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Highlights

What are the main findings?

¢ AEMFOD improves multi-scale and small-object detection in UAV imagery while retain-
ing a lightweight architecture.

* AEFPN and AWCF jointly enhance feature fusion efficiency, and real-flight experiments
verify the model’s real-time deployment capability.

What are the implications of the main findings?

* Redundant cross-scale feature interactions can be reduced without sacrificing effective
UAV object representation.

¢ AEMFOD provides a practical solution for real-time visual perception on resource-
constrained UAV platforms.

Abstract

Object detection is a fundamental perception capability for UAV-based intelligent trans-
portation systems, underpinning applications including traffic monitoring, incident de-
tection, and collision warning. However, reliable detection from aerial imagery remains
difficult because UAV scenes typically contain multi-scale objects, diverse viewpoints, im-
balanced object distributions, and stringent onboard computational constraints. Moreover,
most existing studies primarily emphasize offline accuracy improvements, often overlook-
ing the requirements of real-time, resource-constrained deployment. To simultaneously
consider detection performance and onboard efficiency, we develop an Asymptotic Elimi-
nation Multi-scale Fusion Object Detection framework, termed AEMFOD, for UAV traffic
imagery. Specifically, an asymptotic elimination feature pyramid network (AEFPN) is
introduced to reduce computational complexity, while the asymptotic weighted coordinate
fusion (AWCF) module operates within AEFPN to strengthen the integration of multi-scale
features and preserve informative low-level representations. The proposed detector is
evaluated through both benchmark experiments and practical UAV flight experiments.
Compared with the YOLOv5s baseline, AEMFOD achieves relative APsy improvements
of 4.8% on DOTA and 31.5% on VisDrone. Furthermore, embedded experiments quantify
inference speed, and flight experiments yield qualitative detection samples under practical
UAV operating conditions, showing competitive latency and a compact model footprint
suitable for onboard traffic applications.

Keywords: object detection; unmanned aerial vehicles (UAV); multi-scale feature fusion;
attention modules

Drones 2026, 10, 818

https://doi.org/10.3390/drones10110818


https://crossmark.crossref.org/dialog?doi=10.3390/drones10110818&domain=pdf&date_stamp=2026-10-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/drones
https://www.mdpi.com
https://doi.org/10.3390/drones10110818

Drones 2026, 10, 818

2 0f 22

1. Introduction

UAVs have become an important mobile sensing platform for intelligent transportation
systems because of their flexible deployment, broad field of view, and relatively low operat-
ing cost. UAV-based vision supports traffic monitoring, congestion and incident detection,
vehicle counting, post-accident assessment, and emergency routing tasks [1-3] that directly
affect traffic safety, mobility, and environmental efficiency. Accurate detection of vehicles,
pedestrians, and cyclists in aerial imagery is therefore a prerequisite for downstream tasks
such as traffic-state estimation, adaptive traffic management, and collision warning.

Although deep-learning detectors have achieved strong performance on conventional
ground-level imagery, their direct application to UAV scenes remains problematic. This
is because the characteristics of UAV platforms lead to large differences between aerial
and ground-level images. Several characteristics of UAV imagery make reliable object
detection difficult. (1) Diverse viewpoints. The different viewpoints of the UAV will
result in the image containing various shapes, sizes, and angles of objects, which makes
feature information extraction difficult. (2) Imbalanced object distribution. The background
is complex and variable, and the distribution of objects, which may be sparse or dense,
cannot be determined. (3) Extreme scale variation. Small and tiny objects account for a
large proportion of UAV imagery, making their discriminative information vulnerable to
repeated downsampling. (4) External perturbation. The images are subject to motion blur,
occlusion, and illumination problems due to environmental changes and drone flights.
(5) Real-time and resource constraints. There is a conflict between the high real-time
processing requirements and the limited computational capacity of UAV onboard devices.
These challenges jointly increase the difficulty of reliable UAV-based traffic detection.

Many researchers have proposed methods to overcome the above problems. Some
focus on detecting objects in specific scenes, such as ship or vehicle detection [4], while oth-
ers utilize data augmentation techniques or improve feature information [5]. Besides, some
researchers introduce transformers to capture global contextual information in addition to
local features [6]. Nevertheless, most of these studies focus solely on the algorithmic aspect
of real-time object detection, overlooking the practical deployment of these algorithms on
UAVs. Most detection algorithms run offline and locally, concentrating more on solving
scale and image quality problems to enhance the detection performance without consid-
ering the limited computing capacity of UAV platforms. Few studies provide in-flight
or edge-device deployment metrics (latency, FPS, power) under realistic UAV operating
conditions. Therefore, this article proposes an asymptotic elimination multi-scale fusion
object detection (AEMFOD) to reduce redundant computation while retaining multi-scale
discriminability for practical UAV traffic monitoring. It can operate in real time with high
detection accuracy on computationally constrained embedded platforms. In AEMFOD,
we design an asymptotic elimination feature pyramid network (AEFPN) tailored for UAV
scenarios. AEFPN enhances low-level feature representations by mitigating the influence
of deep semantic information on shallow positional details, eliminating redundant features,
and preserving essential information. This approach reduces the number of parameters
and improves feature fusion, thereby balancing detection accuracy with computational
efficiency. Complementing AEFPN, the asymptotic weighted coordinate fusion (AWCF)
module is introduced to integrate neighboring features efficiently, narrow the semantic
gap, and further mitigate conflicts among adjacent features. AWCF enhances multi-scale
feature representation by facilitating smoother feature fusion. It effectively compensates for
information loss induced by feature elimination in AEFPN, thus improving overall fusion
quality. AEFPN and AWCEF synergistically establish a robust, scale-aware feature hierarchy
that underpins UAV target detection. This design improves information exchange between
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neighboring scales and enhances the spatial information required for small object detection
while maintaining a lightweight model structure.
The main contributions of this work are summarized as follows:

1.  An efficient detector for onboard UAV traffic perception. We develop AEMFOD to
balance detection accuracy and computational efficiency. The framework reorganizes
the detection architecture to eliminate redundant computation while preserving multi-
scale feature discriminability.

2. A complementary feature fusion strategy. We introduce a novel fusion hierarchy that
consists of AEFPN and AWCEF. AEFPN dynamically balances contributions across
scales to alleviate gradient conflicts and enhance small object representation; AWCF
employs cross-scale attention to harmonize feature hierarchies and mitigate intra-
scale bias. Together, these modules form a compact and effective multi-scale fusion
mechanism.

3.  Extensive empirical validation and in-flight deployment study. AEMFOD shows
consistent improvements over strong baselines on benchmark UAV datasets. Further-
more, in-flight experiments provide promising qualitative detection results under
actual UAV operating conditions.

The remainder of this article is organized as follows. Section 2 discusses the related
UAV detection methods. Section 3 presents the proposed AEMFOD architecture. Section 4
demonstrates the effectiveness of the proposed methodology through the dataset and flight
experiments. Section 5 summarizes the main findings.

2. Related Work
2.1. Deep Learning-Based Object Detection

Deep learning has substantially reshaped object detection, with modern detectors
generally following either a two-stage or a one-stage prediction paradigm. Two-stage
approaches first identify candidate regions, then refine their categories and bounding
boxes. R-CNN [7] established this framework, while Fast R-CINN [8] and Faster R-CNN
[9] progressively improved feature sharing and proposal generation to increase efficiency.
Later variants extended this formulation in different directions. Mask R-CNN [10] proposes
the RolAlign method to obtain fractional pixel coordinates of the object. Cascade R-CNN
[11] uses multiple cascaded detection heads to correct the prediction region several times,
thus gradually improving the detection accuracy.

One-stage detectors remove the explicit proposal-generation stage and directly per-
form classification and localization over dense feature maps. This design generally pro-
vides a more favorable inference speed and is therefore attractive for real-time applications.
YOLO [12], the first end-to-end one-stage detection network, formulated detection as an
end-to-end regression problem, dividing the image into a grid and regressing the predic-
tion directly on each grid to obtain the class and box. SSD [13] is a fully convolutional
network that improves detection accuracy by presetting the prior bounding box scales and
achieves multi-scale detection by extracting feature map information from different layers.
RetinaNet [14] improves the accuracy of small-scale objects through the feature pyramid.
Besides, it further addressed the foreground-background imbalance in dense detection
through focal loss. For deployment-oriented applications, the YOLO series stands out
among one-stage detectors due to its strong balance between model complexity, detection
accuracy, and inference speed.

2.2. Object Detection in UAV Imagery

UAV imagery differs considerably from conventional ground-level images because
targets are often small, densely distributed, and subject to substantial scale and viewpoint
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variations. Consequently, a variety of specialized detection strategies have been developed
for aerial scenes. Chen et al. [15] proposed a hybrid detector RRNet by combining an
anchor-free coarse detector and re-regression module, which detects the object centroid
and then generates an accurate bounding box through the regression module. An adaptive
resampling augmentation strategy named AdaResampling is also proposed to enhance the
data for the target. Yu et al. [16] proposed the DSHNet to address the long-tailed category
distribution commonly encountered in UAV datasets, which addresses the imbalance in
category distribution but requires high processing power. It utilizes class-biased sampling
and separate processing paths for head and tail categories, and the loss function is updated
by weighting the losses of the tail and head classes. From a domain-robustness perspective,
AdNet [17] introduces multi-scale adversarial learning to reduce feature discrepancies
caused by changes in viewpoint, illumination, weather, and background. Bosquet et al. [18]
proposed a down-sampling generative adversarial network. The DS-GAN incorporates a
GAN:-based object generator in conjunction to generate small object data and increase small
object identification accuracy through object segmentation, inpainting, and image blend-
ing approaches. However, the GAN introduces substantial computation and additional
parameters, reducing inference speed.

In addition, the YOLO series has also received much attention due to its significant
real-time performance, and many related works have been proposed based on YOLO.
SimYOLOV3 [19] reduces the computational burden of YOLOv3 through network prun-
ing, resulting in a more compact architecture and faster inference. TPH-YOLOvV5 [20]
incorporates transformer-based prediction heads to strengthen feature representation for
drone imagery, but the added attention computation limits real-time deployment capability.
VIT-YOLO [21] similarly introduces global contextual modeling through multi-head self-
attention. More recently, Drone-YOLO [22] modifies YOLOVS using RepVGG-based feature
extraction and a sandwich-fusion strategy to improve small-object representation. These
methods demonstrate that enhancing multi-scale or global feature interaction can improve
UAV detection, but the associated computational increase remains a critical concern for
onboard applications.

Overall, existing methods struggle to balance detection accuracy, inference latency,
and model footprint for UAV-based traffic monitoring and ITS applications. Consequently,
improving accuracy alone is insufficient; reducing FLOPs and parameters while achieving
a reasonable FPS-AP trade-off is a primary problem for practical UAV deployment.

3. Proposed Method

This section presents the architecture of AEMFOD and details its main components.
The framework integrates a novel scale-aware feature fusion hierarchy designed for drone
applications, consisting of the asymptotic elimination feature pyramid network (AEFPN)
and the asymptotic weighted coordinate fusion (AWCF) module. Together, these compo-
nents optimize the multi-scale feature hierarchy, mitigate inter-scale conflicts, and enable
multi-head detectors to specialize more effectively in small-object detection.

3.1. Overview

The overall architecture of AEMFOD is shown in Figure 1, following the conventional
backbone-neck-head organization. We mainly improve the neck and head of the network
with the backbone remaining unchanged from YOLOVS5 to achieve high performance with
a lightweight model. The proposed neck is constructed using AEFPN, which reorganizes
multi-scale feature propagation to reduce redundant computation while preserving spatial
information important for small objects. It can reduce the parameters and FLOPs while
ensuring detection accuracy, which achieves the balance between accuracy and speed
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compared with other feature fusion structures. Within AEFPN, the adjacent level fusion
(ALF) module enables high-level semantics to complement low-level spatial details by
progressively exchanging information between neighboring feature layers, while avoiding
the introduction of excessive long-range interactions. The AWCF module is incorporated
during hierarchical fusion to adaptively emphasize informative features across scales and
reduce inconsistencies among feature levels. In addition, a high-resolution prediction
branch is added to increase sensitivity to pixel-scarce tiny objects in aerial images.
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Figure 1. Architecture of AEMFOD.

3.2. Additional Prediction Head

The YOLO framework predicts objects of different sizes from three feature levels with
spatial resolutions of 80 x 80, 40 x 40, and 20 x 20, which mainly correspond to small,
medium, and large objects, respectively. By using multiple feature maps and prediction
heads, YOLO can effectively improve the detection accuracy across different scales. How-
ever, due to changes in perspective during UAV flight, objects in the images vary widely
in scale, and UAV imagery contains more tiny objects than natural scenes. This design is
insufficient to handle all possible detection scenarios during UAV flight. To enhance the
versatility of the UAV image detection algorithm across various scenarios, we incorporate
an extra 160 x 160 prediction head for tiny objects alongside the original three detection
heads. The tiny prediction head maintains low-level high-resolution features, preventing
information loss during feature fusion and enhancing sensitivity to small targets. This ad-
dition increases the model’s parameters and complexity but greatly boosts the performance
of tiny object detection without compromising accuracy for regular-scale objects.

3.3. Asymptotic Elimination Feature Pyramid Network

Variations in UAV flight altitude lead to objects of different scales in the field of view,
while the limited computing capacity of UAV platforms imposes strict constraints on model
size and complexity. Traditional pyramid architectures usually propagate information re-
peatedly across multiple levels through both top-down and bottom-up pathways. However,
this strategy tends to fuse all hierarchical features indiscriminately, which may introduce
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feature redundancy and increase parameters and FLOPs. Moreover, this indiscriminate fu-
sion can dilute essential low-level spatial details critical for small objects, posing challenges
for UAV object detection.

Based on this observation, AEFPN, a lightweight asymptotic elimination feature
pyramid network, is designed specifically for UAV requirements. This network reduces
parameters and model complexity while maintaining detection accuracy. Inspired by
AFPN’s progressive fusion strategy [23], AEFPN reorganizes the fusion pathways to limit
the potential dilution of shallow spatial details caused by repeated propagation of deep
semantic features. Unlike AFPN, which gradually expands the fusion scope by integrating
higher-level features, AEFPN transitions from extensive cross-scale interactions to increas-
ingly restricted fusion paths. The elimination concerns subsequent fusion branches rather
than the complete removal of semantic information already incorporated into the fused
representations. The key innovation of AEFPN is to establish sufficient multi-scale commu-
nication in the early fusion stage and then progressively remove less useful non-adjacent
high-level dependencies. In this way, low-level features can retain the spatial information
required for small-object localization, while high-level semantic information is introduced
in a controlled manner rather than repeatedly propagated across all levels. This structured
elimination strategy reduces redundant feature interaction and lowers model complexity
without completely sacrificing cross-scale information.

As illustrated in Figure 2c, AEFPN operates in three sequential stages. The feature
layers at each scale are first fused to ensure the integrated utilization of multi-scale features.
This initial fusion preserves comprehensive information from multiple scales. The network
then prioritizes the progressive fusion of adjacent hierarchical features, which minimizes
semantic gaps. This step facilitates smoother integration of cross-scale information and
reduces semantic discrepancy. Finally, during the top-down propagation process, the
influence of non-adjacent high-level features is gradually reduced via a structured culling
mechanism. This selective elimination retains critical semantic information while discard-
ing redundant features. This gradual transition from broad fusion to localized fusion and
finally to selective elimination forms the asymptotic feature-propagation pattern of AEFPN.

P2 P2 P2 .
N
ik

P3 P3 P3 .i‘]:’;
41
P4 P4 P4 .‘,‘A‘V
(e
P5 P5 P5 .m 777777 ]
(a) (b) (o)

Figure 2. Feature Pyramid Network. (a) Path Aggregation Network (PANet). (b) Bi-directional
Feature Pyramid Network (BiFPN). (c) AEFPN. P2-P5 are multi-scale features from levels 2 to 5. The
red, blue, and pink rectangles denote the fully connected feature fusion, adjacent level fusion, and
asymptotic feature elimination in AEFPN.

Fully connected feature fusion. Feature maps contain sufficient image information
after backbone feature extraction. To aggregate information from multiple scales before
the network begins to restrict cross-level propagation, AEFPN conducts multi-scale feature
fusion at different hierarchical feature levels, enabling each layer to contain multiple scales
of feature information.

Adjacent level fusion. In the early stages of feature fusion, the difference between
multi-scale features will affect the subsequent fusion. Because neighboring feature lev-
els are more closely related than widely separated ones, the adjacent level fusion (ALF)
module emphasizes information exchange between adjacent levels and suppresses less
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relevant long-range interactions. The structure of ALF is shown in Figure 3. We apply a
1 x 1 convolution operation on the low-level features and an upsampling operation on the
adjacent higher-level features before a concatenation operation. The subsequent convolu-
tion operation extracts the combined information, which contains rich details about the
classification and spatial localization of the objects. The ALF module output is expressed
as follows:

Y= f1><1 ( [flxl(xl), Upsample(x), Upsample(xg)} ) (1)

where x1, X and x3 are the input feature vectors at different scales, [.,.] is a concatenation
operation, f1*1 is a convolutional layer with a kernel size of 1 x 1 followed by the Sigmoid
Linear Unit (SiLU) activation function.

Upsample

Figure 3. Architecture of the Adjacent Level Fusion module.

Asymptotic feature elimination. The low-level features have integrated sufficient
high-level semantic information in the previous fusion. We gradually remove the influ-
ence of non-adjacent high-level features along the top-down path to obtain better results.
Through this approach, the number of parameters and FLOPs are drastically reduced.

Unlike the traditional feature pyramid networks, the asymptotic elimination feature
pyramid network proposed in this paper progressively integrates deep semantic informa-
tion and shallow location information by asymptotic elimination of high-level features. This
approach gradually mitigates the influence of high-level features on small object detection
through the top-down pathway, thereby enhancing detection performance and reducing
the model’s parameters.

3.4. Asymptotic Weighted Coordinate Fusion for AEFPN

The fully connected feature fusion stage in AEFPN incorporates multi-scale features
to augment the feature information. However, as features from different levels may con-
tain contradictory information and vary in importance, balancing spatial precision with
semantic richness becomes critical—especially in UAV scenarios, where small objects are
prevalent. Adaptive spatial feature fusion (ASFF) combines aligned features through spa-
tially weighted summation into a single feature map, without retaining the individual
input branches as separate channel groups for subsequent recalibration. We aim to preserve
complementary multi-scale responses and incorporate directional positional context during
fusion. To this end, we introduce asymptotic weighted coordinate fusion (AWCEF) for
UAV imagery.

AWCEF combines branch-level weighting with the existing coordinate attention (CA)
mechanism [24] through a hierarchical fusion strategy that synergizes with AEFPN to form
an integrated framework addressing UAV-specific challenges. Its weighting design draws
inspiration from the weighted feature fusion method used in BiFPN [25]. Instead of the
weighted summation adopted in BiFPN, AWCF concatenates the normalized weighted
input features and keeps the scale-specific responses as independent channel groups be-
fore subsequent recalibration. Coordinate attention subsequently encodes horizontal and
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vertical positional context to dynamically recalibrate the fused features. This combination
integrates branch-level weighting and positional information into AEFPN’s multi-scale
fusion. This module introduces a decoupled attention mechanism that distinctly sepa-
rates spatial and channel-wise recalibration, thereby reducing conflicts and inconsistencies
among hierarchical features and compensating for the shortcomings of pivotal layers.
Through these optimizations, AWCF effectively integrates hierarchical adaptivity with
conflict suppression, achieving robust multi-scale feature fusion. Furthermore, AWCF
reinforces the hierarchical representations via cross-layer feedback, which, coordinated
with AEFPN, mitigates the adverse effects of asymptotic feature elimination, thus ensuring
lightweight and efficient feature integration. As depicted in Figure 4, the AWCF module
introduces scale-aware weighting factors to fuse input features through a weighted connec-
tion operation. This approach enables the network to learn spatial importance across the
feature map and adaptively prioritize features from scales most relevant to UAV scenarios.
Subsequently, a decoupled attention mechanism, implemented via coordinate attention, is
applied to effectively integrate global contextual information with multi-scale local details,
thereby enhancing object localization accuracy.

)

S0 A -
Wy

Figure 4. Architecture of the Asymptotic Weighted Coordinate Fusion Module.

1 . . ..
Let xl?’]ﬁ be the feature vector at spatial location (i, j) propagated from level n to level

1. The corresponding output of the AWCF module is denoted by y! i which is formulated
as follows:

. wkx;c]ﬁl
g = 2)
Y wp+e
kel
1 3% 3 . =1 =2 =3 -4
Yij = fox (Attentlon([xij, Xijr Xijs xiﬂ)) ®)

where wy, represents the spatial weights of the features at level k, the summation ) ., wy
denotes the sum of the weights of all input levels participating in fusion at target level /,
¢ is a constant to prevent data change. f3*3 denotes the convolution with a 3 x 3 kernel
using the sigmoid activation function.

As shown in Figure 5, two 1D feature vectors are generated along the vertical and
horizontal coordinates through average pooling operations on the features of each channel.
Let x denote the feature vector of the c-th channel. The output feature vectors z/ at height
h and z¥ at width w from the average pooling operations can be described as:

ORI WEN( @
<i<
1 .
2% (w) = o 1§%ch(], w) 5)
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The average pooling operation along height and width allows for more precise coordi-
nate information and long-range dependencies of the input feature maps in that direction.
This enables the network to locate the objects of interest more precisely. To capture the
inter-channel information, the results from the two directions, z% and z", are concatenated
before a shared 1 x 1 convolution function F; as follows:

f=6(R("=) ©)

where J denotes the nonlinear activation function. The intermediate representation
f € RE/r*(H+W) incorporates horizontal and vertical encoded information, and 7 is the
reduction ratio to control the intermediate channel dimension. Here, C denotes the number
of input channels. The representation is then divided into f* € R¢/"*H and f© € RC/mW,
The height- and width-dependent attention weights ¢ and ¢“ can be obtained by applying
separate 1 x 1 convolution functions F, and F,, to f and f%, respectively, followed by a
sigmoid activation function.

g =a(B(M) @)
§" = o(Fu(f?)) (®)

where ¢ represents the sigmoid activation function. Ultimately, the output feature vector
(i, j) with coordinate attention weights will be calculated with a channel-wise broadcast
multiplication operation on the original feature vector.

ye(i,j) = xc(i, j) x gt(i) x g (j) ©)
Residual
S >
X Avg Pool Y Avg Pool
v v
Concat+Conv2d
v
BatchNorm+Non-linear
v v
Conv2d Conv2d
v v
Sigmoid Sigmoid
Y&
Re-weight

v

Figure 5. Architecture of the Coordinate Attention Module.

4. Experiments

The experimental validation consists of two complementary parts. Benchmark experi-
ments on public datasets are first conducted to quantify the detection accuracy of AEMFOD
through numerical results and qualitative comparisons. Subsequently, the model is de-
ployed on an edge-computing device for real-world UAV flight tests, where its real-time
inference performance is examined under practical operating conditions.
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4.1. Dataset Experiments

VisDrone2019 [26] is used as the experimental dataset. The VisDrone2019 dataset
consists of 10,209 images covering pedestrians, bicycles, cars, tricycles, and other classes,
totaling ten object categories. The dataset is divided into 6471 images for training, 548 for
validation, 1610 for testing, and 1580 for competition. Comparisons between our proposed
method and other algorithms, as well as the ablation study, are performed on this dataset.

DOTA [27] is another large-scale public dataset similar to VisDrone2019. It comprises
15 common categories and 2806 images, distributed as follows: 1411 images for training, 458
for validation, and 937 for testing. All images are captured from drones, making the DOTA
dataset particularly suitable for evaluating object detectors in aerial imagery. For both
VisDrone-DET2019 and DOTA, all comparison methods are trained on the official training
sets and evaluated locally on the corresponding official validation sets. All reported results
are from local training and evaluation. The DOTA experiments use horizontal bounding
boxes (HBBs) for both training and evaluation.

4.1.1. Implementation Details and Evaluation Metrics

All dataset experiments are performed under Ubuntu 20.04 using Python 3.8, PyTorch
1.12.1, and CUDA 11.6. The computing platform consists of an Intel Xeon Silver 4310
CPU operating at 2.10 GHz and an NVIDIA RTX A6000 GPU with 48 GB of memory.
For AEMFOD and the YOLOvS5s baseline, training uses 300 epochs of stochastic gradient
descent (SGD) with a batch size of 64, momentum of 0.937, weight decay of 0.0005, and
an initial learning rate of 0.01. AEMFOD and the YOLOv5s baseline are trained from
scratch under the same training settings without pretrained weights. Detection accuracy is
evaluated using AP, APsy, APs5, APs, APy, and APy, whereas computational overhead is
described by the parameter count and GFLOPs. AP is averaged over all object categories
and IoU thresholds from 0.50 to 0.95 in steps of 0.05. APsy and AP7;5 denote average
precision across all categories at IoU thresholds of 0.50 and 0.75, respectively. APs, APy,
and APj, denote AP for small, medium, and large objects, respectively. The parameter
count and GFLOPs indicate the model’s complexity to some extent.

4.1.2. Comparison with Other Methods

Extensive comparative experiments are conducted on VisDrone2019 and DOTA
datasets between AEMFOD and other representative methods. The experimental results
are presented in Tables 1 and 2.

It can be seen from the results in the table that AEMFOD achieves the best results with
41.3% APsp and 24.0% AP, obtaining the highest values in both metrics. Some comparison
methods in Tables 1 and 2 use pretrained initialization, which may influence the observed
performance differences. However, AEMFOD achieves higher AP5y and AP than the
pretrained comparison methods. Notably, our model demonstrates improvements of
1.8% on APsy and 0.5% on AP in contrast to YOLOvS8s. In APs, which measures small-
object detection performance, AEMFOD achieves 14.0%, compared with 14.4% for Drone-
YOLO. On VisDrone, AEMFOD improves APy and AP;, from 23.5% and 28.5% for the
YOLOV5s baseline to 31.8% and 39.1%, respectively. However, these values remain below
the 33.3% and 42.4% achieved by YOLOv8s. AEMFOD prioritizes fine spatial detail and
computational efficiency through restricted cross-scale fusion. This design may offer less
benefit for medium and large objects that require broader semantic context, indicating
a trade-off rather than uniform superiority across object scales. The integration of the
AEFPN and AWCF modules in AEMFOD contributed to improved detection accuracy.
These components significantly enhance feature integration for object detection in UAV
aerial images. Moreover, AEMFOD contains only 6.3 M parameters with a computational
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complexity of 16.7 G FLOPs. The parameter count and GFLOPs are lower than those of most
comparison algorithms, although they are not the lowest. Our pipeline achieves higher
accuracy than lightweight networks. Compared with YOLOvS8s, our method achieves
higher detection accuracy while reducing the parameter count by 43.8% and GFLOPs by
41.6%. Overall, AEMFOD demonstrates excellent detection accuracy while ensuring low
model complexity.

Table 1. Comparisons between the AEMFOD network and various algorithms on the VisDrone-
DET2019 dataset.

Methods Size APs50(%) AP75(%) AP(%) APs(%) APy(%) APp(%) Params(M) GFLOPs(G)
SSD [13] * 512 x 512 249 12.1 12.9 5.6 20.5 279 26.4 179.4
Faster R-CNN [9] * 1333 x 800  36.2 21.7 21.1 13.4 31.6 34.7 28.2 321.6
YOLOv3-tiny [28] 640 x 640 23.4 12.4 13.0 3.7 19.8 33.5 12.1 18.9
YOLOv4s [29] 640 x 640 24.7 13.8 14.2 6.7 17.9 26.5 9.1 21.2
YOLOv5s [30] 640 x 640 314 15.7 16.6 9.8 23.5 28.5 7.2 16.5
YOLOX-s [31] 640 x 640 29.1 13.9 15.2 8.7 224 29.8 9.0 26.9
YOLOv7-tiny [32] 640 x 640 27.9 12.5 13.9 8.2 214 29.1 6.1 13.3
YOLOvSs [33] 640 x 640 39.5 23.9 235 13.1 33.3 424 11.2 28.6
YOLO11s [33] 640 x 640 38.4 21.8 21.9 13.4 32.2 39.1 9.4 21.3
YOLO26s [33] 640 x 640 38.3 21.6 21.9 13.9 30.8 439 9.5 20.8
TOOD [34] * 640 x 640 329 19.5 194 10.7 30.1 39.2 31.8 184.5
DINO [35] * 640 x 640 40.6 21.6 224 13.7 31.7 41.1 47.3 232.5
RTD [6] 640 x 640 29.6 14.1 15.3 8.1 20.6 27.1 6.4 14.5
LE-YOLO [36] 640 x 640 39.3 21.9 22.7 13.5 31.6 37.2 3.3 229
ADD-YOLO [37] 640 x 640 37.6 21.4 221 12.7 29.8 38.8 1.7 17.9
SGA-YOLO [38] 640 x 640 33.4 15.8 18.5 9.7 25.3 34.2 1.5 14.4
Edge-YOLO [39] 640 x 640 40.8 22.8 23.1 13.8 34.2 48.1 9.3 453
TPH-YOLOV5s [20] 640 x 640 37.2 20.3 20.8 11.3 27.5 34.0 6.3 16.6
Drone-YOLO [22] 640 x 640 41.3 21.3 23.3 14.4 31.5 36.8 10.8 37.3
AEMEFOD (Ours) 640 x 640 41.3 24.0 24.0 14.0 31.8 39.1 6.3 16.7

* Methods use pretrained weights. The best performances are marked in bold.

The effectiveness of AEMFOD is additionally confirmed by comprehensive experi-
ments on the DOTA dataset, as listed in Table 2. The model performed consistently on
both DOTA and VisDrone datasets, confirming its applicability to aerial scene detection.
Compared to current methods, AEMFOD achieved the best results, with AP5y, AP75, and
AP being 41.5%, 22.7%, and 22.8%, respectively. Besides, the APs of AEMFOD is not the
best but reaches 6.6%, which outperforms most methods, and the APy achieves the best
results with 18.1%. Regarding parameter count and GFLOPs, AEMFOD demonstrates
comparable results to YOLOvV5s and is acceptable when evaluated against YOLOv7-tiny,
which exhibits the best performance. Overall, our method demonstrates excellent detection
performance on UAV images.

4.1.3. Ablation Study

Ablation studies are conducted on VisDrone to quantify the contributions of the
proposed modules. The YOLOv5s model serves as the baseline for comparison. We
employ multiple metrics of APsy, AP, AP, parameters, and GFLOPs to compare the
model detection capabilities of the initial version and after adding modules progressively.
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Table 2. Comparisons between the AEMFOD network and various algorithms on the DOTA dataset.

Methods Size AP5o(%) APr5(%) AP(%) APs(%) APp(%) APp(%) Params(M) GFLOPs(G)
SSD [13] * 512 x 512 23.9 9.9 11.2 2.3 9.3 20.6 26.4 179.2
Faster R-CNN [9] * 1333 x 800  28.3 12.1 14.3 3.3 14.5 22.8 28.2 321.6
YOLOvV3-tiny [28] 640 x 640 322 19.0 19.2 3.8 12.9 31.3 12.1 18.9
YOLOwv4s [29] 640 x 640 31.5 19.8 19.2 3.6 13.9 20.2 9.1 21.2
YOLOv5s [30] 640 x 640 39.6 21.7 204 51 16.5 30.6 72 16.5
YOLOX-s [31] 640 x 640 34.7 19.9 20.2 7.6 18.0 33.1 9 26.9
YOLOv7-tiny [32] 640 x 640 36.1 14.3 17.1 4.0 14.9 27.8 6.1 13.3
YOLOVSs [33] 640 x 640 404 19.8 21.5 6.2 15.6 309 11.2 28.6
TOOD [34] * 640 x 640 249 74 10.7 24 9.1 18.4 31.8 184.5
DINO [35] * 640 x 640 38.2 19.6 19.9 6.2 17.9 36.1 47.2 232.6
RTD [6] 640 x 640 34.8 15.2 17.4 55 14.8 23.8 6.4 14.5
LE-YOLO [36] 640 x 640 40.8 21.8 21.4 6.4 17.9 33.4 3.3 229
ADD-YOLO [37] 640 x 640 38.2 20.8 214 5.6 171 29.5 1.7 17.9
SGA-YOLO [38] 640 x 640 34.1 18.9 20.0 49 14.5 279 1.5 14.4
Edge-YOLO [39] 640 x 640 30.5 15.5 16.4 5.1 16.3 24.8 9.3 45.3
AEMFOD (Ours) 640 x 640 41.5 22.7 22.8 6.6 18.1 30.9 6.3 16.6

* Methods use pretrained weights. The best performances are marked in bold.

Table 3 compares performances incorporating different combinations of AEFPN,
AWCE, and the tiny-object prediction head. Introducing the tiny-object prediction head
leads to the most substantial improvement in detection precision with 20.7% on the APsg
index and 28.3% on the AP index. However, it also introduces increases of 2.8% and 22.4%
in parameters and GFLOPs. The introduction of AEFPN to YOLOvVS5s significantly reduces
the complexity and parameter count by 20.6% and 26.4%, although the model’s accuracy
slightly decreased. Without the tiny-object prediction head, adding AWCEF yields relative
improvements of 5.1%, 3.1%, and 12.2% in APsy, AP75, and AP, respectively, compared
with the case without AWCE

The performance drop in the three-head configuration may be attributed to limited
use of low-level features and weakened semantic information flow across high-level fusion
branches. These factors result in insufficient feature fusion, reducing model accuracy. In the
four-head configuration, adding AEFPN increases APsy, AP75, and AP from 37.9%, 21.2%,
and 21.3% to 38.3%, 21.4%, and 21.6%, respectively, while reducing the parameter count
by approximately 23.0% and GFLOPs by 23.8% compared with the four-head baseline.
This finding underscores the significance of the AEFPN architecture in the four-head
configuration, where broader detection-scale coverage and additional high-resolution, fine-
grained feature information provide a better basis for multi-scale fusion. AEFPN enhances
multi-scale fusion through structural optimization, mitigating feature conflicts and reducing
model complexity. These results indicate that AEFPN more effectively organizes and
uses multi-scale features within this architecture, achieving a modest improvement in
detection accuracy while reducing model complexity. With the tiny-object prediction head,
the AWCF module improves AP5y, AP75, and AP by approximately 7.8%, 12.1%, and
11.1%, respectively. This module enhances the quality of feature fusion by adaptively
suppressing over-activation in deeper layers, typically dominant in detecting large objects,
and reallocating attention toward crucial finer details. The results show that integrating
AWCEF into AEFPN improves detection performance, supporting the effectiveness of their
collaborative design. As AWCEF is designed for the AEFPN architecture, its independent
contribution requires further investigation.
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Table 3. Results of the ablation study.

Methods AEFPN AWCF Head APs5(%) AP;5(%) AP(%) Params(M) GFLOPs(G)
YOLOv5s - - - 31.4 15.7 16.6 7.2 16.5
YOLOvV5s + AEFPN v - - 31.2 16.1 15.6 5.3 13.1
YOLOv5s + AEFPN + AWCF v v - 32.8 16.6 17.5 5.8 14.1
YOLOvV5s + Head - - v 37.9 21.2 21.3 74 20.2
YOLOv5s + Head + AEFPN v - v 38.3 21.4 21.6 5.7 15.4
AEMFOD (Ours) v v v 41.3 24.0 24.0 6.3 16.7

The best performances are marked in bold.

In addition, the standalone performance of the multi-head component is approx-
imately 3.4% lower than that of the complete AEMFOD system. It indicates that the
multi-head component significantly benefits from integrating with AEFPN and AWCE,
resulting in superior feature fusion. This integrated approach mitigates conflicts between
cross-scale feature inconsistencies while improving the utilization of feature information.
Their principal value lies in establishing a scale-aware feature hierarchy that the multi-head
component can exploit efficiently. Ultimately, it is the synergy among these components
that reduces model complexity while enhancing detection accuracy.

Furthermore, Gradient-weighted Class Activation Mapping (Grad-CAM) is used to
visualize attention regions, providing an intuitive analysis of the effectiveness of the pro-
posed modules. As presented in Figure 6, although the additional branch improves scale
matching, the network still suffers from significant feature aliasing. The attention is dif-
fusely distributed, with high activation responses incorrectly appearing in task-irrelevant
background regions, such as the sky, roadside vegetation, and distant buildings. This
phenomenon indicates that deep semantic noise interferes with small-object localization,
thereby constraining effective feature fusion. After integrating AEFPN, background acti-
vations are substantially suppressed. The asymptotic elimination mechanism effectively
acts as a spatial filtering process, progressively removing redundant high-level semantic
dependencies that are irrelevant to small-object detection, thus “cleaning” the fused feature
representations. With the further incorporation of the AWCF module, the high-activation
regions become tightly concentrated on object bodies. The network exhibits precise spatial
recalibration, clearly distinguishing foreground objects from the suppressed background.
The results indicate that AWCF incorporates spatial cues into channel-wise recalibration,
enabling the network to emphasize features associated with small objects.

) (b © @

Figure 6. Heatmap visualization. (a) Original images. (b) With Head. (c) With AEFPN. (d) With
AWCE.
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To assess the contribution of AEFPN, we further evaluate the baseline model equipped
with several alternative feature pyramid structures on the VisDrone2019 dataset. Addition-
ally, we compare baseline models equipped with tiny prediction heads. The corresponding
comparison is reported in Table 4. With the original baseline, BiFPN performs the best in
APsp on the baseline and baseline-4Head. Yet, its performance in AP75 and AP is unsat-
isfactory and significantly increases model parameters and complexity. AFPN achieves
the lowest AP5y) and AP;5 among the compared FPN structures in both configurations.
Compared with AFPN, AEFPN increases the APsy from 30.4% to 31.2% and from 36.7%
to 38.3%, while reducing the parameter count and GFLOPs. Compared with BiFPN and
PAFPN, AEFPN prioritizes reducing complexity over improving detection accuracy. How-
ever, on the baseline-4Head model, AEFPN achieved 25.0% and nearly 23.0% reductions
in parameters and 28.4% and 23.8% reductions in GFLOPs with comparable detection
performance. This result supports the use of AEFPN in the four-head architecture, where it
limits complexity while preserving comparable detection performance. By integrating these
three modules, our proposed AEMFOD achieves 41.3% detection accuracy on APsy with
a slight increase in computational complexity. Our approach balances detection accuracy
and model complexity by substantially improving detection accuracy with only a small
increase in model complexity.

Table 4. Comparison of different FPN architectures.

Methods Neck APs5¢(%) AP75(%) AP (%) Params(M) GFLOPs(G)
PAFPN 31.4 15.7 16.6 7.2 16.5
Baselin BiFPN 32.9 16.1 16.2 7.2 16.7
aselne AFPN 30.4 15.0 16.0 6.2 15.4
AEFPN 31.2 16.1 15.6 5.3 13.1
PAFPN 37.9 21.2 21.3 7.4 20.2
. BiFPN 38.6 21.1 21.7 76 21.5
Baseline-4Head AFPN 36.7 20.8 21.0 6.5 19.5
AEFPN 38.3 21.4 21.6 5.7 15.4

The best performances are marked in bold.

Figure 7 compares the Precision—Recall (P-R) curves of YOLOv5s and AEMFOD on
VisDrone2019. Besides the P-R curves for individual object categories in the dataset, the
legend displays the respective APsy of each class. The results in Figure 7 illustrate that
the proposed AEMFOD outperforms YOLOv5s in detection precision across all object
categories, especially for the bicycle, truck, tricycle and bus categories. The AP5 for trucks
is improved by up to 46% and for tricycle nearly 63%. The smallest improvement is for
cars, at 12%. The pedestrian and people categories, which are more numerous in the
dataset, show improvements of 37% and nearly 24%, respectively. The performance gains
of AEMFOD are associated with its aggregation of features at multiple resolutions and its
incorporation of positional context from low-level feature maps, further supporting the
effectiveness of the proposed modules.

To evaluate the applicability of proposed designs beyond YOLOvV5s, we integrate
AEFPN, AWCE, and the tiny-object prediction head into YOLOv8s and YOLO11s while
retaining their native backbones and basic feature-extraction modules. The model training
settings remain consistent with the experiments described above. Similarly, no pre-trained
weights are used. As shown in Table 5, incorporating the proposed modules increases
APs5j from 39.5% to 43.6% and AP from 23.5% to 24.9% for YOLOvS8s, while reducing the
parameter count from 11.2 M to 8.5 M. For YOLO11s, AP5, increases from 38.4% to 42.7%
and AP from 21.9% to 24.5%, with the parameter count decreasing from 9.4 M to 8.3 M.
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However, GFLOPs increase for both architectures, and AP}, decreases from 42.4% to 37.9%
on YOLOVS8s and from 39.1% to 37.9% on YOLO11s. On YOLOvS8s, AP;5 also decreases
from 23.9% to 22.4%. In contrast, APy, increases from 33.3% to 33.8% on YOLOv8s and
from 32.2% to 33.5% on YOLO11s. AEFPN'’s progressive restriction of selected deeper-level
fusion branches may limit the deep semantic context available for large-object detection.
The drop in AP75 on YOLOvSs also indicates performance trade-offs at the stricter IoU
threshold. These results show that the proposed design is equally applicable to newer
YOLO architectures, although improvements are not consistent across all metrics.

Table 5. Applicability to Other YOLO Architectures.

Methods AP59(%) APs5(%) AP(%) APs(%) APy)(%) APp(%) Params(M) GFLOPs(G)
YOLOWVSs [33] 39.5 23.9 23.5 13.1 33.3 424 11.2 28.6
YOLOv8s + AEMFOD modules  43.6 22.4 249 14.9 33.8 37.9 8.5 32.1
YOLO11s [33] 38.4 21.8 21.9 134 32.2 39.1 94 21.3
YOLO11s + AEMFOD modules  42.7 22.0 24.5 14.1 33.5 37.9 8.3 26.4
‘ - = T —
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(a) (b)
Figure 7. Precision—Recall curve obtained by (a) AEMFOD and (b) YOLOvV5s.

4.1.4. Edge Deployment Comparison with TensorRT

AEMFOD is compared with other lightweight detectors on the NVIDIA Jetson Xavier
NX onboard computer to validate its effectiveness in edge deployment scenarios. To assess
the proposed detector from both performance and deployment perspectives, we report
its detection accuracy along with model size and inference speed. The FPS is calculated
using inference time during validation on the VisDrone dataset, excluding preprocessing
and non-maximum suppression (NMS). All models are converted to TensorRT engines
with FP16 precision and evaluated on the VisDrone dataset with a batch size of 1 and input
image size of 640 x 640. The engine storage size is also included as a comparison metric.

The results are shown in Table 6. When deployed with FP16 TensorRT on the Jetson
NX platform, LE-YOLO achieves the smallest model size among all methods; however,
its inference speed is relatively low. Edge-YOLO attains competitive detection accuracy
but exhibits relatively low FPS. Drone-YOLO and AEMFOD have the same APsy, while
AEMFOD achieves higher AP and FPS. AEMFOD achieves higher detection accuracy than
TPH-YOLOV5s, although its inference FPS is lower. As shown in Table 6, AEMFOD achieves
the highest AP and joint-highest AP5y among the compared methods while maintaining
competitive inference FPS. Moreover, the APsy and AP metrics remain consistent with
those obtained from the PyTorch evaluation, indicating that the proposed architecture is
robust to reduced-precision computation and deployment optimization.

Figure 8 illustrates qualitative detection results of YOLOv5, LE-YOLO, and the pro-
posed AEMFOD under FP16 precision in representative UAV-based traffic scenarios with
varying flight altitudes, illumination conditions, and traffic densities. In high-altitude
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scenes with a large number of small-scale vehicles (a2-c2), YOLOv5 exhibits evident missed
detections and localization errors, particularly in dense traffic regions. LE-YOLO improves
small-object detection performance; however, it still suffers from incomplete detections
and bounding box overlaps in highly congested areas. AEMFOD achieves more accurate
and complete detections, effectively preserving small and densely distributed vehicles.
Similar situations also occur in lower-altitude scenarios (al—c1). AEMFOD shows favorable
detection performance in complex urban traffic scenes. In the illustrated bright-light (a3—c3)
and nighttime (a4-c4) scenes, YOLOV5 and LE-YOLO exhibit missed detections and lower
detection confidence, while AEMFOD provides more complete detection results. Over-
all, AEMFOD demonstrates favorable detection performance across the depicted drone
traffic scenarios.

Table 6. Comparison results with TensorRT.

Methods Size (MB) APs50(%) AP(%) FPS
YOLOV5s 17.2 314 16.6 64.9
YOLOv8s 24.9 39.6 23.7 49.0
LE-YOLO 12.0 39.1 217 375
Edge-YOLO 27.1 406 231 26.6
TPH-YOLOVv5s 16.8 372 20.7 55.2
Drone-YOLO 26.3 413 23.3 27.0
AEMFOD (Ours) 20.6 413 23.8 452

FPS = 1000/ pfer- The best performances are marked in bold.

(ad) - (bd) - (c4)

Figure 8. Comparison of visualizations on VisDrone-2019 dataset. al-a4 denotes the detection results
of YOLOVS5. bl-b4 denotes the detection results of LE-YOLO. c1-c4 denotes the detection results of
AEMFOD. (al, b1, c1) A lower-altitude traffic scene; (a2, b2, c2) a higher-altitude scene with densely
distributed vehicles; (a3, b3, c3) a bright-light scene; (a4, b4, c4) a nighttime scene. Yellow dashed
rectangles and connecting lines identify selected regions and their corresponding magnified views.
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4.2. Flight Experiments

To demonstrate airborne real-time performance and provide qualitative detection
examples, we conducted a single flight test with the autonomous quadrotor shown in
Figure 9. The quadrotor weighs approximately 1.5 kg and has a diameter of 410 mm. The
flight was conducted at an approximate altitude of 30-60 m. Control commands are sent to
the motors through a Pixhawk V4 flight control board, and the detection algorithm runs on
an NVIDIA Jetson Xavier NX onboard computer. Image acquisition is performed using a
G1-OV OS512D40 monocular camera. The monocular camera records 1280 x 720 images at
30 FPS. Its horizontal and vertical fields of view are 125° and 69°, respectively. Onboard
inference is executed on the Jetson NX, which integrates a 384-core NVIDIA Volta™ GPU
with 48 Tensor Cores and a six-core NVIDIA Carmel Arm® v8.2 64-bit CPU. The device
provides up to 21 TOPS (INT8) of peak Al performance and 8 GB of RAM. NVIDIA JetPack
4.4.1, CUDA 10.2, cuDNN 8.0, and Ubuntu 18.04 LTS constitute the software environment.
Before deployment, the model is converted to TensorRT for inference acceleration.

Figure 9. Platforms in flight experiments. (a) Quadrotor. (b) NVIDIA Jetson Xavier NX.

On computationally constrained embedded devices, the inference speed of AEMFOD,
YOLOVvS5s, and YOLOVSs is evaluated using frames per second (FPS) under FP16 and
FP32 precision. The FPS is measured for a single flight image using inference time only,
excluding preprocessing and NMS. Table 7 reports that the proposed AEMFOD outperforms
YOLOVSs in FPS under FP32 precision. The detection speed of AEMFOD is 1.4 frames/s
faster than that of YOLOv8s. YOLOV5s achieves the highest speed under both FP32 and
FP16 precision, while its accuracy is the lowest. Compared with YOLOv5s and YOLOvSs,
AEMFOD exhibits lower inference speed under FP16. However, this trade-off in inference
speed is coupled with improved detection accuracy, providing a practical balance between
accuracy and inference latency for onboard UAV detection.

Table 7 demonstrates a significant discrepancy in FPS between YOLOv5s and AEM-
FOD under FP16 and FP32 precision. To further investigate the effects of AEFPN and
AWCEF on real-time performance, we conduct ablation studies across different precision
levels. In Table 8, the experimental results indicate that reducing model precision from
FP32 to FP16 results in a 143.3% enhancement in real-time performance for the baseline
model. However, with the integration of AEFPN, this improvement is reduced to 74.2%.
Furthermore, the addition of AWCEF achieves an 88.3% increase in FPS. The primary factor
contributing to this diminished speed gain is the fully connected feature fusion mecha-
nism employed in AEFPN, which introduces multi-scale features with significant semantic
discrepancies, thereby reducing the speed improvement when transitioning from FP32 to
FP16. The introduction of AWCF enables the model to focus on valid features, diminishing
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the influence of features with significant semantic gaps on feature fusion. It alleviates the
reduction in real-time performance improvement to some extent.

Table 7. Test results on the embedded platform.

Precision Model FPS
YOLOvV5s 28.4

FP32 YOLOvVS8s 19.2
AEMFOD 20.6

YOLOv5s 69.1

FP16 YOLOvS8s 45.9
AEMFOD 38.8

FPS = 1000/ finger-

The qualitative detection results obtained during flight are compared to illustrate
the performance of the evaluated methods in the presented scenes. Figure 10 shows the
detection results, where objects are marked with rectangles of different colors and accom-
panied by confidence scores. As shown in Figure 10(al-a4), YOLOvVS5 exhibits noticeable
missed detections and inaccurate localization in crowded scenes, particularly for small
and partially occluded objects. Specifically, in Figure 10(a2,a3), only a few distant trucks
are detected, while multiple background structures are incorrectly classified as pedestri-
ans. YOLOv8 demonstrates improved detection performance compared with YOLOV5,
especially in terms of localization accuracy and object recall. However, as illustrated in
Figure 10(b2,b4), YOLOVS still suffers from incomplete detections and redundant bounding
boxes. In contrast, AEMFOD consistently achieves more complete and accurate detec-
tion results. It effectively detects small and densely distributed targets while maintaining
clearer object boundaries and fewer false negatives. This advantage is particularly evident
in complex scenes with severe occlusion and large perspective distortion. The flight results
provide qualitative examples of onboard detection, while quantitative detection accuracy is
evaluated on the public datasets.

Table 8. Results of the ablation study under different precisions.

Methods Precision FPS
Baseline 2 s
FP16 69.1(1143.3%)
. FP32 22.5
Baseline+AEFPN FP16 39.2(174.2%)
FP32 20.6
AEMFOD FP16 38.8(188.3%)

5. Conclusions

This work develops AEMFOD, a high-accuracy and resource-efficient object detector
for UAV-based traffic monitoring. AEMFOD improves detection accuracy significantly
over the YOLOv5s baseline while retaining a compact architecture. Embedded inference
measurements and the flight demonstration further support its feasibility for onboard
UAV detection. An additional prediction head is incorporated to strengthen low-level
information. The asymptotic elimination feature pyramid network (AEFPN) enhances
spatial detail preservation through a structured elimination process, effectively reducing
FLOPs and parameters. Within AEFPN, the asymptotic weighted coordinate fusion (AWCF)
module employs a cross-scale attention mechanism to harmonize the feature hierarchy;,
mitigate inter-scale conflicts, and improve feature fusion. Together, AEFPN and AWCF
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establish a robust, scale-aware feature hierarchy that maximizes the benefits of the multi-
head strategy. As a result, the network strengthens the representation of small targets by
reducing redundant cross-scale interactions while keeping the model structure lightweight.

(ad) ) (b4) - (c4)

Figure 10. Visualization of the detection results. (al-a4), (b1-b4), and (cl-c4) show the detection
results of YOLOv5, YOLOvS, and AEMFOD, respectively. Rows 1-4 correspond to four representative
scenes from the flight test. Yellow dashed rectangles and connecting lines identify selected regions
and their corresponding magnified views.

Evaluation on VisDrone2019 and DOTA confirms the detection performance of the
proposed architecture. AEMFOD delivers a 31.5% relative increase in APy on VisDrone
and 4.8% on DOTA compared to YOLOv5s. Moreover, the flight experiments illustrate
onboard operation and qualitative detection performance in the evaluated scenes. The
results also show more complete detection of small, densely distributed, and partially
occluded objects in the evaluated scenes.

Overall, AEMFOD establishes a practical compromise among detection accuracy, in-
ference latency, and model compactness, making it ideal for deployment on drones in
practical scenarios. For intelligent transportation applications, robust aerial detection
enables scalable traffic monitoring from UAVs. Accurate aerial perception can support
traffic-monitoring applications such as congestion assessment, collision warning, and in-
cident response. Although AEMFOD performs well in the illustrated bright-light and
nighttime scenes, these observations do not demonstrate robustness to drastic illumi-
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nation changes. Robustness to light changes and motion blur requires further investi-
gation. In the future, data augmentation can be considered to improve performance
under these conditions. Furthermore, the complementary properties of different sensors
equipped on the UAV can be utilized to achieve more robust and accurate detection in
complex environments.
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