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Accurate localization is critical for Unmanned Aerial Vehicles (UAVs) in applications such as military operations,
search and rescue, and environmental monitoring. However, existing open-source UAV datasets often lack the
synchronization and detail necessary for high-precision localization in complex outdoor environments. To address
this, the Open Source ROS2 Framework for Outdoor UAV Dataset Generation (OS-RFODG) is proposed as a cost-
effective tool for generating multi-sensor UAV localization datasets. These datasets support the benchmarking
of various localization methods, including learning-based models and sensor fusion techniques. OS-RFODG
integrates Robot Operating System 2 (ROS2) with the PX4 autopilot, Gazebo simulator, and QGroundControl
(QGQ) to collect synchronized data from Light Detection and Ranging (LiDAR), Global Positioning System (GPS),
Inertial Measurement Unit (IMU), camera, and barometer sensors. Geospatial data from Quantum GIS (QGIS) and
Blender is used to create detailed 3D digital maps, improving terrain realism and spatial accuracy. Validation
was conducted in the Makkah region of Saudi Arabia, featuring six UAV flights across diverse terrains, with
distances ranging from 3.23 km to 14.70 km. In the first evaluation, GPS tracks were exported as Keyhole
Markup Language (KML) files and overlaid onto Google Earth imagery, showing strong alignment with real-
world terrain. In the second evaluation, the framework achieved RMSE values between 13.59 m and 19.50 m
in trajectory alignment relative to a digital 3D GeoTIFF map. Additionally, image-based localization using SIFT
keypoint matching reached precision scores up to 0.8964 and spatial RMSEs below 1.34 m. OS-RFODG open-
source architecture ensures reproducibility and easy integration into UAV research workflows.

forests, or indoor areas, reliable position estimation is hindered by signal
degradation, uneven terrain, and the limitations of individual sensors
[5]. To address GNSS-denied scenarios, UAVs rely on the real-time fu-

1. Introduction

The rapid advancement of autonomous aerial systems, particularly

Unmanned Aerial Vehicles (UAVs), has significantly expanded their ap-
plications across various domains, including environmental monitoring,
disaster response, and surveillance [1-4]. A fundamental requirement
for the effective deployment of these systems is precise localization
within a global or local reference frame. This process, commonly re-
ferred to as localization or geolocation, enables UAVs to navigate com-
plex environments, execute predefined missions, and interact safely with
their surroundings. Global Navigation Satellite Systems (GNSS), such as
the U.S. Global Positioning System (GPS), Russia’s GLONASS, Europe’s
Galileo, and China’s BeiDou, are widely utilized in UAV applications
to provide accurate, real-time geolocation and navigation capabilities.
However, in GNSS-denied environments such as urban canyons, dense

* Corresponding author.
E-mail address: ijarraya@psu.edu.sa (I. Jarraya).

https://doi.org/10.1016/j.rineng.2025.106613

sion of complementary sensors. IMUs provide high-rate motion data but
are prone to drift. Vision-based methods, such as SLAM and visual odom-
etry, extract features for mapping but degrade in low-texture or poorly
lit environments. LiDAR offers precise three-dimensional profiling but is
affected by rain or fog [6,7]. Radar provides coarse yet consistent range
sensing under all weather conditions. Additional sensors such as ultra-
wideband radios, time-of-flight modules, barometers, magnetometers,
and optical or thermal cameras contribute data that enhances localiza-
tion [8,9].

Reliable UAV localization in GNSS-denied environments hinges on
real-time fusion of heterogeneous sensor data, as no single modality of-
fers sufficient accuracy in isolation [10].
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Experts in robotics, aerospace, and geospatial systems increasingly
rely on multi-sensor fusion to achieve centimeter-level precision.

GNSS-based positioning, although widely adopted in UAV navi-
gation, faces significant limitations in environments such as urban
canyons, dense forests, and mountainous regions. In such conditions,
GNSS signals are highly susceptible to multipath effects, signal obstruc-
tions, and atmospheric interference, often leading to localization errors
exceeding several meters. These inaccuracies compromise mission safety
and reliability, particularly in applications requiring high-precision ma-
neuvering. To overcome these limitations, multi-sensor fusion tech-
niques are indispensable.

Datasets like INSANE have demonstrated the enhanced robustness
achieved through such fusion, especially across diverse environments,
including Mars-analog sites and indoor—outdoor transitions. Specifi-
cally, INSANE showed that reliable UAV localization and mapping
can be attained even in magnetically distorted and GNSS-deprived
Mars-analog environments by synchronizing data from GNSS, LiDAR,
IMU, cameras, and barometers [11]. The dataset’s evaluation further
confirmed sub-meter accuracy in GNSS-denied segments using visual-
inertial odometry fused with LiDAR, and highlighted the importance of
redundant sensing to maintain continuity during sensor dropouts.

Moreover, elevation-aware datasets incorporating Digital Elevation
Models (DEM), Digital Surface Models (DSM), and Digital Terrain Mod-
els (DTM) are critical for correcting vertical drift and terrain-induced
localization errors [12]. This is particularly important in fields like pre-
cision agriculture, where GNSS disruptions can result in misalignment,
yield loss, or ecological harm. The OS-RFODG framework directly ad-
dresses these challenges by generating synchronized, geo-referenced,
multi-sensor datasets, offering a reproducible and scalable foundation
for evaluating UAV localization methods in GNSS-denied environments

Building on this foundation, advancing resilient localization algo-
rithms in GNSS-denied environments necessitates access to realistic
and elevation-aware datasets. This need becomes increasingly critical
as UAVs are expected to perform autonomous tasks with minimal ex-
ternal guidance and under unpredictable conditions. The effectiveness
of classical filters like the Extended Kalman Filter (EKF), Unscented
Kalman Filter (UKF), and Particle Filter (PF), along with optimization-
based techniques such as factor-graph smoothing and Graph SLAM, and
learning-based models including LSTM networks and attention-driven
architectures, is closely tied to the availability of realistic and elevation-
aware datasets [13-16]. Moreover, the design and benchmarking of
these models must account for variations in terrain, sensor character-
istics, and mission constraints. Robust development and evaluation of
these methods require datasets that accurately reflect real-world com-
plexity. This includes the integration of synchronized sensor data and
geospatial elevation information such as DEM, DSM, and DTM. Ground-
truth trajectories should be precisely aligned with actual terrain and
captured across diverse lighting, topographic, and weather conditions.
To meet these challenges, researchers require datasets that not only
ensure sensor synchronization but also emulate the operational vari-
ability encountered during real UAV deployments. Combining visual
and non-visual modalities with elevation-aware mapping is essential for
designing, validating, and benchmarking reliable UAV localization al-
gorithms in GNSS-denied scenarios.

Despite notable advances in UAV localization research, existing
open-source datasets continue to exhibit several critical limitations that
hinder the development and benchmarking of multi-sensor fusion algo-
rithms. A common shortcoming is the lack of precise temporal alignment
across heterogeneous sensor streams, which results in cumulative drift
and reduced accuracy during dynamic flight maneuvers [5]. Further-
more, many datasets fail to capture realistic environmental disturbances
such as lighting variations, wind gusts, precipitation, and airborne par-
ticulates. This omission restricts the generalization capability of models
trained exclusively under ideal conditions [17]. Elevation modeling also
remains inadequate in most publicly available datasets. Few resources
provide comprehensive terrain representations such as DEMs, DSMs,
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and DTMs, which are essential for correcting vertical drift and exploit-
ing topographic cues during navigation [6].

While synthetic datasets typically include accurate ground truth,
they often lack authentic sensor noise, hardware variability, and real-
world dynamics. On the other hand, field-collected datasets better re-
flect operational complexity but are usually limited in geographic extent
and environmental diversity [11]. Additional limitations include insuf-
ficient diversity in sensor types and hardware platforms, the absence
of metadata concerning calibration and sensor installation geometry,
and a lack of support for extended flight durations or mission-specific
conditions. Moreover, the absence of standardized benchmarks and uni-
fied evaluation protocols for terrain-aware multi-sensor fusion continues
to hinder reproducibility and fair performance comparisons [10,8]. To
overcome these challenges, future datasets must provide full temporal
synchronization, support a wide range of sensors and environmental
scenarios, incorporate detailed terrain layers, and adopt standardized
formats and metrics that facilitate rigorous and reproducible evalua-
tion.

Motivated by the limitations of current UAV datasets, we introduce
OS-RFODG, an open-source framework based on ROS 2 for the system-
atic generation of UAV datasets. OS-RFODG offers an integrated pipeline
that combines terrain modeling, flight simulation, and synchronized
multi-sensor data collection. GeoTIFF elevation maps are processed us-
ing QGIS and converted into textured 3D meshes in Blender. UAV mis-
sions are defined in QGroundControl, executed through PX4, and simu-
lated over realistic terrain in Gazebo. ROS 2 middleware ensures precise
microsecond-level synchronization across sensors, including IMU, RGB
camera, LiDAR, barometer, and GPS. The resulting datasets include tem-
porally aligned sensor measurements, elevation queries, ground-truth
trajectories, and image sequences, saved in both ROS 2 bag and CSV
formats to support reproducible research and performance evaluation.
The main contributions of this work are as follows:

+ Unified dataset generation: OS-RFODG provides a modular ROS
2-compatible platform for creating datasets that are spatially and
temporally synchronized, integrating visual and non-visual sensors.
Terrain-aware simulation: The framework supports realistic mission
design and simulation using high-resolution GeoTIFF elevation data
to capture natural topographic variability.

Reproducibility and extensibility: OS-RFODG enables repeatable
experiments and allows researchers to customize sensor configu-
rations and mission scenarios according to their needs.

It is important to note that while this paper demonstrates OS-RFODG
using the Makkah region of Saudi Arabia, the framework is designed to
support global applicability. Researchers can utilize the framework to
generate datasets for any geographical region by importing appropriate
GeoTIFF elevation data and satellite imagery. This flexibility enables
the creation of training datasets that reflect the specific geographical
and environmental characteristics relevant to each research application
or deployment scenario.

The remainder of this paper is organized as follows. Section 2 reviews
related work on UAV localization in GNSS-denied settings. Section 3
outlines the architecture and methodology of OS-RFODG. Section 4
presents the experimental validation, including dataset generation over
the Makkah region, flight path comparisons, RMSE-based elevation ac-
curacy analysis, and visual trajectory inspection. Section 5 concludes
with a summary and potential research extensions.

2. Related works

Research on UAV dataset generation for global localization can be
grouped into three acquisition modalities: free and commercial data
platforms (Table 1), simulation environments, crowd-sourced and field-
collected repositories, and large-scale multi-sensor benchmarks.
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Table 1
Overview of tools and platforms for generating UAV localization datasets.
Tool/Platform Description Type
RTKLIB Open-source software for Real-Time Kinematic (RTK) GPS processing, Free/Open Source
enhancing GPS data accuracy
OpenDroneMap Open-source software for processing aerial imagery to generate maps and Free/Open Source

3D models
Google Earth Engine

Cloud-based platform offering satellite imagery and Digital Elevation

Free/Open Source

Models for large-scale geospatial analysis

QGIS Free GIS software for analyzing and visualizing geospatial data Free/Open Source
Blender Open-source 3D modeling and visualization software, used for creating Free/Open Source
digital terrain models
u-blox High-precision GPS modules for enhanced UAV localization accuracy Paid
Pix4D Photogrammetry software for creating 3D maps and models from aerial Paid
images

Velodyne LiDAR
obstacle detection
DroneDeploy
mapping and analysis tools
Emlid Reach RTK

LiDAR sensors offering precise 3D mapping and distance measurements for ~ Paid
UAV flight planning and data processing platform, including advanced Paid

RTK GPS modules for high-accuracy positioning in real-time Paid

These sources differ in the range of sensors supported in their spatial
and temporal resolution, in their geographic coverage, and in their cost
of access [18], [19], [20], [21], [22].

2.1. Free and commercial platforms

Several free and open-source platforms provide the foundational
tools and datasets needed for UAV localization research. Researchers can
access community-curated image collections, sensor logs, and geospatial
processing utilities without licensing fees. For example, Kaggle hosts the
UAV-VisLoc visual localization dataset with frame-level annotations for
obstacle avoidance and computer vision training [23]. GitHub reposito-
ries such as CTU-MRS offer synchronized ROS bag recordings of visual-
inertial and LiDAR data from cooperative multi-vehicle flights, complete
with sub-millisecond timestamp alignment via Chrony, camera-IMU
calibration files, and example tmuxinator sessions for RViz playback
[24]. Tools like OpenDroneMap convert aerial imagery into orthomo-
saics, point clouds, 3D models, and DEMs directly from the command
line [25], while RTKLIB processes raw GNSS data for real-time kine-
matic corrections [26]. Google Earth Engine provides API access to
global satellite imagery and DEM archives, USGS EarthExplorer enables
bulk download of aerial photographs and elevation products [27], [28]
[29]. QGIS handles GeoTIFF reprojection and terrain mesh exports, and
Blender transforms GIS meshes into textured 3D scenes for simulation
[301, [31]. These resources lower the barrier to entry but often require
additional integration work to achieve full multi-sensor synchronization
and standardized data formats.

Commercial platforms deliver turnkey UAV mapping, photogram-
metry, and real-time localization solutions at a financial cost. DroneDe-
ploy offers cloud-based workflows for photogrammetry, 3D model-
ing, and site inspection, featuring integrated GIS overlays [32], [33].
Pix4D offers desktop and cloud photogrammetry software (Pix4Dmap-
per, Pix4Dmatic) with RTK-enabled modules for survey-grade DEM,
DSM, and point-cloud creation [34]. u-blox produces RTK GNSS mod-
ules optimized for UAV navigation and centimeter-level accuracy [35],
[36]. Velodyne LiDAR manufactures lightweight sensors (Puck LITE)
for real-time 3D mapping and obstacle detection on drones [37]. Em-
lid Reach receivers support multi-band RTK and PPK workflows with
tilt compensation and centimeter accuracy [38]. These commercial so-
lutions guarantee higher precision and vendor support but introduce
financial barriers and potential vendor lock-in due to proprietary hard-
ware, software dependencies, and licensing fees.

2.2. Simulation environments

Simulation environments are indispensable tools for developing and
testing UAV systems without the need for physical hardware. They en-
able researchers to model complex scenarios, test algorithms, and gen-
erate synthetic datasets under controlled conditions. Recent advances
have enhanced the realism and capabilities of these simulators, partic-
ularly in the context of outdoor UAV localization.

Gazebo is a widely used open-source robotics simulator that offers
a rich set of features for UAV simulation. It supports integration with
ROS 2 and provides realistic physics and sensor models. A recent study
presents a ROS 2-based simulator framework for tethered UAV-UGV
marsupial systems in Gazebo, demonstrating its applicability for UAV
research [39]. Building upon the capabilities offered by Gazebo, Air-
Sim, developed by Microsoft, is a high-fidelity simulator for drones and
autonomous vehicles. Built on Unreal Engine, it provides realistic envi-
ronments and supports both software-in-the-loop (SITL) and hardware-
in-the-loop (HITL) simulations. AirSim has been utilized for various
applications, including reinforcement learning and computer vision re-
search [40]. Moreover, X-Plane is a flight simulator known for its ac-
curate flight dynamics and realistic environments. It has been extended
to include functionalities such as complex wind dynamics, ground ef-
fect, and accurate real-time weather, making it suitable for UAV pilot
training and control algorithm testing [41].

These simulation platforms allow for fine-grained control over envi-
ronmental conditions, sensor configurations, and UAV dynamics. They
are invaluable for generating synthetic datasets, testing algorithms, and
accelerating the development of UAV systems. However, it is essential
to recognize that simulations may not accurately capture all real-world
complexities, such as sensor noise and environmental variability. There-
fore, it is recommended to complement simulation studies with real-
world experiments to ensure robust localization performance of UAVs.

2.3. Recent UAV dataset studies

Recent progress in UAV geo-localization, especially under GNSS-
denied conditions, has led to the emergence of a wide range of datasets
employing diverse sensor modalities. These datasets are typically cate-
gorized based on whether they incorporate mapping resources such as
DEMs or DSMs, and the nature of the sensors used, including visual, non-
visual, or a combination of both. Table 2 summarizes the most recent
and representative datasets.

Several modern datasets focus exclusively on visual or non-visual
sensing modalities without incorporating explicit terrain references. For


http://www.rtklib.com/
https://www.opendronemap.org/
https://earthengine.google.com/
https://qgis.org/
https://www.blender.org/
https://www.u-blox.com/
https://www.pix4d.com/
https://velodynelidar.com/
https://www.dronedeploy.com/
https://emlid.com/reach/

L. Jarraya, M. Abdelkader, K. Gabr et al.

Results in Engineering 27 (2025) 106613

Table 2
UAV localization datasets.
Name & Reference Source Sensors UAV Viewpoint Pose DoF Open Elevation
Source Data

Wyard et al. 2022 [46] UAV RTK-GPS, IMU, RGB, Top View 6-DoF No Yes
RGB+Multispectral Multispectral

Wu et al. 2024 [47] 3D Textured Model, RGB, Depth, IMU, DSM Arbitrary 6-DoF Yes Yes
DSM

Yao et al. 2024 [48] Digital Twin Imagery RGB (Drone/Satellite) Cross-view 2-DoF Yes Yes

Shi et al. 2019 [45] GRAL RGB, LiDAR, Depth, IMU Arbitrary 6-DoF Yes Yes

Barone et al. 2022 GRAL, CVUSA RGB, LiDAR, IMUs Arbitrary 6-DoF Yes Yes

Xu et al. 2024 [17] UAV-VisLoc RGB, Satellite Arbitrary 6-DoF Yes No

Xiao et al. 2023 [42] Thermal Imagery + Thermal, IMU Arbitrary 6-DoF Yes No
Satellite

Patel et al. 2020 [49] Google Earth Sim RTK-GPS, IMU Arbitrary 4-DoF No No

Chen et al. 2021 [50] Google Earth Sim GPS, IMU Arbitrary 6-DoF No No

Gurgu et al. 2022 [51] Simulated Imagery RTK-GPS Top View 2-DoF Yes No

Yan et al. 2022 [52] Rendered/Real Images RTK-GPS, GCPs Arbitrary 6-DoF Yes No

Cisneros et al. 2022 [53] Real Imagery RTK-GPS, GCPs Arbitrary 6-DoF Yes No

Zhai et al. 2017 [54] CVUSA RGB (Ground/Satellite) Cross-view 2-DoF Yes No

Zheng et al. 2020 [55] Univ-1652 RGB Cameras Top View 2-DoF Yes No

Wang et al. 2025 [44] Custom Aerial Imagery =~ RGB Arbitrary 6-DoF No No

Brommer et al. 2022 [43] INSANE RGB, IMUs, RTK-GPS Arbitrary 6-DoF Yes No

Ours (2025) OS-RFODG GeoTIFF (DTM, DSM and DEM), Arbitrary 6-DoF Yes Yes

RGB, LiDAR, IMU, GPS,

Barometer

instance, Xu et al. (2024) [17] present a large-scale dataset, UAV-VisLoc,
that utilizes both free-source and field-collected data to improve UAV
visual localization in GNSS-denied environments. This dataset addresses
the limitations of existing datasets that often focus on small geographic
areas or are confined to urban regions with distinct textures. UAV-
VisLoc comprises 6,742 drone images and 11 satellite maps, covering
various terrains across 11 locations in China. The images, captured by
multi-rotor and fixed-wing UAVs at altitudes from 400 to 2,000 meters,
include metadata such as latitude, longitude, altitude, and capture dates.
The dataset features diverse topographies, including villages, towns,
cities, rivers, farms, and hills, providing a broad range of scenarios
for training and testing UAV localization models. In addition, images
were captured at various heading angles and seasons (summer and fall),
which enhanced the data diversity for real-world applications. Satel-
lite maps are sourced from Google Earth with a spatial resolution of
0.3 meters, ensuring high-quality reference data for precise localization
tasks. UAV-VisLoc is particularly valuable for developing localization
algorithms that perform robustly across different regions and altitudes.
While it offers varied flight conditions and terrains, the dataset primarily
focuses on China, limiting the generalizability of models trained solely
on this data. Furthermore, it does not include sensor fusion data, such
as IMU or LiDAR, which could enhance UAV localization, especially in
complex environments where additional sensor data is crucial for accu-
rate positioning.

In a related effort, Xiao et al. (2023) [42] introduce a dataset com-
prising thermal imagery captured using FLIR Boson cameras during
nighttime UAV flights over 33 km?. To address the lack of paired thermal
and satellite data, they developed a Thermal Generative Module (TGM)
that produces 79,950 synthetic and over 49,000 real image pairs. Their
geo-localization framework combines domain adaptation, contrast en-
hancement, Superpoint+Superglue descriptors, and gravity-guided PnP
RANSAG, achieving 92% Recall@1 and sub-15 meter L2 error. However,
elevation data is not explicitly provided, and uniform terrains pose chal-
lenges for precise localization.

Similarly, the INSANE dataset, developed by Brommer et al. (2022)
[43], provides an extensive suite of synchronized sensor data designed
for UAV research in various operational scenarios, including indoor, out-
door, and Mars analog environments. This dataset spans over 600 GB
and comprises 26 flight sequences covering a total of 2.5 kilometers.
The UAV platform is equipped with 18 distinct sensors, including high-

resolution stereo and monocular navigation cameras, dual RTK-GNSS
modules, and three spatially distributed IMUs, enabling the capture of
detailed motion and environment data. Ground truth trajectory data is
obtained with centimeter-level positional and sub-degree angular preci-
sion, relying on motion capture systems in indoor settings and dual RTK
solutions outdoors. In addition to flight data, the dataset includes raw
calibration files, static sensor recordings, and vibration profiles, support-
ing a wide range of research applications such as sensor fusion, real-time
localization, and SLAM. Despite its rich sensor configuration and precise
annotations, the dataset does not incorporate standardized elevation
data such as GeoTIFF-based DEMs or DSMs, which may restrict its appli-
cability for terrain-informed localization and terrain-relative navigation
studies.

In a complementary effort, Wang et al. (2025) [44] contributed a
custom dataset optimized for the Lightv8nPnP model. It supports high-
speed UAV localization with real-time inference at 186 frames per sec-
ond and sub-6 cm 3D accuracy. The dataset does not include elevation
data but is suitable for embedded UAV systems operating in structured
environments. Furthermore, Shi et al. (2019) [45] and Barone et al.
(2022) expanded the GRAL dataset, integrating multiple modalities such
as RGB, LiDAR, depth, and IMU. While open-source, the datasets lack
consistently formatted DEM or elevation data, constraining their utility
for terrain-aware methods.

Transitioning to datasets that explicitly incorporate elevation data,
Wyard et al. (2022) [46] developed an object-based image analysis
(OBIA) pipeline for landfill land-cover classification using RGB and mul-
tispectral UAV imagery. A Digital Surface Model (DSM) was generated
via UAV photogrammetry to provide elevation data. The processing
workflow integrated GRASS GIS and R within a Python environment,
enabling the incorporation of textural and contextual features alongside
spectral information. The classification scheme distinguished 11 land-
cover classes, including various types of waste, vegetation, and bare soil.
Using a Random Forest classifier, the study achieved an overall clas-
sification accuracy of 88.5%, with the addition of contextual features
yielding a 6% improvement over spectral-only models. While compre-
hensive and methodologically robust, the dataset is site-specific and not
publicly accessible, limiting its utility for broader geolocation or terrain-
aware benchmarking studies.

Expanding the scope to publicly available resources, Wu et al. (2024)
[47] introduced UAVDA4L, a comprehensive dataset designed to facilitate
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six degrees of freedom (6-DoF) UAV localization in GPS-denied environ-
ments.

The dataset addresses key limitations of prior efforts, such as re-
stricted geographic coverage, limited viewpoint diversity, and insuffi-
cient ground-truth accuracy. UAVDA4L spans approximately 2.5 million
square meters of diverse urban and rural landscapes and includes a
high-resolution textured 3D reference model reconstructed from aerial
oblique imagery. This model supports the generation of synthetic RGB
and depth images, along with a Digital Surface Model (DSM) for ter-
rain representation. Real-world query images were acquired from five
distinct UAV flight trajectories, covering altitudes from 50 m to 200 m
and pitch angles between 15° and 70°, enabling a wide range of ac-
quisition conditions. For ground-truth annotation, the dataset employs
a semi-automated approach combining Structure-from-Motion (SfM)
techniques with manual tie-point correction, ensuring accurate 6-DoF
pose labels. The localization pipeline integrates offline synthetic data
with online visual localization, using SuperPoint and SuperGlue for fea-
ture matching and a gravity-guided PnP RANSAC for pose estimation.
This framework achieved 93.88% image retrieval accuracy and 96.68%
localization success within a 5-meter and 5-degree margin, establishing
UAVDAL as a robust benchmark for visual localization in GNSS-denied
settings.

In addition, Yao et al. (2024) [48] introduced VDUAV, a cross-
view geo-localization dataset built using digital-twin technology. It
aligns UAV-captured images with satellite imagery over urban and rural
scenes, facilitating 2-DoF localization. Although elevation is not directly
provided, terrain variation is indirectly captured. Their VRLM model
achieved 83.35% mean average precision at top-20 image retrieval.

In summary, although recent UAV datasets have advanced visual
and sensor-based localization, they often lack synchronized multi-sensor
data and standardized terrain models required for reliable terrain-aware
navigation. To overcome these limitations, we present the OS-RFODG
framework, which enables the generation of high-quality, open-source
datasets suited to complex outdoor environments. It integrates RGB im-
agery, LiDAR (Light Detection and Ranging), IMU (Inertial Measurement
Unit), GPS (Global Positioning System), and barometric data, all pre-
cisely synchronized and aligned with GeoTIFF-based DEM, DTM, and
DSM layers created using QGIS and Blender. OS-RFODG distinguishes
itself by supporting consistent, terrain-informed data generation and ro-
bust benchmarking of hybrid localization algorithms in GNSS-denied
scenarios.

3. Open-source OS-RFODG framework and methodology

This study introduces the OS-RFODG framework, a modular and
open-source, tool-driven methodology designed to generate high-fidelity
UAV datasets in geospatially accurate environments. The pipeline is
structured into two core phases, as illustrated in Fig. 1. The first phase
focuses on terrain preprocessing, including the extraction of satellite im-
agery and elevation models, and the generation of textured 3D meshes
representing real-world landscapes using QGIS and Blender. The second
phase involves simulation-based UAV mission execution within Gazebo,
where PX4 handles autopilot dynamics and QGroundControl specifies
elevation-aware waypoints. ROS 2 is used for real-time communica-
tion and sensor synchronization across GPS, IMU, LiDAR, barometer,
and RGB camera streams. Each phase leverages open-source tools in a
coordinated workflow to ensure spatial accuracy, visual realism, and
precise temporal alignment. The generated datasets comprise georefer-
enced RGB imagery and precisely time-aligned multi-sensor telemetry,
exported in standardized CSV and PNG formats. By facilitating the
replication of realistic terrain conditions and mission-specific flight pro-
files, the framework ensures experimental reproducibility and supports
rigorous benchmarking across a wide range of UAV localization and
navigation research scenarios.
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3.1. Preliminary step: area identification and georeferenced map
preparation

The initial phase of the OS-RFODG framework involves defining a
specific geographic area for simulation, guided by the intended ap-
plication or research objectives. This area is delineated using region
boundaries, specified by the latitude and longitude coordinates of the
upper-left (northwest) and lower-right (southeast) corners. These co-
ordinates establish the spatial extent for data extraction and ensure
consistency across all subsequent data layers and processing steps. The
defined region boundaries serve as a reference for extracting both ele-
vation and visual data from publicly available repositories. By applying
this uniform spatial extent, all retrieved datasets, whether elevation-
based or image-based, are clipped and georeferenced to the same co-
ordinate framework, enabling seamless integration. This process yields
three essential files that form the digital foundation of the simulation
environment:

+ A GeoTIFF file (. t i £) containing digital elevation or surface model
data with embedded coordinate referencing.

+ A PNG file (.png) providing high-resolution satellite imagery
aligned to the same spatial footprint.

+ A Collada file (. dae) containing the 3D textured terrain model suit-
able for import into the simulation engine.

These assets collectively define the virtual terrain with geospatial accu-
racy and high visual fidelity. They are critical inputs for downstream
processes in the OS-RFODG pipeline, including terrain modeling, sensor
integration, and realistic UAV dataset generation.

3.1.1. Georeferenced map preparation with QGIS

In this context, QGIS is instrumental in acquiring, processing, and
preparing the geospatial data necessary for realistic UAV simulations
[56]1, [57]. The process begins with gathering high-quality geospatial
data, specifically DEMs and DSMs, from reliable public databases or gov-
ernmental sources, such as the United States Geological Survey (USGS),
the National Aeronautics and Space Administration (NASA) and the Eu-
ropean Space Agency (ESA). These trusted sources provide accurate and
relevant data specific to the research region.

The acquired DEMs and DSMs are typically provided in the GeoTIFF
(.tif) format, a widely recognized georeferenced raster image format
ideal for storing spatial data. GeoTIFF files embed essential geospatial
metadata, such as elevation values and coordinate information, which
are crucial for maintaining spatial accuracy within simulations. The
compatibility of GeoTIFF with QGIS facilitates efficient processing and
organization of detailed graphics, streamlining its integration into UAV
simulation environments. This ensures that the geospatial data utilized
is both precise and well-suited for accurate terrain representation in
UAV applications. Several factors influence the resolution and quality
of the GeoTIFF files:

* Quality of the Source Data: The initial resolution and accuracy
of the data, such as whether it comes from high-resolution satellite
imagery or lower-quality aerial photographs. Higher-quality source
data results in better detail in the final GeoTIFF.

Sensor Specifications: The capabilities of the sensors that captured

the data play a significant role. For example:

— Spatial Resolution: The size of the smallest distinguishable fea-
tures. A sensor that captures images at 1 m resolution yields more
detail than one capturing at 10 m.

— Spectral Resolution: The ability of the sensor to capture data at
different wavelengths, affecting the richness of the information
collected about surface materials.

+ Scale of the Data: The scale at which the data is represented in
QGIS impacts the level of detail in the GeoTIFF. Data processed at a
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Fig. 1. Overview of the OS-RFODG framework pipeline. The upper block (yellow) illustrates the geospatial terrain preprocessing phase using QGIS and Blender. The
lower block (green) represents the ROS 2-based simulation environment, which integrates PX4, Gazebo, and QGroundControl for multi-sensor data generation. The

output comprises temporally aligned UAV imagery and sensor telemetry.

larger scale (e.g., 1:5.000) provides more detail than data processed

at a smaller scale (e.g., 1:50.000).

Interpolation Methods: The technique used to estimate pixel val-

ues during processing can significantly impact the resulting image

quality. Common interpolation methods in QGIS include:

— Nearest Neighbor: Fast and maintains original pixel values but
may produce a blocky appearance.

- Bilinear Interpolation: Averages the values of the nearest four
pixels, resulting in smoother images.

— Cubic Convolution: Uses a weighted average of the nearest 16
pixels for even smoother results, though it may introduce arti-
facts.

Coordinate Reference System (CRS): The choice of CRS can affect

how data is projected and displayed. An appropriate CRS ensures

that spatial relationships between features are accurately main-
tained.

« Data Processing Parameters: Settings applied during data pro-
cessing, such as pixel size specified for the GeoTIFF export, also
influence the final resolution.

Once the geospatial data is processed and validated, it is exported as
a GeoTIFF file. This georeferenced file serves as a detailed digital model
of the region and forms the foundation for the next stage in Blender,
where it will be transformed into a 3D terrain model.

3.1.2. 3D terrain modeling in blender

The processed elevation and satellite data from QGIS [58,59], stored
in the GeoTIFF (.tif) format, are imported into Blender, a power-
ful open-source tool for 3D modeling. This import allows Blender to
effectively transform the geospatial data into a high-fidelity 3D ter-
rain model. Upon importing the GeoTIFF file, Blender interprets the
elevation values, generating a detailed 3D mesh that accurately rep-
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resents the area’s topography, including features such as hills, valleys,
and other natural landforms. This mesh provides a realistic depiction of
the landscape, eliminating the need for complex manual adjustments,
as Blender’s displacement modifier facilitates a seamless conversion of
elevation data into three-dimensional structures. In parallel, the visual
accuracy of the terrain model is significantly enhanced through texture
mapping using satellite imagery sourced from QGIS.

In summary, Blender’s UV mapping tools align satellite imagery with
3D mesh contours, creating realistic surface textures (e.g., vegetation,
rocks) that enhance visual fidelity for high-quality simulations. Once the
3D terrain model is finalized, it is exported from Blender in the .dae
(Collada) format, which is widely compatible with simulation platforms
like Gazebo. This format preserves both the model’s geometric and tex-
ture data, ensuring smooth integration into UAV simulation workflows.
The exported model maintains structural accuracy along with essential
visual details, creating a robust environment for testing UAV naviga-
tion and localization techniques. Integrating DEM and satellite imagery
from QGIS into Blender creates a georeferenced 3D model that ensures
spatial accuracy and realism for UAV dataset generation and algorithm
testing.

3.2. Open-source ROS2 framework for outdoor UAV dataset generation

The OS-RFODG framework incorporates a 3D mesh derived from
GeoTIFF data, which accurately captures essential real-world terrain
features. This mesh is imported into Gazebo, an open-source robotics
simulation platform integrated with ROS 2 Humble [60], [61], creat-
ing a foundational environment for UAV simulation. Within Gazebo,
the virtual landscape is further enhanced with realistic elements, such
as varied elevations, obstacles, and intricate terrain features, effectively
mirroring actual field conditions to support comprehensive UAV testing
and data generation.

3.2.1. Simulation environment and flight control integration

This open-source ROS2 framework for UAV dataset generation inte-
grates key components: Gazebo, providing a realistic simulation envi-
ronment; PX4, the flight control firmware managing UAV operations;
and QGC, the ground control station for mission planning and manage-
ment. These components are connected via MAVROS, a MAVLink-ROS
interface that bridges ROS and MAVLink communication protocol, en-
abling seamless data synchronization and control. MAVROS facilitates
bidirectional communication, allowing ROS to send commands to the
UAV through MAVLink and receive real-time telemetry data. This inter-
face supports essential operations such as waypoint management, sensor
data collection, and flight status monitoring, ensuring that all system
components remain in synchronization and respond accurately to sim-
ulated conditions.

The process begins with mission planning in QGC, the ground con-
trol station that allows operators to define mission parameters, including
waypoints, target altitudes, and flight paths. QGC then sends these high-
level mission commands to PX4 over the MAVLink protocol [62], setting
the UAV’s mission objectives. This setup supports both automated and
manual control, allowing operators flexibility in testing UAV behaviors
across various scenarios. During the mission, QGC continuously receives
telemetry feedback from PX4, enabling real-time monitoring, adjust-
ments to mission parameters, or manual intervention if required.

Once QGC transmits the mission commands, PX4, the core flight
control firmware, receives these commands and translates them into
precise control actions for the UAV. Running in Software-in-the-Loop
(SITL) mode, PX4 interfaces with both QGC and Gazebo, acting as the
intermediary that interprets mission instructions and adjusts the UAV’s
behavior accordingly. PX4 relies on real-time environmental feedback
from Gazebo to adapt its control actions dynamically, ensuring that the
UAV can respond to terrain changes, navigate obstacles, and maintain
altitude based on simulated environmental cues.
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PX4 manages its communication with other simulation components
through several interfaces:

« MAVLink Interface: Connects to API/offboard control for au-
tonomous UAV navigation based on external commands, which is
essential for developer testing and allows for real-time adjustments
via external applications or scripts.

QGC Connection: Receives mission instructions, including way-
points and flight paths, which PX4 then executes within the Gazebo
environment, facilitating remote mission management.

Telemetry Exchange with Gazebo: Ensures that UAV responses ac-
curately reflect the simulated environment, allowing PX4 to syn-
chronize with Gazebo for real-time environmental feedback.

With mission commands in place and PX4 controlling the UAV,
Gazebo serves as the environment provider where the UAV performs
its mission in a controlled yet realistic setting. The MAVLink protocol
enables real-time data exchange between Gazebo and PX4, with UDP
communication supporting telemetry and control data synchronization.
Gazebo continuously supplies PX4 with simulated environmental feed-
back, allowing the UAV to respond to interactions such as altitude ad-
justments, terrain following, and obstacle navigation [63]. This seamless
interaction is essential for rigorous testing and evaluation of UAV navi-
gation and localization algorithms, as it ensures that the UAV’s responses
are aligned with the complexity of the simulated terrain.

Within the OS-RFODG framework, QGC, PX4, and Gazebo form a
synchronized control and feedback loop, supporting realistic and adapt-
able UAV simulation:

+ Command Flow: QGC sends high-level mission commands to PX4,
which PX4 interprets and uses to guide UAV movements within
Gazebo.

+ Simulation Feedback: Gazebo provides continuous environmental
data to PX4, enabling the UAV to adjust its flight dynamics based
on simulated terrain and environmental factors.

* Monitoring and Adjustment: QGC receives telemetry updates from
PX4, empowering operators to observe UAV performance in real
time, make mission adjustments, or override control as needed.

3.2.2. Data generation

The framework generates several sensor measurements that can be
used in several algorithmic developments such as visual-inertial odom-
etry, LiDAR-inertial odometry, and trajectory prediction. This compre-
hensive data generation setup replicates complex terrain and challeng-
ing conditions, supporting thorough testing of localization and naviga-
tion algorithms in simulated outdoor environments.

We developed a custom ROS 2 tool, uav_dataset_generation_ros
package [64], to automate and synchronize the creation of comprehen-
sive UAV datasets. This package systematically collects synchronized
telemetry and sensor data during each simulated mission, ensuring
consistency across all data points. The dataset includes synchronized
3D position trajectories, GPS coordinates, IMU readings, RGB images,
LiDAR-based distance measurements, and depth images. The dataset
generation process employs simulated UAV missions using two distinct
trajectory approaches: user-defined trajectories and parametric trajec-
tories. User-defined trajectories provide precise control over trajectory
characteristics, including path length, geometric shape, and coverage
of specific regions. However, this approach lacks the automation ca-
pabilities required for generating large numbers of random trajectories
efficiently.

Parametric trajectories address this limitation by employing mathe-
matical parameterization through control variables that govern trajec-
tory size, velocity profile, radius, and spatial orientation. This parame-
terization enables the automated generation of an arbitrary number of
random trajectories, making it well-suited for large-scale dataset cre-
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ation. Two parametric trajectory types are implemented: circular and
lemniscate (infinity-shaped) trajectories.

A circular trajectory in three-dimensional space is uniquely defined
by four fundamental parameters:

Norig

Normal Vector: n = where n,,,;, is an arbitrary vector normal

K orig
to the plane containinog”gthe circular trajectory with its origin at the
circle’s 3D center.

Center Position: ¢ € R3, representing the geometric center of the
circle.

Radius: r > 0, defining the circle’s radius.

Angular Velocity: w > 0, controlling the traversal rate along the

trajectory.

The position vector along the circular trajectory at time ¢ is given by
Equation (1):

p.(t) =c+r-(cos(wt) - vy + sin(wt) - v,), 0

where v; and v, are orthonormal basis vectors spanning the plane per-
pendicular to n.

The lemniscate (infinity-shaped) trajectory employs the same param-
eterization framework as the circular trajectory but generates a figure-
eight pattern through a modified trajectory equation. Using identical
definitions for the normal vector, center position, radius, and angular
velocity, the lemniscate trajectory position is defined by Equation (2):

Poo(t) =c+r - (cos(wt) - v{ + sinwt) - v5). 2

The frequency-doubling factor in the sine component (2wt) creates the
characteristic figure-eight geometry by introducing a 2:1 frequency ratio
between the orthogonal motion components.

By executing either user-defined or parametric trajectories, our
framework generates timestamped and synchronized measurements that
can be used for analysis and algorithmic development. Each UAV simu-
lated trajectory will generate a structured dataset explained as follows.

CSV data structure Each mission’s essential UAV and environmental pa-
rameters are recorded in a structured CSV file, capturing the following
key columns:

timestamp: Precise timestamp for each data entry, ensuring accu-
rate temporal alignment.

image name: Filename of the captured UAV image at each posi-
tion, providing a visual reference.

tx, ty, tz: 3D positional coordinates in the simulated environment.
vel x,vel y,vel z:UAV velocity along the x, y, and z axes.
orientation_x, orientation y, orientation_z: Orienta-
tion values representing the UAV’s attitude.

angular_vel_x, angular vel_y, angular_ vel_z: Angular
velocity components indicating rotational dynamics.

linear_ acc_x, linear_ acc_y,linear acc_z:Linear acceler-
ation components describing UAV movement behavior.
latitude, longitude: GPS coordinates for precise trajectory
mapping.

lidar range: LiDAR sensor measurements.

AMSL: Altitude above mean sea level, valuable for altitude-based
analyses.

UAV trajectory and region overview images Trajectory images, captured
by the UAV’s camera at each recorded position, are stored in the
data_recordings folder and synchronized with telemetry data to
provide a detailed visual perspective of the UAV’s environment. These
images are essential for testing algorithms reliant on visual input, such
as SLAM and visual navigation. Additionally, a lower-resolution PNG
image offering a comprehensive view of the entire region is included
to aid in general visualization and planning, complementing the high-
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resolution trajectory images and providing valuable context. This struc-
tured dataset supports flexible and thorough analysis, facilitating the
testing of localization, navigation, and obstacle avoidance algorithms
under realistic conditions.

3.2.3. Sensor configuration and data collection details

The OS-RFODG framework is designed with attention to sensor re-
alism, spatial relationships, and data synchronization. Below, we detail
the simulated sensor setup, their integration within the UAV frame, and
the configuration strategies used to ensure reliable and reproducible
dataset generation.

- Simulated Sensor Configuration: The OS-RFODG framework em-
ploys accurately modeled virtual sensors within the Gazebo simulation
environment, eliminating the need for physical calibration while main-
taining realistic sensor characteristics:

Camera Sensors: Simulated RGB cameras are configured with re-
alistic intrinsic parameters including focal length (fx = fy =277.19),
principal point (cx = 160, cy = 120), and image resolution (320x240
pixels). Camera intrinsics are automatically published as ROS2
sensor msgs/CameralInfo messages, which can be used in fur-
ther image processing.

IMU Sensors: Virtual IMU units simulate 6-DOF motion with con-
figurable noise parameters: accelerometer noise (0.01 m/s?), gyro-
scope noise (0.001 rad/s), and bias drift characteristics matching
commercial-grade sensors (e.g., MPU-6050 specifications).

LiDAR Sensors: Simulated LiDAR units provide range measure-
ments with specified parameters: range limits (0.1 m to 120 m),
angular resolution (0.25°), scan frequency (10 Hz), and Gaussian
noise (o = 0.02 m) to replicate real-world sensor behavior.

GPS Sensors: Virtual GPS modules generate realistic position esti-
mates with configurable accuracy parameters: horizontal accuracy
(+2 m), vertical accuracy (+3 m), and update frequency (5 Hz)
matching typical UAV GPS units.

Barometer Sensors: Simulated barometric altimeters provide
pressure-based altitude estimates with noise characteristics (c = 0.1
m) and temperature-compensation effects.

- Spatial Sensor Relationships and TF Tree: All sensor positions
and orientations are precisely defined within the simulated UAV frame
and published through ROS 2’s Transform (TF) system:

 TF Tree Structure: The complete spatial relationship between sen-
sors is maintained in the ROS 2 TF tree with transformations from
the UAV base frame to each sensor frame (e.g., base link — cam-
era link, base link — imu_link).

Sensor Mounting Positions: A downward-looking camera was
mounted at UAV front (translation: [0.1, 0.0, -0.05]m, rotation:
[0, 1.5708, O]rad), IMU at center of mass (translation: [0.0, 0.0,
0.0]m), LiDAR beneath UAV (translation: [0.0, 0.0, -0.1Jm), GPS
antenna on top (translation: [0.0, 0.0, 0.1]m).

Coordinate Frame Consistency: All sensor measurements are ref-
erenced to a common coordinate system with consistent times-
tamp alignment, eliminating calibration uncertainties present in
real hardware systems.

- Data Synchronization Mechanisms: The framework implements
precise temporal alignment through ROS 2’s real-time infrastructure:

» Simulation Time Synchronization: All sensors operate under
Gazebo’s simulation clock, ensuring perfect temporal alignment
across all modalities with microsecond precision timestamps.

+ Message Filtering: The framework employs ROS 2’s message
filters library with ApproximateTime policy for synchroniz-
ing multi-modal sensor streams. Time tolerance is set to 10 ms to
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accommodate different sensor publication rates while maintaining
temporal coherence.

* Quality of Service (QoS) Configuration: Sensor topics use differ-
entiated QoS profiles: RELIABLE for GPS and LiDAR data requiring
guaranteed delivery, and BEST EFFORT for high-frequency IMU
streams (200 Hz) to minimize latency.

- Reproducibility and Configuration Management: To facilitate
experimental reproduction, the following standardized procedures and
configurations are provided:

« Environment Setup: Ubuntu 22.04 LTS with ROS 2 Humble,
Gazebo 11.10+, PX4 v1.14+, and QGroundControl v4.2+.

» Hardware Requirements: Minimum 16 GB RAM, 8-core CPU, and
GPU with 4 GB VRAM for real-time simulation.

» Sensor Configuration Files: All Gazebo sensor models, ROS 2
launch files, and parameter configurations are provided in stan-
dardized formats (YAML/XML) within the open-source repository.

+ TF Configuration: Complete TF tree definitions and sensor mount-
ing specifications are included as ROS 2 launch parameters.

+ Data Collection Protocol: Standardized flight mission templates,
trajectory generation scripts, and synchronization configurations
ensure consistent experimental conditions across different research
groups.

3.2.4. Sensor synchronization and terrain integration details

The OS-RFODG framework ensures accurate multi-sensor data align-
ment by leveraging ROS 2’s real-time communication and clock man-
agement infrastructure. All sensor nodes operate under a unified ROS 2
clock and publish data with precise timestamps using high-resolution
system timers. Sensor messages (e.g., IMU, GPS, LiDAR, camera) are syn-
chronized through ROS 2 callback queues with deterministic Quality-
of-Service (QoS) settings and optional use of message filters or custom
synchronizers. This approach guarantees microsecond-level alignment
across modalities, crucial for time-dependent fusion algorithms. Addi-
tionally, the terrain modeling process is modular and reproducible: high-
resolution GeoTIFF files (DEM, DSM, DTM) are processed in QGIS and
exported with accurate spatial referencing. These elevation maps are
converted into textured 3D meshes in Blender using the displacement
modifier and UV mapping techniques to preserve real-world topogra-
phy. The resulting terrain models are integrated into the Gazebo simu-
lation environment via Collada (.dae) files with embedded texture and
heightmap data. This end-to-end pipeline enables researchers to gener-
ate geographically grounded UAV datasets with consistent spatial and
temporal accuracy, supporting rigorous benchmarking of terrain-aware
localization systems.

Our sensor synchronization module uses ROS 2’s message fil-
ters library with the ApproximateTime policy, which balances tempo-
ral alignment across modalities sampled at different rates. Sensor nodes
are configured using the SensorData QoS profile with BestEffort re-
liability for high-frequency data (e.g., IMU) and Reliable settings for
positional sources (e.g., GPS, LiDAR). This configuration minimizes la-
tency while ensuring robustness during fusion tasks. To the best of our
knowledge, OS-RFODG is the first open-source UAV dataset framework
that integrates QGIS-derived elevation maps, ROS 2-native synchroniza-
tion, and Gazebo-based terrain simulation in a modular ROS 2 pipeline.

4. Implementation and results

This section evaluates the effectiveness of the OS-RFODG framework
in generating precise UAV localization datasets, utilizing metrics includ-
ing elevation error, trajectory alignment, and the accurate localization
of UAV-captured images across the entire map.
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Fig. 2. Satellite view of a part of the Makkah Region, Saudi Arabia.

Table 3
Geospatial attributes and metadata corresponding to the Taif re-
gion.
Attribute Value
File Name Makkah.tif
Width (pixels) 415
Height (pixels) 155
Coordinate Reference System EPSG:4326
Resolution (degrees/pixel) 0.000277778
Resolution (meters/pixel) ~28.81

Bounding Box (Min Longitude, Min Latitude)
Width (km)
Height (km)

(40.1671, 21.3076)
~11.41
~5.01

Surface Area (km?) ~57.93

4.1. Region selection

The Makkah Region in Saudi Arabia, as illustrated in Fig. 2, was
selected for generating datasets for UAV flights using our OS-RFODG
framework. This region’s diverse topographical features make it an ideal
setting for evaluating the performance of our open-source framework
(see Table 3). The corner point of this region is located at 21°16’50”"N
latitude and 40°13’06”E longitude, with an elevation of 847.25 m. This
area represents a typical mountainous and desert environment of Saudi
Arabia, combining a few urban elements, such as houses, hospitals, and
mosques, along with extensive rural landscapes and mountainous ter-
rains. As illustrated in Fig. 3, the generated datasets comprise both 2D
and 3D representations, including DEMs and DSMs, which support de-
tailed terrain analysis and capture the region’s complex topography. In
the selected region, we identify the following key features:

 Rural Landscapes: Open spaces crucial for testing long-range UAV
flights and ensuring sensor accuracy over large areas.

+ Mountainous Terrain: Diverse elevations and complex topograph-
ical features that enable thorough assessment of UAV performance.

4.2. UAV trajectory and dataset generation

The OS-RFODG framework employs advanced simulation tools, in-
cluding Gazebo and PX4, to capture comprehensive sensor measure-
ments during UAV flights. The following key sensors were integrated
into the UAV throughout these simulations:
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Fig. 3. 2D and 3D Representations of the Makkah Region: DEM and DSM.
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Fig. 4. A snapshot of the Gazebo simulator showing the simulated drone in a digital elevation and surface maps (left), with a stream of the drone’s onboard camera
sensor (right).

» LiDAR: Provides distance measurements essential for mapping ter- « Barometer: Measures atmospheric pressure to determine altitude
rain features and detecting obstacles. above sea level, providing accurate elevation data for UAV flight

+ GPS: Supplied positional data, including latitude and longitude. stability and height correction.

+ IMU: Recorded orientation, acceleration, and angular velocity for + Camera: Captures visual data in . png format with RGB color chan-
motion tracking. nels (see Fig. 4).
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Fig. 5. User-defined UAV trajectory in QGroundControl software.

Table 4

Data size, distance, and elevation measurements for various datasets.

Trajectory Data Size (data points)  Distance (km)  Min Real Elevation (m) =~ Max Real Elevation (m)
Trajectory 1 (Data 1) 18207 12.2386 759 1007
Trajectory 2 (Data 2) 3708 3.2330 776 1005
Trajectory 3 (Data 3) 21909 14.6971 750 979
Trajectory 4 (Data 4) 18004 11.5876 754 1039
Trajectory 5 (Data 5) 13861 9.3097 754 884
Trajectory 6 (Data 6) 10396 6.9381 750 894

The OS-RFODG framework was evaluated by generating six user-
defined distinct trajectories using waypoints in QGC, as illustrated in
Fig. 5, and comparing them to real-world data to assess accuracy. Data
collected from these flights included measurements from key sensors,
enabling comprehensive performance analysis.

The flexibility in selecting trajectories allows for exploration across
multiple scenarios, providing valuable insights into the capabilities of
the OS-RFODG framework.

Each flight’s data was saved as an individual dataset, labeled Data 1
through Data 6 (see Table 4), containing positional, sensor, and eleva-
tion information from the UAV’s onboard systems. The corresponding
flight distances range from approximately 3.23 km to 14.70 km, reflect-
ing diverse mission lengths and complexities. These datasets capture a
broad range of terrain types, flight patterns, and environmental con-
ditions, making them well-suited for extensive testing and evaluation.
This diverse collection enhances the framework’s versatility, providing
a robust foundation for benchmarking UAV localization methods across
varied topographies and operational scenarios.

Among the generated datasets, Trajectory 3 (Data 3) stands out with
the largest number of data points, totaling 21,909, while Trajectory 2
(Data 2) has the fewest, with only 3,708 data points. In terms of el-
evation metrics, Trajectory 4 (Data 4) reaches the highest maximum
elevation of 1,039 meters, whereas Trajectory 6 (Data 6) records the
lowest maximum elevation at 894 meters. The absolute elevation vari-
ations across the trajectories indicate significant differences. Trajectory
1 (Data 1) exhibits an elevation range of 248 meters, with values span-
ning from 759 to 1,007 meters. Trajectory 2 (Data 2) and Trajectory 3
(Data 3) both show a variation of 229 meters. In contrast, Trajectory
4 (Data 4) demonstrates the most substantial variation at 285 meters,
ranging from 754 to 1,039 meters.
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Trajectory 5 (Data 5) presents a more constrained range of 130 me-
ters, while Trajectory 6 (Data 6) reflects a variation of 144 meters. These
differences underscore the diverse topographical challenges associated
with each trajectory, which are critical for evaluating the efficacy of
UAV localization methodologies.

4.3. Performance metrics

In this study, the performance of the OS-RFODG framework is as-
sessed using three key metrics: trajectory alignment, elevation accuracy,
and visual consistency. Trajectory alignment is verified by comparing
the world-coordinate positions saved by the framework during simu-
lation with the predefined routes from QGroundControl, visualized in
QGIS. Elevation accuracy is evaluated using RMSE between simulated
and ground-truth elevation from GeoTIFF data. Visual consistency is val-
idated using SIFT-based image matching to ensure spatial coherence of
UAV-captured images for vision-based localization methods.

4.3.1. UAV trajectory alignment

UAV trajectory alignment is assessed by exporting the recorded
world-coordinate positions from the OS-RFODG framework as KML files
and visualizing them in QGIS. Fig. 6 displays the simulated trajectory in
QGIS (a) alongside the predefined mission path from QGroundControl
(b). These trajectories are plotted using the same geographic reference
system, ensuring a direct spatial comparison. The close correspondence
between the two trajectories confirms the framework’s capability to ac-
curately reproduce planned flight paths within a geospatial simulation
environment. This validation step ensures positional consistency and
supports the reliable evaluation of localization methods. Moreover, tra-
jectory visualization in QGIS enables analysis of terrain effects on UAV



I Jarraya, M. Abdelkader, K. Gabr et al.

Control (b).

—— Simulated
— Real

(a)

Elevation (m)

Elevation (m)

©izyg,

LOngituizi&z% L, R1:2725

1000

. Results in Engineering 27 (2025) 1 (Z66_13

(b)

Fig. 6. Comparison of UAV trajectory recorded by the OS-RFODG framework and visualized in QGIS (a) with the corresponding predefined trajectory from QGround-
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Fig. 7. Trajectory 1: (a) 3D representation of real and framework trajectories in coordinate space, and (b) comparison of elevation profiles between real data and

framework predictions.

motion and aids in developing terrain-aware navigation algorithms. This
alignment further highlights the practical utility of OS-RFODG in gen-
erating datasets that are both spatially coherent and suitable for evalu-
ating GNSS-denied navigation solutions.

4.3.2. Elevation metric error

The OS-RFODG framework demonstrates robust terrain-aware mod-
eling capabilities, with accurate elevation profile reproduction verified
across six real-world UAV trajectories (Figs. 7-12). Each figure presents
a two-panel view: (a) a 3D overlay of the simulated (red) and real (blue)
flight paths in geographic space, and (b) the corresponding elevation
profile, plotting elevation against cumulative distance. The close corre-
spondence between the simulated and actual elevation data, in both
spatial trajectory and elevation trends, demonstrates the OS-RFODG
framework’s capability to accurately reconstruct the key topographical
features of the Makkah Region. This strong agreement validates OS-
RFODG as a dependable tool for generating high-fidelity UAV simulation
datasets in complex environments.

As illustrated in Fig. 13, the Root Mean Square Error (RMSE) values
across the six UAV trajectories range from 13.59 to 19.5 meters. These
results reflect varying levels of accuracy achieved by the OS-RFODG
framework in reproducing the real elevation profiles. The average RMSE
across all trajectories is approximately 17.86 meters, indicating a rea-
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sonable correspondence between the simulated and real-world elevation
data.

Trajectory 4 shows the lowest RMSE value (13.59 meters), suggest-
ing limited terrain variability along this path, which facilitates higher
simulation accuracy. On the other hand, Trajectory 3 presents the high-
est RMSE (19.5 meters), likely due to more abrupt elevation changes
that introduce complexity in modeling and increase the potential for
deviation.

The relatively high RMSE values reported for Trajectories 1, 2, and 5
(ranging from 17.24 to 19.15 meters) underscore the sensitivity of ele-
vation reconstruction to terrain complexity, including gradients, ridges,
and sudden altitude shifts. The variation in RMSE across trajectories
highlights the influence of terrain complexity on the performance of
simulation-based elevation estimation. Despite these challenges, the OS-
RFODG framework consistently maintains a high degree of agreement
with the actual elevation data. This reinforces its reliability as a tool for
generating georeferenced datasets suitable for developing and evaluat-
ing UAV localization algorithms in GNSS-denied environments.

To further quantify the precision of the simulated elevation data,
we evaluated the Mean Absolute Error (MAE) and Mean Absolute Per-
centage Error (MAPE) across all six trajectories. As reported in Table 5,
Trajectories 4 and 6 yielded the lowest MAE values (11.39 meters and
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Fig. 8. Trajectory 2: (a) 3D representation of real and framework trajectories in coordinate space, and (b) comparison of elevation profiles between real data and

framework predictions.
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Fig. 9. Trajectory 3: (a) 3D representation of real and framework trajectories in coordinate space, and (b) comparison of elevation profiles between real data and

framework predictions.
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Fig. 11. Trajectory 5: (a) 3D representation of real and framework trajectories in coordinate space, and (b) comparison of elevation profiles between real data and
framework predictions.
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10.70 meters respectively), indicating consistently small deviations from 20.0 7
ground-truth elevation values. 17.5 -
Additionally, MAPE values for these trajectories are below 1.4 per-
cent, highlighting excellent relative accuracy despite absolute elevation 15.0
shifts. Conversely, the highest MAE value of 16.06 meters was observed v
for Trajectory 1, aligned with its higher RMSE. % 12.5 1
Nonetheless, all MAPE values remain under 2 percent, underscoring E 1004
the framework’s robustness across diverse terrain conditions. w
The variation in RMSE, MAE, and MAPE across trajectories high- E 7.5
lights the influence of terrain complexity on the performance of
simulation-based elevation estimation. Despite these challenges, the OS- 5.0 1
RFODG framework consistently maintains a high degree of agreement 251
with the actual elevation data. This reinforces its reliability as a tool for
generating georeferenced datasets suitable for developing and evaluat- 0.0 -

Data 1 Data 2 Data 3 Data 4 Data5 Data6
Datasets

ing UAV localization algorithms in GNSS-denied environments.

The variation in RMSE, MAE, and MAPE across trajectories high-
lights the influence of terrain complexity on the performance of Fig. 13. RMSE comparison of elevation error.
simulation-based elevation estimation. Despite these challenges, the OS-

RFODG framework consistently maintains a high degree of agreement

with the actual elevation data. ror margins across multiple trajectories, as indicated by RMSE, MAE,

This consistent alignment with ground-truth elevation measure- and MAPE metrics, demonstrate the framework’s capacity to maintain
ments underscores the robustness of the OS-RFODG framework and topographic fidelity even in complex terrain. These accurate elevation
affirms its reliability in generating georeferenced datasets. The low er- reconstructions enable more realistic simulation environments, which
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Table 5
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Summary of flight statistics for all trajectories, including distance, elevation range,

RMSE, MAE, and MAPE.

Trajectory Distance (km) Elevation Range (m) RMSE (m) MAE (m) MAPE
Trajectory 1 12.24 248 (759—1 007) 19.15 16.06  0.0190
Trajectory 2 3.23 229 (776—1 005) 17.24 15.99  0.0186
Trajectory 3 14.70 229 (750-979) 19.50 15.42  0.0188
Trajectory 4 11.59 285 (754—1 039) 13.59 11.39  0.0137
Trajectory 5 9.31 130 (754—884) 18.70 14.04  0.0175
Trajectory 6 6.94 144 (750—894) 15.96 10.70  0.0135

Fig. 14. SIFT-based visual feature correspondences between a UAV-captured image (left) and a georeferenced satellite map of the Taif region (right), centered at

coordinates 21.2863825° latitude and 40.2243424° longitude.

are critical for benchmarking and improving UAV navigation and lo-
calization techniques. Consequently, the OS-RFODG-generated datasets
provide a sound foundation for advancing state-of-the-art solutions
in GNSS-denied scenarios, facilitating both algorithmic validation and
comparative performance assessment under realistic operational con-
straints.

4.3.3. Validation of UAV image capture accuracy

This section validates whether UAV-captured images generated by
our framework correspond to the correct zones on the map. The Scale-
Invariant Feature Transform (SIFT) algorithm is used to match keypoints
in UAV images with those in map images, confirming their spatial align-
ment.

The results, visualized in Figs. 14 and 15, demonstrate that UAV
images align accurately with the intended map regions, verifying the
framework’s precision in capturing the correct areas.

Table 6 presents the precision of the matching process along with
root mean square error (RMSE) values in meters for the X (longitude)
and Y (latitude) directions. The precision values range between 0.7032
and 0.8964, indicating a high level of keypoint matching accuracy across
all locations. RMSE values for X and Y displacements in meters show low
error margins, with the maximum RMSE X observed at 1.34 m and RMSE
Y at 0.95m. These results confirm that the framework provides accurate
localization of UAV-captured images within the mapped environment.

Analyzing the results, the highest precision (0.8964) is observed
for locations 21.2872659°,40.2207371° and 21.2785681°,40.2128509°,
with relatively low RMSE values, reflecting minimal spatial misalign-
ment.

Conversely, the lowest precision (0.7032) is recorded at 21.2863825°,
40.2243424°, which also corresponds to the highest RMSE values (1.34 m
in X and 0.95m in Y). This suggests that this location posed more sig-
nificant challenges due to potential variations in elevation or image
features.
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Table 6
Precision and RMSE metrics for UAV and map image alignment using
SIFT.

Location (Latitude, Longitude) Precision RMSE X (m) RMSE Y (m)
21.2863825°, 40.2243424° 0.7032 1.34 0.95
21.2880168°, 40.2205900° 0.8689 1.10 0.83
21.2872659°, 40.2207371° 0.8964 1.07 0.77
21.2785681°, 40.2128509° 0.8964 1.22 0.88

Overall, the combined metrics demonstrate that the framework
achieves reliable UAV image alignment across diverse geographic loca-
tions, with performance variations largely attributable to environmental
factors such as elevation changes and feature density.

The OS-RFODG framework provides the following contributions:

+ Complete and extensible toolchain for terrain-aware UAV sim-
ulation: OS-RFODG integrates a comprehensive set of open-source
tools, including QGIS, Blender, ROS 2, Gazebo, PX4, and QGround-
Control, into a unified workflow. This combination enables users to
create UAV simulation environments that reflect real-world terrain
by importing high-resolution elevation data and satellite imagery.
Such a configuration is not commonly available in existing public
frameworks for UAV dataset generation.

Support for terrain-aided localization through integrated al-
titude sensing and digital elevation maps: Unlike many exist-
ing UAV datasets that either omit terrain data or lack altitude-
measuring sensors, OS-RFODG provides synchronized access to
both. The dataset includes high-resolution elevation layers (DEM,
DSM, and DTM) as well as measurements from sensors such as
barometers and LiDAR, which estimate altitude. This dual availabil-
ity enables researchers to apply terrain-matching techniques that
compare onboard altitude readings to known terrain profiles. The
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Fig. 15. SIFT-based feature correspondences between the UAV-captured image (left) and the georeferenced satellite map (right) of the Taif region, centered at

coordinates 21.2880168° latitude and 40.22059° longitude.

inclusion of both sources is essential for evaluating terrain-aided
navigation algorithms, especially under GNSS-denied conditions.
Multi-sensor, time-synchronized data generation: The frame-
work allows the collection of structured data from multiple sensors,
including RGB cameras, LiDAR, IMU, barometers, and GNSS re-
ceivers. All data streams are precisely synchronized using ROS 2
middleware. This capability is essential for evaluating sensor fusion
algorithms that require consistent timestamp alignment between
modalities.

Customizable mission planning based on terrain context:
Through the integration with PX4 and QGroundControl, the frame-
work supports the creation of customized flight missions that adapt
to elevation data. This allows for simulating realistic UAV opera-
tions over topographically diverse areas and enables the testing of
terrain-aware navigation strategies.

Structured and reproducible data output for benchmarking:
The framework produces standardized outputs in CSV and im-
age formats that include sensor readings, geospatial references,
and ground-truth elevation. These outputs are designed to support
benchmarking of visual-based, sensor fusion, and learning-based lo-
calization methods under degraded or denied GNSS conditions.

4.3.4. Comparison with existing real-flight UAV datasets

Direct comparisons between UAV datasets can be challenging due to
differing objectives, sensor setups, geographic coverage, and evaluation
metrics. Nevertheless, it remains valuable to examine key aspects across
representative works to contextualize dataset design choices and contri-
butions. Table 7 presents a structured comparison of five prominent real-
flight UAV datasets: UAVDA4L [47], VDUAV [48], University-1652 [55],
INSANE [11], and UAV-VisLoc [17] highlighting differences in sensor
modalities, elevation data availability, synchronization approaches, and
localization accuracy. This comparison provides a basis for understand-
ing the evolving landscape of UAV dataset development and for situating
the contributions of the OS-RFODG framework.

Unlike most existing real-flight UAV datasets, OS-RFODG integrates
a comprehensive set of visual and non-visual sensors, including RGB
cameras, LiDAR, IMU, GNSS, and barometric sensors, alongside detailed
geospatial elevation layers such as DEM, DSM, and DTM. This mul-
timodal configuration enables accurate 3D localization, achieving an
RMSE of 1.19 m in longitude and 0.86 m in latitude. These results demon-
strate the dataset’s suitability for evaluating localization algorithms in
GNSS-degraded or terrain-constrained environments.

In contrast, many benchmark datasets such as UAV-VisLoc, VDUAV,
and University-1652 focus exclusively on visual matching tasks using
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RGB imagery and do not include elevation maps or inertial measure-
ments. This limits their applicability in terrain-aware or GNSS-denied
environments. The UAVDAL dataset includes a DSM and textured 3D
model, but it primarily addresses synthetic-to-real image alignment with
less emphasis on sensor diversity. The INSANE dataset provides high-
precision ground truth based on advanced instrumentation but lacks
terrain elevation data, which restricts its use in terrain-aided naviga-
tion applications.

Overall, OS-RFODG provides a structured and well-documented
dataset that includes synchronized visual and non-visual sensor data
along with georeferenced elevation layers. These features support the
development and evaluation of advanced sensor fusion techniques, ma-
chine learning models, and terrain-aided localization strategies. The
dataset is particularly useful for UAV navigation in complex environ-
ments where GNSS signals are limited or unavailable, enabling re-
searchers to design and benchmark robust localization pipelines under
realistic operating conditions.

In summary, this comparative analysis underscores the advantages
of OS-RFODG in relation to existing real-flight UAV datasets. Whereas
most benchmark datasets concentrate solely on visual matching tasks
and often omit elevation or inertial measurements, OS-RFODG offers
a multimodal, time-synchronized dataset enriched with high-resolution
DEM, DSM, and DTM layers. As summarized in Table 7, the integra-
tion of both visual and non-visual sensors, alongside detailed terrain
context, enables accurate localization performance with RMSE values
approaching one meter. These characteristics establish OS-RFODG as a
comprehensive resource for the development and evaluation of terrain-
aware localization techniques, particularly in environments where GNSS
signals are unreliable or unavailable. This addresses notable gaps in
prior datasets and enhances the applicability of the framework for ad-
vanced UAV navigation research.

4.4. Limitations and challenges

The open-source OS-RFODG framework accurately replicates real-
world conditions, providing essential data for developing, training, and
testing localization algorithms in complex outdoor environments. De-
spite its versatility for UAV dataset generation and simulation, the
framework has certain limitations.

One notable constraint is the fixed resolution of DEM used within the
framework; currently, a 28-meter GeoTIFF resolution is standard, which
may limit terrain detail in high-precision applications. The framework
also lacks support for dynamic environmental factors, such as variable
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Table 7
Comparison of OS-RFODG with recent real-flight UAV datasets.

Results in Engineering 27 (2025) 106613

Elevation layer Primary metric (as published)

Dataset Visual sensors Additional sensors
UAVDAL [47] RGB, Depth IMU, RTK-GPS
VDUAV [48] RGB (drone, satellite) None
University-1652 [55] RGB (drone, satellite) None

INSANE [11] Stereo, Mono RGB Triple IMU, Dual RTK-GNSS,

UWB, LiDAR, Barometer

UAV-VisLoc [17] RGB None

OS-RFODG (ours) RGB LiDAR, IMU, GPS, Barometer

DSM, Textured 3D 96.68% of images localized within 5m and 5°

Model orientation error

None MA@5: 45.13%, MA@10: 64.72%, MA@20: 83.35%;
RDS: 74.13%

None Recall@1: 65.34% (Drone—Satellite); mAP: 49.78%

None Ground-truth accuracy < 0.01 m (position), < 0.1°
(orientation), 1o level

None Satellite resolution: 0.3 m/pixel; image resolution:

0.1-0.2 m/pixel

DEM, DSM, DTM RMSE(longitude, latitude): 1.19m, 0.86 m;

weather, wind, and moving obstacles, which impact the realism of adap-
tive scenarios. Additionally, while OS-RFODG efficiently synchronizes
multi-sensor data, it does not yet support advanced sensor fusion capa-
bilities to fully integrate diverse inputs (e.g., LIDAR, IMU, GPS), which
could enhance situational awareness and data reliability.

The reliance on 3D terrain modeling and multi-sensor integration
imposes substantial computational demands, potentially limiting scala-
bility for users with constrained processing resources. These limitations
highlight key areas for future enhancements, positioning OS-RFODG to
evolve into an even more comprehensive tool for UAV research, suited
to increasingly complex and dynamic simulation environments.

Future work will extend OS-RFODG along several dimensions.
Planned improvements include the incorporation of additional sensor
modalities such as radar and thermal cameras, the simulation of dy-
namic environments with moving obstacles and variable weather, and
the integration of real-time Al decision-making loops. Furthermore, the
framework will be expanded to support benchmarking pipelines for
evaluating localization and SLAM algorithms under diverse terrain and
visibility conditions. These enhancements are expected to significantly
improve the robustness and applicability of UAV localization and navi-
gation research. By enabling comprehensive testing in highly dynamic
and GNSS-denied environments, OS-RFODG will better support the de-
velopment of advanced sensor-fusion and terrain-aware algorithms for
critical UAV missions such as search and rescue, surveillance, and en-
vironmental monitoring. All components will remain open-source to
enhance collaborative development and encourage adoption by the
wider robotics and geospatial research communities.

5. Conclusion

This paper introduced OS-RFODG, an open-source framework de-
veloped on the Robot Operating System 2, designed to support the
generation of high-fidelity, multi-sensor datasets for outdoor unmanned
aerial vehicle localization. The framework integrates terrain modeling
using QGIS and Blender, flight simulation via PX4 and Gazebo, and
microsecond-level synchronized sensor data streaming through ROS 2. It
supports both visual and non-visual sensing modalities, including RGB
camera, LiDAR, inertial measurement unit, and barometric altimeter.
Experimental validation demonstrates that simulated elevation profiles
achieve a RMSE below 19 meters when compared to real terrain models.
Moreover, the localization accuracy in horizontal coordinates achieved
an average RMSE of approximately 1.19 meters in longitude and 0.86
meters in latitude. The framework also enables terrain-aware mission
planning through QGroundControl, allowing the generation of flight
paths adapted to varied topographies. Each dataset includes structured
outputs in CSV and image formats, providing time-synchronized and
georeferenced measurements such as position, velocity, acceleration,
orientation, barometric altitude, LiDAR range, and camera imagery. One
of the key contributions of OS-RFODG is its capacity to support terrain-
aided localization methods. By integrating both digital maps (DEM,
DSM, and DTM) and sensor-based altitude measurements from barom-
eters and LiDAR, it enables the evaluation of algorithms that match
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terrain profiles to onboard data. This capability is especially valuable
for advancing localization techniques in outdoor scenarios where GNSS
signals are degraded or entirely unavailable. Future work will extend
OS-RFODG along several dimensions. Planned improvements include
the incorporation of additional sensor modalities such as radar and
thermal cameras, the simulation of dynamic environments with mov-
ing obstacles and variable weather, and the integration of real-time Al
decision-making loops. Furthermore, the framework will be expanded to
support benchmarking pipelines for evaluating localization and SLAM
algorithms under diverse terrain and visibility conditions. These en-
hancements are expected to significantly improve the robustness and
applicability of UAV localization and navigation research. By enabling
comprehensive testing in highly dynamic and GNSS-denied environ-
ments, OS-RFODG will better support the development of advanced
sensor-fusion and terrain-aware algorithms for critical UAV missions
such as search and rescue, surveillance, and environmental monitor-
ing. All components will remain open-source to enhance collaborative
development and encourage adoption by the wider robotics and geospa-
tial research communities.
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