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Abstract. Reliable detection of unmanned aerial vehicle (UAV) swarms is essential for airspace security and
defense applications, however the scarcity of large-scale, densely annotated training data remains a critical bot-
tleneck. Collecting real-world swarm data is costly, logistically challenging, and constrained by airspace regu-
lations, while manual annotation of numerous small, fast-moving targets is time-consuming and prone to errors.
To address these challenges, this paper presents SynthSwarm, a large-scale synthetic dataset specifically de-
signed for UAV swarm detection in long-range aerial surveillance scenarios. The dataset is generated through
a controllable simulation pipeline built on the Unity engine, enabling precise six-degree-of-freedom (6-DoF)
pose specification for each UAV instance and automatic pixel-accurate bounding box annotation without man-
ual labeling. SynthSwarm comprises 7000 high-resolution images (1920 � 1080) containing 31,542 UAV in-
stances, with systematic variations in swarm density, formation patterns, target scale, and environmental
conditions. Statistical analysis reveals that 67.3% of the targets qualify as small objects, reflecting the inherent
difficulty of detecting distant UAV swarms. We benchmark several representative deep learning detectors,
including one-stage detectors (YOLOX, YOLOv6, YOLOv12, YOLOv13), the two-stage detector Faster
R-CNN, and the Transformer-based detector RT-DETR. Experimental results demonstrate that the dataset
poses significant challenges for existing methods, particularly in high-density and small-target scenarios. Fur-
thermore, cross-dataset on the MMFW-UAV dataset experiments validate the effectiveness of synthetic data as
a pre-training source for improving detection performance on real UAV datasets. The dataset and generation
pipeline are publicly available to facilitate further research in UAV swarm detection.
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1 Introduction

Unmanned aerial vehicle (UAV) swarms have recently
emerged as a key enabling technology in both civilian and
defense sectors due to their high flexibility, scalability,
and robustness [1]. Cooperative multi-UAV systems are
increasingly deployed for applications such as large-area
environmental monitoring [2], precision agriculture [3],
search and rescue [4], and outdoor firefighting [5]. Com-
pared to single-UAV scenarios, swarm operations involve
more complex spatial formations, higher target densities,
and more dynamic interactions among agents, significantly
increasing the challenges of perception and situational
awareness. In particular, reliably detecting multiple small
UAVs in cluttered environments remains a difficult task
[6]. Beyond these perception challenges, the lack of high-
quality training data remains a critical bottleneck limiting

the robustness of data-driven detection algorithms for drone
swarms. Publicly available UAV detection datasets either
focus on single-UAV or small-scale multi-UAV scenes or
contain limited variations in swarm size, formation pat-
terns, and environmental conditions. For instance, multi-
sensor and multi-view datasets such as MMFW-UAV [7]
provide valuable resources for air-to-air vision tasks involv-
ing fixed-wing UAVs, but they mainly target single-plat-
form perception and do not explicitly model swarm
formations. Other works have also highlighted the limita-
tions of existing datasets in addressing dense multi-UAV
scenarios [8]. In real deployments, the 3D poses and spatial
formations of UAV swarms are difficult to precisely control
on demand, further hindering the systematic acquisition of
diverse training examples, especially for dense or safety-cri-
tical configurations. Collecting real swarm UAV data at
scale is expensive and logistically challenging, often subject
to strict airspace regulations and safety considerations.
Moreover, accurately annotating numerous small, fast-mov-
ing UAV targets in high-resolution videos is extremely
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time-consuming and prone to human error [9]. These factors
make it difficult to obtain sufficiently large and diverse
labeled datasets for training and evaluating modern deep
learning-based detectors. To alleviate these limitations, we
construct a synthetic UAV swarm detection dataset using
a controllable simulation pipeline. The dataset provides rich
variations in swarm configurations and environmental con-
ditions while ensuring precise, automatically generated
annotations. It can serve as a primary training source or
as an auxiliary domain for methods combining real and syn-
thetic data. The dataset and generation pipeline are pub-
licly available at https://github.com/marisinpiper/
Synthetic-UAV-Swarm-Dataset. The main contributions
of this work can be summarized as follows:

We construct a large-scale synthetic UAV swarm data-
set comprising 7000 high-resolution images (1920 � 1080)
with pixel-accurate annotations, featuring systematic varia-
tions in swarm density, formation patterns, target scales,
and environmental conditions.

We present a controllable simulation pipeline that
enables precise 6-DOF pose specification for UAV swarms,
effectively bypassing the difficulty of physical swarm coordi-
nation and the prohibitive cost of manual annotation.

We benchmark representative deep learning detectors
on the proposed dataset and conduct cross-dataset experi-
ments, demonstrating the effectiveness of synthetic data
for UAV swarm detection.

2 Related work

2.1 Vision-based UAV detection

With the rapid proliferation of commercial and recreational
drones, anti-UAV technologies have attracted increasing
attention from both academia and industry. Existing sys-
tems typically comprise three key components – detection,
tracking, and identification or classification – implemented
using heterogeneous sensing modalities such as radio fre-
quency (RF) signals, radar, acoustics, infrared (IR) and vis-
ible-light cameras, or their combinations in multi-sensor
fusion frameworks. Among these modalities, vision-based
approaches have become particularly prominent due to
their relatively low deployment cost, rich semantic informa-
tion, and compatibility with modern deep learning
techniques.

Recent surveys provide comprehensive overviews of
vision-based and multi-modal anti-UAV methods, and con-
sistently highlight the challenges posed by small, fast-mov-
ing aerial targets in complex backgrounds. Wang et al. [10]
systematically review vision-based anti-UAV techniques,
summarizing deep-learning-based detection and tracking
frameworks and emphasizing the difficulty of accurately
localizing tiny UAV targets in cluttered scenes. Dong
et al. [11] present a broader survey of anti-UAV systems,
covering optical, radar, RF, infrared, acoustic, and multi-
modal fusion methods, and benchmarking representative
approaches on public datasets.

In the vision domain, many works adapt generic object
detectors such as Faster R-CNN, SSD and YOLO [12–14]
to UAV detection tasks by introducing multi-scale feature

fusion, feature pyramid networks, or attention mechanisms
to better handle small targets. However, most existing
benchmarks focus on single or sparsely distributed UAVs,
and only a few recent studies consider more challenging sce-
narios such as dense swarms or multiple coordinated tar-
gets. For example, multi-sensor and multi-view datasets
like MMFW-UAV provide valuable resources for air-to-air
vision tasks involving fixed-wing UAVs, but they mainly
target single-platform perception and do not explicitly
model swarm formations. Overall, while the literature has
made substantial progress on anti-UAV detection, no pub-
licly available dataset explicitly addresses swarm scenarios
with controllable formation patterns and systematic scale
variations, leaving a critical gap for training robust multi-
target detectors.

To provide a clearer picture of the current landscape,
Table 1 presents a systematic comparison of representative
existing UAV detection datasets alongside the proposed
SynthSwarm dataset.

As shown in Table 1, existing UAV detection datasets
predominantly focus on single-UAV or sparsely distributed
scenarios and lack explicit swarm formation modeling.
Notably, all three real-world datasets contain no swarm
configurations, and their instance counts equal their image
counts, indicating that each image contains at most one
UAV target. In contrast, SynthSwarm contains an average
of 4.5 UAV instances per image, explicitly modeling multi-
UAV swarm formations. Furthermore, SynthSwarm adopts
an automatic annotation pipeline, eliminating the time-con-
suming and error-prone manual labeling process required by
all real-world counterparts. These characteristics make
SynthSwarm uniquely suited for training and evaluat-
ing detectors in dense multi-target aerial surveillance
scenarios.

Overall, while the literature has made substantial pro-
gress on anti-UAV detection, no publicly available dataset
explicitly addresses swarm scenarios with controllable for-
mation patterns and systematic scale variations, leaving a
critical gap for training robust multi-target detectors.

2.2 Synthetic data and virtual dataset generation

Data-driven perception systems, especially deep learning-
based detectors, typically require large-scale, diverse, and
well-annotated datasets to achieve robust performance
and generalization. However, as discussed in the Introduc-
tion, constructing such datasets for UAV swarm detection
is particularly difficult due to safety constraints, regulatory
restrictions, and the high cost of collecting and labeling real-
world swarm data. These limitations have motivated a
growing interest in using synthetic data and virtual envi-
ronments to complement or partially replace real data for
training and evaluation in aerial vision tasks.

Thanks to advances in computer graphics and game
engines, highly realistic virtual scenes with controllable
environmental conditions, sensor configurations, and
objects can now be created at relatively low marginal cost.
By leveraging simulation platforms and physically based
rendering pipelines, researchers can generate large numbers
of annotated images or video sequences while maintaining
fine-grained control over object appearance, pose, motion
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patterns, background complexity, illumination, and
weather. Annotations such as bounding boxes, segmenta-
tion masks, depth maps, and optical flow can be obtained
automatically and accurately, eliminating the need for
time-consuming and error-prone manual labeling.

Several simulation platforms have been widely adopted
in autonomous driving and aerial vision research. AirSim
[17], developed by Microsoft, is a high-fidelity simulator
specifically designed for aerial and ground vehicle percep-
tion, supporting hardware-in-the-loop simulation with cus-
tomizable environments. UnrealCV [18] provides a plugin
for Unreal Engine that enables the generation of synthetic
images with ground-truth depth, surface normal, and
semantic segmentation labels. These platforms have
demonstrated that synthetic data generated from modern
game engines can effectively supplement or even replace
real data for training deep learning models, particularly
when real data collection is expensive or impractical.

In aerial and remote-sensing applications, several works
have demonstrated the effectiveness of synthetic imagery
for target recognition and small-object detection. Nasir
and Khurshid [19] propose a multiscale attention genera-
tor–discriminator framework to produce synthetic remote-
sensing aircraft images and show that such synthetic data
can significantly improve aircraft recognition performance.
Patel et al. [20] develop a CGI-based synthetic data gener-
ation and detection pipeline for small objects in aerial ima-
gery, combining synthetic training data with modern object
detectors to enhance drone-based image recognition and
small-object detection performance. These studies indicate
that carefully designed synthetic aerial datasets can serve
both as primary training sources and as auxiliary domains
for pre-training or data augmentation, especially when real
data are scarce or cover only a limited range of operating
conditions.

These studies indicate that carefully designed synthetic
aerial datasets can serve both as primary training sources
and as auxiliary domains for pre-training or data augmen-
tation, especially when real data are scarce or cover only
a limited range of operating conditions.

A key challenge in leveraging synthetic data is the
domain gap between virtual and real imagery. Differences
in texture fidelity, lighting models, noise characteristics,
and motion blur patterns can degrade detector performance
when models trained on synthetic data are directly applied
to real-world images. Common strategies to mitigate this
gap include domain randomization [21], style transfer [22],
and unsupervised domain adaptation [23]. In the context
of UAV detection, understanding and addressing this
domain gap is particularly important, as real-world UAV

imagery often exhibits complex atmospheric effects and sen-
sor-specific artifacts that are difficult to fully replicate in
simulation.

Despite these advantages, applying synthetic data gen-
eration to UAV swarm detection poses several unique chal-
lenges. First, realistic modeling of swarm requires coherent
control over the relative positions, formations, and motion
patterns of multiple UAVs, rather than treating each target
as an independent object. Second, to faithfully reflect real-
world operating conditions, the virtual environment must
capture diverse backgrounds, complex clutter, and various
camera viewpoints, including both ground-based and aerial
sensors. Third, the synthetic swarm data should include a
wide range of target scales and densities, from sparse forma-
tions to dense clusters, so that models can learn to detect
numerous small UAVs that may occupy only a few pixels
in high-resolution images.

In this work, we follow the general paradigm of syn-
thetic data generation for aerial vision, but tailor the simu-
lation and rendering pipeline specifically to the
requirements of UAV swarm detection. By explicitly mod-
eling swarm size and inter-UAV spacing, we generate a vir-
tual dataset that emphasizes small-object and multi-target
detection in cluttered environments. The automatically
generated annotations provide dense, accurate labels for
UAV instances in each image, offering a scalable and flexi-
ble resource for training, benchmarking, and transferring
deep learning-based anti-UAV detectors to real-world
swarm scenarios.

3 Dataset generation method

Our training data are generated synthetically in a control-
lable 3D simulation environment. As illustrated in Figure 1,
UAV instances are sampled within a bounded 3D observa-
tion volume and projected onto the image plane using a pin-
hole camera model. For each rendered frame, 2D bounding
boxes are obtained automatically from the projected 3D
bounds, providing pixel-accurate annotations without man-
ual labeling. This framework enables systematic variation of
swarm size, spatial density and camera configuration for
dataset generation.

3.1 6-DOF state parameterization

We model each UAV instance as a rigid body with six
degrees of freedom (6-DOF) in three-dimensional Euclidean
space. A global right-handed world coordinate frame is
defined, and all UAV poses are expressed with respect to

Table 1. Comparison of representative UAV detection datasets.

Dataset Images Instances Swarm Source

Det-Fly [15] 13,271 13,271 No Real
DUT Anti-UAV [16] 10,000 10,109 No Real
MMFW-UAV 147,417 147,417 No Real
SynthSwarm (Ours) 7000 31,542 Yes Synthetic
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this frame. For UAV i 2 {1, . . ., N}, the state is parameter-
ized as:

titlesi ¼ pi; rið Þ 2 R3 � SO 3ð Þ; ð1Þ
where the position vector pi = (xi, yi, zi) specifies the 3D
location within the observation volume W � R3, and
the orientation ri = (/i, hi, wi) denotes the Euler angles
(roll, pitch, yaw) representing the UAV attitude with re-
spect to the world frame.

The six degrees of freedom can be naturally decomposed
into translational and rotational components. The compo-
nents (xi, yi, zi) correspond to translations of UAV i along
the three orthogonal axes of the world frame, as illustrated
in Figure 2. The angles (/i, hi, wi) represent rotations
around these axes, describing roll, pitch and yaw motions
of the UAV body frame, as depicted in Figure 3. Together,
these quantities provide a complete and minimal descrip-
tion of the pose of each UAV in space.

For convenience, the full state of a UAV swarm with N
agents is written as

S ¼ s1; s2; . . . ; sNf g 2 R3 � SO 3ð Þ� �N
: ð2Þ

This representation explicitly separates the per-UAV
state into independent pose variables, enabling fine-
grained control over both individual trajectories and col-
lective formation structures. In contrast to simplified
models that only consider 2D positions or planar motion,
the 6-DOF formulation allows us to synthesize complex
aerial maneuvers, including out-of-plane rotations, coordi-
nated banking motions, and depth-varying formations,
which are essential for faithfully emulating realistic
UAV swarm behaviors in three-dimensional space.

Moreover, the use of Euler-angle parameterization
(/i, hi, wi) is well aligned with the flight dynamics conven-
tions adopted in most simulation engines and autopilot sys-
tems. This facilitates the integration of physically plausible
motion primitives and makes it straightforward to map
between high-level formation commands and low-level pose
specifications in our data generation pipeline. As a
result, we can systematically sample diverse yet physically

interpretable swarm configurations by directly manipulat-
ing the 6-DOF state variables si.

3.2 Trajectory generation and automatic annotation

Building upon the 6-DOF state representation, we generate
image sequences by interpolating UAV poses along param-
eterized trajectories, and derive ground-truth annotations
automatically via geometric projection. This subsection
describes the trajectory interpolation scheme, the swarm
configuration space, the camera model, and the annotation
procedure in turn.

For each UAVi, we define initial and terminal states as:

s 0ð Þ
i ¼ p 0ð Þ

i ; r 0ð Þ
i

� �
; s Tð Þ

i ¼ p Tð Þ
i r Tð Þ

i

� �
; ð3Þ

where the superscripts denote the time indices at the
beginning and end of the sequence. Given a total of T
interpolation steps, the intermediate state at step
t 2 {0, 1, . . ., T} is computed as follows. The position com-
ponent is linearly interpolated in Euclidean space:

p tð Þ
i ¼ p 0ð Þ

i þ t
T

��pi; �pi ¼ p Tð Þ
i � p 0ð Þ

i : ð4Þ

For the orientation component, we employ spherical linear
interpolation (SLERP) on unit quaternions to ensure
smooth and consistent rotational motion. Let q 0ð Þ

i ;
q Tð Þ
i 2 S3 denote the unit quaternion representations of

the initial and terminal orientations, respectively. The
interpolated orientation at step t is given by

q tð Þ
i ¼ SLERP q 0ð Þ

i ; q Tð Þ
i ; at

� �

¼ sin 1� atð ÞXð Þ
sinX

q 0ð Þ
i þ sin atXð Þ

sinX
q Tð Þ
i ð5Þ

where at = t/T is the interpolation parameter and

X ¼ arccos q 0ð Þ
i � q Tð Þ

i

� �
is the angular distance between

the two orientations. The quaternion result is then con-

verted back to Euler angles ri tð Þ ¼ / tð Þ
i h tð Þ

i w tð Þ
i

� �
for com-

patibility with the 6-DOF state representation.
This formulation ensures temporal coherence across

consecutive frames, mathematically consistent rotational
interpolation on SO(3), and full reproducibility given iden-
tical boundary conditions.

For a swarm of NUAVs, the collective configuration at
step t is defined as

S tð Þ ¼ s tð Þ
1 ; s tð Þ

2 ; . . . ; s tð Þ
N

n o
: ð6Þ

The swarm density is controlled by adjusting the observa-
tion volume W and the number of instances N. Let V(W)
denote the volume of the observation region; the average
spatial density is given by

q ¼ N
V Wð Þ : ð7Þ

By varying q, we systematically generate scenes ranging
from sparse formations to dense clusters. The apparent

Fig. 1. Overview of the synthetic UAV-swarm dataset gener-
ation pipeline.
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target scale in the image is governed by the depth compo-
nent zi: smaller zi yields larger bounding boxes, while larger
zi produces small-scale targets.

The imaging sensor is modeled as an ideal pinhole cam-
era with intrinsic matrix K 2 R3 � 3 and extrinsic parame-
ters [Rc|tc], where Rc 2 SO(3) is the rotation matrix and

tc 2 R3 is the translation vector. A 3D point

v ¼ X ;Y ;Zð Þin world coordinates is projected onto the im-
age plane as:

k

u

v

1

2
64

3
75 ¼ K Rc; jtc½ �

X

Y

Z

1

2
6664

3
7775 ð8Þ

where (u, v) are pixel coordinates and k is a scale factor. In
our implementation, the camera is positioned at a fixed
location within a virtual outdoor scene constructed in
Unity, configured to match a standard full-HD resolution
of 1920 �1080 pixels.

Ground-truth bounding boxes are generated automati-
cally by projecting each UAV’s 3D bounding volume onto
the image plane. Let Bi � R3 denote the axis-aligned
bounding box of UAV i in world coordinates, with eight
corner vertices Vi = {v1, v2, . . ., v8}. Each vertex is pro-
jected to obtain its 2D image coordinates:

uk ; vkð Þ ¼ p vk ;K ;Rc; tcð Þ; k ¼ 1; . . . ; 8 ð9Þ
where p(�) denotes the perspective projection function.
The 2D bounding box bi = (xmin, ymin, xmax, ymax) is then
computed as:

bi ¼ minkuk ;minkvk ;maxkuk ;maxkvkð Þ: ð10Þ
This projection-based annotation guarantees pixel-level
accuracy and perfect consistency across the dataset, com-
pletely eliminating the cost and potential errors associated
with manual labeling. Combined with the trajectory-based
generation scheme, the proposed pipeline enables efficient
synthesis of large-scale, densely annotated UAV swarm
datasets with controlled variation in pose, formation and
imaging conditions.

3.3 Software implementation

The data generation pipeline described above is imple-
mented as a standalone software tool named 3D Model
Shots Generator, built on the Unity engine. This tool inte-
grates all components of the proposed methodology, includ-
ing 6-DOF state initialization, trajectory interpolation,
camera configuration, rendering, and automatic annota-
tion, into a unified and user-friendly framework.

The software adopts a parameter-driven architecture in
which scene configuration, object placement, camera set-
tings, and rendering control are explicitly decoupled and
exposed to the user, as illustrated in Figure 4. This design
philosophy enables systematic exploration of the data gen-
eration space while maintaining strict reproducibility.
Given identical 3D models and parameter settings, the sys-
tem deterministically produces the same swarm configura-
tions and rendered outputs, which is essential for
controlled experimental analysis and fair benchmarking
across different detection algorithms.

During initialization, one or more 3D UAV models in
common formats are loaded and instantiated multiple times

Fig. 2. The arrows indicate roll, pitch and yaw rotations about the body-fixed axes, corresponding to the attitude parameters (/i, hi,
wi) in the 6-DOF state representation.

Fig. 3. The arrows indicate translations along the three
orthogonal axes of the world coordinate frame, corresponding
to the position components (xi, yi, zi) in the 6-DOF state
representation.
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within the bounded observation volume W. The software
supports two complementary placement modes. In struc-
tured mode, UAV instances are arranged according to a
regular three-dimensional grid, with configurable spacing
along each axis (controlled by XCount, YCount, ZCount
and a LoadFactor parameter), enabling precise control over
formation geometry. In randomized mode, positions are
sampled stochastically within W, governed by an explicit
random seed that ensures full reproducibility. A global den-
sity factor regulates spatial sparsity, preventing unrealistic
overlaps while allowing the generation of both sparse and
dense swarm configurations. In our experiments, all results
are obtained on datasets generated using eight different
UAV 3D models, as illustrated in Figure 5.

Camera placement and scene orientation are parameter-
ized independently. The virtual camera is constrained to
face the center of the observation volume, guaranteeing
that all UAV instances remain within the field of view.
Camera translation along the three spatial axes (CameraX,
CameraY, CameraZ) and global rotation of the scene (Pla-
neRX, PlaneRY, PlaneRZ) are specified using start, end,
and step values, enabling automated traversal of the
parameter space and efficient batch generation of images
covering diverse viewpoints. Notably, the CameraZ param-
eter represents a relative scale factor rather than an abso-
lute distance; the actual camera-to-swarm distance is
automatically computed based on the spatial extent of
the loaded models. A real-time preview mechanism allows
users to inspect parameter effects before committing to
large-scale generation, reducing wasted computation and
improving dataset quality.

The rendering subsystem supports multiple output res-
olutions, including full-HD (1920 � 1080), 2 K (2560 �
1440), and 4K (4096 � 2160), as well as both lossy (JPEG,
compressed to 85% quality) and PNG image formats. Scene
appearance diversity is introduced through seven selectable
skybox environments provided by Unity’s rendering pipe-
line, including Daytime, Sunset, Beautiful Pasture, Snowy
Bridge, Small Harbour, Tellsplatte, and Country Road, rep-
resenting a variety of sky textures, weather conditions, and

lighting scenarios (see Fig. 6). During batch generation, all
parameters are locked to ensure consistency across the pro-
duced images.

For each rendered frame, ground-truth bounding boxes
are generated automatically using the projection-based
annotation procedure described previously. The software
outputs both the rendered images and their corresponding
annotation files in standard formats compatible with com-
mon deep learning frameworks, enabling direct integration
into detector training pipelines.

By combining explicit parameterization, deterministic
generation, and automated annotation, the proposed soft-
ware tool provides a flexible and efficient foundation for
synthesizing large-scale UAV swarm datasets. The follow-
ing section presents a quantitative analysis of the dataset
produced using this system.

3.4 Dataset analysis and characteristics

This section presents a quantitative analysis of the pro-
posed synthetic UAV swarm dataset, focusing on dataset
scale, target size distribution, and swarm density character-
istics relevant to long-range multi-UAV detection.

The dataset consists of 7000 RGB images rendered at a
resolution of 1920 � 1080, containing a total of 31,542
annotated UAV instances. Each image includes between 1
and 15 UAVs, with an average of 4.5 instances per image,
emphasizing multi-target swarm scenarios rather than iso-
lated UAV detection. Overall statistics are summarized in
Table 2.

Following common practice, we characterize target scale
by the square root of bounding box area,

ffiffiffiffiffiffi
wh

p
, where w and

h denote the bounding box width and height in pixels.
Based on this measure, UAV instances are categorized into
small, medium, and large targets. As shown in Table 2, the
dataset is strongly biased toward small objects, with 67.3%
of instances having

ffiffiffiffiffiffi
wh

p
< 32 pixels. This distribution clo-

sely reflects real-world long-range UAV observation scenar-
ios and poses significant challenges for generic object
detectors.

Fig. 4. Overview of the synthetic UAV-swarm dataset generation pipeline.
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4 Experimental setup

This section describes the experimental protocol used to
evaluate the proposed synthetic UAV swarm dataset. We
introduce the implementation details, dataset partition,
training configurations, and evaluation metrics.

4.1 Implementation details

All experiments are conducted on an Ubuntu 20.04 LTS
system equipped with an Intel Xeon Silver CPU and a sin-
gle NVIDIA RTX 3090 GPU with 16 GB for reproducibil-
ity. The software environment include CUDA 12.1, Python

Fig. 5. Eight different UAV 3D models.

Fig. 6. Available skybox environments for scene appearance diversity: Daytime, Sunset, Beautiful Pasture, Snowy Bridge, Small
Harbour, Tellsplatte, and Country Road.

Table 2. Overall statistics of the proposed synthetic
UAV swarm dataset.

Property Value

Number of images 7000
Image resolution 1920 � 1080
UAV instances 31,542
Average UAVs per image 4.5
Small targets (

ffiffiffiffiffiffi
wh

p
< 32px) 67.3%

Medium targets (32 <
ffiffiffiffiffiffi
wh

p
< 96px) 25.1%

Large target (96 <
ffiffiffiffiffiffi
wh

p
) 7.6%
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3.9, and PyTorch framework The models were optimized
using the SGD optimizer with a batch size of 16, an initial
learning rate of 0.01, a learning rate decay of 0.0005, and an
input image size set to 640 � 640 pixels.

We select six representative object detection architec-
tures as baselines. The proposed synthetic UAV swarm
dataset is divided into non-overlapping training, validation,
and test subsets. The specific partition is as follows:

Training set: 4940 images (70%), used for learning
detector parameters.

Validation set: 706 images (10%), used for model selec-
tion and hyperparameter tuning.

Test set: 1412 images (20%), reserved for final perfor-
mance evaluation.

4.2 Evaluation metrics

In order to validate the performance of the model, the fol-
lowing performance metrics were selected for measurement:
P (precision), R (recall), mean average precision (mAP50),
mAP50–95, parameters, and Model Size. True Positive
(TP) denotes the number of correctly detected targets,
False Positive (FP) indicates the number of backgrounds
detected as targets, and False Negative (FN) denotes the
number of targets detected as backgrounds.

P denotes the proportion of positive samples correctly
classified by the model, reflecting the ability of the model to
correctly classify. The calculation is as show in equation (11).

P ¼ TP
TP þ FP

ð11Þ

R denotes the ratio of the number of correctly predicted
samples to the total number of samples, reflecting the abil-
ity of the model to detect the target comprehensively, and
measuring the number of samples that the model misses
in identifying the target. The calculation is as show in
equation (12).

R ¼ TP
TP þ FN

: ð12Þ

The mAP is the average accuracy of all targets detected by
the model, reflecting the ability to generate predictive
frames and labels that overlap. The higher the value of this
metric, the better the model’s detection effect on different
categories. The calculation is as show in equation (13).

mAP ¼ 1
n

Xn

i¼1
AP ð13Þ

where n denotes the average accuracy for each category.
In our UAV detection task, n = 1. mAP50 denotes the
average accuracy when the IOU (Intersection over Union)
is 50%. mAP50–95 denotes that the threshold of mAP
ranges from 50% to 95%, and the average of 10 mAP val-
ues is obtained at 5% intervals.

Model Size is used to evaluate the complexity of the
model. In general, the smaller the Model Size is, the less
computing power the model requires, the lower the perfor-
mance requirements for hardware, and the easier it is to
build in low-end devices.

4.3 Experimental results

Among all evaluated models, YOLOv13 achieves the best
overall performance, attaining the highest Precision
(0.903), Recall (0.897), mAP50 (0.934), and mAP50–95
(0.612). YOLOX ranks second with a mAP50 of 0.912, fol-
lowed by YOLOv6 (mAP50 = 0.901) and YOLOv12
(mAP50 = 0.887). Among the non-YOLO detectors, RT-
DETR achieves a mAP50 of 0.889, comparable to the
mid-range YOLO variants, while Faster R-CNN yields
the lowest accuracy (mAP50 = 0.856), likely due to the lim-
ited effectiveness of its region proposal mechanism on
predominantly small UAV targets. Overall, the four
one-stage YOLO-based detectors consistently outperform
both Faster R-CNN and RT-DETR in detection accuracy
on this dataset.

A noteworthy observation is the significant drop in
mAP50–95 across all detectors, with values ranging from
0.487 (Faster R-CNN) to 0.612 (YOLOv13), representing
a decrease of approximately 30–35 percentage points rela-
tive to their mAP50 counterparts. This indicates that pre-
cise bounding box regression for small-scale UAV targets
remains challenging across all evaluated architectures.

In terms of computational efficiency, the four YOLO
variants achieve inference speeds of 75–105 FPS with com-
pact model sizes (17.3–38.0 MB), making them suitable for
real-time deployment. RT-DETR operates at 48 FPS with
a 64.0 MB model, while Faster R-CNN is the most resource-
intensive, with only 22 FPS and a 160.0 MB model size.

Figure 7 illustrates qualitative detection results of four
YOLO-based detectors across six representative scene envi-
ronments. These scenes cover a wide range of background
complexities, including dense vegetation, complex cloud dis-
tributions, low-texture sky backgrounds, urban street envi-
ronments, rural landscapes, and snow-covered mountainous
areas. Such diversity enables a comprehensive evaluation of
detector robustness under realistic and challenging condi-
tions. Note that the qualitative visualization focuses on
the four YOLO-based detectors, as all quantitative compar-
isons including Faster R-CNN and RT-DETR are compre-
hensively presented in Table 3.

As shown in the figure, all detectors are capable of
detecting UAV targets in relatively simple scenes. However,
noticeable performance differences emerge in more challeng-
ing scenarios. In the Clear Sky and Snowy Mountain scenes,
UAVs appear as extremely small objects against low-tex-
ture backgrounds, making detection particularly difficult.
In these cases, missed detections and low-confidence predic-
tions are frequently observed, especially for earlier-genera-
tion models. In contrast, more recent YOLO variants
demonstrate improved robustness, benefiting from
enhanced feature representation and multi-scale feature
aggregation.

Overall, the quantitative results in Table 3 are consis-
tent with the qualitative findings in Figure 7, collectively
confirming that YOLOv13 offers the most robust detection
performance across diverse and challenging scene condi-
tions, while also highlighting that small object localization
accuracy (as reflected by mAP50–95) remains an open chal-
lenge for all current detectors.
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In cluttered environments such as Woodland and Urban
Street, false positives occasionally occur due to background
elements such as tree branches or building edges exhibiting
visual patterns similar to UAVs. This highlights the impor-
tance of background diversity when evaluating detection
performance.

Despite the overall satisfactory detection performance,
several failure cases are observed across all detectors. Themost
common failure cases occur when UAV targets are extremely
small or partially occluded, particularly in the Clear Sky and
Snowy Mountain scenes. In such cases, the lack of discrimina-
tive texture information leads to missed detections.

Fig. 7. Qualitative detection results of different YOLO-based detectors under diverse scene conditions. From top to bottom, the
scenes correspond to Woodland, Cloudy Mountain, Clear Sky, Urban Street, Rural Landscape, and Snowy Mountain. From left to
right, the detection results are generated by YOLOX, YOLOv13, YOLOv12, and YOLOv6, respectively. Red dashed boxes highlight
challenging regions, while blue bounding boxes indicate detected UAV targets.

Table 3. Summarizes the quantitative detection performance and model complexity of all six detectors, including the
four YOLO-based detectors as well as Faster R-CNN and RT-DETR, on the proposed synthetic UAV swarm dataset.

Detector mAP50 mAP50–95 P R Params Model Size FPS

YOLOX 0.886 0.875 0.912 0.573 9.0 17.3 95
YOLOv13 0.903 0.897 0.934 0.612 9.0 18.5 75
YOLOv12 0.871 0.852 0.887 0.542 9.4 18.0 80
YOLOv6 0.879 0.868 0.901 0.558 18.5 38 105
Faster R-CNN 0.842 0.813 0.856 0.487 41.1 160 22
RT-DETR 0.862 0.847 0.889 0.531 32.0 64 48
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Another typical failure case arises in cluttered environ-
ments, such as Woodland and Urban Street, where back-
ground structures may cause false positives. These failure
cases indicate that small object detection under complex
and low-contrast backgrounds remains a challenging prob-
lem. Future work will focus on incorporating more diverse
training samples and enhancing feature representation to
further improve robustness in these scenarios.

4.4 Cross-dataset experiments

To further validate the generalizability of the proposed
SynthSwarm dataset, we conduct a cross-dataset evalua-
tion using the MMFW-UAV dataset as an additional test
domain. Specifically, the YOLOv13 detector trained on
SynthSwarm is directly evaluated on the MMFW-UAV test
set without any fine-tuning, and the results are compared
against a model trained on MMFW-UAV itself. The results
are summarized in Table 4.

As shown in Table 4, the model trained on SynthSwarm
achieves a mAP50 of 0.743 and mAP50–95 of 0.412 on the
MMFW-UAV test set without any fine-tuning, compared
to 0.856 and 0.521 for the in-domain baseline. While a per-
formance gap is expected due to the inherent domain shift
between synthetic rendering and real-world imaging condi-
tions, the SynthSwarm-trained model retains approxi-
mately 87% of the in-domain mAP50 performance,
demonstrating reasonable cross-domain transferability.
These results suggest that SynthSwarm captures sufficient
visual diversity and structural characteristics of UAV
swarm targets to serve as a viable pre-training or stan-
dalone training source for real-world UAV detection tasks.

5 Conclusion

In this paper, we proposed a synthetic UAV swarm dataset
specifically designed to study small-object, multi-target
detection in long-range aerial surveillance scenarios. By
leveraging a controllable virtual environment built in
Unity, we modeled a fixed sky-facing camera and instanti-
ated multiple 3D UAV models with randomized positions
and orientations in a three-dimensional observation volume.
This setup enabled the automatic generation of thousands
of high-resolution images together with pixel-accurate 2D
bounding box annotations, without the need for manual
labeling.

We provided a detailed description of the dataset design
and generation pipeline, and analyzed the resulting data in
terms of target scale, swarm density, and scene diversity.
Extensive experiments with six representative detectors
spanning three paradigms – one-stage detectors (YOLOX,

YOLOv13, YOLOv12, YOLOv6), a two-stage detector
(Faster R-CNN), and a Transformer-based detector (RT-
DETR) – demonstrated that the proposed dataset poses
significant challenges due to the predominance of small
UAVs and the presence of dense swarms. Among all evalu-
ated models, YOLOv13 achieved the best overall perfor-
mance, while the four one-stage YOLO-based detectors
consistently outperformed Faster R-CNN and RT-DETR
in both detection accuracy and inference efficiency, suggest-
ing that lightweight one-stage architectures are better sui-
ted for this task. The consistent performance trends
across detector paradigms indicate that SynthSwarm sup-
ports fair and meaningful cross-architecture comparisons.
Furthermore, cross-dataset experiments on the MMFW-
UAV dataset confirmed that SynthSwarm possesses reason-
able transferability to real-world UAV detection scenarios,
validating its potential as a pre-training data source.

In future work, we plan to further enrich the dataset by
incorporating additional sensor modalities, more diverse
weather and illumination conditions, and multiple object
categories such as birds or manned aircraft to better cap-
ture real-world confusion scenarios. We also intend to inves-
tigate specialized detection architectures tailored to
extremely small and crowded UAV targets, as well as
domain adaptation techniques that more effectively bridge
the gap between synthetic and real imagery. We hope that
the release of this dataset will foster further research on
robust and scalable UAV swarm detection in the computer
vision and remote sensing communities.
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Glossary

UAV Unmanned Aerial Vehicle;
mAP mean Average Precision;
IoU Intersection over Union.
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