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Abstract—In recent years, small-scale driving testbeds have
been developed as controlled physical environments for the
evaluation of autonomous vehicle controllers. Such controllers
are heavily dependent on computer vision algorithms that
enable the vehicle to perceive its surroundings. To bridge
the Sim2Real content and appearance gap between simulated
and real-world image data for training these algorithms, we
propose a novel transfer learning approach that performs
domain adaptation using StyleGAN to generate style-mixed
images that closely resemble real-world images. We explain our
approach within the context of our small-scale driving testbed,
CHARTOPOLIS, and demonstrate it on synthetic image data
of two object classes, vehicles and buildings, from the driving
simulator CARLA. Our results show that this approach works
on the vehicle object class while failing on the building object
class. This paper thus provides a plausible approach to bridging
the Sim2Real gap through the use of custom pipelines that
augment image datasets using a mix of techniques for domain
adaptation and domain randomization.

I. INTRODUCTION

A variety of small-scale driving testbeds, e.g. [1]-[8] and
our own testbed CHARTOPOLIS [9] (Fig. 1), have been
developed in recent years to provide safe, controlled physical
environments for evaluating autonomous vehicle controllers
in a cost-effective manner. These controllers often rely on
the vehicle’s visual perception of its surroundings, achieved
through the application of computer vision algorithms to
image data acquired by its onboard cameras. Hence, it is
critical that these algorithms accurately identify different
objects in the testbed from any possible perspective of the
vehicle. While some classes of objects are standardized (e.g.,
traffic signs and signals, lane markings), others can vary
widely in appearance, in particular the myriad other vehicles
that share the roadways and the structures of the nearby built
environment.

Simulations of realistic driving scenarios can be used to
generate a sufficient quantity and variety of image data for
training machine-learning-based computer vision algorithms
that are robust and highly accurate in diverse environments,
as long as this synthetic image data closely matches real-
world image data in appearance and content. However,
existing open-source driving simulators, such as the widely-
used simulator CARLA [10], lack tools to automatically
reduce this disparity, known as the Sim2Real domain gap.
Customized virtual driving environments with proprietary
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Fig. 1: CHARTOPOLIS small-scale driving testbed [9].

3D models (buildings, roads, traffic signs, traffic lights,
pedestrians, and other fixtures) such as digital twins of
physical small-scale driving testbeds, require labor-intensive
design of each individual asset. This limits the simulators’
utility as digital twins of these testbeds, in which vehicle
controllers can be developed and evaluated safely and then
reliably transferred to vehicles in the physical testbeds.

Common approaches to reducing the Sim2Real gap in
vision-based applications include domain randomization, do-
main adaptation, dynamics randomization, system identifica-
tion, and residual policy learning. Here we focus on domain
adaptation and domain randomization, as they can be used
for dataset augmentation to close the Sim2Real gap. We give
a brief overview of these techniques below.

A. Domain Randomization

When conducting data-driven machine learning experi-
ments on a domain or environment that is unknown or hard
to train in, knowledge must be transferred from an easily
accessible domain. The former is called the target domain
and the latter is the source domain. This enables the zero-
shot transfer of features that are already trained on the
source domain. To make this transfer compatible with a wide
array of target domains, we need to ensure that features are
learned without overfitting. This can be achieved through
dataset augmentation by randomizing both the visual and
physical parameters in a feature-rich dataset. The distribution
of these parameters needs to be fine-tuned to enable policy
generalization over multiple domains.

B. Domain Adaptation

Domain adaptation enables a machine learning model
trained in a source domain to generalize effectively to a
target domain by adapting the data from the source domain



to resemble the data from the target domain, in terms of
both its visual and dynamic properties. Domain adaptation
can primarily be categorized into two approaches:

1) Feature-Level Adaptation: This method focuses on
learning features that are common to both domains and can
therefore be generalized easily. However, the feature extrac-
tion process for this approach needs to be meticulous and
fine-tuned to match the application at hand. It is generally
achieved by learning how predefined features translate for
knowledge transfer from source to target domains.

2) Pixel-Level Adaptation: Pixel-level domain adaptation
is achieved through style-mixing of images from the source
domain to make them visually resemble images from the
target domain. The most widely adopted method for this
type of adaptation is the use of image-conditioned generative
adversarial networks (GANSs) [11]. StyleGAN [12] is a type
of GAN that produces new images by mixing the styles of a
set of images. StyleGAN2-ADA [12] by itself uses dataset
augmentation to help train networks with limited data. We
further augment our dataset using synthetic generations
from StyleGAN.

In this paper, we demonstrate a novel Sim2Real transfer
learning approach for object detection and segmentation
that uses StyleGAN-based image data augmentation to per-
form domain adaptation, and thus close the appearance
gap between synthetic and real-world image datasets. Our
methodology primarily focuses on improving the diversity
and realism in a synthetic image dataset generated from
CARLA, demonstrated through two object classes: vehicles
and buildings. We find that bridging the gap between small-
scale testbeds and simulators will require further work to
improve the capabilities of existing simulators. Specifically,
data augmentation tools are needed in simulators to im-
plement existing gap-bridging approaches involving domain
adaptation and domain randomization.

II. RELATED WORK

Sim2Real transfer has proved to be pivotal in program-
ming machine learning algorithms for robotics, leveraging
simulation as a reservoir of inexhaustible, accurately anno-
tated data. Stocco et al. [13] provides a comprehensive study
on existing simulation infrastructure available to study the
Sim2Real gap and transfer techniques. Saxena et al. [14]
utilized rendered objects to train a vision-based grasping
model, while Gualtieri et al. and Viereck et al. [15], [16]
explored Sim2Real transfer employing depth images, which
simplify the complexity of real-world appearances. Despite
the advantages of depth cameras, the ubiquity and cost-
effectiveness of RGB cameras underscore the importance
of developing systems that rely on monocular RGB images.
However, the inclusion of depth data could potentially further
improve the performance of generative adversarial networks
(GANSs) for domain adaptation. Moreover, GANs have been
proven to work well as a data augmentation tool to improve
the generalizability of machine learning models. GANS have
been successfully demonstrated in CT image segmentation

tasks models [17] and handwriting and facial image classi-
fication tasks [18].

Domain randomization has been successfully applied to
bridge the gap between synthetic and real-world data for
a variety of tasks, including quadrotor navigation [19] and
object grasping [20]-[23]. In particular, [20], [21] have
investigated the use of randomized simulated environments
for transferring robotic manipulation skills from simulation
to real-world tasks. These efforts involve the generation of
random textures, lighting, and camera positions within sim-
ulations, with the goal of testing the effect of randomization
approaches in both visually simple virtual environments and
in diverse, real-world robots. Tremblay et al. [24] applied do-
main randomization for car detection, whereas Sundermeyer
et al. [25] proposed its use for object orientation estimation
with training performed exclusively on synthetic renderings.
Similar to our work, Khirodkar et al. [26] demonstrated
the efficacy of combining domain adaptation with domain
randomization in bridging the gap between synthetic and real
data for object detection and pose estimation tasks.

Significant strides have been made in domain adapta-
tion, especially for perception applications [27], [28], with
research primarily bifurcating into feature-level and pixel-
level adaptation. Feature-level adaptation seeks domain-
invariant features, either by transforming pre-computed fea-
tures between domains [29]-[32] or by developing a domain-
invariant feature extractor, typically a convolutional neural
network (CNN) [33]-[35]. Empirical evidence suggests the
superiority of the latter approach in various classification
tasks, with domain invariance often achieved by optimizing
domain-level similarity metrics or responses from an adver-
sarially trained domain discriminator [33], [34]. Pixel-level
adaptation, on the other hand, focuses on modifying source
domain images to resemble those from the target domain
[36], [37], predominantly utilizing image-conditioned GAN’s
[11].

Pioneering efforts in domain adaptation by Ganin and
Lempitsky [33] introduced methods for ensuring that features
learned by a model remain consistent despite shifts between
domains. Following this, Zhang et al. [38] proposed a mul-
tichannel autoencoder designed to reduce the domain gap
between real and synthetic data. Shrivastava et al. [39] further
advanced domain adaptation through SimGAN, employing a
GAN-based refiner to train systems for eye gaze estimation
on synthetic images, thereby making these images’ noise
distribution more similar to that of real eye images. Distinct
from this prior work, we introduce a novel transfer learning
method that integrates both feature-level and pixel-level
adaptation for enhancing Sim2Real transfer.

III. ILLUSTRATIVE EXAMPLE: CHARTOPOLIS

Here, we describe components of the Sim2Real gaps
between full-scale driving environments, our small-scale
driving testbed CHARTOPOLIS (Fig. 1), and the CARLA
driving simulator. Figure 2 [9] illustrates the control archi-
tecture of CHARTOPOLIS and its simulator counterpart.
The CHARTOPOLIS testbed is designed to 1:18 scale,
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Fig. 2: CHARTOPOLIS control architecture, including com-
ponents of the human-robot interface (green), physical
testbed (orange), and CARLA driving simulator (blue) [9].
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Fig. 3: Modified JetRacer Al Pro robotic car [40].

while other testbeds with similar capabilities [1], [41] are
1:10 scale. Robotic cars designed for these testbeds, such
as the JetRacer (Fig. 3) and other scale-model vehicles,
have very different dynamics than full-scale vehicles. We
have found that the physics engines of driving simulators
generally reproduce real-world vehicle dynamics, but cannot
accurately reproduce the dynamics of small robot cars like
the JetRacer. Hence, when including internal forces and
actuation mechanics, the simulation environments for the
small-scale and full-scale physical domains are too different
to be generalizable for training algorithms that depend on
the vehicles’ dynamics.

However, small-scale driving testbeds can still be useful
for control strategy evaluation and human-robot interaction
(HRI) experiments that do not require realistic vehicle dy-
namics. Given that the JetRacer and other robot cars look
very different from real-world cars, object detection and
other classification techniques cannot reliably recognize them
under the same object class, unless trained specifically with

images of both small-scale robot cars and real-world cars.
This motivates, in part, our transfer learning approach to
close the Sim2Real gap.

Digital twinning between CARLA and CHARTOPOLIS is
facilitated by the ROS-Bridge library support for CARLA.
The sensors of the JetRacer robotic car are synchronized
and controlled using ROS2, which is also compatible with
the CARLA Python API. The possibility of using other sim-
ulation platforms to enhance the testbed’s functionality, such
as the NVIDIA Omniverse [42], is currently being explored.
CARLA is slated to add support for Unreal Engine 5 [43]
and Omniverse, which would further close the appearance
gap between the simulated environment and the testbed.

IV. APPROACH

A dataset consisting of 10772 synthetic images (800 x 600
pixels) was generated using the driving simulator CARLA,
each image containing multiple instances of the two object
classes: vehicles and buildings. Every image was generated
with its corresponding set of semantic segmentation, instance
segmentation, depth image, and ground truth bounding boxes
for the object classes. We generated a new set of images that
maintain the geometric integrity of the original synthetic data
while infusing it with styles learned from a dataset of real-
world images. This was achieved by training a StyleGAN-
2-ADA model on a diverse real-world image dataset [44],
[45] for each object class and then applying style mixing
to the CARLA-generated synthetic images of such objects.
The style-mixed images exhibit visual characteristics that are
similar to those of real-world images of the same object class.
For vehicles, these characteristics include vehicle make and
color, while for buildings, they include architectural styles
and facades. By replacing masked pixels corresponding to
vehicles or buildings in the original synthetic images with
these style-mixed versions, we effectively introduce a richer
set of features that models must learn, thereby improving
their generalizability to real-world data. The style-mixing
process is carefully controlled to ensure that the fundamental
feature attributes of each object are preserved, while still
achieving a significant transformation in their appearance.

The following steps describe our data augmentation
pipeline, illustrated in Fig. 4.

1) Generate 10772 synthetic images containing instances
of each object class (vehicles and buildings) using the
CARLA simulator.

2) Save 9963 object class ground truths using object
detector bounding boxes from CARLA’s instance and
segmentation masks.

3) In each image, generate black-and-white masks for
object class ground truths using the ground truth from
instance segmentation.

4) Extract masked pixels of each detected object and save
a cropped version.

5) Extract latent representations of both synthetic and real
images using a pre-trained StyleGAN encoder.

6) Use the resulting mixed latent vectors with the Style-
GAN discriminator to synthesize the corresponding
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Fig. 4: Dataset augmentation pipeline using StyleGAN2-ADA for style-mixing.

Fig. 5: Objects that are not fully visible in the image are not
accurately reconstructed. (a) Original synthetic image from
CARLA,; (b) style-mixed image.

projected images.

7) Perform style mixing on the masked pixels in each
projected image by combining the style features from
the real images with the content features from the
synthetic images.

8) Extract the masked pixels from the style-mixed images
and discard the surrounding generated environment.

9) Replace the masked pixels in each original synthetic
image with the pixels from the corresponding style-
mixed version to form an augmented image.

10) Save the augmented images as a separate dataset to
facilitate ablation studies with varied levels of data
augmentation.

V. RESULTS
A. Vehicles

Understanding the depth and geometry of the images
is an integral part of context-based image reconstruction.
As shown in Fig. 5, monocular RGB images that do not
fully depict the geometry of the object cannot be used for
reconstruction with this approach using StyleGAN.

The model can also be pose-agnostic at times, as depicted
in Fig. 6. By filtering out such edge cases, the dataset
can be augmented to a degree with randomized vehicles

as seen in Fig. 7. These style-mixed images can then be
easily integrated into our dataset, as shown in Fig. 4. This
accomplishes the randomization of vehicles without using the
built-in CARLA vehicle asset library or any other external
libraries. Also, it is to be noted that the process of importing
custom vehicles into CARLA [46] is a laborious process
that might not yield results that are usable in vision-based
experiments [47], [48] since a high-fidelity rendered vehicle
model import will require several man-hours.

B. Buildings

Creating the exact replica of CHARTOPOLIS in CARLA
is challenging due to the import mechanism of buildings into
the simulator. CARLA does not support whole models of
buildings to be imported with ease. Instead, they have to be
imported in parts, segregated by floors and other features
like windows, shape, and textures. Further, buildings when
imported as a single 3D model using the Unreal Editor, can
have visual artifacts associated with lighting conditions. As
seen in Fig. 8, models that do not have custom-defined UV
lighting meshes can end up having shadow artifacts based
on their shape and edges. When trying to implement domain
randomization using StyleGAN, the model fails to under-
stand the geometry of the buildings from its images generated
through masks from instance segmentation. All projections
(Fig. 10) result in interpolated texture randomization without
retaining the geometry of the building. Segmentation-based
masks also brought in missing pixels in the cropped images
because of objects that appear between the building and the
simulated camera sensor (Fig. 10a). StyleGAN2-ADA was
custom trained on facades dataset which consists of 506
Building Facades and segmentations obtained from Pix2Pix
datasets [51] and a CARLA-based custom building dataset
to remedy these problems. As of writing this paper, this
approach has been unsuccessful on buildings in CARLA.



Fig. 6: Faulty (pose-agnostic) style-mixed randomization of
a car image. (a) Original synthetic image from CARLA; (b)
augmented image.

VI. CONCLUSIONS AND FUTURE WORK

We have established that the implementation of domain
adaptation and domain randomization techniques in digital
twins of small-scale traffic testbeds requires case-by-case
pipeline implementations for data augmentation. This ap-
proach opens up new avenues for research in these disci-
plines. This could help bypass photo-realistic asset genera-
tion that would require countless man-hours and highlights
the potential of generative models in improving the utility of
synthetic data for machine learning tasks.

There are various possible extensions of this work to
address challenges in closing the Sim2Real gap. This paper
only considers two object classes and does not address the
appearance gap between small-scale robot cars and full-
size vehicles. Therefore, further work needs to be done
to expand support for other object classes that must be
integrated into the testbed ecosystem and to develop reliable
methods to close this appearance gap. Moreover, it is neces-
sary to understand the source of unexpected discrepancies
that our preliminary studies have revealed in the perfor-

Fig. 7: Style mixing of synthetic images of cropped cars. (a)
Original synthetic image from CARLA; (b) projected image;
(c) augmented image.

Fig. 8: Simulation of CHARTOPOLIS in CARLA. Lighting
artifacts appear on the buildings due to the lack of custom-
defined UV texture maps.

mance of object detection models that are trained on the
unperturbed (baseline) dataset versus the dataset augmented
using StyleGAN. An example is illustrated in Fig. 9, which
shows that the model trained on the augmented dataset can
exhibit higher confidence scores for synthetic images (from
CARLA) and more true positive detections in some real-
world images (from the KITTI dataset), but it can also exhibit
lower confidence scores for other real-world images (from
the Stanford car dataset) compared to the model trained on
the baseline dataset. In addition, it is possible to perturb the
shape of an object class to generate additional augmentations
using GANSs [52]. However, since GAN training is unstable
without an intrinsic metric for evaluating the quality of the
generated samples, the dataset would need to be carefully
curated and the augmentations would need to be supervised.
This approach would also introduce a host of challenges as-
sociated with shadow matching for the perturbed shapes. The
computational trade-off between this approach and rendering
entire new images using the graphics engine requires further
investigation. Furthermore, the performance of approaches
that use models other than GANs for generating augmented
images can be compared to our method.
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Fig. 9: Object detection performance when trained on the dataset generated solely from CARLA (Baseline dataset) vs. the
style-mixed dataset (Augmented dataset). la, 1b, 2a, 2b: Images from the Stanford car dataset [49]; 3a, 3b, 4a, 4b: Images
from the KITTI dataset [50]; 5a, 5b, 6a, 6b: Images generated using CARLA.

Fig. 10: StyleGAN-based reconstruction of buildings from a
facades dataset based on the pix2pix dataset [51]. (a) Original
synthetic image from CARLA; (b) augmented image.
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