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Abstract
Rendering 3D virtual scenarios has become a popular alternative for generating per-pixel-labeled image datasets, especially in
fields like autonomous driving. The approach is valuable for training neural perceptionmodels, such as semantic segmentation
models, particularly when data might be scarce, expensive, or difficult to collect. However, fundamental questions persist
within the research community regarding the generation and processing of these synthetic images, particularly a better
understanding of the key factors influencing the performance of deep learning models trained with such synthetic images.
In response, we conducted a series of experiments to elucidate the impact that common aspects involved in the generation
of rendered synthetic images may have on the performance of neural semantic segmentation tasks. Our study used a recent
autonomous driving synthetic dataset as our main testbed, allowing us to investigate the effect of different approaches when
modeling their geometric, material, and lighting details. We also studied the impact of rendering noise, typically produced by
path-tracing algorithms, as well as the impact of using different color transformations and tonemapping algorithms.

Keywords Computer graphics · Rendering · Autonomous driving · Semantic segmentation

1 Introduction

Autonomous driving has fostered research in multiple com-
puter vision tasks, such as object detection or semantic
segmentation, so as to solve the ultimate challenge of
self-driving vehicles. Training perception models is a key
fundamental component of many of those solutions. In order
to train such models, a great demand for acquiring and
labeling driving datasets aroused, including labeling image
datasets. Acquiring and labeling datasets for computer vision
tasks can be really expensive, taking several minutes to anno-
tate a single image for an average human annotator. Thus,
data labeling can easily become an important bottleneck for
deep learning supervised learning approaches.
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Currently, there are multiple co-existing works aiming to
address the source of this problem. In the literature, one
can find approaches that minimize human intervention by
selecting the most informative samples for labeling, like
active learning [18, 43], or approaches that use less precise
labels to reduce the annotation effort, as proposed in weakly
supervised learning [38]. It is also common to use model
predictions with the highest confidence levels to automati-
cally label previously unlabeled samples and then train and
improve the previous model’s performance. This approach is
known as semi-supervised learning [25]. Another paradigm
is to design pretext tasks to create supervisory signals; those
approaches are typically known as self-supervised learn-
ing [13].

In parallel, a promising trend has emerged, focusing on
enhancing supervised learning through the generation of
synthetic datasets leveraging virtual simulations [11]. This
approach offers a compelling solution, as it enables automatic
labeling of the generated image data during the synthesis pro-
cess, eliminating theneed for real image acquisitionor human
annotators. By leveraging virtual environments, it is possible
to create diverse and annotated datasets tailored to specific
tasks in autonomous driving. Moreover, in scenarios where
real-world data are challenging, expensive, or impossible to
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obtain, as in rare, dangerous, or unavailable environments,
virtually simulated synthetic datasets become the primary,
and sometimes the only resource, for developing new mod-
els.

The resulting images of a virtual simulation can be
affected by many aspects, such as the configuration of the
modeled sensors, their noise, the simulated lighting and/or
weathering conditions, and ultimately the parameters affect-
ing image rendering algorithms (which may include, i.e., the
rendering samples per pixel, number of simulated indirect ray
bounces, etc.). Studying the latter would require full access
to assets and rendering pipelines to regenerate equivalent
image datasets with new parameters and re-evaluate the per-
ception models accordingly. This is a tedious and costly task;
consequently, very few papers exist conducting such ablative
analyses.

Moreover, similar to real datasets that belong to different
domains, synthetic datasets can also suffer from a domain
shift problem, especially when compared to real datasets,
typically referred to as the synth-to-real domain gap. Reduc-
ing such domain gap is an open research problem, especially
in the area of domain adaptation, where several methods have
been proposed to diminish the domain gap [32]. In general,
it is widely accepted that the level of realism can help to mit-
igate the synth-to-real domain gap [47]. However, very few
ablative studies exist that systematically analyze other rele-
vant aspects involved in the generation and post-processing
of synthetic imagedatasets. In this paper,wedecided to inves-
tigate the influence of a subset of typical choices researchers
have to takewhen generating synthetic image datasets to train
perceptionmodels, focusing on their impact on semantic seg-
mentation as a representative computer vision task.

In our study, we focus on exploring several aspects
involved in 3D digital modeling that might influence the
training of semantic segmentation perception models, start-
ing with the amount of 3D geometric detail or the realism
in material modeling, followed by the impact of generat-
ing images under various lighting conditions, i.e., using just
direct lighting versus incorporating more complex indirect
lighting. We address detailed aspects such as how relevant it
might be to calculate more or less bounces for reflections
and indirect shadows or the impact of Monte Carlo ren-
dering noise typically produced by path-tracing rendering
algorithms, the industry standard nowadays for photorealistic
rendering. To satisfy the requirements of the proposed study,
we obtained privileged access to the recent autonomous driv-
ing dataset UrbanSyn [10] and their digital assets. This last
step was critical in order to regenerate the required image
data needed to address the aforementioned research ques-
tions, as needed for such an extensive ablative study. Finally,
we also explored the influence of alternative image post-
processing techniques typically applied to rendered images.
Sincemost computer visionmodels are prepared todigest low

dynamic range (LDR) images, we study the influence that
common tonemapping operators converting high dynamic
range (HDR) into LDR images might have when training
segmentation models. Moreover, we consider color space
transformations typically applied to those images before
training.

All our experiments are validated using three famous
real-world datasets often used by the research community
in autonomous driving: Cityscapes [6], Mapillary Vistas
[21], and BDD100K [45]. Differently from many previous
works that specialized the hyperparameters for each valida-
tion target, we opted to use the same model trained with
common hyperparameters to validate on the three validation
sets whenever that was feasible for each specific experiment.
In summary, the main contributions of this work are:

– We conducted an extensive ablative study using the
UrbanSyn dataset to evaluate the performance of seman-
tic segmentation models. Our analysis focuses on the
influence of several key factors in the image synthe-
sis pipeline, including 3D geometric modeling, material
realism, the comparative effects of simple versus com-
plex lighting, the impact of Monte Carlo (MC) rendering
noise produced by path tracers, and the impact of using
different tonemapping operators and/or color space trans-
formations.

– From our experiments, we distilled valuable conclusions
acrossmost of the studied categories, leading to the devel-
opment of clear guidelines for improving the creation of
future synthetic datasets. Additionally, boosted by these
findings, we developed new models in the autonomous
driving domain that trained on synthetic data outperform
our synthetic baselines for semantic segmentation.

2 Related work

Studying and understanding the influence that image datasets
have on the performance of computer vision models are
a research question that motivated different investigation
efforts to cover datasets consisting of either real or synthetic
images. For the first group, image quality has already been
one of the topics covered, for instance, studying how image
classification is affected when images in a training set suf-
fer different quality distortions, such as blur, noise, contrast,
or even image compression artifacts [7]. In addition to the
early discoveries about the advantages of generating labeled
synthetic data [23], there has been an increasing demand to
gain deeper insights around the image generation processes
involved.Next,we revisit recent advancements in these direc-
tions, focusing on their exploratory nature.
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2.1 Synthetic datasets and good practices

There are not many studies regarding how synthetic datasets
should be generated to achieve better performance of
machine vision systems. Paulin and Ivasic-Kos [22] pre-
sented a recent overview of existing synthetic datasets in
the computer vision domain. They analyzed the methods
and techniques mostly used for synthetic dataset generation,
as well as describing various techniques aimed at improv-
ing image realism (by adding global noise) or techniques
for solving domain and distribution gaps. Tsirikoglou et
al. [36] presented a survey that reviews existing image syn-
thesis methods for visual machine learning from a computer
graphics perspective.Themethodswere categorizedbasedon
modeling and rendering aspects and discussed with respect
to their target computer vision applications.

Already focusing on a specific domain, Zhang et al. [47]
introduced a large-scale synthetic dataset with 500K phys-
ically based rendered images from 45K realistic 3D indoor
scenes. The authors studied the effects of rendering methods
and scene lighting on training for three computer vision tasks:
surface normal prediction, semantic segmentation, andobject
boundary detection. This study provided tangible insights
about good practices for training with synthetic data, such
as the fact that more realistic rendering should be worth it,
and pre-training a neural network backbone with synthetic
datasets could improve over the previous state of the art on
those three tasks.

In recent years, numerous synthetic datasets have emerged.
Particularly in the field of autonomous driving, Ros et al. [29]
and Ritcher et al. [28] were among the first ones to achieve
remarkable research milestones using synthetic datasets.
Some years later, Synscapes [41] also demonstrated the
improvements achieved by using a more realistic render-
ing. More recently, the UrbanSyn dataset [10] was released,
allowing to improve state-of-the-art synthetic baselines for
semantic segmentation.

Complementary, other works focus on investigating semi-
automatic creation pipelines for synthetic datasets addressing
different computer vision tasks, e.g., object viewpoint esti-
mation from rendered car images [19]. Their authors also
explored the idea of combining synthetic images with a
small amount of real data to fine-tune models and improve
their estimation accuracy. Generally, these approaches rely
on state-of-the-art rendering software to generate such large
labeled datasets and model specific domains [37].

2.2 Studies on the image generation process

Within the domain of autonomous driving, specific studies
have been released about the impact of camera parameters on
neural network generalization capabilities [16]. Their find-
ings suggest that the performance obtained from training on

physically based simulations of camera images is nearly as
effective in generalizing to real camera images as the perfor-
mance achievedwhen generalizing between different camera
image datasets.

There were previous studies about the impact of random-
izing rendering parameters, such as scene lighting, by using
techniques like domain randomization [35]. Lighting realism
was also studied by Zhang et al. [47] as part of their studies,
suggesting that realistic rendering typically helped.

Domain adaptation addresses how to reduce the domain
gap among different dataset domains. In a sense, color trans-
fer between source and target domains could be viewed as an
initial endeavor to bridge this gap. Therefore, understanding
color transfer is of significant interest, as it aims to reproduce
an ideal color scheme on a source image that can be learned
from a target reference one. Recent surveys, such as the one
conducted by Lv et al. [17], have thoroughly reviewed main-
streammethods for color transfer, along with related theories
and frameworks.

The closest work in spirit to ours is Schlachter et al. [31]
which discussed how different rendering techniques can
affect the performance of final models. Their study incre-
mentally enhanced the sophistication of rendering by incor-
porating increasing levels of complexity in shading, shad-
owing, and global illumination. Additionally, their authors
proposed an ensemble of Generative Adversarial Network
(GAN) models to approximate global illumination, particu-
larly within the domain of 3D toy models. In their domain,
GAN ensemble models demonstrated significant domain
adaptation performance. Another interesting findingwas that
using learning-based denoisers could reduce the classifica-
tion accuracy, suggesting that denoisers may modify image
statistics relevant for their classification task. This finding is
alignedwith the latest research in post-denoising [9] evidenc-
ing that learning-based denoisers often introduce a certain
bias in their denoised images.

In this study, we focus our experiments toward gain-
ing new knowledge about how synthetic datasets in the
autonomous driving field should be generated, using Urban-
Syn as our testbed. We believe our study brings new insights
to the research community. While previous ablative stud-
ies focused their analysis on CNN-based architectures [31]
and general image classification tasks, our study covers sys-
tematic experiments for semantic segmentation using two
common architectures (CNN and transformer based). We
discarded diffusion models, which are recently also being
applied to semantic segmentation problems [4], because of
their non-negligible needs in terms of GPU resources. Our
ablative study involves geometric detail, relevance of realistic
material modeling, importance of complementary lighting,
and the influence of Monte Carlo path-tracing noise. We also
study the influence of HDR image tonemapping and color
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correction on the performance of the segmentation models
under study.

The design of all these experiments is detailed in Sect. 3,
and the obtained results are reported in Sect. 4. Finally, we
extracted some guidelines for crafting synthetic datasets in
Sect. 5.

3 Design of experiments

In this section, we describe our experimental design, start-
ing in Sect. 3.1 with a brief description of the synthetic and
real-world datasets used in this work. Next, in Sect. 3.2 we
describe the rendering framework utilized that allowed us
to replicate various versions of the chosen synthetic dataset.
Then, we describe the semantic segmentation models chosen
to run our benchmarks in Sect. 3.3. After that, we describe
details of each experiment dedicated to gain insights about:
the importance of fine geometric details (see Sect. 3.4); the
importance of material modeling realism (see Sect. 3.5); and
the influence of simulated lighting (see Sect. 3.6). Next, we
propose to gain some insights about the influence of Monte
Carlo path-tracing rendering noise (see Sect. 3.7); the influ-
ence of alternative tonemapping operators (see Sect. 3.8);
and the influence of color transformation algorithms (see
Sect. 3.9).

3.1 Synthetic testbed and validation datasets

UrbanSyn.To assess the impact of different rendering param-
eters in synthetic data,we choseUrbanSyn [10] as our testbed
synthetic dataset that we can use as our baseline to determine
the effects of different settings of the generating process.
The original UrbanSyn dataset consists of 7539 images with
a resolution of 2048 × 1024 pixels, paired with semantic
segmentation labels that use the same 19 classes proposed
in Cityscapes. Furthermore, they are not divided into splits
because all of them are used for training. These images
belong to four different urban scenarios and were captured
using the same sensorwidth and focal length as inCityscapes.
In addition, the camera is always located outside the vehicle,
as it is the most common location in driving datasets.
Synthetic testbed: UrbanSyn*. An important challenge that
may pass unnoticed is that our experiments require regen-
erating, from scratch, the same set of images contained
in UrbanSyn. This is required to simply alter the original
geometries, materials, or to render the original scenarios
again but with different parameters. After that regeneration
process,we noticed veryminor differenceswith respect to the
original; thus, we decided to refer to this new rendered ver-
sion as UrbanSyn*. Figure1 shows the differences between
the new UrbanSyn* and the original version. To precisely
replicate UrbanSyn* we need to store rendering node seeds

Fig. 1 We showminor differences between the original UrbanSyn (left)
and our generated UrbanSyn* (right) used in our new ablation studies.
The scene distribution and appearance are consistent, aside from minor
car color variations due to the difficulty in replicating identical random
choices

and make our internal procedures more deterministic. After
this, we can adopt this newversion of the dataset, as it ensures
the reproducibility of our experiments and maintains consis-
tent conditions for our comparisons.
Real-world validation datasets. To evaluate the results of our
study, we use three real-world datasets: Cityscapes [6], Map-
illary Vistas [21], and BDD100K [45]. These datasets do not
share a uniform class convention for semantic segmentation,
so we standardized our evaluation using the 19 classes pro-
posed by Cityscapes, the de facto standard for autonomous
driving research. Typically, these datasets are split into train-
ing, validation, and testing sets. However, the test sets do not
have publicly available labels, and accessing them requires
requesting the dataset owners to run all our experiments.
Given the extensive number of experiments, this approach
was not feasible. Therefore, our results are based solely on
the validation sets.

Cityscapes is a real-world dataset that contains 5000
finely annotated images with a resolution of 2048 × 1024
pixels that were split into: 2975 images for the training set,
500 images for the validation set, and 1525 images for the
test set. The images were captured in different German cities
with the same sensor configuration, which results in a very
homogeneous look. It is a standard in the computer vision
field, and it is commonly used as a benchmark in semantic
segmentation.

Mapillary Vistas is another real-world dataset. This
dataset comprises 25,000 images, split into 18,000 images for
the training set, 2000 images for the validation set, and 5000
images for the testing set. Unlike Cityscapes and BDD100K,
these images were captured with different sensors, different
resolutions, and all over the world. The class convention is
also different; they used two conventionswith 66 and 124 dif-
ferent classes. To utilize this dataset in our work, it has been
necessary to change the Mapillary classes convention to the
Cityscape’s one. Our criteria were to convert those classes
that represent the same object and to label as void the other
classes that would not fit into any other category precisely,
as it is standard.
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Fig. 2 Example images of the real-world validation datasets used in
our experiments

Unlike the original UrbanSyn benchmark, where the
authors prefiltered the Mapillary Vistas images to ensure
a consistent aspect ratio, we utilized the full collection of
images in our experiments. This decision aligns with our
philosophy of prioritizing generalization. By retaining all
images, we aim to train a single robust model rather than
optimizing for the best possible results with multiple spe-
cialized models.

BBD100K is the last real-world dataset used in this work.
This dataset consists of 100,000 videos of driving scenes.
However, it only has 10,000 images for the semantic seg-
mentation task, divided into 7000 for the training set, 2000
for the validation set, and 1000 for the test set. The images
were captured in Berkeley, San Francisco, New York, and
the Bay Area with a resolution of 1280 × 720 pixels, and
they used the same class convention as Cityscapes. The data
were captured with the same cameramodel but with different
configurations regarding the location of the camera and the
recording vehicle, which results in images with a different
image composition compared to Cityscapes. Figure2 shows
a sample of each real-world dataset.

3.2 Rendering framework

We obtained privileged access to the digital assets of the
recently published autonomous driving dataset UrbanSyn.
This allowed us to regenerate thewhole image dataset needed
to address the planned research questions by creating differ-
ent versions of the synthetic source dataset and conducting
the corresponding ablation studies.

As described in UrbanSyn, we utilize a path-tracing ren-
dering engine to recreate different synthetic image datasets
and conduct the ablation studies. The rendering engine con-
sists of a Monte Carlo path tracer that uses an adaptive
sampling algorithm, configured with a minimum of 128 and
a maximum of 256 samples per pixel depending on the
estimated error noise, and the corresponding threshold, to
determine the exact number of samples assigned for each
pixel. Furthermore, they used a specular depth of 4, a dif-
fuse depth of 4, and a scatter depth of 1 or 64, depending
on whether the image has a participating medium or not.
Regarding the lighting parameters, UrbanSyn uses several
HDRs with different sun and cloud dispositions. Besides, in
order to increase the simulation’s realism and provide more

diversity, a participating medium was set up in two of the
four scenarios to mimic scattering atmospheric effects.

We use this rendering framework to create variations on
lighting, rendering noise, and color transformations to study
the influence that these changes have on the neural semantic
segmentationmodel’s performance. The new sets of data that
we created were not exactly the same as the original data due
to some features that were not possible to reproduce. Specif-
ically, we identify the following changes: the color of the
vehicles, the pattern of the vehicle’s lights, and some minor
differences in certain HDRs. The most noticeable distinction
is the car’s color, which is the only modification that appears
in every frame. We can observe that alteration in Fig. 1.

3.3 Experimental framework

We use two different neural networks for semantic segmen-
tation to perform our experiments: DeepLabv3+ [5] and
SegFormer [44]. We decided to use both because they repre-
sent two different approaches to the task: DeepLabv3+ uses
an encoder-decoder architecture typically with a convolu-
tional neural network (CNN) backbone. SegFormer instead
uses a hierarchical Transformer encoder and a simple multi-
layer perceptron decoder. Using two different architectures,
we can study their differences with respect to our ablative
study.

However, we reckon that recent alternatives based on
Denoising Diffusion Probabilistic Models (DDPMs) for
semantic segmentation [4] are rapidly gaining traction and
would also be an interesting addition; however, the exten-
sive training hours and GPU resources required to retrain
DDPMs present a well-known challenge [40]. Adopting
DDPMs would be prohibitive given our plans for extensive
experimentation, which already included nearly one hundred
experiments.
DeepLabv3+ model and hyper-parameters. We use the
same DeepLabv3+ model utilized in the original UrbanSyn
benchmarks based on Detectron2 [42]. The authors trained
separate models using specific hyper-parameters and color
transformations tailored for each validation set (Cityscapes,
Mapillary Vistas, and BDD100K). In this research, we pri-
oritized the generalization of the extracted conclusions over
achieving the best possible performance on each individual
dataset. Interestingly, as we will show, some of our newly
trained models can directly compare with those optimized
using more specialized hyper-parameters. To prevent biases
toward oneof the three validation datasets,we selected hyper-
parameters that could perform acceptably across all three.
In Table 1, we show the differences between the hyper-
parameters used in the original UrbanSyn’s benchmark for
DeepLabv3+ and those used in this ablation study.
SegFormer model and hyper-parameters. We use the same
SegFormer implementation available in MMSegmentation.
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We adopt the same hyper-parameters used in the original
UrbanSyn benchmarks, with the main difference that we
adopted the B3 model with just 90k iterations instead of the
B5 model with 180k iterations, since it was judged enough
to extract general conclusions without wasting the available
time and resources.
Fine-tuning. One of the main uses for synthetic data is
to pre-train real data models to improve their performance
and surpass the original baselines; this approach was proved
successfully across different domains [41, 47]. For this rea-
son, we decided to perform fine-tuning experiments using
our best single-source models and fine-tune them with our
three real datasets to analyze their ability to outperform the
original models. For these experiments, we use only Seg-
Former because it produces the best results; furthermore, we
use the same hyper-parameters as the single-source experi-
ments, including the learning rate.
Domain shift adaptation. The original UrbanSyn uses a sim-
ple domain adaptation technique based on Reinhard’s color
transfer [26]. This technique consists of transferring the color
from a target image to a source image using the CIELAB
color space. However, inUrbanSyn, source and target images
were randomly selected, thus producing non-optimal results.
As we used three datasets instead of one to validate the
model’s performance, we have to get as a color transfor-
mation target any image belonging to the three datasets with
an equal distribution to avoid an overrepresentation of the
datasets with more images.
Experiment Deviations. Neural networks inherently contain
non-deterministic elements that can lead to different results
across multiple training runs, evenwith identical data, hyper-
parameters, and seeds. To account for this variability, we
performed three runs of the baselines for each network, mea-
suring standard deviations to assess statistical significance,
as shown in Table 2.

3.4 Effects of geometric modeling

The goal of this set of experiments was to find out the effect
that fine geometric details may have on the performance of a
semantic segmentation model. We simplified the geometric
complexity only for objects belonging to a subset of classes.
In our study, we focus our analysis on pedestrians, riders,
vehicles, traffic signs, traffic lights, poles, and sidewalks.

To achieve this, we reduced the polygon count of the 3D
meshes by using Blender’s implementation of the Quadric
Error Metrics (QEM) algorithm, which reduces geometry
while preserving objects’ shapes. We choose the percentage
of reduction depending on the class, trying to remove the
maximum quantity of polygons possible while maintaining
their recognizability. We retained between 3% and 5% of
the polygons in the vehicles, pedestrians, and riders classes.
We preserve 10% for the poles, 15% for the traffic lights,

Fig. 3 We illustrate the impact of polygon count reduction on specific
classes and how a reduced polygon count may affect visual quality
(left). We also show wireframe visualizations (on the right) showing
the changes in the overall geometric shape due to polygon reduction.
Note that the displacement used is a per-pixel process that tesselates
the geometry on demand during the rendering process, to create a more
complex geometry

and 20% for the traffic signs due to the few polygons these
classes already have. In addition, we perform another kind
of geometry simplification for the sidewalk class. This class
storedmost of the geometric details in the displacementmaps
inside its materials, using displacements to create the added
geometry while rendering; for that reason, we removed that
feature.

Finally, we produced a new rendered version of Urban-
Syn, using the simplified geometry only for those specific
classes under analysis. Last, we run the segmentation models
to get the results, which are reported in Sect. 4.1. In Fig. 3, we
illustrate examples of the main differences expected among
original and reduced versions for assets belonging to some
of the classes included in this study.
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Table 1 Hyperparameter’s
comparison between the original
UrbanSyn’s configuration and
our settings for DeepLabv3+

Framework Target Learning rate Batch size Crop size

DLV3+ UrbanSyn Cityscapes 0.002 8 1024 × 512

Mapillary 0.002 16 816 × 608

BDD 0.0001 4 1280 × 720

Ours All 0.000125 8 1024 × 512

Table 2 Baselines for
UrbanSyn and UrbanSyn* using
three runs and calculating the
standard deviation for each
experiment

Target Metric DeepLabv3+ SegFormer
UrbanSyn UrbanSyn* UrbanSyn UrbanSyn*

Cityscapes
mIoU 51.92 52.26 59.53 60.65

Std. Dev ±0.89 ±1.7 ±0.45 ±0.58

Mapillary
mIoU 48.97 48.99 55.55 56.26

Std. Dev ±0.55 ±0.62 ±0.82 ±0.19

BDD
mIoU 33.08 33.87 40.79 40.26

Std. Dev ±0.68 ±0.72 ±1.65 ±1.14

Mean 44.66 45.04 51.96 52.39

Std. Dev ±0.7 ±1.01 ±0.97 ±0.64

Fig. 4 UrbanSyn dataset rendered with three material modeling
approaches tested in our experiments: (left) using a procedurally gen-
erated random noise to replace the albedo; (center) using random solid
colors facilitating object parts differentiation; and (right) UrbanSyn’s
original approach with realistic BRDF and textures

3.5 Effects of material appearance

Crafting realistic material models for 3D synthetic datasets
might be expensive and time-consuming. Domain random-
ization [34] introduced the idea that randomizing material
parameters, among others, could force neural networks to
learn the essential features of the objects of interest. Trem-
blay et al. [35] later demonstrated its usefulness for object
detection tasks in the autonomous driving field. Following
this hypothesis, we evaluate a similar approach in the con-
text of semantic segmentation.

We created two alternative versions of the dataset con-
cerning their material modeling. In the first version, we use
materials with noisy grayscale texture patterns replacing the
original albedo texture. Other textures that did not control
the albedo, such as displacement or normal maps, remained
unchanged. In the second version, we replace the original

Fig. 5 We authored different variations in UrbanSyn to study the influ-
ence of lighting, ranging from the original UrbanSyn lit with an HDRI
and simulating participating media, to using an HDRI but no partici-
pating media at all, using a GI approximation with a reduced number
of ray bounces (Truncated GI), lighting using a single directional light
(DL), or using a DL as part of an analytical sky model (ASM & DL),
or combined with an HDRI (HDRI & DL)

albedo texture with a random solid color, allowing us to
differentiate objects and parts of objects, as opposed to the
homogeneous grayscale noise pattern, which aims to force
segmentation models to fix their attention on different fea-
tures other than color. Please check Fig. 4 to see an example
of the UrbanSyn dataset rendered using the three different
material versions. The results of this experiment are detailed
in Sect. 4.2.

3.6 Lighting alternatives

Photorealistic synthetic datasets for automated driving, i.e.,
Synscapes orUrbanSyn, often feature low-frequency lighting
by leveraging path-tracing rendering and using a sky envi-
ronment, either represented by a captured HDR panoramic
image (HDRI) or by using an analytical sky model (ASM).
However, generating those datasets using other reasonable
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Fig. 6 Examples of noise present in real-world datasets. Cameras often
introduce noise due to factors like lighting conditions or sensor quality.
It is manifested as graininess, color distortion, or random variations
in pixel values, which can affect the performance of neural networks
trained on (clean) synthetic data

lighting alternatives has not yet been fully explored, despite
the potential benefits of including enough lighting variations
already described in the literature [19].

In this study, we propose different alternatives for ren-
dering UrbanSyn and compare various lighting versions. We
authored six different lighting variations, as shown in Fig. 5:
the original UrbanSyn, lit with an HDRI and simulating par-
ticipating media; an HDRI but no participating media at all;
an ambient occlusion GI approximation (Truncated GI) with
one or two ray bounces per light path and a non-unbiased
kernel; a single directional light (DL); a DL as part of an
analytical sky model (ASM&DL); and a DL combined with
an HDRI (HDRI & DL).

This approach allowed us to cover a wide range of effects:
hard shadows projected by a key directional light simulat-
ing the sun, soft shadows projected by a low-frequency GI,
having an approximated GI with ambient occlusion and less
photorealism, or having a low-frequency GI coupled with
some key directional light, which combines the effects of
both hard and soft shadows at the same time. Similarly, we
can weigh the influence and trade-off of simulating partic-
ipating media. Furthermore, we combined some of these
different UrbanSyn versions to check the impact that using
different lighting techniques together has on the results. All
our lighting experiments are shown in Sect. 4.3.

3.7 Stochastic rendering noise

A key observation when generating synthetic datasets is the
possibility ofmodeling camera sensor noise typically present
in real data [16]. See Fig. 6 for examples of common sen-
sor noise present in real-world datasets. Real noise could
not only be a consequence of the camera sensors employed
but also a side effect of the compression algorithms used
to store images. All of them can affect a neural perception
model’s performance. Particularlywhen generating synthetic
datasets, we can also find another source of noise: Monte
Carlo (MC) rendering noise, a typical side effect of using
MC path-tracing rendering. Such noise could also impact

Fig. 7 Different sampling budgets tested in UrbanSyn*. MC rendering
noise has a different nature than real cameras sensor noise. However,
from a network’s perspective, a moderate amount of noise in the train-
ing data could indirectly help the network become more robust when
exposed to real camera noise

the results of a semantic segmentation neural network. Thus,
we decided to study this potential influence by rendering
UrbanSyn using different sampling budgets (see Fig. 7) and
also combining noisy with denoised renderings in the same
dataset. The results of these experiments are all reported in
Sect. 4.4.

3.8 Tonemapping

While HDR images may contain richer visual information,
their inclusion in training datasets introduces challenges such
as increased storage and computational demands. Addition-
ally, their usage may lead to potential inefficiencies during
model training that are still being addressed by the commu-
nity [20]. For these reasons, in neural semantic segmentation
tasks, low dynamic range (LDR) images are commonly used
for training neural networks.

Tonemapping operators (TMOs) are designed to convert
high dynamic range (HDR) content into a lower dynamic
range (LDR) format, a process typically used to map HDR
images on standard screens with limited dynamic range. A
specific TMO fL typically operates only on the luminance of
an image, and it can be formally defined as a mathematical
function converting Ld(x) = fL(Lw(x))where x represents
the image coordinates.

We conducted a series of experiments to assess the best
strategy to follow when tonemapping synthetic images for
training neural networks. We used an HDR toolbox [3] to
test various approaches, particularly analytic methods versus
perceptually based TMOs.

In our case, Lw would be an image resulting from theHDR
rendering of UrbanSyn*. The first analytic and straightfor-
ward approach is to use linear exposure:

Ld(x) = e · Lw(x),
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where e is the exposure factor, and typically

e = 1

Lw,max
,

where Lw,max represents the maximum value in Lw. Using
that particular value for e normalizes the values to the range
0.0 to 1.0. However, many rendering software, including
ours, do not apply such normalization factor, thus e = 1.
Typically, after the application of the TMO fL , gamma cor-
rection is applied, and each color channel is clamped to the
range [0, 255] for images using 8 bits per channel. In conse-
quence, the generated LDR images often lose information,
resulting in images having overexposed areas, as shown in
Fig. 8.

Automatic exposure (or best exposure) is another analytic
alternative where e, in this case, is defined by the number of
well-exposed pixels within a certain range of the histogram,
so the luminance range chosen allows a minimum loss of
information, preserving the contrast ratio of all the correct
pixels present in the image.

Another option is to use a logarithmic mapping:

Ld(x) = log10(1 + q · Lw(x))

log10(1 + k · Lw,max )
,

where the user defines q and k to tune the desired final appear-
ance.

As perceptually based alternatives, we selected Rein-
hard [27], KimKautz [12], and Drago [8] as representative
global TMOs, and Lischinski [15] as local (segmentation)
TMO. Reinhard [27] can be run either as a global or a local
TMO, but in our study we run it as a global operator, per-
forming per-pixel scaling of the dynamic range and using
the default parameters in the HDR toolbox. KimKautz [12]
is based on the assumption that human visual sensitivity
is adapted to the average log-luminance of the scene and
that it follows a Gaussian distribution. Drago [8] uses log-
arithmic functions with changing bases depending on the
content of the scene to exploit adaptive human perception.
As representative local TMO, we run Lischinski [15], using
their automatic segmentationmode inspired by the Zone Sys-
tem [1]. Please check Sect. 4.5 to see the results of all the
TMOs proposed here.

3.9 Color transformations

Regarding color transformations, we focus on studying two
main post-processing approaches avoiding the need to repeat
new renders: (i) color correction without a reference image,
e.g., injecting noise to promote network consistency or using
white balance techniques; and (ii) color transfer between real-
world references (target) and synthetic images (source).

Fig. 8 In the absence of a proper tonemapping algorithm, higher
luminance values are typically compressed, exhibiting overexposed
image regions (left). Contrary, using better tonemapping algorithms
may unveil new details in the image (right)

Fig. 9 (Top) Color transfer using a non-optimal target, while the lower
images correspond to a selected image target using the LPIPS method

To implement our color correction approach injecting
noise, we operate on the L*a*b* (CIELAB) [33] color space.
CIELAB is defined by three channels: one represents percep-
tual lightness L*, and the other two (a*, b*) encode the color.
This color space allows to perform color correction without
altering the luminance channel. In our study, once the image
is converted toL*a*b* space,we inject somenoise only in the
channels a* and b* without varying the luminance channel.
We empirically found that random values ∈ [−5, 5] could
be perceptually acceptable. As a second alternative for color
correction without a reference, we used DeepWB [2], a neu-
ral network able to correct images wrongly white balanced
in origin.

After that, we study color transfer approaches using real-
world (target) reference images. UrbanSyn used an approach
based on Reinhard’s color transfer coupled with a random
selection of the target image. We observed that that approach
could easily affect the colors of the image, for example, by
producing overexposed regions, as shown in Fig. 9. Thus, we
identified two different aspects in which the ablation should
be performed: the method to select the reference image (tar-
get) for a given rendered image (source) and the color transfer
algorithm. Next, we will detail our choices for each of these
aspects.
Image selection methods. To study target reference image
selection approaches, we tested different perceptual metrics:
the structural similarity index measure (SSIM) [39], the deep
features’ cosine similarity using the Contrastive Language
Image Pre-Training (CLIP) [24], and the Learned Perceptual
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Fig. 10 Percentages of each dataset’s representation utilizing the image
selection methods. Random selection is not shown but imposes one-
third of each dataset

Image Patch Similarity (LPIPS) [46]. Finally, we reported
the results using random sampling as a baseline.

Moreover, we used the training sets of our three real-world
datasets as target reference images. Due to the large pro-
cessing times of calculating all the proposed metrics for a
given source for all possible target images in the training
sets, we decided to use a pool of just n randomly selected
images (n = 99 in our experiments). We used one-third to
represent each dataset and repeat the process for every dif-
ferent source image. Figure10 shows the selected percentage
from each dataset obtained by each metric. We can observe
that LPIPS, a deep perceptual metric, performs a balanced
selection of targets, while the other two metrics show a bias
toward Cityscapes. Interestingly, CLIP almost ignores the
BDDdataset, sowewould not recommend it as a good choice
in our settings.
Color transfer algorithms. We selected twomethods capable
of performing a color transfer between two images despite
the similarity or not of their content, i.e., having different
objects or being completely different scenes. Among those,
we first chose Reinhard’s color transfer [26] for being a clas-
sic approach for color transfer and widely used for domain
adaptation, not just in autonomous driving but also in other
fields like medical imaging [30]. As a second alternative,
we chose a more recent deep color transfer using histogram
analogy by Lee et al. [14]. This approach uses a neural net-
work that transfers color between two images, establishing
an analogy between their histograms. The results of all these
experiments are found in Sect. 4.6.

4 Results

In this section, we will report and discuss the results of all
the previously described experiments for the six studied cat-
egories.We have performed single-source experiments using
DeepLabv3+ and SegFormer for each category and validated

them in each of the three datasets. When promising models
were found, we selected the best model in that category and
fine-tuned it to test its ability to surpass the baseline results
obtained only with real data. Furthermore, we performed
two additional experiments, one for SegFormer and one for
DeepLabv3+, joining all the improvements acquired in each
category to test overall gains. Our experiments took approx-
imately 1470h on several high-end GPUs (mostly Nvidia
A6000 with 48 GB and RTX 3090 with 24 GB).

4.1 Alteringmesh geometric details

The geometry experiment findings for DeepLabv3+ are dis-
played in Table 3, allowing us to compare the differences
between all the classes that experience a geometry reduc-
tion. We highlighted the best model using bold; from now
on, we will use this convention to highlight the best model
for each comparison. We can see that overall, the original
version is better than the reduced one in Cityscapes and
Mapillary, but not in BDD. Surprisingly, a version of Urban-
Syn with reduced geometric details that is less photorealistic
manages to overcome the original results when validated in
BDD. We cannot suggest that reducing geometry is a good
practice, even for BDD, because it is the hardest validation
set of the three and produces very low results when trained
either with highly detailed or low detailed geometry. So hav-
ing a marginal improvement in this validation dataset is not
considered relevant, especially when not accompanied by a
similar trend with the other validation sets.

Moreover, analyzing the results for each class, we can
observe that in Cityscapes and Mapillary, there are certain
classes that also obtain some benefit from the geometry
reduction. Specifically, the classesPole andTrafficLight con-
sistently improve their results for the three validation sets.

On the other hand, Table 4 shows the results for the same
experiments but using the SegFormer segmentation model.
We can observe that the tendency is consistent between the
two architectures, while in Cityscapes and Mapillary, the
original version is better; in BDD, the reduced version sur-
passes the original. We believe that this unexpected behavior
could be enhanced by the fact that simplifying the shape of
an object also simplifies its mask, making it more similar to
human-like annotation masks that are typically used in the
real-world validation sets.

We conclude that the more robustly a class is learned, the
more capable the model is of overcoming a reduction in the
quality of the geometric representations used in a training
set. Contrarily, the classes that obtained lower IoUs require
dedicatingmore effort to accurately represent their geometry,
so themodel can learn thembetter. Besides, there are not huge
differences between the original and the reduced versions
in Cityscapes and Mapillary, leading us to conclude that the
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Table 3 Results for the geometry experiments using DeepLabv3+

Val. Src Affected Classes
Sidewalk Pole T. Light T. Sign Person Rider Car Truck Bus Train Moto Bike mIoU

City.
Red 40.17 48.21 50.58 55.58 65.90 40.92 74.76 10.40 39.72 19.92 45.74 65.99 50.76

Urb.* 42.98 47.59 49.19 59.40 67.15 38.29 73.85 25.92 36.37 23.23 48.41 64.57 52.26

Mapi.
Red 27.55 41.62 46.81 58.28 58.87 40.68 60.33 33.32 20.90 6.15 51.46 48.20 46.69

Urb.* 30.76 41.35 45.33 60.24 63.68 42.18 68.85 32.73 25.38 12.38 53.28 51.28 48.99

BDD
Red 24.46 34.52 32.99 33.54 39.77 24.20 73.92 18.99 21.95 0.09 41.58 43.29 35.69

Urb.* 27.34 33.46 32.53 34.34 35.44 18.33 58.43 13.55 18.04 0.06 38.96 37.69 33.87

The results reported are from the affected classes by the geometry reduction. The table shows the comparison between the version and the original
reduced for each validation set

Table 4 Results for the geometry experiments using SegFormer

Val. Src Affected classes
Sidewalk Pole T. Light T. Sign Person Rider Car Truck Bus Train Moto Bike mIoU

City.
Red 52.63 49.16 61.10 64.64 74.77 47.04 91.96 34.98 67.46 29.52 40.16 70.81 59.52

Urb.* 45.66 51.29 59.85 68.68 75.22 49.44 92.01 61.97 58.79 29.00 42.76 70.17 60.65

Mapi.
Red 34.13 47.54 60.20 60.48 72.66 49.06 86.99 31.41 44.77 9.37 53.26 53.93 54.47

Urb.* 32.44 46.10 58.17 66.16 70.53 53.69 87.18 46.02 44.91 16.78 57.9 55.99 56.26

BDD
Red 29.70 37.43 39.50 37.66 51.34 24.34 74.12 14.53 45.59 0.00 33.06 32.89 40.50

Urb.* 25.94 36.32 39.57 37.63 47.61 23.92 78.87 23.24 44.88 0.00 32.21 31.89 40.26

The results reported are from the affected classes by the geometry reduction. The table shows the comparison between the version and the original
reduced for each validation set

detail stored in the geometry is not themost important feature
in a synthetic dataset.

4.2 Alteringmaterials appearance

We can find thematerial’s results for DeepLabv3+ in Table 5.
In this experiment, the quality decrease is greater than in
the geometry one, and the overall difference is heavily
noticeable. That is why the results are far from the orig-
inal baselines. Curiously, as in previous experiments with
DeepLabv3+, there are classes that are able to surpass the
original results while using this new, less realistic simplified
shading. However, Car is the only class able to improve in
two validation sets for both noise and random color datasets.
In the results, we can observe that there are some classes
more invariant to changes, such as Car, Vegetation or Road,
that only suffer minor losses. Classes such as Sidewalk, Per-
son or Traffic Sign experience instead heavy decreases due
to these less realistic materials.

Table 6 shows us the material’s results for the SegFormer
model. The results are more consistent than those with
DeepLabv3+. No single class surpassed the original results.
Besides that, the robust classes that stood out were the same
for both models. While Road, Vegetation, and Car resist the

decrease in realism of the material appearance, the others
suffer a great IoU loss.

These results show us an interesting finding: unlike
domain randomization, using non-realistic renders with ran-
dom colors or noise is not helping in any class. Furthermore,
it is also important to observe that classes behave differently
about these quality reductions. This different behavior could
be explained by the information that the network learns from
these classes. The robust classes, such as Road, Car, or Vege-
tation, are the ones that do not depend on color; for example,
the road is always at the bottom of the image, and the vegeta-
tion has a very distinct shape that makes it very recognizable.
These findings suggest that there are classes that dependmore
on material quality because they don’t have other attributes
from which the network could learn.

4.3 Influence of different lighting

We show in Table 7 the results comparing different lighting
alternatives with DeepLabv3+. We can observe that over-
all, The best-performing model is the one trained with the
combination of UrbanSyn* and DL. However, training with
TruncatedGI, surprisingly, produced the best result for BDD.

Table 8 shows the same lighting comparisons for Seg-
Former. As for DeepLabv3+, the best version, in this case,
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Table 5 Results for the
materials experiments

Val. Source Classes
Road Sidewalk T. Sign Vegetation Person Car mIoU

City.
Noise 78.49 25.65 8.85 80.71 42.44 72.19 40.54

Color 71.83 29.99 21.23 83.95 45.14 51.70 43.86

Urb.* 82.35 42.98 59.40 87.07 67.15 73.85 52.26

Mapi.
Noise 75.38 16.62 5.04 66.56 23.46 72.82 34.19

Color 77.38 15.37 20.09 76.11 45.62 73.85 42.31

Urb.* 80.66 30.76 60.24 79.40 63.68 68.85 48.99

BDD
Noise 78.58 15.98 7.34 64.14 21.89 69.95 31.16

Color 71.62 17.67 10.41 69.02 29.47 64.79 31.49

Urb.* 69.97 27.34 34.34 73.40 35.44 58.43 33.87

We report the most interesting classes as well the mean intersection over union for the UrbanSyn and the two
materials versions for DeepLabv3+

Table 6 Results for the
materials experiments

Val. Source Classes
Road Sidewalk Traffic sign Vegetation Person Car mIoU

City.
Noise 86.42 31.49 18.90 83.10 41.66 83.26 46.16

Color 82.93 30.56 22.61 83.68 51.37 87.08 49.66

Urb.* 88.51 45.66 68.68 86.70 75.22 92.01 60.65

Mapi.
Noise 82.83 20.75 24.51 77.06 30.58 80.36 41.12

Color 83.78 19.26 28.70 78.64 51.86 82.62 48.26

Urb.* 87.07 32.44 66.16 80.26 70.53 87.18 56.26

BDD
Noise 78.59 20.17 11.75 68.29 17.92 66.53 31.32

Color 76.24 23.28 12.48 68.01 26.26 61.61 34.22

Urb.* 84.84 25.94 37.63 67.90 45.61 78.87 40.26

We report the most interesting classes as well as the mean intersection over union for UrbanSyn and for the
two materials versions for SegFormer

Table 7 Comparison of lighting experiments with DeepLabv3+

Val Source Datasets
UrbanSyn* No Part. Med. DL Trunc. GI ASM & DL HDRI & DL Urb*. + DL Urb*. + HDRI & DL Urb.* + ASM & DL

City. 52.26 46.98 52.68 50.95 51.11 50.37 53.87 50.37 52.32

Mapi. 48.99 45.36 47.86 48.48 47.88 48.42 49.48 48.42 49.13

BDD 33.87 33.56 33.52 35.18 33.93 34.64 34.57 34.64 34.91

Mean 45.04 41.97 44.69 44.87 44.31 44.48 45.97 44.48 45.45

UrbanSyn* is a new rendered version as discussed in Sect. 3.1

Table 8 Comparison of the lighting experiments with SegFormer

Val Source datasets
UrbanSyn* No Part. Med. DL Trunc. GI ASM & DL HDRI & DL Urb*. + DL Urb*. + HDRI & DL Urb.* + ASM & DL

City. 60.65 56.95 60.14 59.42 61.47 60.66 61.12 60.71 60.88

Mapi. 56.26 53.18 56.71 55.18 56.17 57.29 57.51 55.67 55.24

BDD 40.26 37.59 40.11 37.65 41.92 40.90 42.21 41.24 39.99

Mean 52.39 49.24 52.32 50.75 53.19 52.95 53.61 52.54 52.04

UrbanSyn* is a new rendered version as discussed in Sect. 3.1

123



Exploring the effects of synthetic data generation

Fig. 11 DeepLabv3+ results for experiments using various sampling
budgets and their denoised results. Each chart corresponds to a real-
world validation set; the last one (bottom right) is their mean

it seems to be UrbanSyn* + DL. These findings suggest that
the original lighting version producing a soft shadow look
might not cover enough lighting diversity, and consequently,
adding other types of complementary light sources might
help. A general conclusion regarding participating media is
that when it is visible, simulating it seems key to reducing
the synth-to-real domain gap, as evidenced by performance
decreases in both models when trained without simulating
that effect.

After training the models, we selected the best one, which
was the combination of UrbanSyn* and DL, and used it to
fine-tune amodel trained in real data for each of the three val-
idation sets in SegFormer. Table 13 shows all the fine-tuning
experiments performed compared to the UrbanSyn* dataset.
We can observe that in the lighting category, the best model is
able to surpass the UrbanSyn* fine-tuning in each validation
tested. This leads us to conclude that adding a directional
light set to UrbanSyn* helped improve the performance.

4.4 Effects of rendering noise

In Fig. 11, we show our first set of experiments with the
DeepLabv3+ model. The figure consists of three plots: one
training with noisy Monte Carlo estimations (MC), one for
the MC denoised ones, and the last one presenting the results
by mixing noisy and denoised images. These experiments
tested different sampling budgets, as well as the combination
of noisy and denoised rendered images. At first, we noticed
a curious trend for DeepLabv3+, as using higher sampling
budgets did not necessarily translate into better performance,
obtaining pretty good results for this model already using
just 32 samples per pixel. All this sparked our curiosity to
test the combination of noisy and non-noisy images, which

Fig. 12 SegFormer results for experiments using various sampling bud-
gets and their denoised results. Each chart corresponds to a real-world
validation set; the last one (bottom right) is their mean

in fact ended up obtaining some of the best results overall for
various validation sets.

When moving to the SegFormer model, see Fig. 12, we
observed a similar trend where combinations of noisy and
non-noisy seem beneficial; also, using the highest sampling
budgets is not always the best option. However, in this case,
128 samples per pixel instead of 32 obtained the best results
overall, including those of DeepLabv3+.

Moreover, we also choose the best model in this category
for a fine-tuning. In this case, Table 13 shows us that mixing
noisy and denoised renders does not particularly stand out
when compared to other fine-tuned models.

4.5 Effect of tonemapping operators

Table 9 displays the results for the tone mapping operators
(TMOs) experiments for DeepLabv3+. We can see that no
other alternative to UrbanSyn* is able to improve its results
in neither Mapillary nor BDD. However, for Cityscapes,
there are some methods that manage to overcome the base-
line, which are Logarithmic, Best Exposure, and Reinhard.
Interestingly, these methods improve the baseline by a con-
siderable margin of approx. +3 mIoU points but are not able
to perform equally in the other two datasets. Specifically,
these techniques have a significant detrimental impact on
BDD.

We can refer to Table 10 to see the tone mapping opera-
tor results for SegFormer. We can observe that, contrarily
to DeepLabv3+, three tonemapper operators are able to
overcome the baseline in SegFormer, being Drago the best
approach overall. In this case, there are no such great gains
as the ones obtained in Cityscapes using DeepLabv3+, but
there are neither such losses in the other validations, produc-
ing interesting results, especially in BDD and Mapillary.
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We can conclude that the transformation given by a
tonemapper is highly dependent on the architecture used. The
linear exposure with posterior clamping used in the baseline
is the best option forDeepLabv3+,while theDrago tonemap-
per is the best for SegFormer.We find these results especially
interesting because the validation images for all three datasets
are LDR obtained from real cameras that do have the same
problems as the clamping could provoke: overexposed and
underexposed areas. However, using a tonemapper that pre-
vents images from having these effects is clearly superior in
SegFormer.

Performing the fine-tuning, we found that the Drago ver-
sion is the best for Cityscapes and the second best for
Mapillary, only surpassed by the final UrbanSyn* version
with all improvements applied.

4.6 Effect of color transfer approaches

Table 11 shows the experiments for the color comparison per-
formed inDeepLabv3+.Wecanobserve that using the dataset
without any color correction produces the worst result by a
great difference in all the validation sets, resulting in a more
dramatic fall in Cityscapes and BDD than in Mapillary. Note
that the baseline used in theUrbanSyn* paper already has one
color transformation based on Reinhard using a random tar-
get selection. Adding a random color deviation significantly
increases baseline performance across all datasets, which is
an interesting finding. We can also observe that the color
transfer methods are better than the approaches without a
target in almost every validation. Specifically, There is no
selection method that consistently outperforms the others in
both Reinhard and Lee. Besides, random selection is the best
for Lee that questions the usefulness of the other methods
that are incapable of surpassing a random algorithm. Further-
more, Lee with random selection produces the best results of
the comparison overall

Table 12 shows the color transformation results for
SegFormer. The main difference that we observe with
DeepLabv3+ is that UrbanSyn without any color transfor-
mation performs acceptably well, and it is even better than
some methods in this category. Surprisingly, the color trans-
formation methods that do not depend on target images,
especially DeepWB, also perform above average. The great
performance of the Random Color transformation in Mapil-
larymethod could be explained by the different sensor origins
of Mapillary Vista’s images. Unlike Cityscapes, each image
was captured with a different camera under different lighting
conditions and white balance, which results in different col-
ors dominating the image. Using a random color deviation
as in this method could help reduce the synth-to-real domain
gap. The best model using SegFormer is the one trained on
Reinhard’s color transfer, but in this case, the best selection
method is SSIM. While color transfer techniques seem to

have a positive effect overall, we cannot choose a unique
preferred approach in this case, as it highly depends on the
validation target.

Table 14 shows the fine-tuning experiments, performed
with Reinhard’s SegFormer model using SSIM for image
selection.We compared it with a model trained on UrbanSyn
instead of UrbanSyn* since we can directly use the publicly
available images. This model is only able to surpass the base-
line for the BDD validation.

4.7 Optimized UrbanSyn*

Wedecided to combine themost promising parameters found
in each category to create a version called Optimized Urban-
Syn* to prove the improvement in these changes applied
simultaneously. We created two versions, one for SegFormer
and one for DeepLabv3+.

The DeepLabv3+ final version consists of renders with
32 samples per pixel using both the denoised version and
the Monte Carlo original path tracer version. Regarding the
lighting, it uses a mixture of a directional light and an HDR
with a directional light. It did not use a tonemapper but a
clamped range transformation as the baseline, and for the
color transfer process, it leverages Lee, selecting the images
randomly

TheSegFormerfinal version consists of data renderedwith
128 samples per pixel using both the denoised and the MC,
and it uses the same lighting as the DeepLabv3+ version. To
tonemap the images, it uses Drago, and for the color trans-
fer process, it leverages Reinhard, selecting the images with
SSIM.

Table 15 shows the comparison between these new ver-
sions and the baselines.We can observe that the new versions
are always better except for the case DeepLabv3+ in Mapil-
lary. These results prove the usefulness of the new optimized
version and validate our guidelines to generate synthetic data.

5 Guidelines for synthetic image generation

Very few works have analyzed the impact of choices made
during the image synthesis pipeline when using synthetic
data for a specific vision task. Hopefully, this work helps
alleviate this gap in the literature. This study aims to gain
new knowledge about generating synthetic image datasets
for training neural networks. We believe our work can bring
interesting results and conclusions that could serve as guide-
lines for the synthetic data community, helping toward more
effective and efficient synthetic datasets to train vision tasks.
In the particular case of autonomous driving and semantic
segmentation, we can share the following guidelines.
Rendering quality, samples, and noise.While intuitively one
may think that the higher the quality of the rendered images,
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Table 9 Results from the
tonemapping experiments for
DeepLabv3+

Datasets Source datasets
UrbanSyn* Log. Best Exp. Reinhard Drago KimKautz Lischinski

City. 52.26 55.60 55.67 54.34 50.28 49.89 50.55

Mapi. 48.99 46.20 46.20 43.96 48.14 47.78 47.39

BDD 33.87 25.91 24.41 23.29 34.37 33.09 34.43

Mean 45.04 42.57 42.09 40.53 44.26 43.59 44.12

Notice UrbanSyn* is the new rendered version as discussed in Sect. 3.1

Table 10 Results from the
tonemapping comparison
experiment for SegFormer

Datasets Source Datasets
UrbanSyn* Log. Best Exp. Reinhard Drago KimKautz Lischinski

City. 60.65 61.11 61.81 57.95 61.94 58.53 58.94

Mapi. 56.26 56.29 56.93 53.09 57.22 55.03 55.24

BDD 40.26 42.25 41.19 36.16 41.86 38.25 40.25

Mean 52.39 53.22 53.31 49.07 53.67 50.60 51.48

Notice UrbanSyn* is the new rendered version as discussed in Sect. 3.1

Table 11 Results of the color transfer approaches with the DeepLabv3+ model

Color Transfer Source datasets
Img. Sel. Or. Color DeepWB Rand. Color Reinhard Lee

None None None Random SSIM CLIP LPIPS Random SSIM CLIP LPIPS

Val. Datasets Cityscapes 47.44 49.35 51.18 51.92 53.42 53.03 53.37 52.73 52.09 52.80 52.72

Mapillary 46.83 47.74 47.52 48.97 49.41 47.22 48.97 48.99 48.04 46.64 47.06

BDD 29.56 32.82 30.81 33.08 31.95 33.17 33.75 35.19 33.03 32.27 33.31

Mean 41.28 43.55 43.17 44.66 44.93 44.47 45.36 45.63 44.39 43.90 44.36

Val. Datasets validation Datasets, Img. sel. Image Selection, Or. Color Original Color.

Table 12 Results of the color transfer approaches performed with the SegFormer model

Color Transfer Source datasets
Img. Sel. Or. Color DeepWB Rand. Color Reinhard Lee

None None None Random SSIM CLIP LPIPS Random SSIM CLIP LPIPS

Val. Datasets Cityscapes 59.73 61.25 61.03 61.12 63.31 62.93 60.73 61.27 61.01 61.61 61.60

Mapillary 56.47 57.11 57.26 56.88 56.94 56.38 55.97 56.27 56.71 57.29 57.35

BDD 42.60 41.13 39.29 42.55 42.86 41.04 41.05 42.21 41.78 41.48 42.78

Mean 52.93 53.16 52.03 53.52 54.37 53.45 52.58 53.25 53.17 53.46 53.91

Val. Datasets validation Datasets, Img. sel. Image Selection, Or. Color Original Color.

Table 13 Results from fine-tuning the best synthetic model into real data in SegFormer

Type Source Datasets
Baseline Baseline Lighting Samples TMO All

Pre-train None UrbS.* UrbS.* + DL 128 spp Drago Opt. UrbS.*

Fine-tune Real Real Real Real Real Real

Validation Datasets Citys 78.47 81.37 81.43 80.96 81.58 81.23

Mapi 76.08 76.41 76.65 76.26 76.79 77.25

BDD 62.51 63.82 63.96 64.21 63.66 64.29

UrbanSyn* is the new rendered version with slight differences discussed in section 3.1. UrbS. is an acronym for UrbanSyn. and Opt. UrbS.* is the
version in which we applied the most promising parameters found in each category
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Table 14 Results from
fine-tuning the best synthetic
model into real data in
SegFormer

Type Source Datasets
Baseline Baseline Color Transformation

Pre-train None UrbanSyn Reinhard SSIM

Fine-tune Real Real Real

Validation Datasets Cityscapes 78.47 81.78 80.82

Mapillary 76.08 77.21 76.31

BDD 62.51 63.57 63.78

The original UrbanSyn is used here instead of UrbanSyn*, as in Table 13

Table 15 Comparison between
the baselines and the final
version of UrbanSyn

Target DeepLabv3+ SegFormer
UrbS.* (stdev) Opt. UrbS* UrbS.* (stdev) Opt. UrbS*

Validation Datasets Citys. 52.26 (±1.70) 56.62 60.65 (±0.58) 64.0

Mapi. 48.99 (±0.62) 47.52 56.26 (±0.19) 56.4

BDD 33.87 (±0.72) 34.17 40.26 (±1.14) 42.74

Mean 45.04 (±1.01) 46.10 52.39 (±0.64) 54.25

The final version was created using the best parameters for each category, differentiating SegFormer and
DeepLabv3+. UrbS. is an acronym for UrbanSyn. and Opt. UrbS.* is the version in which we applied the
most promising parameters found in each category

the better the results. That is partially true, since we exper-
imentally demonstrated that better results can be obtained
with lower sampling budgets and by mixing noisy and non-
noisy (denoised) images. There is a point where upgrading
the sampling budget is wasteful, and perhaps because of the
robustness gained by the networks when exposed to noisy
data, it is not essential to generate perfect, noise-free images.
While the optimal number of samples to be used may depend
on the model architecture, it has been observed an overall
benefit in mixing noisy and denoised images rendered with
a moderate number of samples per pixel.
Participating media. A very interesting observation was that
simulating the participating media could be one of the key
factors to obtaining better semantic segmentation perfor-
mance with synthetic datasets. For example, incorporating
this effect increased the result by around +3mIoUpoints con-
sistently for both model architectures. In summary, if your
domain has participating media, we highly recommend sim-
ulating it in your images to reduce the domain gap. While it
might be seen as a subtle effect in some scenes, it will greatly
help to reduce the domain gap.
Influence of lighting. We empirically demonstrated that bet-
ter results could be obtained by simulating complementary
light sources projecting both hard and soft shadows. In conse-
quence, talking about daytime autonomous driving scenarios,
lighting using a combination of HDRI environment maps
and key directional lights seems recommended to lit virtual
worlds.
Tonemapping operators (TMOs) and color transfer.Straight-
forward tonemappers and Drago, which is based on logarith-
mic functions and therefore is similar to those, appear to be

improving the original version in some cases. It seems that
tonemapping the image, avoiding overexposed areas, could
be a beneficial post-process. Color transfermethods that use a
target seem to be consistently superior to other color transfor-
mationmethods and have proven to be far above the baseline.
However, the results did not clarify the best strategy for the
target selection, as no metric used for selection has proven
to be better than the others.
Geometric modeling and material fidelity. Regarding geom-
etry modeling, the higher the detail, typically the better,
especially for modern segmentation architectures, such as
SegFormer. However, a certain relaxation of the modeling
accuracy seems to be better tolerated by certain classes, those
that usually produce a good segmentation performance and
occupy similar positions in the 3D world in every resulting
image. For the most challenging classes, we highly recom-
mend having your most detailed models; otherwise, those
classes will suffer more from the lack of detail. Regarding
material appearance, we did not observe a real benefit in
training with other than realistic material shading; thus, we
find agreement with previous work in recommending using
realistic materials as much as possible.

6 Conclusions

This work presents an ablative study analyzing the impact
that various factors involved in the image synthesis pipeline
might have in the resulting generated images and con-
sequently on the neural networks trained with them to
solve downstream computer vision tasks, such as seman-
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tic segmentation. The aspects under study include geometry
modeling, material appearance, realistic lighting, rendering
noise, tonemapping operators, and color transfer techniques.
Our study is focused on analyzing the influence of all
these aspects using the specific case study of UrbanSyn, a
synthetic image dataset generated using computer graph-
ics belonging to the autonomous driving domain that has
been extensively tested for semantic segmentation. In our
experiments, each proposed model was trained on the corre-
sponding synthetic data and later validated in three real-world
autonomous driving datasets: Cityscapes, Mapillary Vistas,
and BDD100K.

In this work, we proposed guidelines according to the
impact observed on the performance of neural network mod-
els trained with the synthetic image data generated. Our
ablative study required nearly a hundred experiments and
took approximately 1470 hours on several high-end GPUs.
As an important limitation of this study, we should mention
the difficulty of generalizing conclusions among different
hyper-parameter configurations. In future work, it would be
interesting to expand the ablation study to other computer
vision tasks to verify if the conclusions achieved for seman-
tic segmentation may also translate to other tasks.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00371-025-03811-
1.
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