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ABSTRACT: The development and testing of autonomous agricultural robots requires realistic simulation envi-
ronments that accurately represent field conditions and terrain features. Traditional manual scenario creation is
time-consuming, expensive and limits the diversity of testing conditions. This paper presents an integrated two-
stage system for semi-automated generation of realistic 3D simulation scenarios. The first stage transforms publicly
available geospatial data into high-fidelity 3D terrain models, supporting 23 discrete levels of detail (LoD), from 0
to 22, and generating simulation-ready models compatible with the Gazebo robotics simulator. The second stage
provides a web-based tool that enables users to populate generated terrains with crop elements, configuring crop
distributions, row patterns, and field geometries through a map interface. Detailed performance evaluation across
multiple LoD levels identifies the optimal balance between visual fidelity and computational efficiency, with levels 19-
20 providing sufficient geometric detail for accurate sensor simulation while maintaining real-time performance on
standard hardware. The complete system integrates with the Robot Operating System (ROS) 2 and Gazebo, significantly
reducing scenario creation time by eliminating the need for manual modelling of terrain and agricultural elements.
Validation experiments were conducted using a Summit-XL robotic platform equipped with an additional RealSense
depth camera. The results demonstrate the system’s capability for developing and testing autonomous navigation
algorithms in the generated scenarios.

KEYWORDS: Robotic simulation; scenario generation; geospatial data; agricultural robotics; level of detail;
autonomous navigation; terrain modelling

1 Introduction

Autonomous agricultural robots require testing in diverse field conditions before deployment [1-3].
Field trials face limitations including seasonal constraints, equipment costs, safety concerns, and the difficulty
of testing failure scenarios. Simulation environments address these limitations by enabling controlled,
repeatable testing without the constraints of physical experiments [4]. However, creating realistic simulation
environments that accurately represent real-world terrain topology and geometric features remains a
significant challenge.

Simulation scenario creation traditionally involves manual 3D modelling using software such as Blender
or Maya. This approach requires multiple days of work per scenario and specialised people, making it
impractical for generating diverse test environments needed for algorithm testing. This process includes
terrain modelling, texture mapping, material property assignment, and coordinate system configuration.
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Thus, each scenario may require dozens of hours of skilled labor, limiting the number of test environments
that can be feasibly created. Procedural generation methods can automate scenario creation but typically
produce generic environments that lack correspondence to real geographic locations. This limitation
becomes significant when testing Global Positioning System (GPS)-based navigation systems or validating
simulation results against field-collected data from specific sites.

On the other hand, geospatial data from satellite imagery and elevation measurements [5] offers an
alternative approach for creating realistic simulation environments. This data, available worldwide from
government and commercial sources through services such as Azure Maps Application Programming
Interface (API)', provides detailed information about real terrain surfaces, field boundaries, and geographic
features. The data is typically organised in hierarchical levels of detail (LoD), with LoD 0 representing global-
scale coverage and higher levels providing increasing spatial resolution. Transforming this data into robotics
simulation environments requires processing pipelines that convert raw formats like GL Transmission
Format (gITF)” into simulation-compatible formats such as COLLAborative Design Activity (COLLADA)
for platforms like Gazebo [6] and Robot Operating System (ROS) 2 [7]. The processing must maintain
coordinate accuracy for GPS sensor simulation, handle large geometric datasets efficiently through tools
like Blender for mesh optimisation, and generate terrain models at appropriate levels of geometric detail to
balance visual fidelity with computational performance.

For agricultural robotics specifically [8,9], precision agriculture increasingly depends on accurate
geospatial representations of real field conditions. While geospatial data provides realistic terrain models, the
representation of vegetation from these sources lacks the detail necessary for testing perception systems and
navigation algorithms. Satellite imagery and elevation data capture terrain topology but do not include indi-
vidual crop models with the appropriate geometric complexity required for sensor simulation. Agricultural
fields present irregular surfaces from cultivation practices and natural topography. Crops exhibit variability
in height, orientation, and spacing. Vegetation creates visual patterns that affect perception systems when
distinguishing between crop rows, weeds, and soil. This limitation becomes critical when developing
algorithms for crop row detection, furrow following, or obstacle avoidance in agricultural fields [10,11].
Existing agricultural simulation systems either use simplified geometric representations or require manual
placement of individual crop models, neither of which scales to large field scenarios with thousands of
plants. Recent advances in agricultural digital twins [12,13] have further increased the demand for simulation
environments that are not only visually realistic but also geographically exact, enabling algorithm validation
that transfers reliably to specific real-world deployments.

This paper addresses these limitations by presenting an integrated semi-automated framework that
combines GPS-accurate geospatial terrain reconstruction with parametric crop-field population into a single
coherent pipeline compatible with ROS 2 and Gazebo. The three main system-integration contributions are
a terrain processing pipeline that preserves GPS coordinate fidelity across 23 configurable LoD levels, with
systematic performance characterisation to guide practical configuration choices, a web-based configuration
tool that replaces manual 3D crop modelling with a brief structured parametric setup step, and end-to-
end deployment validated on a real agricultural robotic platform, demonstrating practical applicability for
autonomous navigation research. The novelty of the proposed system resides in its capability to fuse accurate
topographic environments with crop-level geometric complexity. Unlike other frameworks that only model
terrain without field details or focus solely on procedural agricultural fields over flat surfaces, this work
bridges both domains into an integrated pipeline.
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The proposed two-stage workflow begins with semi-automated terrain generation from geospatial
sources, followed by interactive agricultural population through map-based controls. Although the initial
data extraction and all terrain transformation steps execute without manual intervention, the agricultural
population stage provides a guided parametric interface through which users define planting polygons and
configure crop layout parameters. Once specified, the scenario is compiled and deployed fully automatically.
This design deliberately replaces hours of manual 3D modelling with a brief, structured configuration step.
This design enables users to configure crop distributions with variable row spacing, plant density, field
geometries, and growth stages, while preserving the GPS-accurate coordinates established during terrain
generation. The resulting complete scenarios combine realistic topography from satellite data with user-
defined crop layouts, providing comprehensive testing environments for mobile robot navigation algorithms
in agricultural settings.

The remainder of this paper is organised as follows. Section 2 reviews related work in scenario
generation approaches, geospatial data utilisation, and agricultural robotics simulation. Section 3 describes
the system architecture, detailing the terrain generation pipeline, agricultural scenario tool, and simulation
deployment framework. Section 4 presents the experimental validation methodology, including hardware
and software configuration, test scenarios, evaluation metrics, and experimental procedures. Section 5
presents experimental results, including level of detail analysis, visual quality comparison, resource con-
sumption measurements for both terrain generation and agricultural scenarios, and validation of crop
distribution and height interpolation capabilities. Section 6 interprets the results, analyzing performance
trade-offs and providing optimal configuration recommendations. Finally, Section 7 summarises the key
contributions and discusses future research directions.

2 Related Work

In recent years, robotic simulation technologies have become a significant research topic in both aca-
demic and industrial fields, particularly for agricultural automation. Realistic simulation environments, such
as those provided by Gazebo [6], CARLA [14], and AirSim [15], are essential for developing and validating
autonomous vehicles capable of operating safely in complex outdoor environments. These systems offer
significant advantages in terms of cost reduction, accelerated development cycles, and comprehensive testing
capabilities before field deployment. The literature emphasizes that high-fidelity simulation can significantly
improve algorithm robustness by enabling extensive testing across diverse environmental conditions that
would be impractical or impossible to replicate in physical trials. Therefore, many research institutions and
technology companies are increasing their investments in simulation-based development methodologies,
including digital twin concepts for agricultural systems [12,13,16,17], and conducting multidisciplinary
studies in geospatial data integration, procedural generation, and agricultural scenario modelling.

To achieve realistic simulation environments, researchers integrate data from multiple sources, includ-
ing satellite imagery, elevation models, vegetation databases, and cadastral maps. These data are processed
through specialised pipelines involving format conversion, mesh optimisation, texture mapping, and coordi-
nate transformation to generate simulation-ready 3D environments [4]. This process requires the integration
of many technological components, such as geospatial data processing, procedural modelling, level-of-detail
management, and physics-based rendering.
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2.1 Terrain Generation and 3D Reconstruction Techniques

When reviewing studies based on geospatial data processing for robotic simulation, applications
involving terrain reconstruction from elevation models, satellite imagery integration, and automated mesh
generation stand out. Abbyasov et al. [18] proposed an automatic tool for Gazebo world construction that
converts grayscale heightmap images into 3D COLLADA models. The LIRS-RSEGen system processes 2D
elevation data through a multi-stage pipeline, generating textured terrain meshes directly compatible with
physics simulators. Validation in outdoor environments demonstrated successful integration with ROS-
based robotic platforms, though limitations in texture quality and geometric detail were noted for highly
irregular terrain features.

Scholz [19] developed a proof-of-concept implementation for procedural terrain generation using
model synthesis techniques. The approach employs example-based terrain generation to create large-scale
landscapes from small input patches, incorporating Physically Based Rendering (PBR) for realistic material
appearance. While demonstrating computational efficiency, the method struggles with preserving specific
geographic features and maintaining coordinate accuracy required for GPS-based navigation testing. The
study acknowledged that purely procedural approaches introduce a reality gap when simulating actual field
locations, as stochastic generation cannot guarantee reproduction of real terrain characteristics.

These terrain reconstruction techniques provide the foundation for agricultural simulation. How-
ever, for agricultural applications specifically, terrain generation must account for field-scale topographic
variations that affect robot traversability and sensor performance. Recent work on outdoor environment
simulation has emphasised the importance of high-resolution elevation data [5] and accurate material
properties for the realistic simulation of vision sensors, Light Detection and Ranging (LiDAR), and
radar systems operating in natural settings. The integration of geospatial data with agricultural-specific
elements thus requires specialised approaches that combine accurate terrain representation with crop-level
modelling capabilities.

2.2 Procedural Generation and Domain Randomisation

In the study of automated scenario generation through procedural methodologies and deep learning—
based approaches, tasks including environment synthesis, texture generation, and scene composition
constitute the most prominent application domains. Tobin et al. [20] introduced domain randomisation as
a technique for training deep neural networks that can transfer from simulation to real-world applications.
By randomising visual appearance, lighting conditions, and object textures during the training process of
perception models, the method enables trained neural networks to treat the real world as just another
variation of the simulated environment. Experiments on object detection and robotic grasping demonstrated
successful sim-to-real transfer, with models trained exclusively in randomised simulation achieving com-
parable performance to those trained on real data. Complementary approaches have extended sim-to-real
transfer through dynamics randomisation for robotic locomotion [21] and learned visual representations for
autonomous aerial navigation [22]. In the agricultural domain specifically, recent work has demonstrated
that high-quality synthetic datasets generated in simulation can effectively train deep perception models
for row-based crop navigation, significantly reducing the dependency on costly real-world data collection
campaigns [23].

Advanced procedural generation techniques such as rule-based city generation [24], vegetation place-
ment algorithms [25,26], and terrain synthesis [27] have been widely used to create diverse testing
environments. However, these approaches face significant limitations when applied to agricultural robotics.
Agricultural fields exhibit structured yet irregular patterns, crop rows with variable spacing and gaps, and
terrain features resulting from cultivation practices that are difficult to capture through purely stochastic
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generation. The deterministic nature of many agricultural layouts conflicts with randomisation-based
approaches, requiring hybrid methods that combine procedural flexibility with geographic grounding.

2.3 Geospatial Data Integration and Map-Based Simulation

Several research efforts have explored integrating real-world geographic data into simulation environ-
ments to improve location-specific realism. OpenStreetMap (OSM)” has been utilised for robot navigation
research, providing vector representations of roads, buildings, and land use. However, studies examining
OSM accuracy have reported mean positional errors ranging from 5 to 15 m when compared to authoritative
cadastral datasets, with significantly larger deviations in rural and agricultural areas where map coverage
is sparse and update frequency is low [28]. These accuracy limitations constrain the utility of OSM for
high-precision simulation requiring accurate GPS coordinate alignment.

Digital Elevation Models (DEMs) from sources such as the Shuttle Radar Topography Mission
(SRTM) [5], the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and regional
LiDAR surveys provide elevation data at various resolutions, typically ranging from 30 m to sub-meter
precision. Processing DEM data into simulation-compatible formats requires coordinate system transfor-
mations [29], mesh generation from elevation grids, and texture mapping from aerial or satellite imagery.
The Azure Maps API provides programmatic access to global satellite imagery and elevation data, enabling
automated retrieval of terrain information for arbitrary geographic locations.

2.4 Agricultural Robotics Simulation Frameworks

Table 1 provides a comparative overview of the most relevant works in geospatially grounded agricul-
tural robotics simulation, whose individual contributions and limitations are discussed below.

Simulation in agricultural robotics introduces domain-specific challenges, including crop-row detec-
tion, furrow following [30], variable terrain traversability, and perception in cluttered vegetation. The
AgROS framework [31] enables geospatially accurate agricultural simulation by allowing users to select
real field boundaries from map interfaces and automatically import corresponding terrain into ROS-based
environments [32]. The system integrates elevation data, satellite imagery, and field boundary vectors to
create site-specific simulation scenarios. While representing a significant advance in agricultural simulation
accessibility, AgROS focuses primarily on terrain generation and lacks integrated tools for populating fields
with crop models at appropriate spatial scales and geometric detail. Recent work on deep-learning-based crop
row detection has reinforced the importance of realistic simulated environments for training and evaluating
infield navigation algorithms [33].

Table 1: Summary of the most relevant works in agricultural robotics simulation and geospatial scenario generation.

Reference Approach Target Domain Key Method Limitations
Purely stochastic,
, , Domain Object detection,  Texture/geometry Hrely stochastic
Tobin et al. [20] . , . lacks geographic
randomisation grasping randomisation .
grounding
Procedural . , Example-based Can'not reproduc'e
Scholz [19] . Generic terrain . specific geographic
generation synthesis, PBR .
locations
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Table 1 (continued)

Reference Approach Target Domain Key Method Limitations

5-15 m positional

OSM-based Vector map L Road network
Urban navigation . errors, poor rural
systems [28] data extraction
coverage
Heightmap to Limited texture
Abbyasov Image-based General outdoor 5 P .
, , COLLADA quality, manual
et al. [18] reconstruction robotics . . .
conversion heightmap creation
No crop modelling,
Geospatial Map interface,
Tsolakis et al. [31] . p . Agricultural fields P_ . limited to terrain
integration terrain import
only
Optimised for
o Automated Forested DEM to Gazebo, p
Forest3D [34] . . forests, not
pipeline environments procedural crops
structured crops
Flat terrain only, no
Virtual Maize Procedural Parametric row Y
_ o , Crop fields _ real-world
Field [35] generation generation .
coordinates
S . Requires manual
Probabilistic General Scenic language, _
Afzal et al. [36] ) . . . ; scenario
programming simulation spatial constraints . .
specification

Forest3D [34] addresses vegetation modelling by providing an automated pipeline from DEM data
to populated outdoor environments. The framework processes elevation data through format conversion,
generates base terrain meshes, and procedurally places tree and crop models based on land cover classifica-
tion. Integration with Gazebo enables physics-based simulation of robots navigating forested environments,
though the system is optimised for natural forests rather than structured agricultural crops.

For crop-specific scenarios, the virtual maize_field package [35] offers specialised tools for
generating maize fields with configurable parameters including row spacing, plant density, growth stage, and
weed distribution. The ROS-native implementation enables direct integration with robot navigation stacks
and supports randomised field generation for algorithm training. However, terrain is represented as flat
ground planes, limiting applicability to fields with topographic variation. Complementary frameworks such
as GzScenic [36] employ probabilistic programming to define spatial relationships and constraints, enabling
automatic generation of diverse scenes while maintaining physical plausibility. These tools demonstrate the
value of domain-specific modelling but lack integration with real-world geospatial data sources.

Furthermore, the proliferation of digital twin paradigms in global agriculture has demonstrated
the value of replicating precise farm environments to track, simulate, and predict agronomic pro-
cesses [12,13,16,17]. However, developing these comprehensive Digital Twins traditionally depends on
extensive manual 3D modelling. Recent advances have investigated Large Language Model (LLM)-driven
mechanisms to automatically parse textual descriptions into coherent 3D agricultural layouts [37]. Similarly,
exploring intricate physical plant-robot interactions within standard simulators has driven the creation
of specialised physics plugins utilising Cosserat rod models to evaluate non-rigid deformations during
harvesting [38]. Despite these powerful isolated innovations in procedural logic and physical manipulation,
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constructing an automated continuous pipeline that bridges real-world geospatial topology with explicit
agricultural element deployments remains an unresolved challenge.

The comparative analysis in Table 1 highlights that existing approaches fall into three categories:
systems like AgROS and Forest3D that provide geospatially accurate terrain generation without agricul-
tural detail, tools such as virtual maize field that offer detailed crop modelling on simplified
flat terrain, and generic procedural or randomisation-based methods (domain randomisation, GzScenic)
lacking both geographic accuracy and agricultural specificity. No current system simultaneously provides
geospatially accurate terrain reconstruction, flexible agricultural element modelling, and deployment-ready
ROS 2/Gazebo integration. This gap constrains the development of robust agricultural robotics algorithms,
as testing environments either lack realistic topography or fail to represent crop-level geometric complexity.
To address this challenge, we propose an integrated semi-automated two-stage system that combines
GPS-accurate geospatial terrain generation with interactive agricultural scenario configuration, eliminating
the manual modelling bottleneck while maintaining the fidelity necessary for sensor-based navigation
algorithm validation.

3 System Architecture

The proposed system implements a modular two-stage workflow consisting of three integrated com-
ponents, a terrain generation pipeline that transforms geospatial data into simulation-ready 3D base
environments, a web-based agricultural scenario tool for populating generated terrains with crop elements,
and an automated simulation deployment framework. This architecture enables researchers to rapidly create
complete agricultural testing scenarios without manual modelling expertise. The workflow begins with
terrain generation from any worldwide location with available data, proceeds through interactive agricultural
population via web interface, and concludes with automated deployment for robot navigation testing in ROS
2 and Gazebo environments. Fig. | provides a high-level overview of this workflow, while Fig. 2 details the
individual processing stages within each phase.

Geospatial Data _Stage i . 'Stage_z y ROS 2/ Nav2
Terrain Generation Scenario Configuration . .
Azure Maps API ) Gazebo Simulation
Download - Preprocess - Export Configure - Distribute - Generate

Plant Assets
3D Crop Models

User Parameters
Rows - Spacing

Figure 1: High-level overview of the two-stage system pipeline. Geospatial data from Azure Maps feeds into Stage
1, which downloads, preprocesses, and exports a COLLADA terrain model. Stage 2 combines this terrain with user-
defined crop parameters and 3D plant assets to produce a deployable Gazebo world file for ROS 2/Nav2 simulation.
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Stage 1 — Geospatial Terrain Generation

Azure Maps API Tile Download > Blender Preprocessing COLLADA Terrain
Geospatial source GLTF / satellite imagery Mesh opt. - GPS align .dae + metadata

Stage 2 — Agricultural Scenario Tool

Web Interface Crop Distribution Height Interpolation Gazebo World File
Streamlit - map polygon Grid - spacing - density k-NN (k=3) - pitch/roll world XML
v
User Parameters Plant Assets (.zip) ROS 2/ Nav2
rows - spacing - model COLLADA/GLTF Launch files - GPS

Figure 2: Detailed architecture of the pipeline introduced in Fig. 1. Node colours encode functional roles: blue for Stage
1 automatic processes (tile retrieval, Blender preprocessing, COLLADA export), green for Stage 2 processes (web-based
configuration, crop distribution, k-NN height interpolation, world file generation), orange for external inputs (Azure
Maps API, user parameters, plant assets), and purple for the final ROS 2/Nav2 simulation output.

3.1 Geospatial Terrain Generation

The terrain generation subsystem converts publicly available geospatial data into Gazebo-compatible
3D models through a multi-stage processing pipeline. The system architecture comprises four primary
components: data acquisition, preprocessing, format conversion, and optimisation. This modular design
enables flexible scenario generation while maintaining computational efficiency and visual fidelity across
diverse geographic contexts.

3.1.1 Data Acquisition and Interface

Data acquisition is handled through an application interface utilising Azure Maps API for geographic
visualisation and area selection. Users can navigate to any location globally, with zoom capabilities enabling
precise definition of scenario boundaries at resolutions down to 25 m. The interface provides satellite imagery
overlays that facilitate accurate alignment between visual features and coordinate selections, ensuring that
generated terrains correspond precisely to real-world locations. This capability is particularly important
for applications requiring GPS-based navigation validation, where coordinate accuracy directly impacts
algorithm performance. Fig. 3 illustrates the system interface, showing both the global navigation view
centred on Spain and a detailed area selection example.

3.1.2 Level of Detail Configuration

The system supports 23 discrete LoD levels (0-22) following hierarchical tile pyramid structures
common to major mapping services [39]. Each increment approximately doubles geometric resolution,
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ranging from 200 m/element (LoD 0) to 1 cm/element (LoD 22). Fig. 4 illustrates the hierarchical tile
pyramid structure.
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Figure 3: Geospatial data acquisition interface built on the Azure Maps API. (A) Global navigation view providing
large-scale geographic context. (B) Detailed scenario selection view with interactive bounding box, allowing users to
precisely determine the geographical coordinates and extent of the target area for 3D generation.

Level
Max_Level

Level
Max_Level

(A) (B)

Figure 4: Conceptual diagrams illustrating generic multi-resolution structures. (A) Standard single-image pyramid
structure with decreasing resolution layers. (B) Hierarchical tile-pyramid structure used for geospatial data streaming,
where each ascending Level of Detail (LoD) subdivides the parent tile into four higher-resolution child tiles [39].

3.1.3 Data Format and Geometric Representation

The system generates 3D surface-based terrain (not planar heightmaps) that captures topography
and vertical structures. Source data (gITF with PNG textures) consists of triangulated meshes for terrain,
buildings, and vegetation. Each LoD level retrieves data as tile collections: for example, a 0.5 km? campus
spans 10 tiles at LoD 17, growing exponentially to 1800+ tiles at LoD 22.

3.1.4 Preprocessing and Format Conversion

gITF files are imported into Blender for automated preprocessing via Python scripts. Critical operations
include mesh smoothing with adaptive Gaussian kernels to blend tile boundaries, geometry optimisation via
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edge collapse [40] (40%-60% polygon reduction while preserving features), and texture enhancement for
lighting consistency. The pipeline exports optimised geometry as unified COLLADA (.dae) files, preserving
mesh geometry, materials, textures, and GPS coordinate metadata. Iig. 5 shows generated terrain examples.

Figure 5: Example output of the geospatial terrain generation pipeline at LoD 20, rendered in the Gazebo simulator.
The model preserves the original satellite imagery as a draped texture over the reconstructed 3D mesh geometry.

3.2 Agricultural Scenario Tool

While the geospatial terrain generation pipeline produces realistic 3D environments with accurate
topography and GPS-aligned coordinates, these base terrains lack the agricultural-specific elements neces-
sary for testing crop-related navigation algorithms. The agricultural scenario tool addresses this limitation
through an interactive web-based interface that enables users to populate generated terrains with crop
models. Working directly with COLLADA terrain models and Gazebo world files from the first stage, the
tool maintains coordinate system compatibility and requires no manual 3D modelling or format conversion.
Users simply specify directories containing generated scenarios, and the system automatically identifies
available terrains, extracts embedded metadata, and enables immediate crop placement.

3.2.1 Agricultural Scenario Configuration Interface

The web-based interface enables interactive crop placement on generated terrains through map visual-
isation. The system automatically extracts terrain boundaries from COLLADA mesh files and overlays them
on satellite imagery, allowing users to define planting areas via polygon selection or standardised rectangular
regions. Users configure four primary crop distribution parameters: row spacing, which sets the perpendic-
ular distance between consecutive furrows, plant spacing, which controls the distance between successive
plants along the same furrow, a randomness factor, which introduces a small lateral and longitudinal displace-
ment to each plant so that individuals do not appear perfectly aligned, producing the natural irregularity
observed in real cultivated fields, and model selection, which determines the 3D crop asset to instantiate
(e.g., a specific corn growth stage or any user-supplied Gazebo-compliant model). The system ships with
several built-in species (corn at five growth stages, tomatoes, cabbages, and sunflowers) and additionally
supportsa . zip asset ingestion workflow through which users can import any Gazebo-compliant 3D model
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(COLLADA), for instance those sourced from online repositories such as Sketchfab’, without architectural
limitations. The interface provides real-time pattern preview before final scenario generation.

3.2.2 Coordinate Transformation and Crop Distribution

The system employs standard equirectangular projection for GPS-to-Cartesian coordinate transfor-
mation, maintaining sub-meter accuracy for agricultural-scale scenarios. The transformation accounts for
latitude-dependent longitude scaling and optional heading angle rotations to align with terrain orientation.

Crop positioning employs a rotated grid algorithm with configurable row spacing (s;ow), plant spacing
(Splant)> and row angle («). The algorithm generates candidate positions along a rotated orthogonal grid,
applies optional randomness for realistic irregularity (typically » = 0.01-0.05 m), and filters positions using
polygon containment tests to retain only plants within user-defined boundaries.

3.2.3 Terrain Height Interpolation

Accurate vertical placement of crop models on irregular geospatial terrain requires two complementary
computations: estimating the elevation z at each target plant position, and computing the local surface
orientation so that each model is tilted to match the slope rather than inserted vertically.

Elevation estimation. The system employs k-nearest neighbour (k =3) weighted averaging with
inverse-squared distance weighting [41,42]. For each candidate plant position (x, y), the k closest mesh
vertices are retrieved via KD-tree lookup and their elevations are combined as a weighted average, giving
greater influence to nearer vertices:

k
i1 Wi Z; 1

2
Zi:lwi di+ €

where d; is the horizontal distance from the query point to the i-th neighbour and € is a small regularisation
constant to avoid division by zero.

Surface orientation (pitch and roll). Once the elevation is determined, the local terrain gradient must
be estimated to align the plant mesh with the ground plane. Partial derivatives of the elevation field are
approximated numerically using the central difference scheme, sampling the terrain height at two offset
points along each axis with a fixed differential step Ax, Ay:

0z z(x+Ax,y)-z(x-Ax,y) 0z z(x,y+Ay)-z(x,y - Ay)

2
ox 2Ax ay 2Ay @)

These spatial derivatives are then converted into the two rotation angles that describe the tilt of the
terrain surface. The pitch angle 0 captures the forward/backward slope (rotation about the y-axis) and the
roll angle ¢ captures the lateral slope (rotation about the x-axis):

6 = arctan (—%) , ¢ =arctan % (3)
ox oy

Both angles are applied to each plant’s Simulation Description Format (SDF) pose during world file
generation, preventing the geometric “floating” artefacts that occur when models are placed with a purely
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vertical insertion on rugged topography. This ensures realistic ground contact and improves mechanical
plausibility during physics simulation.

KD-tree spatial indexing [43] enables efficient queries (<0.2 ms per plant) on meshes containing 50,000
500,000 vertices, ensuring accurate vertical placement across irregular terrain.

3.2.4 Output Generation and Deployment

The system generates ROS 2-compatible outputs [44] including modified Gazebo world files or dynamic
spawner nodes for runtime crop instantiation, plus launch files with GPS localisation configuration. JSON
metadata accompanies each scenario, recording generation parameters and enabling reproducibility for
batch scenario creation.

4 Experimental Validation
4.1 Experimental Setup

Experiments used a workstation (AMD Ryzen 9 7900X, 32 GB RAM, NVIDIA RTX 4070 Ti SUPER)
running Ubuntu 22.04 LTS with ROS 2 Humble and Gazebo Classic and Ignition. Terrain generation utilised
Blender 3.6 LTS, and agricultural scenarios used Python 3.10 with NumPy, SciPy, and Streamlit. Autonomous
navigation was implemented using the Nav2 stack [44], configured with a behaviour tree-based planner
and the Dynamic Window approach-Based (DWB) local controller for waypoint-following along crop rows.
Validation experiments were performed using a Summit-XL mobile robot [45,46] equipped with an Intel
RealSense D455 depth camera [47], a u-blox ZED-F9P Real-Time Kinematic (RTK) GPS module [48], and
an Xsens MTi Inertial Measurement Unit (IMU) [49].

Three geographic locations were evaluated: the Leén university campus (0.52 km?), a rural agricultural
field (0.31 km?), and a hillside vineyard (0.18 km?, 45 m elevation variation). Three scenario scales from the
Leén campus were tested: large (126,739 m?), medium (41,610 m?), and small (8578 m?) at LoD 17, 19, and
20. Four plant densities: P1-P4 (275-2200 plants).

4.2 Evaluation Procedures

The evaluation is structured around two complementary assessment strategies. Quantitative metrics
are applied to terrain generation efficiency (processing time and file count), runtime resource consumption
(CPU, RAM, GPU usage during active navigation), and autonomous navigation accuracy (cross-track RMSE,
MAE, and maximum deviation against the reference path). Qualitative assessment is reserved for aspects
where numerical measurement is not directly applicable, such as visual fidelity across LoD levels, crop
model ground contact on sloped terrain, and the diversity of agricultural configurations achievable through
parameter variation. The intended evaluation scope is system-level integration for autonomous navigation,
while perception algorithm benchmarking and physical robot-crop interaction lie outside the scope of
this work.

Each scenario-LoD combination was generated three times. Resource consumption was measured
during 10-min simulation sessions using system monitoring tools (htop, nvidia-smi), averaging over the
duration excluding loading transients. Navigation performance was quantitatively evaluated using cross-
track error, defined as the perpendicular distance between each recorded robot pose and the nearest segment
of the reference path. The reference path (digital twin trajectory) was defined as the ideal continuous
waypoint sequence generated by the parametric scenario tool. Robot poses were recorded via the ROS 2
odometry topic at the Nav2 controller frequency. Metrics reported include the global Root Mean Square
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Error (RMSE), the Mean Absolute Error (MAE), segment-specific RMSE for in-furrow and headland phases
separately, and the maximum deviation error.

5 Results

This section presents the experimental results obtained from the validation procedures described
in Section 4. Following the evaluation strategy outlined therein, quantitative measurements (generation
times, resource consumption, and navigation cross-track error) are reported with numerical precision,
while visual fidelity and crop placement realism are demonstrated through comparative figures. All terrain
generation evaluations presented in this section utilise the university campus scenario depicted in Fig. 3B as
the reference test environment, ensuring consistency across comparative analyses.

5.1 Terrain Generation Performance

It should be noted that terrain generation is an offline, one-time preprocessing step, so the times
reported below do not affect the real-time performance of the simulation once the scenario has been built.
They are included as a reference to guide users in selecting appropriate LoD levels for their hardware and
time constraints.

5.1.1 Level of Detail Analysis

Table 2 presents generation time and file count measurements across LoD levels 20-22. Generation
time ranged from 10.2 s (small scenario, LoD 20) to 3138.9 s (large scenario, LoD 22), exhibiting exponential
growth with LoD level. File count increased from 18 (small, LoD 20) to 4120 (large, LoD 22).

Table 2: Metrics across LoD levels for three university campus scenarios.

Scenario/Metric LoD 20 LoD 21 LoD 22
Large scenario (126,739 m?)

File count (gITF + BIN + XML) 256 775 4120
Texture count (PNG) 281 860 4038
Generation time (s) 22.5 117.8 3138.9

Medium scenario (41,610 m?)

File count (gITF + BIN + XML) 67 221 1171
Texture count (PNG) 71 241 1137
Generation time (s) 13.4 28.3 567.3

Small scenario (8578 m?)

File count (gITF + BIN + XML) 18 45 216

Texture count (PNG) 18 45 207

Generation time (s) 10.2 12.4 274

5.1.2 Visual Quality and Resource Consumption

Visual quality assessment of the campus scenario showed model consistency at given LoD levels regard-
less of scenario size (Fig. 6). Both large and small scenarios generated at the same LoD exhibit equivalent
geometric detail and texture quality when examining the same building structure visible in the reference area,
confirming that LoD level, rather than scenario extent, determines visual quality. Fig. 7 presents detailed
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views demonstrating that LoD 20 provides sufficient geometric detail for depth camera simulation while
LoD 22 provides maximum fidelity at impractical computational cost.

(A) B)

Figure 6: Visual quality consistency across different geographic extents at the same LoD level. (A) Large-area scenario.
(B) Small-area scenario. Both maintain comparable texture resolution and mesh detail, demonstrating that the tile-
based pipeline scales without quality degradation.

(A) (B)

Figure7: Geometric detail comparison between LoD levels on the same terrain region. (A) LoD 20, providing sufficient
detail for navigation sensor simulation. (B) LoD 22, showing finer surface features at the cost of significantly higher
polygon count and memory consumption.

5.1.3 Resource Consumption Measurements

Resource consumption was measured during 10-min active simulation sessions at LoD levels 17, 19,
and 20. LoD levels 21 and 22 were excluded due to frame rates below 10 frames per second during
preliminary testing. Table 3 presents CPU usage, RAM consumption, GPU Video RAM (VRAM), and GPU
utilisation measurements.

CPU usage increased from 98.2% (LoD 17) to 245.7% (LoD 20), indicating multi-core utilisation.
RAM consumption ranged from 3.8 to 4.5 GB. GPU utilisation remained moderate (12%-38%), suggesting
rendering is not a primary bottleneck.
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Table 3: Resource consumption during simulation across LoD levels.

LoD Level CPU Usage RAM Usage GPU VRAM GPU Utilisation
17 98.2% 3812 MB 652 MB 12%
19 133.3% 4046 MB 905 MB 24%
20 245.7% 4523 MB 1247 MB 38%

5.2 Agricultural Scenario Results
5.2.1 Crop Model Placement and Configuration Flexibility

The system does not dynamically construct procedural meshes at runtime. The 3D plants are instantiated
from static, pre-modelled Gazebo assets (COLLADA/.dae geometries accompanied by their structural SDF
definitions). Our custom parametric generator computes the required positioning matrix and explicitly
compiles a monolithic XML environment file that spawns individual instances of these meshes at the
designated Cartesian coordinates, applying corresponding scale and collision parameters. The pipeline is
fully crop-agnostic. Users can supply any Gazebo-compliant 3D model (COLLADA) via a . zip ingestion
workflow in the web interface, and the distribution and height-interpolation logic applies unchanged to any
crop geometry.

Five corn models (0.3-2.5 m height) representing different growth stages were validated (Fig. 8).
Visual inspection confirmed proper ground contact across sloped terrain. Parameter variations (spacing,
randomness, burial depth) successfully generated diverse scenarios ranging from dense mature fields
(~1 plant/m?) to sparse early-season plantings, with doubling spacing parameters reducing plant count by
50%.

(A) (B) ©)

Figure 8: Visualisation of the 3D corn models used in the scenario generation, illustrating structural diversity across
different growth stages. (A) Early growth stage model (approximately 0.3 m height) suitable for initial furrow navigation.
(B) Intermediate stage model (1.2 m height). (C) Mature stage model (2.5 m height), which presents significant visual
occlusion challenges for perception sensors.

5.2.2 Heightmap-Based Furrow Integration

Heightmap-based terrain integration provides standardised furrow geometry for controlled experi-
ments. The approach addresses geospatially-derived terrain limitations by adding centimeter-scale surface
variations (furrows) characteristic of cultivated fields. Fig. 9 shows the heightmap encoding components,
while Fig. 10 demonstrates dense and sparse crop configurations aligned with furrow ridges.
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(B)

Figure 9: Heightmap-based furrow generation. (A) Greyscale heightmap encoding, where pixel intensity encodes
relative elevation to form furrow depressions between crop rows. (B) Soil texture applied over the heightmap geometry
in Gazebo.

Figure 10: Generated agricultural scenarios using the heightmap-based terrain with crop placement. (A) Dense
planting configuration with the Summit-XL robot navigating between early-stage crop rows. (B) Sparse planting
configuration demonstrating the parametric control over inter-plant and inter-row spacing.

5.2.3 Resource Consumption

Table 4 and Fig. 11 present resource consumption across four plant densities (P1-P4, 275-2200 plants).

Table 4: Average resource consumption during agricultural scenario simulation (mean + standard deviation across 3
repetitions).

Configuration CPU (%) RAM (GB) GPU (%)
P1 (1.0 m x 1.0 m) 24.6 £ 6.8 16.6 £ 0.3 259+15
P2 (2.0 m x 1.0 m) 27.7+10.1 14.9+0.2 289 +1.7
P3 (2.0 m x 2.0 m) 18.0+6.3 13.8 +0.2 225+2.6
P4 (3.0 m x 2.0 m) 281+9.3 13.4+0.2 21.8 £2.0

CPU usage shows high variability with no clear plant density correlation, suggesting efficient spatial
culling. RAM consumption correlates strongly with plant count (decreasing from 16.6 to 13.4 GB as plant
count decreases, ~1.45 MB/plant), establishing memory as the primary scalability constraint for large
scenarios. GPU utilisation remains moderate (22%-29%) with low variability.
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Average Performance Across Configurations
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Figure 11: Average resource consumption across agricultural scenario configurations. Error bars represent standard
deviation across three independent repetitions.

5.3 Autonomous Navigation Validation

To demonstrate the practical applicability of the generated scenarios, autonomous navigation exper-
iments were conducted using the Nav2 stack [44] and the Summit-XL platform described in Section 4.
The robot was tasked with following predefined waypoints along crop furrows in the heightmap-based
scenarios, utilising the RealSense D455 depth camera for obstacle detection and the RTK-GPS module for
global localisation.

The navigation experiments confirmed that the generated scenarios support closed-loop Nav2 oper-
ation, with the robot successfully following waypoint sequences along crop furrows when using early
and intermediate growth stage models. However, a strong dependency on crop height relative to camera
mounting position was observed. When mature corn models exceeded the camera height, the perception
system failed to reliably detect crop row boundaries, leading to degraded costmap generation and navigation
failures. This limitation, which mirrors real-world challenges in tall-crop environments, will be addressed
in future work through the integration of complementary sensor modalities and crop-height-aware plan-
ning strategies.

To provide a quantitative assessment of navigation performance in the generated environments, the
Summit-XL platform was deployed in a heightmap-based agricultural scenario and tasked with executing
a complete zigzag route spanning two crop rows including headland turn transitions. Furrow detection
was performed using an RGB-D (Red-Green-Blue plus Depth) camera with a single-line furrow-following
algorithm, while global localisation relied on an RTK-GPS receiver generating NavSatFix waypoints.
The recorded trajectory was compared against the ideal reference path (the digital twin waypoint sequence
generated by the scenario tool) using cross-track error as the evaluation metric. A total of 607 poses
were evaluated.

The results, illustrated in Fig. 12, show that the robot maintained a global cross-track RMSE of 0.177 m
(MAE = 0.109 m). Segment-level analysis yielded an in-furrow RMSE of 0.200 m and a headland RMSE of
0.170 m, with a maximum deviation of 0.472 m occurring at headland turns where the DWB local controller
executes higher-curvature manoeuvres. The colour map confirms that deviations are concentrated at turning
points while the straight furrow segments are tracked with sub-0.15 m error. These results demonstrate that
the generated scenarios provide a functional and quantitatively characterisable benchmark for autonomous
navigation algorithm development, enabling the complete Nav2 stack to be parameterised and evaluated
entirely within simulation prior to physical field deployment.
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Autonomous Trajectory Evaluation (Zigzag + Headland Segregation)
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Figure 12: Autonomous trajectory evaluation in the generated agricultural simulation environment. The dashed red
line represents the ideal reference path (digital twin); coloured dots show the recorded robot poses colour-coded by
instantaneous cross-track error.

6 Discussion

Experimental results reveal critical trade-offs between fidelity and efficiency. As noted in Section 5.1,
terrain generation is an offline, one-time cost that does not affect simulation runtime. Nevertheless, the
exponential growth of generation time with LoD level (22.5 s at LoD 20 vs. 3139 s at LoD 22 for large
scenarios), driven by exponentially increasing tile counts, is relevant for practical workflow planning. LoD
19-20 provides optimal balance for real-time robotic simulation, offering sufficient geometric detail for
sensor simulation while maintaining responsive performance on standard hardware.

CPU emerges as the primary bottleneck during active simulation (245.7% utilisation at LoD 20), while
the GPU remains underutilised (38%), indicating that rendering capacity is not yet fully exploited and leaving
room for enhanced visual quality without additional CPU overhead. RAM consumption, on the other hand,
scales linearly with agricultural element density (1.45 MB/plant), making memory the primary constraint for
large-scale scenarios. Taken together, these findings suggest that plant density configurations P2-P3 (550-
1100 plants) paired with LoD 19 terrain represent the practical optimum, maximising scenario realism within
the limits of a standard 32 GB workstation.

7 Conclusions

This paper has presented an integrated two-stage system for semi-automated generation of GPS-
accurate agricultural simulation environments from publicly available geospatial data. The approach
integrates high-fidelity terrain reconstruction with flexible crop configuration, reducing scenario creation
time. Unlike previous systems that focus exclusively on procedural generation on flat terrain or unpopulated
topographic geometry, the novelty of this work resides in the integration of both real-world geospatial
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topology and specific agricultural assets into a unified pipeline. By combining geospatially accurate terrain
generation with interactive agricultural scenario tools, the system addresses a critical gap in agricultural
robotics simulation.

Systematic performance characterisation identified LoD 19-20 as the optimal configuration, balancing
geometric fidelity against real-time responsiveness on standard hardware. CPU load, rather than GPU
rendering, constitutes the primary runtime bottleneck, while RAM scales at approximately 1.45 MB per plant
instance, constraining scenario density for large fields.

The agricultural scenario tool successfully demonstrated the capability to generate realistic crop
distributions through a rotated grid algorithm with configurable parameters. Height interpolation using
k-nearest neighbour averaging ensures accurate vertical positioning on irregular terrain. Complete integra-
tion with ROS 2 and Gazebo, including automated launch file generation, enables seamless deployment for
robotic navigation research. Validation experiments using a Summit-XL platform equipped with a RealSense
depth camera and RTK-GPS confirmed the system’s practical applicability for autonomous navigation
algorithm development and testing in generated agricultural environments. To support reproducibility
and community adoption, the complete system is publicly available as open-source software, with the
terrain generation pipeline hosted at a public repository” and the robot configuration, plant models, and
experimental infrastructure at a second public repository”.

Despite these capabilities, the current implementation exhibits several limitations:

o  Computational cost at high LoD. Levels 21-22 are computationally prohibitive for real-time simulation
in standard workstations, with frame rates dropping below acceptable thresholds.

o RAM scalability. Memory consumption scales linearly at approximately 1.45 MB per plant instance
owing to the per-instance scene graph maintained by the OGRE (Object-Oriented Graphics Rendering
Engine) renderer. Empirical benchmarking of six optimisation strategies (primitive collision geome-
tries, texture downscaling) confirmed that replacing trimesh collisions with cylinder primitives reduces
per-instance cost by only 5%-8%, while removing collision entirely yields ~16% savings but is not viable
for navigation tasks.

o  Crop-height dependency. Navigation performance degrades when crop models exceed the camera
mounting height, causing perception failures in the detection of row boundaries.

« Rigid-body physics only. Physical interactions are restricted to the standard rigid-body framework of
Gazebo, which suffices for sensor-based navigation but limits applicability to contact-intensive tasks
such as harvesting.

o Limited to a single simulation environment. The proposed system is constrained to operate within
Gazebo, as it is tightly coupled to the underlying hardware stack. This strong dependency prevents
portability to other simulation environments without substantial re-engineering, making the approach
inherently bound to this specific simulator.

Future research will address these constraints through several complementary directions. On the nav-
igation side, integrating additional sensor modalities and developing crop-height-aware planning strategies
remain the most immediate priorities, as the current dependency on camera-mounted perception limits
reliable operation to early and intermediate crop growth stages. GPU optimisation could also be exploited to
improve visual rendering quality without a proportional increase in CPU load. Regarding physical realism,
incorporating flexible Cosserat rod models [38] would enable high-fidelity evaluation of contact-based tasks
such as harvesting, extending the system beyond its current navigation-focused scope. Physics-based terrain

5 . . .
https://github.com/ssancd03/Geo2Gazebo
https://github.com/Innovations-in-Smart-and-Secure-Systems/summit_agriculture
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deformation capturing wheel-soil interactions is a further direction, though its applicability is presently
constrained to small-plot studies given the per-contact computational cost at field scale. On the scalability
front, migrating to a Gazebo version with OGRE 2 support would unlock per-instance runtime Level of
Detail, directly addressing the 1.45 MB per-plant RAM overhead and enabling large-scale scenarios on
standard hardware. Domain adaptation techniques for sim-to-real transfer in agricultural perception would
complement these efforts by reducing the gap between simulated and real sensor data. Finally, evolving
the web interface towards a prompt-based pipeline driven by Large Language Models [37] would allow
users to generate complete agricultural scenarios from natural language descriptions, substantially lowering
the configuration barrier. These improvements will further enhance the system’s utility for developing and
validating autonomous navigation algorithms in realistic agricultural simulation environments.
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