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Article

3D Environment Generation from Sparse Inputs for
Automated Driving Function Development
Till Temmen * , Jasper Debougnoux , Li Li , Björn Krautwig , Tobias Brinkmann , 
Markus Eisenbarth and Jakob Andert *

Teaching and Research Area Mechatronics in Mobile Propulsion

Abstract

Development of AI-driven automated driving functions requires vast amounts of diverse, high-quality 
data to ensure road safety and reliability. However, manual collection of real-world data and creation 
of 3D environments is costly, time-consuming, and hard to scale. Most automatic environment 
generation methods still rely heavily on manual effort, and only a few are tailored for Advanced Driver 
Assistance Systems (ADAS) and Automated Driving (AD) training and validation. We propose an 
automated generative framework that learns real-world features to reconstruct realistic 3D 
environments from a road definition and two simple parameters for country and area t ype. 
Environment generation is structured into three modules - map-based data generation, semantic 
city generation, and final detailing. The overall framework is validated by training a perception 
network on a mixed set of real and synthetic data, validating it solely on real data, and comparing 
performance to assess the practical value of the environments we generated. By constructing a Pareto 
front over combinations of training set sizes and real-to-synthetic data ratios, we show that our 
synthetic data can replace up to 90% of real data without significant quality degradation. Our results 
demonstrate how multi-layered environment generation frameworks enable flexible and scalable 
data generation for perception tasks while incorporating ground-truth 3D environment data. This 
reduces reliance on costly field data and supports automated rapid scenario exploration for finding 
safety-critical edge cases.

Keywords: automated driving; synthetic data generation; 3D scene generation; generative models; AI 
generated content; computer vision

1. Introduction
Traffic safety is one of the greatest challenges of our time, especially in the context of automated

driving [1–3]. One of the fundamental issues is the substantial Operational Design Domain (ODD)
within which these systems must operate. The vastness of the ODD arises partly from a significant
reliance on perception functions, which must evaluate a diverse range of environments [4]. These
environments vary greatly on multiple scales, including different regions, types of areas, different
types of scene elements, and local interactions, such as reflective surfaces [5–7]. Consequently, the
testing process becomes increasingly challenging due to the extensive nature of the ODD. Nevertheless,
employed approaches must be capable of scaling easily to encompass as much of the ODD as possible
and validation should be conducted using realistic data [3,4].

Concurrently, there is an increasing emphasis on structured development processes and early
validation. This transition is precipitated by methodologies such as Systems Engineering, which
support the frontloading of development efforts. It has been demonstrated that such approaches also
aid in defining component-specific ODDs when utilizing model-based systems engineering (MBSE) or
more advanced techniques, such as scenario-based systems engineering (SBSE). The construction of a
foundation for scenario-based testing is thus facilitated [8,9]. Furthermore, the rise of AI applications in
perception functions necessitates early access to large amounts of data - in the case of perception-based
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functions specifically, camera or lidar data with corresponding ground truth - for effective training
and validation. The data required must encompass the entire ODD - including both normal system
states and critical scenarios, which may be infrequent or considered edge cases. It is imperative for the
system to exhibit robust behaviour even in challenging situations. Two fundamental requirements
are deduced from this analysis: Data generation methods need to scale efficiently while producing
realistic, broadly useful data [10,11].

Using real-world data is difficult to scale due to the process of ground-truth labeling. On the
other hand, synthetic data generation is easier to scale but suffers from the sim-to-real gap [10,12,13].
In the existing literature, only a limited number of sources describe the process of automated synthetic
3D environment generation [14]. This trend is also reflected in [1,10] and [2], while [2] explicitly
summarizes: “Identifying critical scenarios and automating scenario generation are among the two
most prominent challenges in the domain of testing AVs”.

This work addresses this gap by developing a holistic approach for urban environment generation,
specifically designed to construct scenes for the development and validation of autonomous vehicles.
By focusing on scalability and narrowing the sim-to-real gap, our method addresses critical challenges
faced by test engineers in simulation environments. We emphasize the importance of transforming
logical scenarios — often characterized by numerous unknown or seemingly unimportant parameters
— into practical concrete environments defined by only a handful of critical hyperparameters.

1.1. Background

Based on the general introduction, we aim to provide an overview of the various data generation
and collection techniques. Autonomous driving systems generally depend on a variety of sensors,
including cameras, LiDAR, radar, and ultrasonic sensors. Different variants may be employed within
each sensor category. For example, the camera category includes color and thermal cameras along
with other variants. In this work, we focus on color camera data and the generation of corresponding
ground truth. However, it should be noted that the overarching concepts presented are also applicable
to perception data from other sensor variants and categories. Henceforth, the general term "perception
data" or simply "data" will be used in the following chapters. We start with a discussion of real-world
data generation and collection techniques, followed by an examination of synthetic data approaches.

1.1.1. Real-World Data Collection and Validation

One prominent approach for data collection and validation involves using test tracks or specialized
facilities designed to create diverse environmental conditions, such as varying wind effects or rain.
These facilities offer a comparatively safe environment due to their controlled nature. They are also
highly effective for generating high-quality data through controlled parameter changes, eliminating
the unpredictability of real-world scenarios. Yet, this is also a limitation of the method since edge cases
may not always present themselves, potentially leaving gaps in the validation process [15].

An alternative approach to perception data collection and system validation involves conducting
tests on public roads. This method provides a variety of naturalistic scenarios and has the potential to
reveal edge cases, although such instances may be limited.

Nonetheless, the aggregation of real-world data is generally a resource-intensive process, neces-
sitating the deployment of high-precision sensor equipment and the allocation of significant time,
among other factors, including personnel. The approach further demands the exhaustive generation
of ground-truth data for the collected data (labelling) [16]. The labelling process is labour-intensive
and therefore costly [12]. In the context of validating autonomous driving functions on public roads,
there is a risk for safety. This is due to the possibility that the vehicle may not have been validated in
all its ODD components, yet still has to navigate traffic and various driving conditions. While public
roads offer a real-world environment, they are sometimes perceived as a somewhat uncontrolled
environment for validation purposes without inherent systematics. Systematic approaches are viable
for targeting specific conditions - however, this may be considered unethical in light of the safety risks
outlined in [17].
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It is evident that both approaches result in the generation of high-quality data in terms of realism.
It must be noted that both methods are challenging to scale due to various factors, including cost,
general effort, and the necessity for resources [1,15].

1.1.2. Synthetic Data as an Alternative to the Use of Real Data

The utilization of synthetic data during the development process represents a promising al-
ternative. Simulation approaches generally constitute a more economical and secure alternative to
developing solely in the real-world. Nevertheless, the utilization of simulated data is inherently limited
by the discrepancy between simulated and actual outcomes - the sim-to-real gap. Moreover, it is even
challenging to quantify the concept of "realness" using established metrics [14,15].

Altering and augmenting real-world sensor data is a common approach to enrich scene diversity
without the cost of new data collection. Common methods include adding synthetic actors, applying
weather or lighting tweaks, injecting sensor noise, and blending synthetic elements via domain
randomization or generative models to create realistic new scenes [10,18]. The primary benefit
of augmented data is its realism, which preserves physical consistency and sensor characteristics
while facilitating coverage expansion and corner-case testing. Yet, this approach is not without
challenges. Since the alteration is based on sensor data, maintaining spatiotemporal consistency
between modalities is difficult [10,14]. This phenomenon can be observed when inserting synthetic
actors into the scene. Maintaining consistency across multiple frames is challenging, as the output
(effect) is altered, rather than the environment (cause). It is important to note that this may also result
in the occurrence of quality degradation in the ground truth, given that the original ground truth may
no longer be accurate. Finishing, "closing the loop" with these techniques proves to be a challenging
endeavour. This motivates additional approaches, which are presented in the next section.

1.2. Related Works

As noted earlier, perception data can be generated by the utilization of simulation, incorporating
scenarios that delineate both the static three-dimensional environment and the dynamic scene. The
static environment describes everything remaining constant in the scene for the duration of the simu-
lation. The dynamic environment describes all dynamic actors in the scene, which move around or
change their representation [5,6,19]. In order to close the sim-to-real gap, it is necessary that both the
simulation itself and the scenarios resemble reality as closely as possible. In the field of simulation,
significant progress has been made in recent years, particularly in generating photorealistic visual-
izations and realistic physics, driven by game engines such as Unreal Engine [20,21]. Combined with
advancements in the inclusion of material properties into simulations with physics-based rendering
techniques and standards for representing physical properties of materials a solid foundation for
generating synthetic perception data is laid [7]. However, realistic simulations alone are insufficient.
High-fidelity 3D environments are also required.

1.2.1. Digital 3D Environment Twins

A common data-driven strategy is the use of digital twins — for example as demonstrated in [22],
Virtual-Kitti 1 and 2 [23,24]. A digital twin of an environment is created by directly capturing and
meticulously reconstructing every detail of a real-world landscape. Because of this the sim-to-real gap
may be very narrow, especially when also encompassing material properties into the environment.
However, the inherent limitations of real-world data collection are applicable in this context. The
efficacy of this method is contingent on a number of factors. These include the particulars of the
reconstruction process, which may stipulate target formats or augment the processing required, and
the overarching objectives [10,22,25].

Digital twins are dependent on real-world scenes, thus naturally encompassing only specific
concrete scenarios. Consequently, while it is useful for edge-case testing, it is challenging to scale.
Synthetic edits have been found to be beneficial in this regard [10,14]. It is important to note that
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each modified scene still requires extensive processing to maintain consistency. Targeted test cases are
difficult to produce as they either need a real-world counterpart or heavy processing.

1.2.2. Synthetic 3D Environments

An alternative to digital environment twins involves the usage of synthetic 3D environments
to generate training data. In [13] the authors show that this kind of data is capable of replacing
large portions of real data in the training of a perception function. The used 3D environments
draw inspiration from real-world scenes but do not necessitate the utilization of real-world data as
input. Environments explicitly created by human designers are one example. The designers model
three-dimensional scenes according to specific requirements, without the necessity of these scenes
exactly matching real-world locations. Environments created in this manner appear and feel realistic,
leveraging the designer’s internal understanding of how the world works. Since the structure and
all elements of the scene are defined during the creation process itself, the groundwork for extracting
ground truth is laid. In this context some synthetic datasets exist, leveraging manually created 3D
environments, for example from video games [12,26]. These datasets demonstrate the general usability
of synthetic data in the training of perception neural networks [12,13,26–28]. The primary disadvantage
associated with manual labour is the absence of scalability, a feature that has been identified along
with the challenging integration of material properties as one of the predominant deficiencies in purely
synthetic scenarios, as outlined in [22]. This is countered by the introduction of automation into the
generation process. This, in turn, could open up opportunities to further strengthen testing methods in
the realm of autonomous driving. Examples of such methods include fuzzing, which is dependent
on large numbers of scenarios. In this domain, several approaches already show great promise by
intelligent alteration of visual and non-visual properties of the environment to discover software
defects [29–33].

A comprehensive survey of recent advancements in the overarching domain of automated
synthetic environment generation is found in [14]. The survey shows that a significant proportion of
approaches concentrate on the reconstruction of indoor spaces. Conversely, only a limited number of
approaches focus on nature or urban scenes, such as [34,35]. The survey further shows that a variety of
methodologies and data presentation formats are used, each possessing distinct advantages in terms of
usability, scalability, and realism. However, these approaches are frequently implemented as isolated
solutions, not as a cohesive framework for the development of autonomous vehicles. Only a few works
exist that propose synthetic datasets specifically designed for autonomous driving. The works of [36]
and [37] feature a procedural modelling approach for the generation of the simulation environment.
A ruleset is defined manually featuring a set of hyperparameters to construct the environment with
a mixture of predefined models and procedural generated geometry. The work of [27] featuring the
SYNTHIA dataset does not specify in detail how their world generation approach works and if the
process can be automated or scaled. In the case of SHIFT dataset the corresponding paper does not
give details about the 3D environments used in the generation of the dataset [38].

Despite progress in individual methods, holistic 3D environment generation for autonomous
driving remains scarce. Current techniques address separate aspects in isolation, highlighting the
need for a systematic framework that integrates them. The following sections present our contribution
toward such an approach.

1.3. Contribution

The main contribution in this context is a framework that decomposes the challenge of transform-
ing sparse input data into a high-fidelity 3D environment into sub-problems. Each sub-problem is
addressed in an individual module, with each module implemented as an example to demonstrate
continuity. We do not claim optimality in this, as part of the idea of the framework is that each
method of generation may offer different advantages and disadvantages on the specific layers. The
multi-layered framework defines modules for
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• generating map-based data such as topology and landuse information
• generating semantic city representations
• detailing environments to be used in photorealistic simulations

Each layer builds upon the previous layer to define a different vital part of the environment.
The methodology employed in this work is a two-step process:

1. Establish (re-)generation rules based on ground-truth data
2. Use the established rules to generate environments with minimal input data

This approach makes the methodology scalable, as it does not require additional ground-truth data in
the second step.

Our modular framework enhances interpretability and adaptability, enabling efficient scenario or,
more specifically, scene generation and accommodating diverse user needs. Although frontloading
demands significant effort at the outset, it ultimately facilitates quick and cost-effective production of
scenarios.

The efficacy of the generated environments is demonstrated by utilizing the simulation tool
CARLA [21] to navigate through the scenes and collect camera images as well as ground-truth
segmentation data. The generated image data is then used in conjunction with the real-world dataset,
KITTI-360 [39], to train a YoloV8 segmentation network [40]. The objective of this training is to ascertain
the extent to which real-world data samples can be supplanted by synthetic data samples without
compromising performance.

Results indicate that our approach produces high-quality synthetic sensor data, demonstrating
its potential for rapid generation of 3D environments and flexibility in employing various techniques
tailored to user preferences. Furthermore, addressing different domains (such as topology and the
semantic city) individually makes it easy to extend the framework. The validation results indicate,
that a significant portion of data may be replaced with synthetic data without significant quality
degradation. Thus, this research contributes valuable insights into improving simulation frameworks
for autonomous vehicle testing.

2. Materials and Methods
First, we would like to introduce the general idea behind the proposed framework. This will be

achieved by first examining the formalized inputs and outputs and the generalized parts. Follow-
ing this, the modules will be examined in depth together with an exemplary use case that will be
used for the first implementation. Subsequently, the validation of the proposed framework will be
demonstrated.

In order to achieve scalability, a number of actions must be taken. The problem is to be considered
as comprising multiple sub-problems. This approach facilitates integration and allows for better target-
ing of specific problem areas using dedicated technologies while also enabling the reuse of established
techniques. The decomposition is oriented around the logical composition of real environments and
their semantic hierarchy. Each layer is built semantically upon the previous one, as illustrated in
Figure 1. The process begins with the reconstruction of the general topology/terrain. Based on this
foundational understanding, we determine how the terrain is utilized semantically in two dimensions
(2D semantics). Consequently, this information is instrumental in determining the representation of
elements in three-dimensional space from a semantic perspective. Finally, based on the semantic 3D
representation, detailed rendering specifications are applied to enhance visual fidelity. The generated
environment can then be utilized to generate synthetic sensor data for training and validation pur-
poses. The generation process is organized using a chunk system. This system involves the division of
large-scale environments into chunks of equal size, which are then reconstructed individually. This
approach facilitates the management of substantial data volumes necessitated by large environmental
models, concurrently defining the output dimensions of reconstruction functions.
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Topology
Input: Hyperparameter, 
OpenDRIVE scenario Semantic city Detailing

Initial training of the individual inference steps with ground truth data

Modular/manual access to the generation functions

Landuse

Additional user input

Data generation/
Validation

Map-based data

Figure 1. Concept of the proposed modular framework for the generation of static 3D environments

The sparse input data consists of ODD descriptions that can be formalized using specialized
formats such as the ASAM OpenDRIVE (ODR) [6] and OpenSCENARIO (OSC) [5] standards. These
formats are chosen as input into the framework due to their widespread use in the automotive industry
[19]. The present study will exclusively address the static component of the scene, which constitutes
the predominant aspect of the environment in the visualization. The static part of the environment is
solely defined in OpenDRIVE.

The input data - i.e. the hyperparameters and the OpenDRIVE scenario - provides valuable
information that is used for reconstruction. For instance, the geographical characteristics of the
environment, such as the topography, can be deduced from the observed road network. A winding
nature of roads may indicate a hilly terrain, while the presence of large industrial facilities typically
suggests a flat, well-developed area. While these insights may be implicit, the road layout also
provides explicit information, such as variations in elevation and landuse at specific locations along
the route. Through the analysis of both implicit and explicit cues derived from the input data and from
any subsequent layer, neural networks and other techniques should be capable of making informed
decisions during the reconstruction process. The wide variety of techniques that are used to reconstruct
the different layers, raises the problem of choice. However, this diversity also presents the prospect of
conducting reconstruction in multiple ways. Rule-based, data-driven or hybrid approaches may be
used at each of the individual layers. The choice is dependent upon the selected output format and
the potential for the approach to be generalized, thereby rendering the reuse of the architecture of
reconstruction functions viable.

In the following section, we first outline the underlying assumptions (Section 2.1) and introduce
an exemplary use case for the first implementation of the framework, before discussing the indi-
vidual generation steps in detail (Sections 2.2-2.4). For clarity, the chapters are named based on the
corresponding modules shown in Figure 1.

2.1. Prerequisites and Assumptions

Given the broad ODDs of autonomous vehicles, the initial implementation and evaluation of the
framework is carried out under simplified boundary conditions. In this initial study, three fundamental
variables are selected as inputs:

• A road definition in OpenDRIVE
• A parameter to switch between two imaginary countries – country 1 and country 2
• A parameter to switch between two types of areas – industrial and residential

Based on these inputs, the framework shall generate four different types of synthetic environments,
each with distinct properties corresponding to its parameter combination. These properties are defined
manually in advance and are loosely inspired by real-world examples. In the context of this preliminary
implementation, it is imperative to note that all characteristics of the generated environments are
entirely fictional. At this stage, no real-world data is utilized - the framework is developed and tested
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exclusively with synthetic ground-truth data. In future, it is envisaged that the environmental and
landscape attributes will be learned directly from real datasets. This will necessitate the alignment of
the training data currently in use with the actual data sources available. Consequently, the subsequent
application signifies a scaling step.

A short overview of chosen scene parameters is displayed in Table A1. Country 1 is modelled to
represent a country with a higher population density, where space is used more efficiently. Country 2
is modelled to represent a more rural country. This overarching theme is further exemplified by the
selection of materials employed. In this instance, area typical materials are utilized, which may be
different but also equal, in order to demonstrate the flexibility of the framework. It is modelled that all
countries are to be represented as completely flat. The question of how topology reconstruction may
be incorporated will still be addressed.

An exemplary implementation is described conceptualized in the following subchapter, with-
out claiming to be the optimal approach, as different interchangable techniques may have certain
advantages and disadvantages.

2.2. Map-Based Data Generation - Topology and Landuse

Two prominent approaches for representing map-based terrain data and 2D semantics are vector-
based mapping techniques and image/matrix-based representations. Each option has its own set of
advantages and disadvantages. A vector-based approach has been demonstrated to offer a storage-
efficient representation, which is advantageous when representing the structured elements of a map,
such as building plots or even building footprints. A notable disadvantage of this approach is the
challenge of constructing vector representations in which every area is defined exactly once, without
the presence of redundancy. As a result, additional postprocessing may be needed to identify and fill
gaps between polygons. This issue does not arise with matrix-based map representations, where every
part of the image is discretely defined. Such representations have the capacity to encode both simple
and complex shapes without affecting output size. Consequently, they are easily adaptable to different
use cases. Furthermore, the integration of these systems with neural networks is seamless, given the
inherent matrix structure of the data. The primary disadvantage associated with matrix-based maps
is their increased storage requirements. Additionally, the level of detail that can be represented is
constrained by the selected resolution of the image. In this instance, a matrix-based representation is
chosen because of the higher flexibility and ease of integration to build a general foundation for all
map based data reconstruction.

In order to implement a reconstruction function, it is necessary to have access to data that serves
as a ground-truth data for the desired appearance of the reconstructed landscape. Based on the
assumption of locally flat terrain, the reconstruction is confined to two-dimensional semantics. Based
on the environment properties defined in Table A1 a rule-based data generation tool is implemented,
creating a total of eight different chunks (straight and curve, two countries, two area types). Samples of
this generation technique are shown in Figure 2. The individual segments act as semantic classes and
are colored differently for visualization purposes only. Industrial plots are displayed in red, residential
plots in blue and grass in green. The roads are grey, with each shade of grey representing a different
affiliation to country and area type combination. Images measuring 256 by 256 pixels are used at
this point. As indicated in the work’s objective, no real-world data is employed as the baseline so far.
Nevertheless, it is still possible to obtain data for this purpose from sources such as OpenStreetMap
[41].
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Properties Straight Curve

Country 1 Country 2 Country 1 Country 2

Industrial

Residential

Grass Ind. Plot Res. Plot Road C1
Ind.

Road C1
Res.

Road C2
Ind.

Road C2
Res.

Figure 2. Samples of the training data for the landuse reconstruction

In principle, the rule-based generator could be used to rebuild this layer directly. However, such
a construction would rely heavily on the creator’s implicit knowledge rather than on rules learned
from ground-truth data. Therefore, the following sections present our construction approach, which is
based on learned rules developed using the created ground-truth data.

The problem is abstracted into an interpolating and extrapolating task. As mentioned earlier,
some explicit information can be extracted from the input to serve as a guideline for reconstructing
unknown areas. This is a common image processing task called inpainting. For this task we use
the neural network architecture proposed in "MAT: Mask-Aware Transformer for Large Hole Image
Inpainting" by [42]. The proposed methodology is based on the generative adversarial network (GAN)
architecture and uses a transformer for the inpainting task. The original architectural design is adapted
to accommodate varying input and output formats. In its original state, the input and output use
RGB images. When it is used to reconstruct class-based landuse data, for example, where each color
represents a class, the output may contain invalid classes and other artefacts. This issue is resolved
by utilizing additional output formats, such as one-hot encoding. The implementation of one-hot
encoding ensures the elimination of ambiguous color values, thereby guaranteeing the production
of exclusively valid classes. This, in turn, results in a simplification of both the training process
and the subsequent post-processing stage. In order to facilitate the training of the network with
one-hot-encoded landuse data, a minor adjustment is made to the loss calculation. The perceptual
loss is replaced by cross-entropy loss. Furthermore, the output layer and the corresponding activation
function is substituted accordingly. A similar change is implemented at the input stage of the inpainting
neural network architecture. Here, the network is prepared to use the original RGB image with a mask
to indicate where inpainting is required. The single RGB-Image input is modified to accommodate
new data types, including one-hot encoding and black and white images for heightmaps. The number
of input and output classes can differ in order to train on classes that will not be generated, such as
the road. Finally, the existing convolution implementation is made variable to allow for the use of
multiple input maps. In order to judge the training process, the before used Fréchet Inception Distance
(FID) is replaced by the mean intersection over union (MiOU) score [43,44].

It was determined that, given the training data is less complex than the data for which the
architecture was designed, the discriminator network required a reduction in size by almost half of
its original dimensions. Furthermore, it is necessary to adopt the learning rates. Semantic data label
smoothing [45] is introduced to improve training.
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The network was trained for a total of 110 epochs. At this point, there are indications that
the training process may be entering a phase of overfitting. The generator is used alone to create
landuse samples just with the input of a road course defined by the OpenDRIVE file and the relevant
hyperparameters. Any defects that occur, such as holes in individual plots, are repaired with minimal
automatic post-processing. Figure 3 displays eight sampled landuse maps. These are used in further
reconstruction of the environments, as the ones shown are in the generation of the dataset.

Properties Straight Curve

Country 1 Country 2 Country 1 Country 2

Industrial

Residential

Grass Ind. Plot Res. Plot Road C1
Ind.

Road C1
Res.

Road C2
Ind.

Road C2
Res.

Figure 3. Samples of the training data for the landuse reconstruction

2.3. 3D Semantics Generation - Semantic City

The map-based data constitutes the foundation for the subsequent layer, namely the 3D semantics.
In this layer, the position of simple three-dimensional (3D) objects, such as individual trees and props,
is defined. In addition, the structure and attributes of more complex elements, including buildings, are
specified. We use CityGML [46,47] to represent this information. CityGML is an open standard of the
Open Geospatial Consortium (OGC) that has the capacity to represent landscapes through a variety of
different modules with varying levels of detail.

This standard is chosen for several reasons. CityGML is a comprehensive model that can describe
a wide range of urban and landscape elements, including buildings, transportation infrastructure,
vegetation, water bodies, and terrain. Its many thematic modules permit the detailed representation of
different aspects of a city or 3D environment, thereby ensuring that all relevant components, such as
roofs, facades, road areas, and vegetation types, can be modelled consistently. The schema may be
extended with custom Application Domain Extensions (ADEs), rendering it suitable for specialized
use cases that require additional attributes or new object types. CityGML is an XML-based open
standard that is both machine-readable and widely supported, thereby enabling reliable data exchange
between tools, frameworks, and institutions. The aforementioned properties of CityGML render it a
robust foundation for the structuring and storage of the semantic 3D information that is required in
our framework.

In order to transform the existing data into a CityGML representation, incorporating both input
and previously reconstructed information, a range of tools are employed. The tool r:trån [48–50]
developed at TU Munich is utilized for the purpose of converting OpenDRIVE files to a CityGML
representation. The creation of buildings in CityGML is facilitated by the utilization of Random3DCity
[51] functions, which have been adapted for this purpose.

Subsequent to the aforementioned conversion, rule-based, procedural modelling approaches are
employed for the reconstruction of various components of the scene, in a manner similar to [34] and
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[35]. In this layer, rule-based approaches are chosen to enhance the controllability of reconstruction.
The restriction of possibilities has the advantage of obviating the necessity for implementing sanity
checks. Furthermore, the transfer of parametrized objects to a formalized representation, such as
CityGML, is thereby rendered more straightforward.

The placement of buildings is governed by a set of rules, the majority of which are defined by
environmental properties in Table A1. Nevertheless, it is feasible to derive these regulations from
real-world data from sources as indicated in [52,53]. The general parameter ranges are established
with minimum and maximum values for the length, width, and number of storeys of the building.
Additionally, parameters for the definition of roof type, the placement of windows and doors are
set. The placement of buildings on the existing plots is determined by iterating through the existing
landuse. For each plot, a rectangle is determined, which fits into the plot boundaries and thereby
determine the boundaries of the building. Respecting the boundaries, parameters for the building are
randomly sampled from the established ranges. These parameters determine the shape of the building
and the placement of additional models, such as windows and doors. Street lights are placed along
the road to serve as street furniture. To make the scene more realistic, the positions of the street lights
along the road are partly randomized. Trees are placed randomly throughout the scene, respecting the
outline of the buildings and the road, based on a specified vegetation density.

2.4. Detailing of the Generated Environment

Following the establishment of the 3D semantics, the final layer - the detailing stage - serves
to integrate all components. In this step, the initial ODR input, heightmap, landuse information,
and the semantic 3D environment are assembled into a coherent, detailed 3D scene. This layer is
structured into two parts. First, preparing the data for import into any 3D simulation environment and
second, finalizing it within the chosen simulation platform. These steps work together to transform
the abstract semantic representation into a fully realized, simulation-ready 3D environment. This
split is introduced to make the simulation platform independent to a certain degree, and to increase
modularity, albeit at the cost of additional input and output parsing overhead.

The topology is constructed from the heightmap using a polygonal mesh. The heightmap has
a resolution of 256 by 256 pixels, representing an area of 200 by 200 meters. The landuse map is one
pixel smaller in size because the heightmap defines the corner positions of each grid cell, while the
landuse image defines the cell itself. Road surfaces are not defined by the landuse map, but rather
specified in a higher geometric detail through the CityGML r:trån definition. This definition may be
directly interpreted as polygonal surfaces. Nevertheless, the landuse road class remains a requisite
factor in determining the locations of road transitions. It is evident that, due to the nature of r:trån road
geometry being continuous whilst the heightmap is discrete, the presence of gaps would be inevitable
in the absence of correction. The resolution of this issue necessitated the development of a stitching
algorithm, the function of which is to create surfaces that connect the road borders present in the
landuse map to the outermost curves of the r:trån road definition. For each point on these curves, the
corresponding grid cell is identified, and polygons are drawn to connect all points that are required.
Upon the entry of a new cell, any pending polygon sections are closed.

The generation of buildings is achieved through the direct interpretation of surfaces defined
within the CityGML file. The surfaces are triangulated into polygonal meshes. These meshes are then
combined with predefined high-resolution 3D objects.

The selection of 3D objects and the later application of materials are governed by a mapping
system that links metadata - such as country, area type, and object category - to a distribution. This
distribution delineates the probability of spawning specific props or selecting particular materials.
The system allows for realistic variation, which would be impossible with a single fixed choice. For
example, while two countries might generally use fundamentally different materials for pavements,
each country would still use a multitude of different variants with different probabilities. For now,
these distributions have to be defined using expert knowledge, but they can also be learnt from
real-world data. Therefore, the library is initially created manually.
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Two principal methodologies can be employed for the incorporation of three-dimensional objects
into the scene. The objects may be embedded directly in the glTF file, or nodes containing the metadata
can be created for use in spawning the three-dimensional objects inside the simulation software later.
The choice depends on the simulation environment and the intended use of the objects. In instances
where the simulation supports direct import and the object does not necessitate additional features or
functionality, embedding is a viable option. However, embedding increases file size and consumes
more resources during import. In this instance, the second option is employed to distinctly separate
the information generation process from the finalization of the environment. All three-dimensional
objects are prepared in Unreal Engine as blueprints within a designated library. These blueprints are
then inserted during the loading process of the environment. During the process of spawning, the
metadata of the dummy nodes is utilized to adapt the 3D objects. In general, metadata attached to
the nodes transfers information across tools, such as material selection or segmentation classes. In
this final assembly of the environments, high-resolution 3D models are employed for the modelling
of the windows [54], the doors [55], the trees [56] and streetlights [57,58]. Furthermore models and
materials of Quixel Megascans [59] are used. In order to enhance the realism and aesthetic appeal of
the materials, a technique known as texture bombing is employed on select materials.

The final target output format is a three-dimensional environment that is ready to be simulated in
the open-source CARLA simulator [21]. In this paper CARLA 0.10.0 is used, which is based on Unreal
Engine 5 [20], in order to provide support for recent advancements in rendering techniques, including
the Nanite system. The incorporation of such a system has the potential to enhance the framework’s
resilience and adaptability to future changes.

Following the transformation of the data into the agnostic 3D format GLTF, its import into
CARLA is facilitated by a bespoke import pipeline based on glTFRuntime [60]. The glTFRuntime
pipeline is significantly modified to enable the saving of parts of the environment, as well as to
interpret additional metadata embedded within the created 3D environments. All elements of the
environment are automatically interpreted and prepared for use within CARLA. This preparation
involves the establishment of collision properties, the placement of predefined three-dimensional
objects as previously referenced, and the allocation of suitable materials. In order to capture synthetic
sensor data from the environments, it is necessary to combine multiple chunks in order to create
a cohesive street network. This will ensure that route generation is smooth and that roads do not
abruptly end. An example of such a street network is illustrated in Figure 4. Each chunk is generated
individually, allowing for flexibility and customization in the reconstruction process.

(a) (b)

Figure 4. Two street networks generated with the framework are shown. (a) Presents an environment generated
for country 1 residential. (b) Presents an environment generated for country 2 residential.

3. Results
Based on the proposed generation framework, four environments are created for each configura-

tion defined earlier. These environments serve as the basis for generating camera data, accompanied by
semantically segmented ground-truth data with CARLA. Sample frames showcasing these generated
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environments are displayed in Figure 5. The whole dataset, named "LGM dataset", is published along
with this work in [61]. In total, the dataset contains 2388 images. The distribution of generated images
across the generated environments is shown in Table A2.

(a) (b) (c) (d)

Road Sidewalk Building Pole Vegetation Terrain Sky

(e) (f) (g) (h)

Figure 5. Four samples of color camera data (top row) and respective semantic segmentation (bottom row)
sampled from the four generated environments: Country 1 industrial (a, e), Country 1 residential (b, f), Country 2
industrial (c, g), Country 2 residential (d, h).

To validate the approach, two methodologies may be employed. Firstly, the environments can be
assessed for realism. This task proves challenging, as purely synthetic environments may lack real-life
counterparts, necessitating comparisons of distributions—such as the placement of certain elements.
Evaluating the entire environment in this manner presents difficulties due to the multitude of possible
distributions that could be analyzed. It is more manageable to perform this assessment on individual
reconstruction layers, as demonstrated with the generation of the landuse map.

The second validation method focuses on usability rather than strict realism. While validating
for realism assumes that data closest to reality provides the best training and validation outcomes,
one could argue that synthetic data may still be useful, despite not closely resembling realistic sensor
data from actual test drives. The evaluation of the usefulness of the system is achieved by training a
segmentation neural network using various mixtures of realistic and synthetic data. The accuracy of
the network is monitored throughout the training process. This kind of validation is done in [12], [36],
[13], and [27]. The objective is to ascertain the extent to which more expensive real-world data may be
replaced with cheaper synthetic alternatives while maintaining accuracy in model performance.

Similar to [12,27] the segmentation accuracies are analyzed per class and combined. Additionally
we analyzed the training process, varying both the number of images used for training and the ratio
of real and synthetic data in the training dataset, while validating only on real data. The network
chosen to be trained is Yolo-v8-n [40]. We chose the KITTI-360 dataset [39] as our real dataset. The
segmentation classes trained on are road, sidewalk, building, pole, vegetation, terrain, and sky.

The neural network is trained 300 epochs each time. For each configuration 5 different seeds are
used. The number of images utilized for training purposes is determined to be 100, 500, and 2000 in
total. We varied the ratio of real to synthetic data in 25% steps, later adding some 5% steps to spotlight
the region where degradation starts to happen. 100% Real/Synth ratio means, that 100% real data
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is used for the training process. Every trained network is validated at every epoch on 2000 images
sampled randomly from all available drives of the KITTI-360 dataset, which were not used during
training.

The global accuracies of the individual trainings are shown in Figure 6. The specific global
accuracies together with the segmentation accuracy of each class and the mean per-class accuracy of
epoch 300 are displayed in Table 1. As expected, with fewer images per epoch, the training process
is slower, as all learning curves are more gradual. In addition, an increase in standard deviation is
observed. In general, the greater the amount of synthetic data introduced, the greater the increase in
standard deviation and the greater the decrease in accuracy. Figure 7 shows the Pareto front of the
final accuracies at epoch 300 for the different Real/Synth ratios. The degradation in accuracy becomes
significant at different ratios depending on the dataset size. For a training set of 2000 images, up to 95%
of the data can be replaced with only an approximately 5% drop in accuracy. In the 500-image dataset,
a similar decrease of about 5% occurs already at 80% replacement. In contrast, the 100-image dataset
exhibits a much more pronounced decline: Starting from an initial accuracy of 73.9%, performance
drops by roughly 20% when 95% of the real data is replaced by synthetic data. Overall, the smallest
dataset shows higher standard deviations, indicating increased training instability.
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Figure 6. Global accuracies along the training process. In the upper row the mean value across the five different
seeds is displayed, in the lower row the standard deviation is displayed. Each column corresponds to 100, 500
and 2000 training samples per epoch.
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Figure 7. Mean accuracies with standard deviations at epoch 300 at varying Real/Synth ratios. Each line represents
one of the three training dataset sizes used.

When analyzing accuracies on a per-class basis in Table 1, using the mean of all class-wise
accuracies with equal weighting across classes, the observed degradation is qualitatively similar but
quantitatively stronger. Nevertheless, a substantial portion of the data can still be replaced without a
significant loss in performance. Classes such as pole are difficult to segment, exhibiting consistently
low accuracy across all training configurations. Other classes achieve considerably better results. In
the 2000-image and 500-image datasets, certain classes — road and building — are even segmented
slightly more accurately when training is performed with partially synthetic data.
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Table 1. The mean accuracies and their respective standard deviations at epoch 300, with the size of the training set varying. All numerical values are expressed as percentages.

2000 training samples

Real/Synth
ratio Road Sidewalk Building Pole Vegetation Terrain Sky Per-class

accuracy Global accuracy

100 92.4 ± 0.4 82.1 ± 0.2 82.8 ± 1.2 17.1 ± 1.0 87.5 ± 0.6 78.1 ± 0.8 91.5 ± 0.2 75.9 ± 0.2 86.5 ± 0.3
75 93.8 ± 0.4 81.1 ± 0.5 84.1 ± 0.8 15.7 ± 1.0 86.2 ± 3.0 77.6 ± 0.7 91.6 ± 0.4 75.7 ± 0.5 86.4 ± 1.2
50 93.3 ± 0.2 79.2 ± 0.7 84.2 ± 0.5 12.1 ± 1.3 83.9 ± 3.1 76.5 ± 0.6 91.0 ± 0.2 74.3 ± 0.5 85.2 ± 1.4
25 92.6 ± 0.2 74.5 ± 0.9 81.9 ± 0.6 8.6 ± 1.0 85.2 ± 2.2 73.1 ± 1.2 90.8 ± 0.4 72.4 ± 0.5 84.5 ± 1.0
20 92.0 ± 0.7 71.9 ± 1.2 80.6 ± 0.9 7.3 ± 1.2 85.3 ± 1.7 73.1 ± 1.1 90.1 ± 0.5 71.5 ± 0.2 84.0 ± 0.8
15 91.5 ± 0.7 69.5 ± 0.3 79.8 ± 1.2 6.4 ± 0.7 86.2 ± 1.9 71.8 ± 1.2 90.2 ± 0.3 70.8 ± 0.3 83.9 ± 0.9
10 91.0 ± 0.8 65.4 ± 0.6 78.0 ± 1.2 6.1 ± 1.5 87.3 ± 2.0 64.7 ± 2.3 89.6 ± 0.4 68.9 ± 0.3 83.3 ± 0.8
5 88.4 ± 0.6 61.4 ± 1.6 73.8 ± 0.8 2.8 ± 0.6 87.6 ± 0.7 54.0 ± 3.7 88.4 ± 0.8 65.2 ± 0.5 81.2 ± 0.3
0 9.3 ± 7.6 2.1 ± 0.9 26.2 ± 6.5 1.2 ± 0.5 51.3 ± 10.4 51.6 ± 12.6 45.5 ± 16.4 26.7 ± 0.9 34.9 ± 4.6

500 training samples

Real/Synth
ratio Road Sidewalk Building Pole Vegetation Terrain Sky Per-class

accuracy Global accuracy

100 90.7 ± 0.6 70.8 ± 1.4 78.5 ± 1.1 8.5 ± 1.3 87.8 ± 0.4 67.8 ± 1.9 90.1 ± 0.4 70.6 ± 0.4 84.1 ± 0.4
75 91.2 ± 0.3 70.8 ± 1.3 79.5 ± 1.0 6.5 ± 0.9 85.0 ± 2.3 64.4 ± 1.1 90.5 ± 0.3 69.7 ± 0.7 83.1 ± 1.1
50 91.2 ± 0.7 67.9 ± 1.3 79.7 ± 0.4 4.2 ± 0.5 84.5 ± 0.8 57.2 ± 2.7 90.1 ± 0.6 67.8 ± 0.5 82.4 ± 0.4
25 88.9 ± 1.1 60.6 ± 1.3 75.2 ± 1.1 4.6 ± 0.7 86.6 ± 2.6 56.8 ± 3.8 89.0 ± 0.5 66.0 ± 0.6 81.3 ± 0.8
20 88.8 ± 0.9 58.8 ± 2.7 75.2 ± 1.3 3.9 ± 0.9 86.4 ± 1.6 53.3 ± 2.2 88.3 ± 0.3 65.0 ± 0.4 80.9 ± 0.6
15 88.1 ± 1.2 55.1 ± 1.4 73.1 ± 1.1 2.8 ± 1.1 85.8 ± 1.5 54.5 ± 1.4 87.8 ± 0.3 63.9 ± 0.2 79.9 ± 0.4
10 85.7 ± 1.7 49.8 ± 4.3 66.9 ± 1.4 1.8 ± 0.8 86.2 ± 1.0 38.7 ± 7.2 87.6 ± 0.3 59.5 ± 0.9 77.2 ± 0.7
5 81.2 ± 3.2 45.4 ± 4.0 53.3 ± 0.2 1.5 ± 0.7 84.6 ± 1.3 29.4 ± 2.9 86.4 ± 0.8 54.6 ± 0.8 72.1 ± 0.3
0 19.9 ± 15.5 7.2 ± 2.7 13.7 ± 1.3 0.6 ± 0.4 30.4 ± 9.8 52.1 ± 4.0 71.2 ± 2.2 27.9 ± 2.3 27.6 ± 5.2

100 training samples

Real/Synth
Ratio Road Sidewalk Building Pole Vegetation Terrain Sky Per-class

accuracy Global accuracy

100 78.9 ± 2.9 49.4 ± 3.5 68.6 ± 4.1 0.3 ± 0.3 80.2 ± 1.9 41.5 ± 6.0 86.2 ± 1.1 57.9 ± 1.4 73.9 ± 1.2
75 78.2 ± 3.0 41.7 ± 5.7 59.1 ± 3.3 0.6 ± 0.6 73.9 ± 7.4 41.6 ± 3.8 84.9 ± 1.9 54.3 ± 1.9 68.5 ± 3.3
50 77.9 ± 1.9 39.7 ± 2.9 55.5 ± 3.7 0.3 ± 0.4 72.0 ± 4.8 39.2 ± 5.1 81.8 ± 0.6 52.4 ± 1.5 66.4 ± 2.0
25 69.7 ± 5.2 35.5 ± 6.2 43.9 ± 2.9 0.0 ± 0.0 70.0 ± 7.6 41.8 ± 7.9 76.1 ± 3.4 48.1 ± 0.5 61.1 ± 2.4
20 71.8 ± 4.7 33.0 ± 7.9 39.1 ± 6.1 0.0 ± 0.0 65.7 ± 7.1 32.7 ± 13.5 73.1 ± 7.5 45.0 ± 3.4 57.7 ± 3.8
15 71.0 ± 2.8 35.0 ± 3.4 40.1 ± 4.7 0.0 ± 0.0 67.6 ± 4.0 38.2 ± 5.2 76.9 ± 5.4 47.0 ± 0.9 59.3 ± 1.3
10 65.7 ± 7.5 29.3 ± 7.9 35.8 ± 1.4 0.0 ± 0.0 57.8 ± 14.2 37.6 ± 5.9 62.1 ± 8.6 41.2 ± 2.9 51.8 ± 6.3
5 58.3 ± 8.0 32.2 ± 4.0 13.2 ± 3.3 0.0 ± 0.0 81.7 ± 10.1 36.5 ± 12.1 31.9 ± 11.4 36.2 ± 4.0 53.5 ± 5.3
0 20.7 ± 17.3 15.6 ± 3.4 11.6 ± 3.7 0.0 ± 0.0 14.6 ± 7.9 58.2 ± 12.9 48.5 ± 12.0 24.2 ± 3.2 19.6 ± 2.4
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4. Conclusion
This work presents a modular, flexible, and easily scalable framework to generate synthetic 3D

environments. The fast and cheaply generated 3D environments are used to produce high-quality
synthetic sensor data, in conjunction with consistent ground truth. The findings from the validation
experiments demonstrate that the synthetic data generated has the capacity to substitute a significant
proportion of real data prior to the occurrence of perceptible accuracy degradation. This finding
suggests that the generated environments are capable of capturing the relevant structural and semantic
properties needed for training and validating perception models. Synthetic data and our underlying
framework present a promising alternative to the usage of purely real-world data collection, as real-
world data is connected to high costs, exhaustive manual work, and - in some cases - even unethical
and dangerous techniques. Nevertheless, the results of the study indicate further possibilities for
improvement.

We show the usage of inpainting networks for maps used to reconstruct 3D environments. Our
presented technique works, but may be utilized further. Additional map-based data, such as the
heightmap, may be generated. This data may serve as the foundation for the generation of water maps
or further data, which can be abstracted to a 2D map. As the data to be generated can be diverse, the
architecture may need additional changes. Additionally, automated hyperparameter tuning should be
explored.

CityGML proves to be a powerful foundation for representing the whole static 3D environment
semantically. For now, a variety of different objects are introduced, which may be expanded in the
future to fill the scene with life.

This holds true for the detailing stage. Here, additional components should be introduced, such
as foliage and depth to certain materials, with, for example, virtualized geometry through systems
like Unreal Engine’s Nanite system. This would introduce more (wanted) noise to the generated 3D
environments, making them more variable. This addition is also interesting for generating LiDAR data
from the given 3D environments.

Our validation shows that in our experiments, approximately up to 90% of the real data can be
replaced by our synthetic data without significant accuracy degradation, depending on the training
configuration. Our extensive training results with different Real/Synth ratios and training set sizes
give a good indication that our data can be used in varying situations. A key contribution is the LGM
dataset we present along this work in [61]. The dataset offers a total of 2388 color images along with a
semantic segmentation in 7 classes.

For future research, we identified three main goals we want to explore further. Firstly, domain
shifts or general variations of the generated environments are of great interest. In this regard, the
framework may be further extended by introducing additional features and components in the
individual modules. In the detailing layer, dynamic effects such as weather and day/night cycles may
be introduced. In the case of the map-based data reconstruction and 3D semantics, further areas may
be included in the generation as well as further use cases. Two interesting use cases are agricultural
and maritime applications, where map-based data, such as currents or, in the case of agriculture, soil
conditions can be reconstructed along with relevant scenery.

Secondly, we would like to explore further techniques for the generation of the different layers.
In the case of placement of scene components or map-based generation approaches, such as stated
in [62], can be implemented. This would enhance the possibilities and the flexibility of the proposed
framework, as more diverse input data may be introduced. Also, environments could be represented
with varying granularity, which may be more suitable for a specific use case. We plan on incorporating
dynamic objects with interactions, as shown in [63] in the framework as well.

Thirdly, although the data produced is already usable in its current state, we would like to
introduce real data as the baseline on which we train or define every single generation step. For this,
the groundwork is already laid, as the layers are designed to encompass real data sources, as indicated.
All of these points would greatly enhance the possibilities of the framework for generating scenarios,
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which can cover a great portion of the ODD of an ADAS functionality. As previously mentioned, this
could lead to further advancements in the fields of ADAS fuzzing and ODD exploration. Consequently,
this could facilitate targeted searches specifically targeting edge cases. Such a possibility would
increase the safety for autonomous vehicles.
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Appendix A

Table A1. Overview of environment properties

Properties
Country 1 Country 2

Industrial Residential Industrial Residential

General ground
type Green grass Green grass Green grass Green grass

Road markings White White Yellow Yellow

Plot size Medium Long, narrow Large Medium

House size Large
warehouses

Tall inner-city
style

Large
warehouses Small rural

House material Sheet metal Red brick Sheet metal Flagstone

Windows Few Many Few Normal

Ground type Rubble Fit green grass Rubble Fit green grass

Street light type Virginia street
light

Virginia street
light

New York street
light

New York street
light

Tree density Low High Low High

Table A2. Distribution of the generated images in the accompanying dataset across the four 3D environments
created.

Country 1 Industrial Country 1 Residential Country 2 Industrial Country 2 Residential

575 626 557 630
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Abbreviations
The following abbreviations are used in this manuscript:

AD Automated Driving
ADAS Advanced Driver Assistance Systems
AV Automated Vehicle
GAN Generative Adversarial Networks
IND Industrial
ODD Operational Design Domain
ODR OpenDRIVE
OSC OpenSCENARIO
MBSE Model-Based Systems Engineering
RES Residential
SBSE Scenario-Based Systems Engineering
STD Standard Deviation
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