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Chapter 1

Introduction

Vison-based Deep Learning models have propelled the automation of many industrial tasks, such
as robotic-based material handling and industrial quality inspection. However, training and testing
a deep neural network is a time-consuming and expensive task that typically involves collecting and
manually annotating large amounts of data due to its supervised learning nature. Data availability also
plays an important role in dataset creation, as it can quickly increase the time, effort, and expenses
invested in ensuring a considerable amount of high-quality data. In addition, the low scalability of
collected data can also be a problem if its scope is only valid for a speci�c use case or if some changes
are needed that make the part of the data impossible to use. These problems become more evident
when the needed data falls within industrial applications, as data can be scarce and dif�cult to obtain
[1]. For instance, it is fair to assume that Computer-Aided Design (CAD) availability is granted in
most industrial settings. But not to assume that it will be possible to collect and annotate hundreds of
thousands of images in different con�gurations.

An increasingly popular approach to mitigate these limitations is the use of synthetically gener-
ated data to replace partially or entirely real-world data, which can help overcome these problems
while improving time and cost expenses [2][3]. Synthetic data leverages advanced graphic simulators
[4][5][6], allowing the creation of a virtual environment where training examples can be produced.
Such simulations are scalable and easily customisable, avoiding the challenges of collecting and an-
notating data in the real world. Moreover, they allow �ne-grained control over scene parameters,
enabling the generation of diverse and challenging corner-case scenarios that might be dif�cult or
impossible to replicate consistently in the real world. The rendering engines used in these simu-
lations inherently possess comprehensive scene information, facilitating automatic annotation, and
signi�cantly reducing manual intervention. Additionally, virtual environments offer reusability and
adaptability, allowing rapid dataset iteration in response to changing requirements.

However, synthetic data suffers from discrepancies when compared to real-world data, mainly in
the photorealistic aspect [6]. Image renderings often fail to replicate the richness, complexity, and
noise characteristics intrinsic to real-world images [6]. This mismatch, known as the reality gap,
is a signi�cant challenge, since models trained purely on synthetic data may struggle to generalise
effectively when deployed in actual industrial environments.

To bridge this reality gap, Domain Randomisation (DR) has emerged as a strategy to improve model
generalisation by increasing the diversity of synthetic data. DR works by randomising simulation
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CHAPTER 1. INTRODUCTION

parameters, such as lighting conditions, object textures, and camera viewpoints to expose the model
to a wide range of scenarios during training. By learning a more diverse dataset, models can generalise
better, effectively transferring learned representations from simulated to real-world settings without
the need to add real data [6]. The use of DR can not only enhance the robustness of the trained model
but also reduce dependence on real-world data.

Another complementary approach to bridging the reality gap involves Guided Domain Randomisa-
tion (GDR) techniques. GDR focuses on leveraging limited amounts of real-world data to �ne-tune
trained models by aligning feature distributions between simulated and real-world domains [7]. By
minimising domain discrepancies, DA techniques help to further improve the robustness of detection
models.

In summary, leveraging synthetic data generation combined with domain randomisation and adap-
tation strategies provides a promising solution to address the challenge of data scarcity, cost, and
scalability in vision-based deep learning models for industrial applications. This thesis proposes a
pipeline that makes use of these techniques in order to automate the process of training detection
models while bridging the reality gap.

1.1 Collaboration with Mercedes-Benz Group AG
This thesis is a continuation of the project-oriented internship conducted during the previous semester
in collaboration with Mercedes-Benz Group AG in Stuttgart, Germany. The previous work consisted
of optimising synthetic data pipelines and explainable AI for industrial applications [8].

Mercedes-Benz Group AG is a world-leading premium and luxury car manufacturer. Founded in 1926
by Karl Benz and Gottlieb Daimler, the company made history with the invention of the automobile
[9]. Today, the group operates in 17 countries on �ve continents, with its headquarters in Stuttgart,
Germany. The company's focus remains on innovative and sustainable technologies, as well as on
producing safe and superior vehicles that captivate and inspire [10].

The project aimed to collaborate with their team at the ARENA2036 e.V. research campus, which
focuses on applying cutting-edge technologies in production systems and quality assurance. These
efforts are primarily focused on arti�cial intelligence and its integration into large-scale production
processes.

1.1.1 Workspace ARENA2036
ARENA2036 (Active Research Environment for the Next Generation of Automobiles) is a leading
interdisciplinary research campus located in Stuttgart, Germany. It serves as a hub for innovation in
the �elds of automotive engineering, production systems, and digitalisation. Established in 2013, the
campus fosters collaboration between industry leaders, academic institutions, and startups to develop
groundbreaking solutions for the mobility of the future.

The workspace in ARENA2036 is designed to facilitate agile and collaborative working methodolo-
gies. It features modular infrastructure, state-of-the-art laboratories, and open spaces that encourage
creativity and interaction. This �exible setup allows teams to prototype, test, and implement ideas
ef�ciently, bridging the gap between research and application.

During the thesis, the ARENA2036 environment provided a dynamic and inspiring setting to explore
advanced technologies in arti�cial intelligence. The focus was on leveraging AI to enhance production
quality and ef�ciency, aligning with Mercedes-Benz's vision of Industry 4.0. The campus's unique
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CHAPTER 1. INTRODUCTION

ecosystem enabled seamless collaboration with experts from diverse �elds, contributing to innovative
advancements in automotive manufacturing.
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Chapter 2

Problem Analysis

This chapter provides a comprehensive analysis of the project undertaken in this thesis. The main
objectives and tasks are de�ned, followed by an examination of key challenges and a survey of related
work. The central focus of the thesis lies in utilising render-based techniques to automate and optimize
synthetic data generation work�ows for industrial applications.

A pipeline for producing synthetic training datasets is developed and its effectiveness on object detec-
tion tasks is evaluated. To assess data quality, a state-of-the-art object detection model is trained and
tested on both synthetic and real-world images. Performance metrics are then compared to quantify
the utility of the generated data.

2.1 Challenges in industrial object detection
Object detection in industrial environments involves the identi�cation and localisation of speci�c
components, defects, or products within complex scenes. Common applications include:

• Defect inspection:Detecting surface imperfections, cracks, or anomalies in manufactured items.

• Pick-and-place automation:Locating parts on conveyor belts for robotic handling.

• Inventory management:Recognising and counting items in storage or on shelves.

On the other hand, object detection presents unique challenges, the most common including clutter,
occlusion, perception noise, and illumination variations.

• Clutter: In industrial scenes it is common that numerous elements and overlapping parts are
present in the image. Clutter refers to non-target objects with similar shapes, sizes, textures or
colours that confuse the detector. Figure 2.1 depicts an example of a cluttered image in which it is
dif�cult to perform an object detection task.

• Occlusion: Targets may be partially hidden by other objects, machinery or elements in the scene.
This makes it dif�cult for the detection to perceive and interpret the target and can lead to percep-
tion noise. Even slight occlusions can obscure crucial features such as edges or markings, resulting
in missed detections or inaccurate bounding boxes.

• Illumination variation: Lighting variations in factories can vary in intensity and colour among
others, affecting shadows, re�ections and object appearance.
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(a) Example of clutter (b) Example of occlusion [11] (c) Example of light variation

Figure 2.1: Examples of most common challenges (clutter, occlusion and illumination variation)

Robust detection in industrial conditions can be critical, as small localisation errors can lead to down-
stream failures in automation or quality control. However, acquiring and labelling real-world indus-
trial images is expensive and time-consuming.

State-of-the-art deep learning methods for object detection include two-stage detectors such as Faster
R-CNN and single-stage detectors like YOLO and SSD. These models have demonstrated high accu-
racy on standard benchmarks (e.g., MS COCO), but their performance often degrades when applied
to industrial domains due to domain shifts between training and target data.

Leveraging synthetic data can mitigate annotation bottlenecks and reduce domain gaps if generated
samples capture the variability and complexity of real scenes. In subsequent sections, the design of a
synthetic data generation pipeline tailored to industrial object detection will be detailed, followed by
evaluation results comparing model performance on synthetic versus real datasets.

2.2 Related work
This section will introduce relevant works and background for this project to better understand its key
aspects, focusing on object detection, domain randomization/adaptation and data augmentation. The
�rst subsection analyses the possible object detection methods and evaluation metrics. The second
subsection focuses on the use of domain randomisation and adaptation techniques for closing the gap
between real and synthetic domains. The last subsection will introduce data augmentation techniques
using diffusion models.

2.2.1 Object Detection
The object detection task is classi�ed into two main approaches: traditional CV-based methods and
Deep Learning (DL)-based methods. Although traditional methods can result in high accuracy, they
are not robust enough to appearance variations and require a signi�cant amount of effort to design
and optimise feature extractors, object proposals, and their classes [12]. In recent years, DL-based
approaches using Convolutional Neural Networks (CNN) have shown state-of-the-art performance
in general object detection tasks, removing the need for hand-designed feature extractors and object
proposals. These methods, however, typically demand large volumes of fully annotated training data,
which is often costly and time-consuming [13]. Synthetic data offers a practical solution by supplying
abundant, automatically labelled examples.

Due to the aforementioned reasons, the scope of this thesis will only focus on DL-based methods. DL-
based detectors can broadly grouped into two paradigms: CNN-based models and transformed-based
(DETR) models. The �rst group can also be divided into one or two-stage detectors:
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• One-stage detectorsconsider object detection as a regression problem, hence using a uni�ed
framework for learning the probabilities of the classes and the coordinates of the bounding boxes.

• Two-stage detectorsuse region proposal networks to produce regions of interest (ROI) in which
the targets may be found, and apply deep neural networks to classify each proposal into class
categories.

It is important to mention that the approach used by one-stage detectors makes them faster than their
counterparts two-stage detectors.

2.2.1.1 Faster R-CNN

Faster Region-based Convolutional Neural Network (Faster R-CNN) [14] is an extension of Fast R-
CNN [15] for object detection. As a two-stage detector, it is composed of two modules: a deep fully
convolutional network, that proposes regions, known as a Region Proposal Network (RPN); and the
Fast Region-based Convolutional Neural Network (R-CNN) [15] that uses these proposed regions.
The entire system is a single, uni�ed network for object detection as depicted in Figure 2.2.

Figure 2.2: Faster R-CNN is a single, uni�ed network for object detection. The RPN module serves as the
'attention' of this uni�ed network [14].

The RPN generates potential object regions (proposals) using anchors, which are prede�ned bounding
boxes of various scales and aspect rations, and then passed to the Fast R-CNN module. This last one
classi�es the objects and adjusts the bounding box coordinates. By using feature maps from the
convolutional layers, Faster R-CNN ef�ciently detects objects with high accuracy, but its two-stage
process introduces latency compared to single-stage models, making it challenging to achieve real-
time performance due to its complexity.

2.2.1.2 Single Shot Multibox Detector (SSD)

SSD [16] was proposed as a fast and accurate alternative for object detection tasks to Faster R-CNN,
which due to its two-stage approach of calculating region proposals was too slow for real-time infer-
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ence (7 FPS on the VOC2007 test [16]). Instead, SSD presented a network that does not resample
pixels or features of bounding box hypotheses. It utilises a single-shot prediction approach for both
classi�cation and location, eliminating the need for time-consuming region proposals.

This model uses feature pyramids to predict objects at different scales from multiple layers of the
network (see Figure 2.3). SSD uses �xed-sized bounding boxes, also called default boxes, which are
prede�ned to capture objects of various sizes and aspect ratios. This multi-scale detection method
makes SSD much faster than many two-stage models while maintaining its competitive accuracy.

Figure 2.3: SSD model adds several feature layers to the end of a base network, which predicts the offsets to
default boxes of different scales and aspect ratios and their associated con�dences [16].

2.2.1.3 You Only Look Once (YOLO)

YOLO is a single-stage detection model introduced by Joseph Redmon et al. [17] in 2016. It is
widely used due to its ease of use, speed and precision. Since the original model was released in
2016, it has constantly been developed by many teams, improving the architecture of the model to
reach state-of-the-art performance.

The model divides the input image into a grid and predicts bounding boxes and class scores for each
cell in one shot. Successive versions (YOLOv2, YOLOv3, etc.) have introduced improved backbones,
anchor strategies, and loss functions to enhance both speed and precision.

2.2.1.4 DETR models

Transformer-based detectors (DETR) integrate transformer architectures, traditionally used in natu-
ral language processing, into visual recognition tasks. Introduced by Facebook AI in 2020, DETR
presents a novel approach by treating object detection as a direct set prediction problem, eliminat-
ing the need for traditional components like anchor boxes and complex post-processing steps such as
Non-Maximum Suppression (NMS)[18]. At its core, DETR uses a standard CNN backbone, typically
ResNet-50, for initial feature extraction. This is followed by a transformer that consists of an encoder
and a decoder where the encoder processes the spatial features across the image and the decoder uses
learned object queries to predict the presence of objects along with their categories and bounding
boxes.

An example of a DETR model is RF-DETR, developed by Robo�ow [19], is a real-time DETR that
outperforms models like YOLOv11 and LW-DETR on benchmarks such as COCO and RF100-V
[18].
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2.2.1.5 Evaluation metrics

During the training phase, several evaluation metrics are employed to assess the performance of the
trained models. The most popular ones are: precision, recall, F1 score, Intersection over Union and
Mean average precision [20][21].

Intersection over Union (IoU): Evaluates the degree of overlap between two areas: being the �rst
the intersection between the predicted bounding box and the ground truth bounding box; and the
second the union between the predicted bounding box and the ground truth bounding box [22].

IoU =
area(Bp \ Bt)
area(Bp [ Bt)

wherein: Bp = predicted bounding box, Bt = ground truth bounding box.

Applying a thresholda , IoU allows to determine if the detection is correct. The detection is classi�ed
as:

True Positive: (TP) if IoU > a
False Positive: (FP) if IoU < a
False Negative: (FN) if IoU = 0.

Figure 2.4 shows an example of howIoU can be used for determining a true positive (TP), a false
positive (FP) or a false negative (FN) based on a thresholda of 0.6.

Figure 2.4: IoU threshold examples [22]

The IoU metric ranges between 0 and 1, where 0 shows no overlap and 1 shows the perfect overlap
between the ground truth and the predicted area. It serves as a metric to assess the accuracy of a
predicted bounding box in comparison to the ground truth bounding box.

Precision (P): In object detection, precision is directly related to the IoU measure metric. It is de�ned
as the ratio of thecorrectlypredicted positives divided by the total predicted positives. The higher the
precision, the higher the proportion of true positives (TP) detected.

P =
TP

TP+ FP
wherein: TP = true positives, FP = false positives.
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Recall (R): In object detection, precision is directly related to the IoU measure metric. It is de�ned as
the ratio of correctly predicted positives divided by the total of actual positives. The higher the recall,
the fewer actual positives that the model missed.

R=
TP

TP+ FN

wherein: TP = true positives, FN = false negatives.

F1 score (F1): Is de�ned as the harmonic mean of precision and recall. It shows precision and recall
in balance for a model, and is used when there is a need to �nd the equilibrium between precision and
recall.

F1 = 2�
P� R
P+ R

wherein: F1 = F1 score, P = precision, R = recall.

Mean average precision (mAP): Is de�ned as the average precision across multiple classes and
threshold values, serving as a key metric to evaluate the performance of object detection models.

mAP=
1
N

�
N

å
i= 1

APi

wherein: N = number of classes, APi = average precision for class i.

The mAPa notation is used in many data evaluation challenges, one of the most popular being the
COCO data evaluation challenge referred to as COCO metrics [23]. In COCO metrics, the primary
challenge metric mAP for object classes is evaluated at differentIoU thresholds (a ), ranging from
0.5 to 0.95 in 0.05 increments [23].

2.2.2 Synthetic Data
Synthetic data generation refers to the process of creating arti�cial data in order to replicate the
statistical properties and complexities of real-world datasets [2]. This approach is getting more at-
tention in the �eld of machine learning since the process of collecting and annotating data is both
time-consuming and expensive [24]. Since machine learning is heavily dependent on it, some of the
challenges it can solve are:

• Data quality is one of the most important aspects of a dataset. When data has not good quality,
models can generate incorrect or imprecise predictions due to misinterpretation [25].

• Data scarcity is another relevant challenge. Data is not always easily available or the number of
accessible datasets is insuf�cient [26].

• Data privacy is a challenge which is solved as soon as synthetic data is used rather than real.
Many datasets cannot be publicly released due to privacy and fair issues, making synthetic options
an attractive alternative.

Synthetic data not only can be cost-effective but also highly customisable, allowing the creation of
datasets focused on speci�c tasks such as object detection, segmentation and classi�cation.
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The generation of synthetic data typically involves simulation engines, 3D modelling tools and/or
procedural pipelines. These systems allow the creation of virtual environments, the application of
realistic textures, the simulation of lighting conditions and the generation of detailed annotations.
This makes it not only scalable and reproducible but also diverse enough to improve the generalization
capabilities of machine learning models [3].

One of the key strengths of synthetic data lies in its ability to simulate corner cases or rare scenarios
that are dif�cult to capture with real-world data. For instance, in autonomous driving systems wherein
simulating extreme weather conditions or complex traf�c scenarios can be easier than �nding them in
reality.

However, synthetic data suffers from discrepancies when compared to real-world data, mainly in
the photorealistic aspect. Image renders often fail to replicate the richness, complexity, and noise
characteristic of real-world images [6]. This mismatch is known as the simulation-to-reality gap or
sim-to-real gap and is the main reason why synthetic data has not yet been broadly adopted as a
replacement for dataset creation.

Models trained purely on synthetic data may struggle to generalise effectively when deployed in actual
environments. In order to bridge this reality gap, methods like domain (DR), and domain adaptation
(DA) have emerged as strategies to better generalise the simulated data.

2.2.2.1 Domain Randomization

In his work, Tobin et al. [6] make use of low-quality renders optimised for speed and not carefully
matched to real-world textures, lightning, and scene con�gurations. That is, instead of trying to create
perfect copies of real-world scenarios, DR focuses on introducing random variations in the generated
data by modifying non-essential features for the learning task [27]. This strategy allows models to
reduce the ”reality gap” by training on synthetic images that incorporate a big range of randomised
parameters.

Following the de�nition from [28], the key idea behind DR is that a real domain can be covered
under the broad distribution of a random one. Let the environment to which we have full access
(i.e. simulator) be calledsource domainand the environment that we would like to transfer the
model totarget domain(i.e., real world). Training happens in the source domain, wherein a set ofN
randomisation parameters can be controlled.

Synthetic data from de source domain is generated with a randomisation applied. By doing so, the
trained model is exposed to a variety of environments and learns to generalise as the target domain
becomes a subset of the source one (see �gure 2.5). For instance, variations in lighting, textures
and/or object positions ensure that models learn from robust and invariant features rather than just
visual cues.
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Figure 2.5: DR: the target domain (i.e. real world) is a subset within the source domain (i.e. simulation) due
to the wide range of random variations applied.

To achieve meaningful results, the design of the simulation environment plays a crucial role. It is
important to identify and modify parameters that do not contribute directly to the core task but signi�-
cantly expand the variability of the training data so that no corner case falls outside of the randomised
domain. For instance, in object detection tasks, randomising the background textures, camera angles
and lighting conditions can help mitigate over�tting and improve performance in the real world.

Several research groups have already performed ablation studies to investigate the effects of ran-
domising various parameters. These include the aforementioned (camera angles, lighting, textures)
and also �ying distractors, and random noise [27].

2.2.2.2 Guided Domain Randomization

DR assumes no access to real data, making the randomisation as broad and uniform as possible in the
simulation and hoping that the target domain falls within the broad distribution of the source domain.
However, this approach can easily be improved if real information from the target domain is available,
providing the simulation with guidance that can improve its performance and quality.

This is called Guided Domain Randomisation (GDR) [28] and can be used to save computation re-
sources by avoiding training models in unrealistic environments (see �gure 2.6. Another bene�t is
to avoid infeasible solutions that might arise from overly wide randomisation distributions and thus
might hinder successful learning. In this context, GDR introduces �nner constraints and real-world
data distributions to guide the randomisation process.

Figure 2.6: GDR: the target domain (i.e. real world) is a subset within the source domain' (i.e. simulation)
which due to real-world data is narrower than the DR one.
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By following this approach, the generated synthetic data remains not only diverse but also relevant to
the speci�c task and domain being targeted. Moreover, GDR narrows the gap between synthetic and
real-world data.

One of the de�ning features of GDR is the use of task-speci�c metrics or feedback loops to re�ne the
randomization process. For instance, in autonomous driving simulations, real-world traf�c statistics
and lighting conditions can be used to prioritize the generation of more accurate scenarios. Moreover,
adaptive feedback mechanisms are often integrated into GDR frameworks to dynamically optimize
training data generation. These mechanisms evaluate the performance of the model on validation or
test data and iteratively adjust the randomisation parameters to enhance training ef�ciency. Heindl et
al. [29] showcased this approach in BlendTorch, where adaptive randomization was used to improve
the sim-to-real transfer for robotic perception tasks.

One interesting project for creating DR or GDR projects is BlenderProc [30]. BlenderProc is a mod-
ular procedural pipeline, which helps in generating real-looking images for the training of CNNs.
These images can be used in a variety of use cases, including segmentation, depth, normal and pose
estimation.

BlenderProc uses the Python API of Blender [31] in order to add new functionalities useful for syn-
thetic data generation. Some of the functionalities added are random samples of positions, random-
ization of textures and trajectories among others. It was developed by the German Aerospace Center
(DLR) as a tool for simplifying the generation of real-looking images of scenes that can be fully an-
notated. While the Python API for Blender does not add these functionalities by default, BlenderProc
also adds functions like rendering segmentation masks for speci�c objects, depth images and normal
maps depending on the needs of the user. The biggest bene�t of this library is that it allows one to
obtain image annotations at the same time that it renders the RGB images of the scene, removing the
need to render a simulation more than one time if multiple annotations are needed. The resulting data
is stored and compressed as an hdf5 �le, making it easy to access the stored information through their
corresponding keys (colors, depth, etc).

Another project by Ritvik Singh et al. [32] leverages NVIDIA Omniverse Isaac Sim with the Repli-
cator toolkit [33] to simulate and generate 2.7 million synthetic images for robot perception. In it,
two complementary pipelines are used: (1) Indoor-room scenes, where rooms are furnished and a
table is placed with Yale-CMU-Berkeley (YCB) objects plus a set of distractors (from Objaverse,
Google Scanned Objects, and NVIDIA's asset library). (2) HDRI-background enclosures, in which
objects are dropped to an unseen ground plane. To maximise diversity and better bridge the sim-to-
real gap, each frame undergoes extensive randomisation (see table A.2 in appendix) and on-the-�y
augmentations. Rendering randomisations include sampling material properties, lighting parameters
and post-processing effects.

2.2.3 Diffusion-Based Data Augmentation
Traditional data augmentation for object detection involves rotation, scaling, �ipping and other ma-
nipulation of each image which encourages the model to learn more invariant features, improving
the robustness of the trained model. More advanced augmentation techniques involve generative
methods, leveraging advances in diffusion models such as Contrastive Language–Image Pre-training
(CLIP) and Stable Diffusion [34], which make use of text-to-image for augmentation strategies.

In this project, Stable Diffusion XL (SDXL) [35] has been used together with light-weight condition
modules or controlnets [36] and IP-Adapter for inpainting styles [37]. The main idea is to generate

12 of 89



CHAPTER 2. PROBLEM ANALYSIS

diverse object appearances while preserving the precise annotations obtained from the render pipeline.

2.2.3.1 Stable Diffusion XL (SDXL)

SDXL is a two-stage latent diffusion architecture developed by Stability AI. It consists of a “base”
U-Net that produces coarse, low-resolution samples in a CLIP-based latent space, followed by a
“re�ner” U-Net that enhances �ne details and �delity [35]. SDXL employs an improved text encoder
(Commune XL) trained on hundreds of millions of image–text pairs, enabling rich, semantically
guided synthesis. By operating in a lower-dimensional latent space, SDXL achieves high-quality
outputs at relatively fast sampling speeds, making it well-suited for large-scale data augmentation
pipelines.

2.2.3.2 ControlNets

Pure text prompts offer rich guidance but lack precise control over spatial or structural constraints—critical
for object detection augmentation. ControlNets [36] address this by attaching trainable “controller”
branches to the frozen SDXL U-Net. Each controller learns to condition the diffusion process on
auxiliary inputs such as edge maps, depth estimates, semantic masks or bounding-box layouts. In the
pipeline of this project, Canny Edges and Depth maps are used as conditioning signals so that SDXL
synthesises object variations (e.g., texture, colour, style) strictly within the background, without per-
turbing the target objects.

2.2.3.3 Inpainting with IP-Adapter

To further re�ne object-centric edits while maintaining scene coherence, the IP-Adapter module [37]
was integrated. The IP-Adapter introduces a lightweight attention-based adapter to the diffusion
model, trained speci�cally for inpainting tasks. Given an object mask and its surrounding context, IP-
Adapter enables SDXL to “erase and replace” the object region—producing novel appearances, poses
or partial occlusions—while preserving lighting, shadows, and background geometry. Crucially, the
object's bounding-box annotation remains valid for training, since the synthesized content never drifts
outside the original mask.

2.3 Old render pipeline
As described in the project from the last semester [8], the Mercedes-Benz team at the Arena2036
already had a preliminary version of a render pipeline that was used for obtaining synthetic data from
CAD models of their automotive dataset [38], obtaining rendered images and annotations automati-
cally.

Inspired by the work of Christopher Mayershofer et al. [39], the old pipeline used Blender [40] as
the simulation platform for applying both DR and GDR to the set-up scene. The team leveraged
these synthetically generated datasets to train multi-class object detection models, such as YOLOv8,
addressing challenges like limited real-data availability and the high cost of manual annotation. By
employing a GDR approach, the old pipeline aimed to minimise the sim-to-real gap and enhance the
usability of synthetic data in real-world applications.

Figure 2.7 illustrates the conceptual parts of the previous synthetic data generation pipeline. One
component involves the acquisition of real images from a context-related scene. The other component
involves the generation of synthetic data via a rendering pipeline, while for the data selection process,
a simple image hashing [41] was performed for �ltering the generated images by their semantic
content.
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Figure 2.7: Old Synthetic data generation pipeline. It comprises a domain randomizer pipeline for photoreal-
istic image generation and a context-aware image selection based on high-level (semantic) and low-level (pixel
information) features.

As previously mentioned, the render part of the pipeline was implemented using Blender for cre-
ating multiple layouts with various backgrounds and distractor elements common in an industrial
environment, so that there was a semantic context. The simulation was also able to adjust the light-
ing conditions, camera parameters and the pose of all the target objects in the scene as illustrated
in �gure 2.8, which shows the starting point of the simulation. It is composed of distractor models
manually placed in distinct positions and orientations, atop planes with different materials which are
used as background textures. The target objects and the camera orbit around an ”empty object”, an
invisible blender object without mesh and material data, that is moved randomly in the scene while
advancing from one layout to the next one. Finally, the lighting was composed of both area lights and
environmental lighting to have better control of the illumination of the scene.

Figure 2.8: Elements present in a typical scene of the old synthetic data generation pipeline.

The simulation was designed to generate 1000 frames in total, where the target objects (Box, Part 0,
and Part 0.1) move in front of the camera, orbiting and spinning at the same time. Among the 1000
frames, annotations were automatically generated as well through two separate rendering steps.

First, cycles render engine [42], known for its photorealism and ray-tracing capabilities, was used for
rendering frames with as much quality as possible. During this phase, the empty object followed a
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prede�ned path across the planes, which were lined up side by side (see �gure 2.9). Both the target
objects and the camera follow the empty object trajectory while also adding random rotations and
translations to themselves while being occasionally occluded by distracting objects like metal rods,
plates and pieces of furniture. Adding to the complexity, the lights in the scene moved along the
empty object as well, changing their brightness to make dynamic lighting effects.

Figure 2.9: Concept of old pipeline with a plane for each setup.

A total of 1000 RGB images were obtained once the render using cycles was �nished. However, these
images had no annotations that could be used for training a detection model. For that, a second render
was done to obtain the segmentation masks of these RGB images. To do so, all the lights in the scene
were turned off, making the blender scene completely dark. Next, a glowing material of unique colour
was applied to each of the target objects so that they emit light, becoming the only visible elements
in the scene. The rest of the simulation was the same as the �rst one so the result will be the same.
But this time the result was rendered using EEVEE, a faster rasterisation render engine from Blender,
since the segmentation masks did not need to be photorealistic, cutting rendering time compared to
cycles.

Once the data was generated, YOLOv8 was trained on the training datasetDtrain, which included
RGB images and annotations for each bounding box obtained from the segmentation masks created
using EEVEE, and validated onDval, which comprises 10% ofDtrain. Figure 2.10 shows how the
target objects (Box, Part 0 and Part 0.1) look like, rendered using Cycles, alongside real examples.

(a) Real scene2 Dtest (b) Real scene2 Dre f (c) Rendered scene2 Dtrain

Figure 2.10: Examples of images used by the old pipeline. (a) Sample of a real image used in the test set
(Dtest) for testing; (b) sample of a real image used in the reference set (Dre f ) for hash �ltering; (c) sample of a
rendered image used in the train set (Dtrain) for training.
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