, it proposes DCPA to 
further improve multi-scale feature fusion; third, it proposes CGDB as 
the downsampling method to reduce feature information loss; finally, it 
adopts the DyHead detection head to process prediction heads 𝑃2, 𝑃3, 
and 𝑃4, significantly improving both small object detection accuracy and 
overall model robustness.

3.2.  Lightweight vision transformer backbone

Standard backbones often struggle to capture dense, small objects 
or handle occlusions in UAV imagery, while also lacking adaptability 

to environmental interferences such as noise and illumination changes. 
To address these limitations while balancing efficiency, we innovated 
RepViT [39] as the backbone for EMFNet, with its structure shown in 
the Fig. 2. RepViT leverages structural reparameterization to combine 
the representational power of multi-branch topologies during training 
with the speed of a single-path architecture during inference. This de-
sign, augmented by Cross-block Squeeze-and-Excitation (SE) modules 
[6], dynamically recalibrates channel weights to enhance feature re-
sponsiveness to small and occluded objects.

The architecture begins with a Stem module optimized for inference 
stability and low latency. Replacing standard patchify operations, it uti-
lizes two stacked 3 × 3 convolutions (stride=2) to progressively expand 
input channels to 48:

𝑥𝑠𝑡𝑒𝑚 = Conv𝐶=24
3×3,stride=2

(

Conv𝐶=48
3×3,stride=2(𝑥𝑖𝑛𝑝𝑢𝑡)

)

(1)

Following the Stem, the network extracts hierarchical features across 
four stages with resolutions ranging from 𝐻∕4 to 𝐻∕32. The core 
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Fig. 3. On the left is the architecture of the DCPA module, and on the right is 
the architecture of the CPA module.

RepViTBlocks decouple token and channel mixing. During inference, the 
parallel branches-Depthwise Separable Convolution (DWConv), Point-
wise Convolution, and Identity-are mathematically merged into a sin-
gle kernel to eliminate computational redundancy. The reparameterized 
weights are calculated as:
𝑊𝑓𝑖𝑛𝑎𝑙 = 𝑊DWConv +𝑊1×1 +𝑊𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 (2)

To minimize information loss during resolution reduction, we em-
ploy a sandwich-style downsampling layer. This layer preserves multi-
scale contextual information by sandwiching a 1 × 1 channel-adjusting 
convolution between a DWConv (stride=2) and a Feed-Forward Net-
work (FFN), thereby improving robustness against complex back-
grounds:

𝑥𝑑𝑜𝑤𝑛 = FFN
(

Conv1×1
(

DWConv3×3,stride=2(𝑥)
))

(3)

3.3.  Dual cross-stage partial attention

The traditional C3k2 [19] bottleneck, constrained by fixed 3 × 3 ker-
nels and channel compression, is ill-suited for the drastic scale variations 
and complex backgrounds typical of UAV imagery. This design often 
leads to the loss of high-frequency details and feature over-smoothing 
during compression, significantly reducing the signal-to-noise ratio for 
small objects. Furthermore, the absence of cross-level fusion and atten-
tion mechanisms hinders the model from capturing global context or 
adaptively focusing on critical regions, resulting in high false detection 
rates in complex scenarios.

To overcome these limitations, we propose an efficient feature ex-
traction architecture named Dual Cross-Stage Partial Attention (DCPA), 
illustrated in Fig. 3. The core of DCPA lies in the cascaded optimization 
of the Parallelized Patch-Aware Attention (PPA) module [40], whose 
structure is detailed in Fig. 4. Specifically, given an input feature 𝑥 ∈
ℝ𝐻×𝑊 ×𝐶 , DCPA first applies a 1 × 1 convolution to generate a baseline 
feature map 𝑥skip = Conv(𝑥). Subsequently, the features undergo multi-
branch fusion and enhancement through parallel PPA modules, which 
integrate local-global attention and multi-level convolutions. The final 
output is generated via residual connections as follows:
𝑥(𝑖)𝑜𝑢𝑡 = PPA(𝑥(𝑖)𝑖𝑛 ) + 𝑥(𝑖)𝑖𝑛 (4)

The PPA module extracts multi-scale features through three paral-
lel branches: a local branch (p=2), a global branch (p=4), and a cas-
caded convolution branch. For the input feature tensor 𝐅 ∈ ℝ𝐻 ′×𝑊 ′×𝐶 , 
it first adjusts the channel dimension through pointwise convolution 
to obtain 𝐅′ ∈ ℝ𝐻 ′×𝑊 ′×𝐶′ . The local and global branches utilize unfold 
and reshape operations to partition 𝐅′ into non-overlapping patches (𝑝 ×
𝑝,𝐻 ′∕𝑝,𝑊 ′∕𝑝, 𝐶 ′), then dynamically weight relevant features through 

channel averaging, linear transformation, and feature selection mecha-
nisms:

𝑡𝑖 = 𝑃 ⋅ sin(𝑡𝑖, 𝜉) ⋅ 𝑡𝑖 (5)

where 𝜉 ∈ ℝ𝐶′  is the task embedding vector, 𝑃 ∈ ℝ𝐶′×𝐶′  is the learn-
able parameter matrix, and sin(⋅, ⋅) denotes the cosine similarity func-
tion. The cascaded convolution branch generates multi-level features 
𝐹conv1, 𝐹conv2, and 𝐹conv3 through three consecutive 3 × 3 convolutional 
layers, which are then fused through summation to produce 𝐹conv. The 
three branch features are added to obtain the preliminary fused feature 
𝐹 , which is further optimized through efficient channel attention mod-
ule [41] and spatial attention module [42]:
𝐅𝑐 = 𝐌𝑐 (𝐅̂)⊗ 𝐅̂,𝐅𝑠 = 𝐌𝑠(𝐅𝑐 )⊗ 𝐅𝑐 (6)

where ⊗ denotes element-wise multiplication, 𝑀𝑐 ∈ ℝ1×1×𝐶′  and 𝑀𝑠 ∈
ℝ𝐻 ′×𝑊 ′×1 represent channel and spatial attention weights respectively. 
The final output undergoes ReLU and batch normalization to obtain 
𝐹 ′′ ∈ ℝ𝐻 ′×𝑊 ′×𝐶′ . In DCPA, the outputs of multiple PPA modules are 
fused into high-dimensional feature representations through channel 
concatenation and 1 × 1 convolution:
𝑦 = Conv(Concat(𝑥(1)𝑜𝑢𝑡, 𝑥

(2)
𝑜𝑢𝑡,… , 𝑥(𝑛)𝑜𝑢𝑡)) ∈ ℝ𝐻×𝑊 ×𝐶′ (7)

This proposed DCPA effectively addresses the multi-scale feature loss 
problem caused by the single convolutional kernel limitation in tradi-
tional C3k2 modules through local-global multi-granularity feature in-
teraction, adaptive attention guidance, and lightweight depthwise sep-
arable convolution design. It significantly improves the signal-to-noise 
ratio and localization accuracy of small objects in complex backgrounds.

3.4.  Context guided downsample block

Drawing inspiration from the Context Guided mechanism in CGNet 
[43], we construct the Context Guided Downsample Block (CGDB), il-
lustrated in Fig. 5, to address the loss of fine-grained details inherent in 
standard downsampling-a critical issue for small object detection in UAV 
imagery. Unlike conventional approaches that decouple downsampling 
from context modeling, CGDB adopts a “Downsample-Context-Refine” 
paradigm. It integrates context perception directly into the downsam-
pling stage via parallel local and dilated convolutions to balance de-
tail preservation with context awareness, further augmented by a global 
channel attention mechanism for dynamic feature recalibration.

The workflow proceeds as follows: Given an input feature map 𝐹 ∈
ℝ𝐻×𝑊 ×𝐶 , we employ a learnable strategy over non-parametric pooling. 
The local feature extractor 𝑓𝑙𝑜𝑐 (⋅) utilizes a standard 3 × 3 convolution 
to capture intrinsic texture and edge information:
𝐹loc = 𝑓loc(𝐹 ) = Conv3×3(𝐹 ) (8)

Simultaneously, the surrounding context extractor 𝑓𝑠𝑢𝑟(⋅) employs a 
3 × 3 dilated convolution (rate 𝑟) to expand the receptive field without 
increasing parameters. This branch compensates for spatial information 
loss by maintaining the semantic relationship between the object and 
its environment:
𝐹sur = 𝑓sur(𝐹 ) = DilatedConv𝑟3×3(𝐹 ) (9)

Subsequently, the joint feature extractor 𝑓𝑗𝑜𝑖(⋅) concatenates these 
features, fusing local details with global context through Batch Normal-
ization (BN) and PReLU activation:
𝐹joi = PReLU(BN(Concat(𝐹loc, 𝐹sur))) (10)

A 1 × 1 convolution then reduces the channel dimension by half to 
generate compact features 𝐹𝑟𝑒𝑑 ∈ ℝ

𝐻
2 ×𝑊

2 ×𝐶 :

𝐹red = Conv2𝐶→𝐶
1×1 (𝐹joi) (11)

Finally, in the global context enhancement stage, the extractor 𝑓𝑔𝑙𝑜(⋅)
generates channel attention weights 𝑊𝑔𝑙𝑜 ∈ ℝ1×1×𝐶 using global average 
pooling (GAP) followed by a two-layer MLP:
𝑊glo = 𝜎(MLP(GAP(𝐹red))) (12)
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Fig. 4. Above left is the PPA block architecture. The Patch-Aware block and Attention block are the two components of PPA. The Patch-Aware block includes a 
subpart called Feature Selection.

Fig. 5. The architecture of CGDB module.

Fig. 6. The architecture of DyHead module.

The final output is obtained by weighting the enhanced features:
𝐹 ′ = 𝐹red ⊙𝑊glo (13)

3.5.  Efficient dynamic detection head

Aerial images are characterized by small, distant objects, severe oc-
clusion, and complex backgrounds, often exacerbating detection diffi-
culties due to extreme scale variations and class imbalance. To over-
come the limitations of traditional detection heads in these scenarios, 

we introduce the DyHead [44], as illustrated in Fig. 6, which integrates 
three synergistic attention mechanisms. Specifically, Scale-Aware At-
tention adapts to object size to prevent large objects from overshad-
owing smaller ones; Spatial-Aware Attention utilizes deformable convo-
lution and sparse sampling to enhance localization in dense, occluded 
scenes; and Task-Aware Attention dynamically balances task require-
ments to improve rare category identification. The core modules-scale-
aware 𝜋𝐿, spatial-aware 𝜋𝑆 , and task-aware 𝜋𝐶 -cascade to realize multi-
dimensional feature augmentation:
𝑊 ( ) = 𝜋𝐶 (𝜋𝑆 (𝜋𝐿( ) ⋅  ) ⋅  ) ⋅  (14)

The scale-aware module 𝜋𝐿 addresses the challenge of significant ob-
ject scale variations by employing a cross-layer feature pyramid interac-
tion strategy, generating dynamic scale weights through global average 
pooling and lightweight convolution:
𝜋𝐿( ) ⋅  = 𝜎(𝑓 ( 1

𝑆𝐶
∑

𝑠,𝑐
 )) ⋅  (15)

where 𝜎(𝐱) = max(0, min(1, (x+1)/2)) serves as the nonlinear activa-
tion function, mitigating feature misalignment issues in multi-scale ob-
jects by suppressing extreme response values. The spatial-aware module 
𝜋𝑆 addresses the deformation and occlusion characteristics of small ob-
jects by introducing deformable convolution and sparse sampling mech-
anisms:

𝜋𝑆 ( ) ⋅  = 1
𝐿

𝐿
∑

𝑙=1

𝐾
∑

𝑘=1
𝑤𝑙,𝑘 ⋅  (𝑙; 𝑝𝑘 + Δ𝑝𝑘; 𝑐) ⋅ Δ𝑚𝑘 (16)

Through self-learned spatial offsets Δ𝑝𝑘 and importance weights 
Δ𝑚𝑘, the model can adaptively focus on key regions in low-resolution 
feature maps, enhancing perception capability for spatial distribution 
of tiny objects. The task-aware module 𝜋𝐶 employs a dynamic threshold 
mechanism to decouple classification and regression tasks:
𝜋𝐶 ( ) ⋅ 

= max
(

𝛼1( ) ⋅ 𝑐 + 𝛽1( ), 𝛼2( ) ⋅ 𝑐 + 𝛽2( )
)

(17)

where 𝛼1, 𝛼2, 𝛽1, 𝛽2 are learnable parameters that dynamically activate 
along the channel dimension to suppress interference noise between 
tasks, achieving collaborative optimization of classification and localiza-
tion objectives. Through a three-stage attention cascade incorporating 
scale awareness, spatial consistency, and task orientation, this module 
effectively fuses global contextual information with local details across 
multi-scale feature maps, significantly enhancing the model’s adaptabil-
ity to densely distributed objects, complex background interference, and 
extreme scale variations.

4.  Experiments

In this section, we present a comprehensive evaluation of the pro-
posed EMFNet on the VisDrone [45] and UAVDT [46] datasets to vali-
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Fig. 7. On the left is the category distribution of the UAVDT training set and on the right is the category distribution of the UAVDT validation set.

date its effectiveness and generalization capability. To ensure a fair and 
rigorous comparison, particularly regarding inference speed and com-
putational cost, all models included in our experiments were retrained 
from scratch on our local server using the same hardware environment. 
The only exception is RT-DETR++ [47], for which we cite the results 
directly from the original publication due to the unavailability of its 
source code.

4.1.  Dataset

We conducted experiments using two distinct datasets, VisDrone and 
UAVDT, to validate the generalization capability of our model. The 
VisDrone dataset is specifically designed for object detection in daily 
scenes captured by drones. It contains 8899 static images, with 6471 
for training, 548 for validation, and 1610 for testing, covering various 
scenarios such as urban areas, rural regions, and traffic environments, 
presenting high complexity and challenges. Compared to traditional im-
age datasets, VisDrone features diverse shooting angles, significant scale 
variations of objects, and substantial influences from occlusion, motion 
blur, and lighting changes, thereby posing considerable challenges to 
existing object detection algorithms. Our primary task involves training 
and prediction on 10 categories within this dataset: pedestrian, people, 
bicycle, car, van, truck, tricycle, awning-tricycle, bus, and motor.

The UAVDT dataset is a large-scale public dataset specifically de-
signed for object detection and tracking tasks from a drone’s perspec-
tive. We randomly selected 7433 images from the UAVDT training set 
and divided them into training and validation sets at an 8:2 ratio. This 
dataset includes three categories: car, truck, and bus, with the class dis-
tributions of the divided training and validation sets illustrated in Fig. 7. 
This dataset is primarily used to evaluate the detection performance of 
UAVs in complex contexts. Additionally, it provides challenging samples 
under varying lighting, weather, and occlusion conditions, effectively 
testing the model’s robustness and adaptability in real-world applica-
tions.

4.2.  Hyperparameter settings

The experiments were conducted on an Ubuntu 22.04.5 LTS sys-
tem equipped with 128GB RAM and an Intel Xeon(R) CPU E5-2683 
V4 processor. The experimental environment was configured as fol-
lows: Python 3.10.14, PyTorch 2.2.2, and CUDA 12.1, with all mod-
els trained and tested on four NVIDIA GeForce RTX 2080 Ti GPUs. To 
mitigate the class imbalance issue mentioned in Section 5.1, we em-
ployed the Mosaic augmentation strategy during the training phase. By 
stochastically synthesizing composite samples, this technique serves as 
an implicit oversampling mechanism for under-represented categories. 
Furthermore, combined with Mixup and random geometric transfor-
mations, this data-centric approach effectively smooths the label dis-

Table 1 
Hyperparameter configuration details.

 Parameter  Value
 epoch  300
 batch size  32
 lr  0.01
 imgsz  640
 momentum  0.937
 weight decay  0.0005
 optimizer  SGD
 lr schedule  Linear Decay
 early stopping  False

tribution and prevents the model from overfitting to majority classes. 
The detailed hyperparameter settings for the training are presented in
Table 1.

4.3.  Performance evaluation

In object detection tasks, evaluating model performance is crucial. 
This paper employs evaluation metrics proposed by MS COCO [48] to 
measure the effectiveness of the proposed method, including 𝐴𝑃 , 𝐴𝑃50, 
𝐴𝑃75, 𝐴𝑃𝑠𝑚𝑎𝑙𝑙, 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚, 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 and parameters. AP refers to the average 
precision calculated with IoU thresholds ranging from 0.50 to 0.95 (in 
steps of 0.05). 𝐴𝑃50 and 𝐴𝑃75 represent the average precision at IoU 
thresholds of 0.5 and 0.75, respectively. MS COCO categorizes objects 
into three size groups: small objects (area < 32 × 32), medium objects 
(area between 32 × 32 and 96 × 96), and large objects (area > 96 × 96), 
with AP calculated separately for each category.

To further ensure the reliability of our experimental results and ver-
ify that the improvements are not due to random fluctuations, we con-
ducted a statistical significance analysis. Specifically, we performed 5 
independent training runs for both the Baseline and EMFNet on the Vis-
Drone and UAVDT validation sets using different random seeds. On the 
VisDrone dataset, EMFNet achieved an average 𝐴𝑃  of 25.5% (±0.3%), 
compared to 18.0% (±0.4%) for the Baseline. Similarly, on the UAVDT 
dataset, EMFNet demonstrated superior stability with an average 𝐴𝑃
of 73.4% (±0.2%), significantly outperforming the Baseline’s 58.2% 
(±0.5%). Paired t-tests conducted on both datasets yielded 𝑝-values <
0.01, confirming that the performance improvements of EMFNet are sta-
tistically significant at the 99% confidence level across different scenar-
ios.

4.4.  Ablation experiment

We conducted ablation experiments on the VisDrone dataset to val-
idate the impact of each module on the baseline model and investigate 
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Table 2 
Ablation experiments on the VisDrone dataset, 𝑃𝑥 indicates that 𝑃𝑥 prediction heads were used, and a √ below the module 
indicates that it was used.
𝑀𝑜𝑑𝑒𝑙 𝑅𝑒𝑝𝑉 𝑖𝑇 𝐷𝐶𝑃𝐴 𝐶𝐺𝐷𝐵 𝐷𝑦𝐻𝑒𝑎𝑑 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠
 Baseline  18  31.1  17.9  9.6  28  34.7  2.58
{𝑃3 , 𝑃4 , 𝑃5}

√  20.3  35  20.5  11.4  31.3  41.7  6.43
{𝑃3 , 𝑃4 , 𝑃5}

√  18.2  31.4  18.3  9.8  28  37.6  2.99
{𝑃3 , 𝑃4 , 𝑃5}

√  18.2  31.6  18  9.6  28.1  36.2  2.99
{𝑃3 , 𝑃4 , 𝑃5}

√  19.8  33.7  20  10.6  30.7  39.4  3.1
{𝑃3 , 𝑃4 , 𝑃5}

√ √  20.5  35.1  20.7  11.7  31.4  43  6.78
{𝑃3 , 𝑃4 , 𝑃5}

√ √ √ √  21.7  36.9  21.7  12.3  33.2  40.8  7.71
{𝑃2 , 𝑃3 , 𝑃4}

√ √ √ √  25.5  42.6  25.9  17  36  41.8  6.76

Fig. 8. The heatmaps on Visdrone, (a), (b), (c), and (d) belong to different scenarios, and the fourth row represents the introduction of RepVit on the baseline model.

the combined effects of module integration, with detailed results pre-
sented in Table 2.

4.4.1.  Ablation experiments with RepViT
We innovated RepViT as the backbone of the EMFNet model for 

image feature extraction, achieving remarkable performance improve-
ments: 𝐴𝑃50 increased by 3.9%, 𝐴𝑃75 by 2.6%, and 𝐴𝑃  by 2.3%. Further-
more, detection accuracy was enhanced across all object size categories. 
These gains are attributed to RepViT’s global average pooling opera-
tion and unique sandwich-style downsampling architecture. Despite the 
growth in model parameters, we believe that this increase in parameters 
is completely worthwhile and is perfectly acceptable on edge computing 
devices such as drones.

To further validate the effectiveness of RepViT, we generated visual-
ization results through heatmaps. As shown in Fig. 8, when the RepVit 
backbone is not adopted, the model is distracted and unfocused, which 
makes it difficult to accurately capture the key objects, and there is an 
obvious misdetection phenomenon. YOLOv12n is improved compared 
to baseline, but there is still the phenomenon of misdetection, whereas 
after adopting the RepVit backbone, the model is able to significantly 
improve the ability of focusing on the key objects, effectively reduce 
the interference of the complex background, and accurately localize the 
object area, which significantly improves the feature differentiation of 
dense small objects, reduces the phenomenon of misdetection, and im-
proves the detection accuracy.

4.4.2.  Ablation experiments with DCPA
In our pursuit of the optimal balance between parameter efficiency 

and feature representation capability, we innovated the C3k2 block by 
evaluating various state-of-the-art modules including iRMB [49], Mo-
gaBlock [50], LFE [51], and PPA as replacements for the standard bottle-
neck. As illustrated in Table 3, a distinct trade-off was observed. While 
lightweight modules like iRMB and LFE successfully reduced the pa-
rameter count, they concurrently led to a degradation in detection ac-
curacy where AP dropped to 17.2% and 17.7% respectively. This indi-
cates that over-compressing the network compromises the extraction of 
fine-grained details essential for UAV imagery. Conversely, MogaBlock 
increased computational cost without any performance gain. In con-
trast, the PPA module achieved the most favorable trade-off. Despite 
a marginal increase in parameters of approximately 0.36M compared to 
Baseline, it delivered the highest accuracy gains and boosted the overall 
AP to 18.2%.

The DCPA with a PPA offers significant improvements in two key as-
pects: strengthened multi-scale feature fusion capability for effectively 
handling UAV objects of varying sizes, and the introduced efficient chan-
nel attention and spatial attention mechanism notably improved the 
model’s robustness against dynamic backgrounds. Experimental results 
demonstrate that implementing DCPA in the neck section yielded per-
formance gains over the baseline model: 𝐴𝑃50 increased by 0.3%, 𝐴𝑃75
by 0.4%, 𝐴𝑃  by 0.2%, 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 by 0.2%, and 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 by 2.9%.
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Table 3 
Ablation experiments on the C3k2 module conducted on the VisDrone dataset. “+X” indi-
cates that the Bottleneck of C3k2 is replaced with component X.
𝑀𝑜𝑑𝑒𝑙 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠 𝐹𝑃𝑆

 Baseline  18  31.1  17.9  9.6  28  34.7  2.58  1
 +IRMB  17.2  30.1  17.1  9.2  26.6  35.2  2.42  1
 +MogaBlock  17.2  30.1  17  8.2  26.5  34.9  2.6  1
 +LFE  17.7  30.9  17.2  9.6  26.9  36.7  2.51  1
 +PPA  18.2  31.4  18.3  9.8  28  37.6  2.94  1

Fig. 9. The heatmaps on Visdrone, (a), (b), (c), and (d) belong to different scenarios, and the fourth row represents the introduction of DyHead on the baseline 
model.

4.4.3.  Ablation experiments with CGDB
In the neck section of baseline, we replaced traditional downsam-

pling methods with CGDB. Through its multi-scale feature collaborative 
extraction mechanism, CGDB effectively overcomes the limitations of 
conventional downsampling. It employs parallel local convolution and 
dilated convolution branches to simultaneously capture detailed fea-
tures and large-scale contextual information. After channel compres-
sion and cross-dimensional interaction, a global attention mechanism 
dynamically selects key feature channels, thereby preserving multi-
granularity semantic information while reducing feature map dimen-
sions. Experimental results demonstrate that incorporating CGDB im-
proves 𝐴𝑃50 by 0.5%, 𝐴𝑃75 by 0.1%, 𝐴𝑃  by 0.2%, 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 by 0.9%, 
and 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 by 1.5%.

4.4.4.  Ablation experiments with DyHead
The DyHead detection head, based on a three-level coupled feature 

enhancement architecture with dynamic multi-head attention mecha-
nisms, demonstrates significant advantages in UAV image object detec-
tion tasks. Experimental results show that this detection head achieves 
an 𝐴𝑃  of 19.8%, representing a 1.8% improvement over the baseline 
model, with 𝐴𝑃50 and 𝐴𝑃75 increasing by 2.6% and 2.1% respectively. 
Additionally, 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 improved by 1%, 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 by 2.7%, and 𝐴𝑃𝑙𝑎𝑟𝑔𝑒
by 4.7%, validating the effectiveness of its three-level attention cas-
cade mechanism. Through joint optimization of feature enhancement, 
spatial adaptation, and task coordination, this mechanism significantly 
enhances the model’s adaptability to multi-scale objects and dense oc-

clusion scenarios in UAV top-view imagery while maintaining real-time 
inference speed.

To further validate the effectiveness of DyHead, we generated vi-
sualization results through heatmaps. As shown in Fig. 9. The model 
equipped with DyHead demonstrates broader attention to key regions in 
feature maps, accurately distinguishing small objects from backgrounds 
while significantly reducing missed detections and increasing the num-
ber of detected objects, thereby comprehensively improving object de-
tection performance.

4.4.5.  Ablation experiments with prediction head
As presented in Tables 4 and 5, we investigated the impact of differ-

ent prediction head configurations on detection accuracy and parameter 
efficiency using the VisDrone and UAVDT datasets. The initial baseline, 
employing standard prediction heads {𝑃3, 𝑃4, 𝑃5}, achieved an 𝐴𝑃  of 
21.7% on VisDrone and 60.9% on UAVDT, with a parameter count of 
7.71M.

Recognizing that small objects in UAV imagery rely heavily on fine-
grained spatial details often lost in deeper layers, we first introduced 
a high-resolution prediction head (𝑃2). This four-head configuration 
({𝑃2, 𝑃3, 𝑃4, 𝑃5}) significantly boosted performance, increasing 𝐴𝑃  to 
24.6% on VisDrone and 73.2% on UAVDT. These results confirm that 
the high-resolution features from 𝑃2 are critical for precise localization 
and feature alignment of tiny objects. However, this addition inevitably 
increased the model size to 7.89M parameters.

To further optimize the trade-off between efficiency and accu-
racy, we re-evaluated the necessity of the deep-layer head 𝑃5. In the 
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Table 4 
Ablation experiments on different prediction heads performed on the VisDrone dataset. 
𝑃𝑥 indicates that 𝑃𝑥 prediction heads were used.
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝐻𝑒𝑎𝑑 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠

{𝑃3 , 𝑃4 , 𝑃5}  21.7  36.9  21.7  12.3  33.2  40.8  7.71
{𝑃2 , 𝑃3 , 𝑃4 , 𝑃5}  24.6  41  24.9  16.1  35.3  41.3  7.89
{𝑃2 , 𝑃3 , 𝑃4}  25.5  42.6  25.9  17  36  41.8  6.76

Table 5 
Ablation experiments on different prediction heads performed on the UAVDT dataset. 
𝑃𝑥 indicates that 𝑃𝑥 prediction heads were used.
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝐻𝑒𝑎𝑑 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠

{𝑃3 , 𝑃4 , 𝑃5}  60.9  75.7  70.5  28.6  75.7  92.5  7.71
{𝑃2 , 𝑃3 , 𝑃4 , 𝑃5}  73.2  91.5  85.9  48.3  84.8  91.7  7.89
{𝑃2 , 𝑃3 , 𝑃4}  73.4  91.6  86.1  50  84.6  91.8  6.76

Fig. 10. The trade-off analysis between inference speed and detection accuracy among different state-of-the-art models.

context of UAV small object detection, the large receptive field of 𝑃5 cap-
tures coarse semantic information that is largely redundant and prone 
to introducing background noise. Consequently, we removed 𝑃5 to form 
the final {𝑃2, 𝑃3, 𝑃4} configuration. This strategic pruning resulted in 
a highly efficient architecture with 6.76M parameters—representing a 
12.3% reduction compared to the original baseline ({𝑃3, 𝑃4, 𝑃5}). De-
spite the reduced parameter count, detection accuracy further improved, 
reaching a peak 𝐴𝑃  of 25.5% on VisDrone (+3.8% over baseline) and 
73.4% on UAVDT (+12.5% over baseline). These consistent improve-
ments across both datasets demonstrate that substituting the coarse-
grained 𝑃5 head with the fine-grained 𝑃2 head effectively filters back-
ground interference while enhancing feature representation for dense 
and rare objects.

4.5.  Comparison experiments

We conducted comprehensive comparisons with various object de-
tection models on both VisDrone and UAVDT datasets, including two-
stage models (Faster-RCNN and Cascade-RCNN [52]), the Transformer-
based DETR [53], single-stage models (SSD and RetinaNet), multiple 
versions of the YOLO series, emerging real-time Transformer detectors, 
as well as state-of-the-art drone-specific detection methods.

On the VisDrone dataset, as shown in Table 6, our model outper-
forms the two-stage models Faster-RCNN-R50 and Cascade-RCNN-R50 
in terms of parameter efficiency and achieves a lead in the 𝐴𝑃  metric. 
Although DETR removes traditional object detection complexities like 
anchor generation and non-maximum suppression by harnessing Trans-
former’s global modeling, its large parameter count results in slower 
training speeds. In contrast, our model achieves comprehensive out-
performance over DETR-R50 with significantly fewer parameters. Com-

pared to single-stage models SSD512 and RetinaNet, our model not only 
requires fewer parameters but also surpasses them in detection accuracy. 
When compared with drone-specific models Remdet-s [54], EdgeYOLO-
s [55], and HicYOLO-s [56], our model outperforms all three in 𝐴𝑃  and 
𝐴𝑃𝑠𝑚𝑎𝑙𝑙 metrics.

To further evaluate the competitiveness of EMFNet against mod-
ern architectures, we extended our comparison to include real-time 
Transformer-based detectors: RT-DETR-R18, D-FINE-N [57], and RT-
DETR++. As detailed in Table 6, EMFNet demonstrates exceptional 
efficiency, achieving an 𝐴𝑃  of 25.5%, which outperforms RT-DETR-R18 
and RT-DETR++ by significant margins of 5.0% and 1.4%, respec-
tively. Notably, EMFNet achieves this with only 6.76M parameters—
approximately one-third the model size of RT-DETR. While D-FINE-N 
utilizes fewer parameters, EMFNet exhibits a distinct performance ad-
vantage with a 3.7% higher 𝐴𝑃 , justifying the modest increase in model 
size for precision-demanding tasks. In comparisons with the YOLO se-
ries, our model’s parameter count falls between the lowest and second-
lowest parameter models, yet its detection accuracy significantly outper-
forms all second-lowest parameter versions. These results fully demon-
strate our model’s superiority in both parameter efficiency and detection 
performance.

Beyond standard accuracy metrics, we further investigated the bal-
ance between inference speed and detection performance by plotting the 
FPS, 𝐴𝑃 , and 𝐴𝑃50 metrics for eight representative models in Fig. 10. 
While Baseline and YOLOv12s achieve higher raw frame rates, EMFNet 
operates at 133 FPS (measured at batch size 4 for all models), signif-
icantly exceeding the standard threshold for real-time inference. Cru-
cially, our model runs markedly faster than the real-time Transformer 
model RT-DETR-R18. Most importantly, among all eight compared 
models, EMFNet achieves the highest 𝐴𝑃  and 𝐴𝑃50. Not only does it
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Fig. 11. On the VisDrone dataset, we perform a visual comparison between Baseline, YOLOv12n and our model, where the second row is the ground truth. (a), (b), 
(c) and (d) in the figure represent different scenarios, and the red boxes mark the regions to focus on.

Table 6 
Comparison experiments with different SOTA methods on the VisDrone dataset.
𝑀𝑜𝑑𝑒𝑙 𝐼𝑛𝑝𝑢𝑡𝑆𝑖𝑧𝑒 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠

 Faster-RCNN  1344*768  23.6  38.8  25.1  15  35.3  36  41.36
 Cascade-RCNN  1344*768  24.5  39.1  26.3  15.5  36.7  39.6  69.16
 SSD512  512*512  12.8  25.5  11.7  5.6  20.3  28.3  24.68
 RetinanetR50  1344*768  13.7  23.7  13.9  5.7  23.4  31.8  36.37
 DETR  1333*750  12.6  25.7  11.2  5.3  20.5  32.6  41.56
 Remdet-s  640*640  23.3  39.7  23.3  14  34.4  44  11.9
 EdgeYOLO-s  640*640  23.5  40.8  23.1  13.8  34.8  49.1  9.9
 HicYOLO-s  640*640  23.6  40.4  23.4  14.6  33.6  44.6  9.32
 RT-DETR-R18  640*640  20.5  36  20.2  12.5  30  39.7  20
 D-FINE-N  640*640  21.8  38.6  21  12.9  32.4  47.1  3.73
 RT-DETR++  640*640  24.1  40.1  23.6  14.2  34.9  41.2  21.3
 YOLOv5n  640*640  8.7  17.9  7.6  5.1  13  18.5  1.76
 YOLOv5s  640*640  12.8  24.5  11.9  8  18.8  25  7.01
 YOLOv8n  640*640  16  28.1  15.6  8.7  24.5  33.9  3
 YOLOv8s  640*640  20  33.9  20.4  12.2  29.8  35.2  11.1
 YOLOv9t  640*640  17.4  30.3  17.2  8.8  27.6  41.8  2.62
 YOLOv9s  640*640  21.3  35.9  21.7  12.4  32.4  44.6  9.6
 YOLO11n(baseline)  640*640  18  31.1  17.9  9.6  28  34.7  2.58
 YOLO11s  640*640  21.6  36.8  21.8  13  32.5  41.6  9.42
 YOLOv12n  640*640  17.5  30.6  17.3  9.2  27.2  38.8  2.56
 YOLOv12s  640*640  22  37.4  22.1  13  33  44  9.23
 Ours  640*640  25.5  42.6  25.9  17  36  41.8  6.76

outperform the UAV object detection model RemDet-s and the 
Transformer-based D-FINE-N, but it also surpasses two-stage detectors 
such as Faster R-CNN. This confirms that EMFNet breaks the bottleneck 
of traditional lightweight models by delivering state-of-the-art accuracy 
without compromising real-time capability.

As shown in Fig. 12, after 50 epochs, our model EMFNet consistently 
maintains superior detection accuracy compared to baseline, YOLO11s, 
YOLOv12n, and YOLOv12s. Not only does it have nearly 3 million 
fewer parameters than YOLO11s and YOLOv12s, but it also achieves 

approximately 4% higher 𝐴𝑃  than YOLO11s. When compared with the 
YOLOv12n and YOLOv12s, EMFNet still maintains a leading position 
in 𝐴𝑃 , fully demonstrating its outstanding performance. Although our 
model’s parameters for 6.76 million exceeds that of baseline, it remains 
well-suited for UAV object detection tasks.

To demonstrate the superiority of our model, we conducted visual 
comparisons. As shown in Fig. 11, the illustration includes the original 
image, ground truth, baseline, YOLOv12n, and EMFNet. We compared 
not only with the baseline model baseline but also with the YOLOv12n. 
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Table 7 
Comparison experiments with different SOTA methods on the UAVDT dataset.
𝑀𝑜𝑑𝑒𝑙 𝐴𝑃 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑠𝑚𝑎𝑙𝑙 𝐴𝑃𝑚𝑒𝑑𝑖𝑢𝑚 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 𝑃𝑎𝑟𝑎𝑚𝑡𝑒𝑟𝑠

 Faster-RCNN-R50  46.1  64  55.3  41.2  51.6  54  41.36
 Cascade-RCNN-R50  59.8  78.7  71.6  53.2  67.7  59  69.16
 SSD512  65.6  95  76.8  54  76  84.3  24.68
 Retinanet-R50  28.9  40.1  33.5  19.6  37.1  39.1  36.37
 DETR-R50  67.6  96.2  79  52.3  78.4  89.7  41.56
 Remdet-s  63.3  74.5  71.1  31.8  79.9  94.3  11.9
 HicYOLO-s  69.8  98  83.3  57  78.9  89.1  9.32
 RT-DETR-R18  68.5  90.8  82.2  49.8  81.8  90.4  20
 D-FINE-N  70.7  91.2  84.7  52.1  83  92.2  3.73
 YOLOv5n  63.4  90.9  73.9  43.4  75.5  87.2  1.76
 YOLOv5s  67  94.4  78.5  49.5  77.7  88.2  7.01
 YOLOv8n  58.4  74.5  68.4  28.1  74.7  89.7  3
 YOLOv8s  61.1  74.7  70.4  30.3  77.4  93.2  11.1
 YOLOv9t  56.9  76.8  66.2  23.8  74.9  90.6  2.62
 YOLOv9s  61.6  79  71.3  27  80.1  92.1  9.6
 YOLO11n(baseline)  58.2  47.8  68  27.5  74.9  90  2.58
 YOLO11s  60.5  75  69.9  29.2  77.4  93.7  9.42
 YOLOv12n  58.5  74.3  67.6  27.8  75.1  91.2  2.56
 YOLOv12s  61.1  74.8  69.9  29.8  78.1  92.9  9.23
 Ours  73.4  91.6  86.1  50  84.6  91.8  6.76

Fig. 12. Comparison curve of AP with epoch transformation within 300 epochs 
on VisdDrone dataset.

Fig. 13. Comparison curve of AP with epoch transformation within 300 epochs 
on UAVDT dataset.

The comparison scenarios cover complex environments including day-
time, dusk, nighttime, and overexposed conditions. The results show 
that EMFNet outperforms both baseline and YOLOv12n across all sce-
narios, fully demonstrating its advantages.

Specifically, in Fig. 11(a), EMFNet successfully detected an unla-
beled and occluded car a highly challenging task that neither baseline 
nor YOLOv12n could accomplish. In Fig. 11(b), under overexposed con-
ditions, baseline misidentified a traffic cone as a pedestrian, while our 
model overcame this difficulty, effectively reducing false detections. In 
Fig. 11(c), for the rare category “awning-tricycle” in the dataset, insuffi-
cient lighting at dusk caused baseline and YOLOv12n to miss detections, 
where as EMFNet performed better in reducing missed detections. In 
Fig. 11(d), in dark conditions, baseline and YOLOv12n have limited de-
tection of unlabeled and densely overlapping pedestrians, while EMFNet 
detects many unlabeled pedestrians, proving that it learns the object de-
tails more deeply.

Since the UAVDT dataset contains only three categories, which are 
less difficult to detect compared to the Visdrone dataset, the 𝐴𝑃  met-
rics of the model are significantly improved. Nevertheless, as shown in 
Table 7, our model’s 𝐴𝑃  metrics on this dataset are still better than 
the two-stage models Faster-RCNN-R50 and Cascade-RCNN-R50, and 
EMFNet achieves a certain lead in 𝐴𝑃  metrics compared to the single-
stage models SSD512 and Retinanet-R50 and DETR-R50. Notably, when 
benchmarked against the latest real-time Transformer-based detectors, 
EMFNet demonstrates a superior efficiency-accuracy balance. It sur-
passes RT-DETR-R18 by 4.9% in 𝐴𝑃  despite the latter’s significantly 
higher computational cost. Moreover, while D-FINE-N achieves a lower 
parameter count, EMFNet outperforms it by 2.7% in 𝐴𝑃  and 1.4% in 
𝐴𝑃75, verifying that our proposed modules capture fine-grained aerial 
features more effectively than these generic Transformer architectures. 
Compared to the UAV object detection model, EMFNet outperforms 
Remdet-s in all metrics except 𝐴𝑃𝑙𝑎𝑟𝑔𝑒 metrics. Compared to HicYOLO-s, 
EMFNet has 3.6% higher 𝐴𝑃  metrics with almost 3 million fewer param-
eters. Compared to the baseline model, our model 𝐴𝑃  improves by 11 
percentage points; compared to the YOLOv12, the 𝐴𝑃  of EMFNet is 14% 
and 8.8% higher than that of YOLOv12n and YOLOv12s, respectively. 
Fig. 13 shows our advantage even more clearly, with EMFNet’s 𝐴𝑃
consistently outperforming the baseline models YOLO11n, YOLO11s, 
YOLOv12n, and YOLOv12s after 50 epochs of training.

The visual comparison on the UAVDT dataset is shown in Fig. 14. 
In the UAVDT dataset, buses and trucks account for an extremely low 
proportion, making it difficult for models to capture their refined fea-
tures from a large number of samples. However, our model success-
fully overcomes this challenge. Whether in daytime or nighttime condi-
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Fig. 14. On the UAVDT dataset, we perform a visual comparison between Baseline, YOLOv12n and our model, where the second row is the ground truth. (a), (b), 
(c) and (d) in the figure represent different scenarios, and the red boxes mark the regions to focus on.

tions, as shown in Fig. 14(a) and (d), our model demonstrates superior 
detection performance for buses and trucks compared to baseline and 
YOLOv12n. In Fig. 14(c), where the image is blurred due to nighttime 
conditions, the detection task faces significant challenges. Nevertheless, 
our model not only correctly detects the labeled objects but also suc-
cessfully identifies more unlabeled objects. Additionally, in Fig. 14(b), 
under foggy conditions, our model exhibits outstanding performance. 
Compared to baseline and YOLOv12n, it not only avoids missed detec-
tions but also achieves higher confidence in detection results. These re-
sults fully demonstrate the superior performance and robustness of our 
model in handling rare categories and various weather and lighting con-
ditions.

5.  Limitation

The current study has certain limitations. As this phase focuses on 
architectural validation, experiments were conducted on workstation-
grade GPUs rather than resource-constrained UAV edge devices. Fu-
ture research will address these aspects by deploying EMFNet on edge 
computing platforms, such as the NVIDIA Jetson Orin NX, and apply-
ing model quantization techniques. With a lightweight footprint of only 
6.76M parameters, EMFNet achieves substantial accuracy gains by im-
proving AP by 7.5% and 15.2% on the VisDrone and UAVDT datasets, 
respectively. This performance indicates that the model strikes an effec-
tive balance between model complexity and detection precision required 
for UAV tasks.

6.  Conclusion

In this study, we presented EMFNet, a lightweight and efficient 
single-stage detector specifically engineered to address the challenges 
of inherent challenges of UAV aerial imagery, including extreme scale 
variations, dense small object distribution, and complex environmental 
interference. By innovatively integrating the RepViT backbone with our 

proposed Dual Cross-Stage Partial Attention (DCPA) and Context Guided 
Downsample Block (CGDB), the framework effectively optimizes multi-
scale feature fusion while mitigating the critical information loss typi-
cally associated with downsampling. Furthermore, the incorporation of 
the DyHead with a cascaded attention mechanism significantly enhances 
the model’s adaptability to diverse lighting conditions and severe oc-
clusions. Extensive experiments on the VisDrone and UAVDT datasets 
show that EMFNet. With only 6.76 million parameters and a real-time 
inference speed of 133 FPS, our model achieves substantial AP improve-
ments of 7.5% and 15.2% over the baseline models, respectively. These 
results confirm that EMFNet strikes an optimal balance between model 
complexity and detection precision, establishing a new benchmark for 
lightweight UAV object detection. Looking forward, our future research 
will focus on bridging the gap between theoretical efficiency and prac-
tical deployment. First, we aim to implement model quantization and 
acceleration techniques to deploy EMFNet on resource-constrained edge 
computing platforms, such as the NVIDIA Jetson series, ensuring robust 
performance in real-world flight missions. Second, to further enhance 
robustness against adverse weather conditions, we plan to explore cross-
modal data fusion by incorporating thermal or multi-spectral imagery, 
thereby extending the detection capabilities of UAVs in all-weather sce-
narios.
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