
The development of automated driving functions requires massive amounts 

of high-quality training and test data. Real-world test drives quickly hit a 

dead end from a practical and economic perspective, especially when rare 

or safety-critical scenarios need to be modeled. IPG Automotive presents 

how synthetic datasets based on physical sensor models offer an efficient 

and scalable alternative, and how they can be integrated into modern de

velopment processes.

g  The perception of automated  
vehicles is based on neural networks.  
In order to work reliably, they require 
vast amounts of high-quality training 
and test data. The cause for this is the 
data-driven development method: A 
model can only learn and master what 
the training data contains in sufficient 
number and quality. If the datasets are 

missing specific situations, objects, or 
ambient conditions, it cannot be guar
anteed that the system is able to rec
ognize and interpret them correctly. 
New or enhanced features can only 
be learned and validated reliably with 
additional, precisely annotated data. 
Furthermore, correcting faulty predic-
tions or unwanted behavior requires 

new and complementing data with 
according labeling. Patterns, rela-
tions, and exceptions are only created 
based on existing examples, FIGURE 1. 
Their diversity, coverage, and quality 
directly impact the performance of 
vehicle systems.

This article focuses on present-
ing state-of-the-art research for the 
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development of a dataset generator 
that is based on physical sensor mod-
els. Its aim is to enable the generation 
of realistic, diverse, and accurately 
annotated datasets, complementing 
the data collection with real test vehi-
cles by modeling critical or rare sce
narios in particular.

PRESENT CONDITIONS

Datasets for automated vehicles are 
commonly recorded with real-world 
test vehicles. Those are equipped with 
sensors which are calibrated and syn-
chronized to subsequently perform 
test drives. Relevant scenarios from 
the recorded raw data are selected, 
annotated, and processed for model 
training. After training, the models 
are validated and put into operation. 
This process is time-consuming and 
cost-intensive especially because 
rare and critical situations, such as 
extreme weather conditions or acci-
dents, hardly occur in real-world 
test drives.

Synthetic data provides a scalable 
and cost-efficient addendum. They 
enable the systematic generation of sce-
narios that are diverse and otherwise 
difficult to access, guarantee accurate 
annotations as well as a precise syn
chronization between sensor signals. 
In this way, synthetic datasets con
tribute to developing and validating  
perception functions for automated  
vehicles. In one study, a synthetic data-
set was created based on the video game  
GTA V [1]. By adding synthetic scenes  
to real training data in a targeted way, 
the precision of neural networks for  
semantic segmentation was signifi-
cantly improved. This illustrates the 
potential of virtual data generation 
to further increase the performance  
of data-driven perception models.

DEVOPS AND MLOPS

However, the generation and use of syn-
thetic data is only a part of the complete 
development process for automated driv-
ing functions. The effective incorpora-

tion of data in training and validation 
cycles necessitates structured work-
flows as well as close linkage of model 
development, test, and operation. This 
is where the concepts development and 
operations (DevOps) as well as machine 
learning operations (MLOps) come in.

In conventional software development, 
the DevOps loop describes a continuous 
process consisting of development, test, 
delivery, and operation of software. Pro-
gram code, software architecture, and 
versioning are at the core of this concept. 
A similar concept, the MLOps loop, ex
ists in the field of Machine Learning 
(ML) [2]. It is based on the principles of 
DevOps but adds two key components: 
the required data and the trained ML 
models. While DevOps aims at efficiently 
and reliably transferring software chang
es into current operations, MLOps addi-
tionally integrates the management of 
large amounts of data that are required 
to train and validate the models. The 
aim is to model the entire life cycle of 
ML models, from data collection and 
annotation to training, deployment and 

FIGURE 1 Available annotated data in sufficient quantity and variety form the basis for data pattern recognition with neural networks (© IPG Automotive)
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monitoring during use, in a seamless, 
preferably automated process.

The development process of a ML  
system follows the cyclic MLOps loop,  
in which data, models, and operation  
are closely tied together, FIGURE 2. It 
starts with the collection of raw data,  
for example from test drives, and is fol-
lowed by curation where rare or under-
represented scenarios are selected in 
particular. These data are equipped 

with precise ground truth annotations 
and processed for training by translat-
ing them into the required format or 
adding meta-information. Afterwards, 
the models are trained from scratch or 
by fine-tuning existing networks. Vali
dation with separate test data, which 
were not used in the previous training 
step, ensures the model’s robust reac-
tion to unknown but similar data. The 
last step is the deployment in opera-

tions where the model is constantly 
monitored and improved iteratively 
if necessary. This process enables the 
systematic detection of weaknesses in 
model performance and the determina-
tion of data needs for troubleshooting. 
With this approach however, the tar-
geted collection of new specific data 
in real-world test drives, for example 
for rare or hazardous events, represents 
a major challenge.

AI USE CASES AND 
DATASET REQUIREMENTS

In the field of automated vehicles, three 
key use cases for AI systems can be dif-
ferentiated that pose specific require-
ments on datasets. The single sensor per-
ception focuses on training and testing 
individual sensors. Annotations in this 
case are partially specific to the technol-
ogy: bounding box positions, measure-
ments, object types, and velocity vectors 
are typically added to lidar data. Camera 
data, however, are equipped with 2D and 
3D bounding boxes, pixel-accurate seg-
mentation, classification as well as infor-
mation on position and velocity, while 
radar data contain information such as 
radar cross section (RCS), classification, 

FIGURE 3 Simulation of a construction site on the freeway (left) and the corresponding environment model (right); visualization of ego vehicle (dark blue) with 
camera field of view (green), road user (light blue) and lane markings including yellow construction site markings (© IPG Automotive)

FIGURE 2 Conventional development cycle for a machine learning system in the  
MLOps loop (© IPG Automotive)

DEVELOPMENT  Automated Driving

40 www.springerprofessional.com/automotive



distance, and relative velocity. For imag-
ing or 4D radars, the annotations are 
similar to the ones of the 3D camera. 
Established datasets in this field are 
KITTI, Cityscapes or BDD 100k [3, 4, 5].

The sensor data fusion requires data-
sets which provide a global 360° envi-
ronment model as input for annotation 
and simultaneously include the raw 
data of all relevant sensors. The third 
use case, prediction/decision-making, 
also uses global 360° environment mod-
els as input for annotations, FIGURE 3. 

One example is the Waymo Open Motion 
Dataset which provides detailed motion 
profiles and environment scenarios [6]. 
All three use cases show that the qual-
ity, coverage, and depth of detail of data-
sets directly impact the performance and 
safety of systems in the vehicle.

GENERATION OF 
SYNTHETIC DATASETS

Synthetic datasets can be generated 
by virtually modeling the required 

components in the real world. This 
encompasses a virtual vehicle proto-
type including sensor models and the 
related parameters. The virtual world 
is set up with scenarios that are high in 
detail from a static as well as dynamic 
perspective. These scenarios are the 
basis for the subsequent classification 
of objects and the targeted selection 
of relevant traffic situations, FIGURE 4. 
This step equals the curate step in the 
MLOps loop. The following step deter-
mines the configuration of the desired 

FIGURE 4 Exemplary representation of rare traffic situations deliberately designed and generated in CarMaker (© IPG Automotive)

FIGURE 5 Comparison of different ground truth data in CarMaker; top: 3D and 2D bounding boxes for object localization, bottom: 
Semantic segmentation (color-coded classification of every pixel class) and instance segmentation (separation of individual 
object instances in the scene regardless of their class) (© IPG Automotive)
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annotations, or more specifically, the 
information the system is supposed to 
learn. Conceptionally, it lies between 
annotate and curate. The sensor data 
are then recorded and exported in the 
desired (standard) formats. In contrast 
to real-world datasets, where test drives 
come first and data curation and annota-
tion second, synthetic data starts with 
planning: Initially, a decision is made  
as to which scenarios are to be simu-
lated, then the annotations are selected, 
and finally the actual simulation and 
data capture take place, FIGURE 5.

Thus, synthetic datasets do not only 
introduce methodological but also stra
tegic advantages to the development pro-
cess. In early development stages, ini-
tial prototypes can be trained and tested 
even though real data are not available 
yet or only covered to a limited extent. 
Synthetic data furthermore enable sig
nificant efficiency gains in the MLOps 
loop: Datasets can be generated specif
ically for identified data gaps or speci
fic scenarios, FIGURE 6. This shortens 
training cycles, reduces costs, and helps 
validate development decisions much 
faster. Tools such as VIRTO manage  
virtual prototypes and scenarios and 
enable the scalable generation of training 
and test data. Test cases and scenarios 
are available throughout the company 
which facilitates merging various ML 

components from different development 
teams in one virtual prototype and test-
ing the component interplay. This helps 
avoid inconsistencies and integration 
issues in complex ML systems and facili-
tates problem recognition and correction 
in the interplay of components early  
on [7]. Data generation can additionally 
be scaled in the cloud.

SUMMARY AND OUTLOOK

Synthetic datasets establish new possi
bilities for the development of AI sys-
tems in the field of automated driving. 
They do not only enable targeted model-
ing of rare and critical scenarios, but 
they also deliver accurate annotations 
and consistent sensor data that are vital 
for training, validation, and sensor data  
fusion. By combining them with phys-
ics-based sensor models, complex ambi-
ent conditions can be simulated realisti-
cally. With the integration of MLOps pro-
cesses, virtual prototypes and scenarios 
can be used throughout the company. 
This improves collaboration of different 
teams and increases the scalability of 
data generation. According to the shift-
left approach, which purposely moves 
tests, validation and optimization to early 
development stages, AI-supported driving 
functions can be developed faster and 
with more efficiency and reliability.
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FIGURE 6 3D scene with ground truth information (© IPG Automotive)
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 chassis.tech
Smart chassis solutions – using digital tools,  
simulators, and testing in a targeted manner  
to improve driving characteristics

 steering.tech
Modern steering systems – creating compact and  
adaptive solutions for intuitive steering behavior,  
steer-by-wire, redundancy, and functional safety

 brake.tech
Future-proof braking technologies – integrating  
brake-by-wire, recuperation, and Euro 7 conformity  
into an environmentally friendly development process

 tire.wheel.tech
Pioneering tires and wheels –
developing weight-optimized components  
for safe and sustainable mobility 
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