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Sustainable object detection, classification, and tracking are a critical path in robotics at percep-
tion phase. Deep learning models used for detection require vast and diverse datasets with
accurate annotations. However, acquiring real-world data that captures rare, complex, or
hazardous scenarios is both time-consuming and costly. To address this limitation, synthetic
data generation using virtual environments has emerged as a promising alternative. This
research investigates the application of synthetic datasets, created within high-fidelity 3D vir-
tual reality environments, for training deep learning models in object detection tasks. The
proposed method leverages tools such as Unreal Engine and procedural scripting to generate
large volumes of realistic, annotated image data. These synthetic scenes are carefully con-
structed to include various object types, dynamic interactions, lighting variations, occlusions,
and edge-case scenarios that are often missing from real-world datasets. The study employs
the YOLO family of deep learning models, which are known for their high accuracy and low
latency, making them suitable for real-time robotic applications. Experimental results demon-
strate that models trained exclusively on synthetic data demonstrate partial transferability to
real-world scenarios, while the addition of a small fraction of real data significantly improves
performance. Key advantages include reduced development time, lower annotation costs, im-
proved coverage of rare scenarios, and enhanced model generalization. The integration of syn-
thetic data pipelines into the ML lifecycle also facilitates better experiment management and
scalability. The research concludes that synthetic data is a powerful enabler for developing
robust object detection systems in robotics and Al. Future work will focus on narrowing the
domain gap between synthetic and real-world imagery, enhancing realism with photometric
effects, and expanding the dataset to include additional object classes and behaviors for
multi-task learning.
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Introduction

Autonomous robotic systems are increasingly used in safety-critical and
high-complexity domains such as aerial inspection, autonomous driving,
disaster response, and smart manufacturing. A key enabler of such sys-
tems is the perception module, responsible for real-time object detection,
classification, and tracking. Deep learning models, especially those from
the YOLO family, have demonstrated state-of-the-art performance in these
tasks, providing high-speed and high-accuracy inference on embedded
platforms.

However, the performance of these models critically depends on the
availability of large, diverse, and accurately annotated datasets. The col-
lection of real-world data is time-consuming, costly, and often fails to
capture rare, occluded, or hazardous scenarios, which are vital for robust
model generalization. Moreover, the physical limitations and safety
concerns involved in real-world testing severely constrain the develop-
ment cycle of autonomous systems.

To overcome these challenges, recent studies have explored synthetic da-
ta generation using virtual environments. Notably, works from NVIDIA
(SimNet, Omniverse), Intel (OpenBot + AirSim), and academic institutions
(Stanford, MIT) have demonstrated that high-fidelity 3D simulation com-
bined with domain randomization or domain adaptation significantly im-
proves model robustness and transferability. Yet, many existing pipelines
focus either on synthetic data creation or model deployment, but not the
seamless end-to-end integration that connects perception, planning, and
control in a unified development loop.

The application of synthetic data for training deep learning models
has gained significant attention recently. Shah et al. [1] introduced AirSim,
a platform combining Unreal Engine with physics-based simulation, ena-
bling realistic data collection for autonomous vehicles. Similarly, Laux et
al. [2] demonstrated the feasibility of synthetic aerial data for on-drone
object detection tasks. Kiefer et al. [3] and Barisic et al. [4] further high-
lighted synthetic data advantages in UAV scenarios, emphasizing domain
adaptation challenges. Maxey et al. [5] proposed neural-rendering tech-
niques to narrow the synthetic-to-real domain gap. Unlike previous stu-
dies focusing primarily on either data generation or isolated model eva-
luation, our work provides a fully integrated SITL pipeline—covering
scene generation, automated annotation, model training, perception, and
real-time path planning validation —offering a complete, scalable frame-
work for Al-driven robotics development. Collins et al. [6] present a scal-
able and modular synthetic data generation framework designed to sup-
port aerial autonomy, demonstrating how structured simulation pipelines
can enhance dataset diversity and improve the development of perception
systems for UAV applications.
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The object of this research is a complete software-in-the-loop (SITL)
simulation system that enables the generation, testing, and evaluation of
Al-driven perception and navigation in robotics.

The aim of the study is to develop and validate an end-to-end pipeline
that integrates synthetic data generation, perception that uses deep learn-
ing, and path planning for autonomous systems operating in simulation.

The objectives of the research include:

e Building 3D environments and generating labeled datasets;

¢ Emulating robotic agents and sensors using AirSim with SITL capa-
bilities;

e Applying YOLO-based models for real-time object detection;

e Integrating system components via ROS for closed-loop testing.

This approach provides a reproducible, scalable, and cost-effective
framework for training and evaluating Al components for autonomous
robots in realistic, yet fully controllable, environments. It provides a quan-
titative sim-to-real data efficiency analysis, demonstrating that the intro-
duction of 2% real-world data is sufficient to eliminate the majority of the
domain gap.

System Architecture and Solution Design

The developed system is a modular Software-in-the-Loop (SITL) pipeline
that enables end-to-end testing of robotic perception and navigation using
synthetic data. It combines a high-fidelity 3D simulation environment
built with Unreal Engine and AirSim, a PX4 or ArduPilot SITL flight con-
troller, and a ROS2-based control layer for system coordination.

AirSim provides realistic rendering and physics-based simulation of
sensors and flight dynamics, supporting the generation of labeled datasets
and live testing. The ROS2 workspace manages control and telemetry
through a command node that translates high-level goals into MAVLink
messages. These are sent via MAVROS to the SITL controller, which emu-
lates the drone’s behavior and returns real-time feedback.

A web server running on a companion PC (e.g., NVIDIA Jetson Orin)
provides a user interface for sending commands and visualizing telemetry
and video. This interface communicates with the ROS2 system to control
missions and monitor system state.

The architecture (see Fig. 1) supports future transition to Hardware-
in-the-Loop (HIL) by replacing the SITL controller with a real flight com-
puter and sensors. This flexible design enables reproducible testing of per-
ception and planning algorithms in a safe, scalable, and controlled virtual
environment.

Virtual Scene Design
and Synthetic Dataset Generation

The virtual scene was created using Unreal Engine with the AirSim
plugin to simulate realistic environments for synthetic data generation.
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Fig. 1. Modular SITL architecture integrating Unreal Engine, AirSim, ROS2, and
flight controllers

Teleme try Module

As shown in the figure, the editor environment includes manually
placed 3D assets such as vehicles (e.g., UAZ-452), traffic cones, and ter-
rain details. Each object is inserted as a Static Mesh Actor and organ-
ized in the World Outliner, enabling precise control over scene compo-
sition, object types, and spatial arrangement. This environment allows
the simulation of diverse visual conditions, including different lighting
setups, occlusions, angles of view, and background clutter. To ensure
reproducibility, the simulation environment was configured with the
following technical parameters:

e rendering resolution: up to 2 MP (1920x1080),

e average rendering rate 30+ fps,

¢ dynamic shadows enabled,

e camera FOV set to 90°.

The AirSim plugin is used to control a virtual drone and capture
sensor data, including RGB images, depth maps, and segmentation
masks. Scene parameters such as weather, sun angle, and camera posi-
tion (see Fig. 2) are varied programmatically or manually to enhance
diversity.

By leveraging the photorealistic rendering and simulation capabilities
of Unreal Engine combined with AirSim’s automation and control inter-
face, this approach produces large volumes of high-quality, labeled data
suitable for training object detection models. The synthetic scenes form
the foundation for developing and testing deep learning-based perception
systems in a controlled and repeatable manner.
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Fig. 2. Scene setup in Unreal Engine for synthetic data generation

Model Training and Evaluation

To assess the effectiveness of synthetic data for training object detection
models, we implemented a full machine learning lifecycle (see Fig. 3) inte-
grating data synthesis, annotation, model training, and evaluation. As il-
lustrated in the provided CI/CT pipeline diagram, the dataset created in
Unreal Engine + AirSim is stored along with its metadata, artifacts, and
targets, which are versioned and managed in a dedicated model registry.

The synthetic dataset comprises three object classes (see Fig. 4): a ge-
ometric cube, a pyramid, and a miniature vehicle model (Bob), generated
within the Unreal Engine and AirSim environment under varied lighting
conditions, camera angles, and background configurations.

The class distribution in the training set is intentionally imbalanced,
with 160 instances each for Cube and Pyramid and over 1000 instances
for the Bob class, reflecting the relative importance of vehicle-type objects
in the target application domain. The bounding box spatial distribution
analysis confirms that objects are distributed across the full image frame,
with Bob instances exhibiting a wider range of aspect ratios due to per-
spective variation during aerial capture. The YOLOvVS8n architecture was
selected as the detection backbone, comprising 186 layers and 2.68M pa-
rameters with a computational cost of 6.8 GFLOPs, making it suitable for
deployment on embedded platforms such as NVIDIA Jetson. Generaliza-
tion performance was evaluated on a held-out real-world test set comp-
rising 1494 images. Inference was performed on an NVIDIA GeForce RTX
3080 Laptop GPU, achieving a mean processing time of 2.0 ms per image
(0.2 ms preprocessing + 1.8 ms inference), which confirms suitability for
real-time operation.

Quantitative results are summarized in Table 1 and illustrated on
Fig. 5—6. A temporary performance degradation is observed when only a

10 ISSN 3083-6573. Ingpopmayitini mexronoeii ma cucmemu. 2026. No 2 (8)



Synthetic Data Generation for Computer Vision Tasks in Sitl Systems with Unreal Engine

wed) suonesddo
% =

19A13S uonedlddy

synsal
Suinias |apon

sonAjeue ejeq

Sunioday

Juawadeuew aNPayds
Suiuuely

Juawaieuew 121
sjuawugissy

uonepIfeA [Ppow pue juawadeuewt eyep dnayjuAs 1oy auredid sppAdeyy A °¢ Si1

wea) usauidu]

g =

g o -
uodas yJewyduag

S|oPON IL

suodas 15/1D -
sjuawadx3 m

yiewyduaq [3pon
uonepljeA 35eqapO)D)
uonepijen [9PoN

uolepi|eA eieq
sauladid 12/1D

,--==9SB(ap0I Sa|Npow
. UoISIA 13Indwo)

a8 ,
_-== $92NOS i ‘lo
o-

eleq

Lo 18610}

[ Q ‘sainjpaf :03pg
<& @.ww.ms.x.. 21035 2By
. Wl

e1epedN
aa 2103s
O _— aimeaq

\ OI )‘.

A1si3a4
O «@® ...

weaj ejeq

..!

]

SIS9YIuAs eleq

11

ISSN 3083-6573. Information Technologies and Systems. 2026. No. 2 (8)



D.1. Ryabokon

Fig. 4. Examples of synthetic data for training on top and real images on bottom

Table 1. Model validation with 0%, 1%, 2%,
and 5% of real data in train dataset

Training data \ mAP@0.5 Cube | Pyr Bob All

Synthetic: 160 cubes, 160 Pyramids, 1000+ Bobs 090 | 091 | 030 | 0.71
Synthetic + Real: 6 cubes, 6 pyramids, and 10 Bobs 062 | 0.89 | 099 | 0.84
Synthetic + Real: 12 cubes, 12 pyramids, and 20 Bobs | 0.98 | 0.95 | 0.99 | 0.97
Synthetic + Real: 30 cubes, 30 pyramids, and 50 Bobs 099 | 099 | 099 | 0.99

minimal number of real samples is introduced. This behavior can be ex-
plained by unstable domain alignment and catastrophic forgetting
effects during fine-tuning. To mitigate this instability, future work will
explore partial backbone freezing and lower learning rates during the
fine-tuning stage.

Experiments with perception
and 3D Path Planning in SITL

The developed interface integrates real-time perception, bird’s-eye view
(BEV) mapping, and 3D path planning (see Fig. 7) within a unified Soft-
ware-in-the-Loop (SITL) environment. The top visualization shows re-
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Fig. 7. Object detection, bird-eye-view visualization, and 3D visualization for path
planning
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Fig. 8. Example of the simulation environment with flight controller and messaging

al-time object detection output (YOLOvV8 model) from the drone’s RGB
camera stream, validating perception in dynamic scenes generated via
Unreal Engine and AirSim.

The bottom-left BEV projection provides intuitive monitoring of ob-
ject positions, waypoints, and drone orientation, with detected objects
marked in red and the drone’s field of view indicated by a blue triangle.
The 3D visualization on the right illustrates the drone’s trajectory planned
based on perception outputs and mission goals. This integrated visual
framework enables comprehensive validation of perception and naviga-
tion algorithms without risk to real hardware.

Simulation Performance
and Technical Parameters

The SITL setup was run in a multi-pane tmux session (see Fig. 8) that in-
cluded PX4 SITL, MAVProxy, ROS2 nodes, and a small Flask server for
sending commands. This allowed all system messages, ROS2 topics, and
perception outputs to be viewed at the same time.

The experiments were executed on an NVIDIA Jetson platform
equipped with a 6-core Arm Cortex-A78AE CPU, an integrated Orin GPU
running CUDA 12.6, 7.4 GB of RAM, Jetson Linux (L4T 36.4.4), and the
standard deep-learning stack consisting of CUDA 12.6, cuDNN 9.3, and
TensorRT 10.3.

The Jetson platform was selected because of well-established indus-
trial standard for embedded Al combining low-power operation and
affordable price of high performance. It gives great GPU-accelerated in-
ference suitable for real-time deep-learning perception.

PX4 (upper 1) and MAVProxy (lower 1) operated with their default
simulation. ROS2 nodes (upper 2,3, and 4) published telemetry and detec-
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tion results at 10 Hz. The YOLOVS8 perception module ran (lower 5) on
an NVIDIA GPU and processed each frame with 30+ fps, which is fast
enough for real-time use. The front end app (upper right) backed by
flask server (lower 2) demonstrates 30+ fps for processing synthetic ima-
ges of 640x480.

System flexibility is achieved by making the individual components
(such as the flight controller, simulation environment, ROS2 middleware,
or perception model) modifiable or replaceable. For example, the flight
stack can choose between PX4 and ArduPilot whereas the simulation and
perception are the same. ROS2 messaging can be adapted by adding or
renaming topics to support alternative telemetry and control (publishing
and listening various topics). Finally user interface can be implemented
through different web servers (Flask/FastAPI/Node.js) without affecting
the whole SITL execution pipeline.

Scene layout, lighting conditions, sensor configurations, and da-
ta-capture rates remain explicitly defined through configuration files and
therefore stable across runs. With that we achieve a safe, and controlled
environment to reproduce the experiments in a scale.

Limitations and Challenges

Although the proposed approach demonstrates strong performance
and promising transferability from synthetic to real-world scenarios, se-
veral limitations exist. Primarily, a noticeable domain gap between simu-
lated and real images persists, particularly regarding subtle variations in
texture, material properties, and complex photometric effects. Additio-
nally, while YOLO-based models offer high inference speed suitable for
real-time applications, they may exhibit accuracy trade-offs in densely
occluded or highly cluttered scenes. Future research should focus on
advanced domain adaptation techniques, improving simulation realism,
and exploring hybrid training strategies that combine synthetic and limit-
ed real-world data to enhance robustness further.

Conclusion

This research confirms the effectiveness of synthetic data as a core enabler
for developing and testing Al-based perception and navigation systems in
robotic applications. By integrating Unreal Engine and AirSim in a mo-
dular Software-in-the-Loop (SITL) pipeline, we demonstrated a repro-
ducible and scalable framework for training deep learning models, eva-
luating them under diverse scenarios, and validating their performance
across synthetic and real-world domains.

The approach significantly reduces the cost and effort associated with
data collection and annotation, while improving model robustness by in-
cluding rare and hazardous scenarios in the training loop. Experiments
show that models trained exclusively on synthetic data demonstrate par-
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tial transferability, while small amounts of real data significantly improve
performance.

Moreover, the developed pipeline combines perception, situational
awareness (BEV), and path planning modules, offering a complete tes-
tbed for real-time, closed-loop validation. The system’s architecture is
compatible with both SITL and future Hardware-in-the-Loop (HIL) exten-
sions, making it suitable for continuous Al development and deployment.

Future work will address domain adaptation to narrow the synthetic-
to-real gap, enrich scene realism, expand object class diversity, and ex-
plore applications beyond visual perception, such as multi-sensor fusion
and autonomous decision-making. Overall, the proposed solution acce-
lerates Al model development in robotics, supports safety and repeatabil-
ity, and lays a solid foundation for next-generation autonomous systems.
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T'EHEPALILI CMHTETVMYHMX JAHMX
I 3A0AY KOMITIOTEPHOI'O 30PY
B SITL-CMICTEMAX HA OCHOBI UNREAL ENGINE TA AIRSIM

Berym. Po3BUTOK aBTOHOMHUX POOOTOTEXHIUHWX CHCTeM HaIpsAMy 3aJIeXUTh BifT
edeKTMBHOCTI MOIYJIiB CPUVHATTS, 4Ki 3a0e3edyIoTh BUABIIeHHs, KIacudiKarliio
Ta CyIIpoBif, 00’eKTiB y peastbHOMY daci. [IpoTe 30MpaHH: Ta po3MiTKa BeJIMKIX 00-
CATIB peaJIbHMX JTaHMX € TPUBaJIVIM, JOPOrOBapTICHUM IIPOLIECOM i1 PiIKO OXOIUIIOE
pinxicuHi abo HeOesmneuni crenapii. Lle cTBOproe IoTpedy y BMKOPWUCTaHHI CHHTe-
TUYHMX JaHVX, OTPVIMAHVX Y BUCOKOMETAIi30BaHMX 1 BUCOKOAKICHMX BipTyaJIbHVIX
CepemoBMIIAX, SIKi JArOTh 3MOIY BiITBOPIOBATV Pi3HOMAHITHI YMOBV Ta aBTOMATW3Y-
BaTH IIpolleC aHOTYBaHHS.

Metoro pobGoTy € po3polsieHHsI Ta arpoOallisi iHTErpoBaHOTO IIPOrPaMHOIO
KOHTYpY Software-in-the-Loop (SITL), 1110 IO€fHY€ reHepallilo CMHTETUYHMX JaHUX B
Unreal Engine + AirSim, TpeHyBaHHS Mopeien IMouHHOro HasyaHHA (YOLOwS8) Ta
IepeBipKy ix epeKTMBHOCTI y 3aadax BUSBJIEHHS Ta CYIPOBOAY OO €KTiB, a TaKOX
IepeBipKy IIpale3JaTHOCTI B CYCTeMi IUTaHyBaHHs TPAEKTOPIVL.

Metomm. Y pociimKeHHI 3acTocoBaHO HOOYHOBY (POTOpeasliCTUIHMX BipTy-
anpHMX creH B Unreal Engine i3 BuxopucTanHsM 6ibmiorex 3D-00’ekTiB Ta IIpolie-
IypHMX ClieHapiiB; TeHepallifo cuHTeTYHUX RGB-300pakeHb, KapT IIMOMHM Ta cer-
MeHTAIIiTHMX MacoK uepes AirSin; aBToMaT30BaHy aHOTallilo 00’ €KTiB; TpeHyBaHH:
Mozeitert YOLOv8 Ha cMHTeTMYHMX HaOopax JaHWMX; OL[iHIOBAHHS IIPOXYKTUBHOCTI
Ha CMHTETUYHUX i peayTbHVIX TaHVX; iHTerpariifo perception-Momy7s, bird’s-eye view Bi-
syastisanlii Ta 3D-1tanyBaHHs y SITL-cepenoBmiIii.

PesynpraTi. 3arrporioHOBaHMUI Hinxiz 3abe3neuns CTBOPeHHS MacIlITaboBaHO-
ro Habopy JaHMX 3 pi3HUMM KJIacaMy 00 €KTiB Ta yMOBaMM OCBIiT/IeHHs, OKJIIO3isMM i
doHOBMMM yCKITaITHEHHSMY; YCITillTHe TpeHyBaHH: Mozeiert YOLOvS BUKITIOUHO Ha
CUHTETUYHVIX JaHVIX; OTPVIMaHH: BYCOKOI TOYHOCTI Ha peaIbHMX TecTax; iHTerpariito
perception 1 path planning y egyni SITL-cucTeMi 3 MOXIIMBICTIO ITOIAJIBIIIOTO IIEPEXO-
ny no Hardware-in-the-Loop.

BucaoBkm. PesynbraTyt poOoTy cBimuaTh IIpo Te, 110 CMHTETMYHI faHi € edpek-
TUBHMM iHCTPYMEHTOM IS IIiITOTOBKM MOZesieVl KOMII IOTEpHOIO 30py B PobOTO-
TexHIYHMX cucTeMax. Bukopucranns Unreal Engine Ta AirSim y cxiiagi SITL-KoHTYpy
Jla€ 3MOTY 3MEHIIINTY BUTPATV Ha 30MpaHHs Ta PO3MITKY peaJIbHVX IaHMX, 3a0e3Ie-
YT BiATBOPIOBAHICTh €KCIIePVIMEHTIB 1 IIOKpaIUTV TreHepaslisaliifo Mojiesien Ha pe-
anpHMX ceHapigx. [lomameini goclipkeHHd ITpU3HAYeHi 3MEeHIIUTI PO3PUB MiX
CYIHTeTVYHVMM Ta peaJIbHVIMI JaHVMI, PO3IIVPUTI Kilack 00’ €KTiB i 3acToCyBaHHS
GaraToceHCOPHMX CTpaTeTill.

Katouobi caoBa: cunmemuuni 0ani, komn tomepruil 3ip, eauboke HaBuaHHs, pobomomexHi-
xa, SITL, Unreal Engine, AirSim, YOLO.
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