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Abstract: Metric-based methods are promising approaches to domain adaptation, aiming to
align the marginal distributions of different domains with similar conditional distributions. In
traditional approaches, the metric function is manually designed to measure the distance across
domains. Adversarial methods can be considered an automatic learning approach to the metric
function. Instead of relying on the quality of the metric function, we outline a generalized
framework for domain randomization, which first introduces moderate perturbations as a form
of randomness and then combines the advantages of metric-based domain adaptation with
domain randomization. We propose a novel approach leveraging simulation environments to
generate extensive, annotated data for diverse scenarios. Our focus is on simulation-to-real
transfer for semantic segmentation tasks, acknowledging CNN’s texture bias. We introduce
a domain randomization technique that limits meaningful texture information and devise a
mapping function for image transformation. The proposed approach emphasizes geometry
consistency and style transfer, providing a practical solution for efficient simulation to
real-world transfer. The experiments are conducted on the domain generalization task from
GTA to Cityscapes and BDD, and evaluated on the semantic segmentation performance. Our
method achieves superior results in most segmentation classes compared with the benchmark
models by 5.2 to 10 in terms of mIoU. Remarkably, our generalization strategy does not
require access the target domain data at training time.
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1. Introduction

Deep neural networks excel in tasks assuming data are independent and identically distributed
(i.i.d.). Yet, the concept of domain shift [1] challenges this assumption, especially in varied
cyber-physical-system applications like autonomous driving [2]. Such environmental changes
and domain shifts critically hinder the real-world application of these systems [3].

Transfer learning typically involves using pre-trained models to extract features from large,
annotated datasets, then fine-tuning on specific tasks [4, 5]. However, gathering and annotating
enough data for fine-tuning is costly and time-intensive. Additionally, the vast amount of
labeled data needed to encompass the diversity of real-time scenarios in applications such as
autonomous driving and robotic control makes data collection not only prohibitively expensive
but also potentially hazardous.

Simulation environments address many data collection issues by providing unlimited,
well-annotated data, eliminating safety and privacy concerns, including those related to
synthetic humans [6]. These environments can balance data distributions to reduce bias
and offer interactive rewards for reinforcement learning. However, despite their advantages,
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simulations suffer from a reality gap with the real world. While game engine-based simulators
like CARLA [7] and AirSim [8] require moderate computational resources, they fall short of
delivering photo-realistic results.

A key strategy for bridging the simulation-reality gap is domain adaptation, which aligns
data distributions across domains into a shared latent space, using metric-based regularization
by the task model. Current methods primarily aim to minimize the distance between source
and target distributions [5]. Early efforts focused on reducing the marginal and conditional
distribution differences [9, 10]. Later, deep learning approaches used CNNs to map features
to a common space [11, 12], and GAN-inspired techniques employed CNN-based domain
discriminators for measuring domain distances [4, 13]. Additionally, to enhance training
regularization, semantic transformations and batch spectral penalization were applied to
ensure content consistency during domain mapping [14, 15].

Beyond minimizing differences at the pixel and feature levels, another line of thought
considers instance-level differences [16]. The authors of [16] focus on minimizing the
distribution differences in scene composition between simulation and reality, rather
than aligning semantic and pixel distributions. Additional instance-level relationship
information [17] and learning methodologies [18] also contribute to the transfer process.
However, the additional graphic assets are not free, and the domain gap between simulation
and reality is not solved merely by combining game engine assets with extracted scene
composition distribution.

We classify these methods as metric-based, with a typical workflow shown in Figure 1.
Metric-based domain adaptation depends heavily on the precision of metrics measuring
inter-domain distances. Despite the high accuracy of CNN-based discriminators, these metrics
are often insufficient. In contrast, existing domain randomization techniques, which rely on
manual augmentations informed by prior domain knowledge, may not effectively identify
a common feature space [19]. Recent advancements utilize style discriminators in style
transfer-based domain randomization to measure domain distances [19]. Building on this, we
propose a metric-guided domain randomization approach that integrates metric-based domain
adaptation for enhanced accuracy and robustness in domain transfers.

Figure 1. The typical pipeline of the metric-based domain adaptation.

A concise framework comparison between our proposed domain randomization scheme
and traditional metric-based adaptation approaches is presented in Figure 2. Unlike
metric-based domain adaptation methods, which heavily rely on metric design, our approach
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initially combines multiple simple domain adaptation modules. These modules augment the
source data’s marginal distribution toward the target data’s marginal distribution with selected
perturbations. Additionally, we can track the level of perturbation and introduce a degree
of randomness into the distribution transfer learning process. To ensure that only consistent
information influences the training outcome, we employ a contrastive learning module. Our
paper’s main contributions are as follows:

• We propose a novel framework for domain randomization, synergizing multiple domain
adaptation networks to enhance task performance in the target domain effectively.

• We develop a domain generalization model with a triplet network, based on this
framework, for sim-to-real adaptation. This model utilizes style transfer for domain
randomization and contrastive learning to regulate the learning process.

• Our approach is straightforward to implement and generalizes across various real-world
application domains. We demonstrate the efficacy of our model in the GTA5 to
CityScapes and BDD100K semantic segmentation policy transfer tasks, showing
comparable performance to other metric-based methods with enhanced generalization
capabilities.

Figure 2. A brief framework comparison between popular metric-based domain adaptation (left) and
the proposed metric-guided domain randomization (right).

2. Related works

2.1. Simulation-to-reality domain adaptation

Recent studies distinguish the simulation-reality gap into instance-level and pixel-level
differences. The former relates to scenario complexity and distribution, while the latter
concerns image quality and style across domains. Although much research, such as [14, 20–22],
has focused on pixel-level gaps, recent efforts [16, 23] have begun addressing the instance-level
gap, attracting significant attention.

Central to optimizing domain adaptation is the choice of distance metrics. Popular
metrics include A-Distance [24] and Maximum Mean Discrepancy (MMD) [11, 12, 25], with
MMD used to minimize distribution distances within CNNs and A-Distance challenging to
compute during real-time training. Recent adversarial methods [13] approximate these metrics
effectively, enhancing domain differentiation. Additionally, advances in domain adaptation
metrics, like the cycle-consistent loss used in [14] to preserve semantic information, and Batch
Spectral Penalization (BSP) loss [15], which balances transferability and discriminability,
underscore the importance of targeted regularization and perturbation levels in domain
adaptation.
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2.2. Source-free domain adaptation

The other, more challenging setting for domain adaptation considers the absence of source
data, often due to privacy or storage limitations, which traditionally plays a crucial role in
guiding the adaptation process. Recent works have been designed to overcome the challenges
of adapting without source data, utilizing methods such as pseudo-labeling [26], adversarial
training [27], and distribution alignment [28]. Augmenting the data with models or other
expert knowledge and maximizing the use of the data represent the mainstream of research in
this challenging problem setting [29]. Source-free domain adaptation continues to grow as a
vital area of research, with broad applications in resource-constrained environments [30]. The
authors encourage readers who are interested in this topic to refer to the recent survey [30].
Anchored by the main idea of pushing the boundaries of what is possible in domain adaptation,
this paper considers randomization techniques, assuming the case where target data is limited.

2.3. Domain randomization

This strategy seeks domain invariant features through randomization rather than merely
minimizing inter-domain distances. Traditional augmentation methods like flipping and
rotation are commonly employed in domain randomization to enhance model generalization.
[31] explores learning augmentation policies for sim-to-real transfers. Recent automatic
augmentation methods [32, 33] are also applicable to domain randomization. Authors in [19]
investigate style transfer [34] for consistent model styling. Unlike standard training with
randomized data, Randomized-to-Canonical Adaptation Networks (RCANs) was used in [35],
bridging the reality gap by translating randomized images into their original canonical forms.

3. Methods

Our approach can be divided into two parts, illustrated in Figure 3. The first part is domain
randomization with neural style transfer: mapping the source domain images to different
styles, such that, the target domain is just another randomized style. The second part is a
randomized images to original images mapping structure utilizes a customized conditional
generative adversarial network structure [36]. The relation between simulation, randomized
simulation and reality is shown in Figure 4.

3.1. Metric guided domain randomization

We present the general framework for metric-guided domain randomization here. Consider
we have access to source images Xs and labels Ys drown from a source domain distribution
ps(x,y). In the sense of unsupervised adaptation, we have access to limited unlabelled target
images Xt from target domain distribution pt(x,y) where there is no label but we aim to learn
a task mapping function M to transfer knowledge. In [13], authors assume they have direct
access to the target images. However, the limited target images often lead to model bias
to the target domain distribution pt(x,y). Here we consider a different setting by adding
random perturbations to approximate the target distribution. To consider the randomness of
the perturbations, we denote the noise set as N and specific noise n ∈ N. The major goal
of our proposed framework is to randomize and augment the source mapping to make sure
M(Xt ,n) can not be distinguished from the demonstrated task in the source domain with a
collection of randomness {M(Xs,ni)}k

i=1, where k is the size of the selected noise set. In this
case, the source classifier Cs can be directly applied to the target domain, e.g., we have a
unified classifier C =Cs =Ct .
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Figure 3. Overview of the Proposed Metric-Guided Domain Randomization Pipeline. This figure
illustrates our pipeline, which begins with a style transfer network generating random stylized images
from noise ni ∈ N. These images are classified as positive xp or negative xn by comparing them with
the anchor image xa. The contrastive loss is employed in task policy training to ensure that feature
mappings of positive images align closely with those of the anchor, while those of negative images
differ significantly.

Figure 4. Geometry consistent domain randomization and common domain randomization.

The supervised loss for the source classification model can be defined as as

Lcls (Xs,Ys,N) = E(xs,ys,n)∼(Xs,Ys,N)−
K

∑
k=1

1[k=ys] logC (M (Xs,n)) (1)

To make sure the selected perturbation noise N can effectively randomize the source domain
mapping M(Xs,N) instead of being ignored, we present noise classifier Cn with the supervised
loss Ln(N,M) as

Ln(Xs,N,M) = E(xs,n)∼(Xs,N)−
K

∑
k=1

1[k=n] logCn (M (xs,n)) (2)

Finally, we need to make sure the task mapping in target domain with arbitrary perturbations
M(Xt , ñ) can not be distinguished by a domain discriminator D, from the task model accepting
the source domain input M(Xs,N) for the transfer learning robustness. The supervised loss for
discriminability LD is defined as

LD(Xs,Xt ,M,N) =−E(xs,n)∼(Xs,N)[logD(M (xs,n))]

−Ext∼Xt [log(1−D(M (xt , ñ)))]
(3)

where ñ is a specific noise.

5



Artif. Intell. Auton. Syst. Article

The generic optimization goal for the metric-guided domain randomization considering
unknown perturbations is derived below:

min
M,C

Lcls (Xs,Ys,N)

min
M,Cn

Ln(Xs,N,M) (4)

min
M

max
D

LD(Xs,Xt ,M,N)

The proposed formulation of a metric-guided domain randomization problem can be
considered as a simultaneous optimization problem which is often hard to solve for the global
optimal solution. Especially, the direction of randomness N included will have an impact
on the efficiency of domain transfer. Several problems remain for finding the solution of the
optimization problem (4).

• How to find “proper” noise to the feature mapping?
• Should the introduced perturbation be the features from the target domain data, data

similar to target data or just random noise?
• In terms of the training process, should we divide the whole pipeline into metric based

domain randomization and training on randomized data, or one-staged adversarial training
progress?

We will discuss these issues and propose our solution and designed model in the following
sections.

3.2. Randomization based domain generalization

Our framework for domain randomization enhances adaptive learning methods in fields
like autonomous driving and robotic vision, where semantic segmentation is critical for
environmental understanding. Although source images and labels are available from public
datasets and simulations, accessing target domain data can bias the model towards a limited
distribution, undermining generalization. In domain adaptation, where target data are scarce,
this issue is pronounced. Instead of relying on direct target data access, our model uses
a basic understanding of geometric consistency. Recognizing that both simulation and
real-world settings share geometric attributes, despite differences in texture and lighting,
we employ a geometry-consistent domain randomization approach initially to randomize
source data. Additionally, we implement a triplet structure in our model to focus learning on
geometry-consistent information, enhancing its effectiveness.

To solve the union optimization problem in (4), we propose a dual-phase pipeline that
integrates style transfer with a triplet network, underpinned by contrastive learning. The first
phase uses style transfer, as shown in Figure 1, to address (2) through effective randomization
techniques [19]. We employ adaptive instance normalization [37] to inject noise into feature
mappings, carefully regulating the perturbation to retain essential content from the source
image. Additionally, we use a style loss Ln(N,M), detailed in (2), to maintain distinct noise
characteristics in the images.

The discriminability loss (3) is a typical min-max two player problem where a GAN
model is typically accepted in [13]. Although GAN should have excellent performance in
Nash equilibrium, but only in the case of convex function can gradient descent guarantee Nash
equilibrium. When both sides of a game are represented by neural networks, it is possible for
them to always adjust their strategies without actually reaching equilibrium. Another point is
that the learning process of GAN often suffer from collapse problem where the generator starts
to degenerate. Considering these problems, we propose a simple-to-implement supervised
training pipeline to handle (1) and (3) simultaneously. The task network stage illustrated
in Figure 1 take advantage of a triplet structure to filter the augmentation with “proper”
perturbations. We argue that the discriminability can be measured the the consistency of the
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semantic segmentation results. That is, we can use geometric consistency as an approximation
measure of the model discriminability in (3). Moreover, we use a triplet network to tell whether
the source image with injected perturbation xs ⊕ni belongs to the source domain distribution,
e.g., classify whether xs ⊕ni ∼ ps(x,y) is true. The proposed triplet structure is very useful in
making the task model robust on the geometric consistent information.

3.3. Style transfer for domain randomization

To introduce random noise to the source images while ensuring geometric consistency with
the original images, we encountered a challenge. Directly applying a pixel-wise constraint,
such as the L1 loss, during training contradicted Equation (2) and rendered the perturbations
indistinguishable from the randomized images. Consequently, we adopted a perceptual metric
as suggested by [38] to measure the discrepancy between the source and randomized images.
This process involves encoding both the content image c and the style image s into a feature
space using a fixed encoder f . An adaptive instance normalization layer is then utilized to
align the mean and variance of the content feature maps with those of the style feature maps:

t = AdaIN( f (c), f (s)). (5)

A decoder g is used to map the target feature map back to target image space where

T (c,s) = g(t). (6)

The total training loss is:
θ
∗
f = Ls +λ1Lc, (7)

where

Ls =
L

∑
i=1

∥µ (φi(g(t)))−µ (φi(s))∥2 +
L

∑
i=1

∥σ (φi(g(t)))−σ (φi(s))∥2 , (8)

and
Lc = ∥ f (g(t))− t∥2. (9)

In (8), φi denotes activation layers of f . While the adaptive normalization operation align noise
into intermediate features, Ls is used to make sure n is still noticeable after reconstruction, as
is described in equation (2).

3.4. Contrastive learning through triplet network

Our task network needs to learn from M(xs,n) and control the effects of n. We consider it as a
contrastive learning problem and try to learn from the differences between different generated
images (as shown in Figure 5). In this section we explore the use of triplet network and siamese
network [39]. We generate different images of the same source image with different style
images and every two of the images can be considered as a positive pair. To generate negative
pairs, several methods can be used, including rotation, coloring and take temporal-shifted
images as negative pairs. We add a triplet ranking loss to make sure our intermediate feature
representation focuses on geometry information instead of image texture. For an anchor image
xa, positive image xp has the same geometry information with xa and negative image xn has
similar texture information with the anchor image. The triplet ranking loss is:

Lcontrastive(xa,xp,xn) = max(0,m+∥ f (xa)− f (xp)∥−∥ f (xa)− f (xn)∥) (10)

Or we can just use a pairwise ranking loss:

Lcontrastive(xa,xp,xn) =

{
∥ f (xa)− f (xp)∥ if (xa,xp) is positive

max(0,m−∥xa − xn∥) if (xa,xn) is negative (11)
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Another choice of training objective is:

Ltask(xa,xp,xn) = Lseg(xa,ya)+λLcontrastive (12)

where f is a feature mapping function of our task network.

Figure 5. Contrastive learning triplets with real and stylized images. The ‘Anchor’ image is processed
using a perceptual similarity metric. The ‘Positive’ image shares the same content as the Anchor but is
stylized differently. In contrast, the ‘Negative’ image, while stylistically similar to the Anchor, is based
on a content-wise similar yet distinct image.

In our research, we incorporated a spatial pyramid pooling layer prior to calculating the
distance between feature representations, as suggested in the study by [19]. A critical aspect
of contrastive learning is the selection of negative pairs. Our experiments highlighted the
challenge in consistently selecting hard negative examples to ensure stable gradient provision.
While Noise Contrastive Estimation (NCE), as outlined by [40], effectively combines triplet
loss and softmax for such scenarios, its requirement for storing numerous negative pairs led us
to focus solely on positive pairs in our experiments. Consequently, the pairwise ranking loss in
our study aligns with the triplet loss formulation. However, as indicated by Theorem 2 in [41],
no single arrangement of batch samples and learning configurations guarantees convergence
to an optimal point. To address this, we carefully selected challenging negative examples and
employed categorical cross-entropy loss to distinguish the positive sample amid a range of
unrelated noise samples.

4. Experiments and evaluation

In this section, we describe the experimental setup and present results of our metric-guided
domain randomization method applied to semantic segmentation tasks. Additionally, we
analyze various experimental setups and compare our method with other approaches. Notably,
our policy transfer process does not require any target domain data or information related
to the target domain. The only prerequisite is prior knowledge that the current simulation
environment differs from the real-world environment in aspects like texture, lighting, and
physics, yet shares similarities in geometric information. This stringent experimental setup
ensures the robust generalization ability of our proposed method.

4.1. Experimental settings

In our experiments, we utilized the FCN8s-VGG16 model, as detailed by [42], for our task
baseline policy. This involved assessing the semantic segmentation capabilities of the model,
which was trained on a synthesized dataset and then tested across various real-world datasets.
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We selected the GTA5 dataset [43] as our synthetic dataset, and the Cityscapes [44]
and BDD100K [45] datasets as our real-world datasets. The GTA5 dataset, sourced from
the Unreal Engine, offers vehicle-centric views with highly accurate, pixel-wise semantic
segmentation labels extracted directly from the game. It comprises 24,966 images with
a resolution of 1914× 1052 pixels, and the class labels are compatible with those in the
CityScapes dataset. CityScapes, on the other hand, provides a diverse urban environment
perspective, collected from 50 different European cities. It includes 5000 finely annotated
frames and 20,000 weakly annotated frames, offering a resolution of 2048×1024 pixels and
encompassing 30 classes, though our study only utilizes 19 of these classes.

The BDD100K dataset, gathered via dashcam, presents a diverse collection of over 10,000
images with both pixel-level and rich instance-level annotations, at a resolution of 1280×720
pixels. Through this varied selection of datasets, our study aims to rigorously evaluate the
adaptability and effectiveness of the FCN8s-VGG16 model in handling diverse, real-world
semantic segmentation tasks, leveraging the strengths of both synthesized and real-world data.

4.2. Training and implementation details

To enhance our model’s performance in semantic segmentation, we trained an AdaIN network
using the GTA5 dataset’s training set for content images and the Painter by Numbers dataset
for style images. This approach augmented the GTA5 training set with images created by the
AdaIN model using varied style images from the Painter by Numbers collection. For every
content image from the GTA5 dataset, two stylized images were generated, forming positive
pairs. These images underwent a filtering process using a perceptual loss with a predetermined
threshold to maintain quality.

Our primary model for semantic segmentation was the FCN8s-VGG16. The network’s
input comprised pairs of these generated images, each derived from the same source image in
the GTA5 dataset. To optimize our model, we trained all semantic segmentation models using
images resized to a resolution of 512×1024 pixels. The training process involved the use of
contrastive loss, which was computed across various activation layers of the FCN8s model.
This methodology aimed to leverage the rich, diverse data from the GTA5 and Painter by
Numbers datasets, synthesizing a robust training environment that would enhance the model’s
ability to generalize and perform effectively in semantic segmentation tasks.

For a more diverse comparison with prevalent methods, we selected VGG-16 as the
foundation backbone for our FCN. These networks’ feature extraction layers are initialized
using pretrained ImageNet models. The network is built on PyTorch, employs the Adam
optimizer with a batch size of 16 for both the baseline and our models.

4.3. Results evaluation

Our evaluation protocol followed the guidelines in [46]. Real-world RGB images were resized
to 512×1024 before being fed into the model trained with synthesized images. The output
semantic predictions were then resized back to their original resolution for evaluation using
the standard Pascal VOC intersection-over-union (IoU) metric. We employed the mean IoU
(mIoU) across all categories as our evaluation metric. The model trained on the augmented
GTA5 dataset was tested using the CityScapes dataset, with ablation study results shown in
Table 1.

4.3.1. Qualitative analysis and ablation study

We evaluated our proposed method’s performance using GTA5 as the source of labeled
training data, and conducted assessments on Cityscapes’ validation set. Our analysis included
comparisons between two foundational semantic segmentation frameworks: FCN-VGG16
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(A) and FCN-VGG19 (B), with “C” in the target column in Table 1, denoting the Cityscapes
dataset and “B” representing the BDD100K dataset. This approach allowed us to gauge our
model’s effectiveness across different architectures and target datasets.

Table 1. Performance evaluation on GTA5 dataset.
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FCN wld [22] C A 70.4 32.4 62.1 14..9 5.4 10.9 14.2 2.7 79.2 21.3 64.6 44.1 4.2 70.4 8.0 7.3 0.0 3.5 0.0 27.1
AdaSeg [47] C A 72.9 30.0 74.9 12.1 13.2 15.3 16.8 14.1 79.3 14.5 75.5 35.7 10 62.1 20.6 19 0.0 19.3 12 31.4
MCD [48] C A 86.4 8.5 76.1 18.6 9.7 14.9 7.8 0.6 82.8 32.7 71.4 25.2 1.1 76.3 16.1 17.1 1.4 0.2 0.0 28.8
FSDR [49] C A 73.2 30.1 68.8 17.4 3.9 18.1 3.3 0.3 79.9 25.1 72.9 24.5 0.1 70.5 11.2 14.9 0.2 0.2 0.3 24.1
TLDR [50] C A 76.8 30.5 71.1 20.6 5.6 19.2 6.5 0.5 81.1 28.6 75.3 26.3 0.1 74.4 15.5 17.4 0.4 0.3 0.5 26.3
Source C A 8.3 10.3 37.2 4.0 12.9 14.6 8.4 3.4 74.6 9.9 31.3 36.5 0.1 53.4 9.5 6.1 0.6 0.1 0.0 16.9
Proposed C A 77.9 31.5 72.0 10.2 0.0 19.3 2.1 0.0 79.6 23.6 76.9 28.6 0.0 60.4 8.6 6.2 0.0 0.0 0.0 26.2
Source C B 7.4 10.7 35.0 3.8 10.7 13.4 13.8 2.4 76.0 14.2 30.2 40.6 0.0 48.3 9.3 4.2 2.0 0.8 0.0 17.0
Proposed C B 82.6 32.4 74.2 16.4 0.0 22.9 0.2 0.0 81.1 21.2 77.1 33.6 0.0 61.4 10.4 2.7 0.0 0.2 0.0 27.2
Source B A 21.3 15.4 42.7 1.8 9.9 19.0 13.2 2.7 52.4 11.9 74.3 27.0 0.0 45.9 5.9 7.0 0.0 0.3 0.0 18.4
Proposed B A 54.8 21.1 60.0 4.3 0.0 24.5 8.4 0.0 68.1 21.7 84.4 28.6 0.0 53.0 8.9 9.6 0.0 0.0 0.0 23.6

Overall, the proposed method helps to boost the overall mIoU performance for
GTA-Cityscapes by 10, and around 5.2 for the BDD100K dataset. The impact of resolution
on domain adaptation performance is discussed in previous studies [51]. Generally, for
metric-based domain adaptation methods, higher resolution leads to better performance in
both source and target domains. In our experiments, however, while high resolution improves
performance in the randomized source domain, it does not significantly enhance target
domain performance. For instance, images from the GTA5 dataset resized to 512×1024 and
then randomly cropped to 512×512 yield a target domain mIoU (FCN8s-VGG16) of 27.4,
compared to 27.1 for the larger resolution. The performance in the source domain semantic
segmentation decreases with lower resolution, dropping from 34.7 to 40.1. Moreover, as noted
in [51], even with the same base model, reported performance in the source domain varies
across studies due to implementation differences. Changing the base model from VGG16
to VGG19 in our method does not improve performance, suggesting that the bottleneck lies
in the style transfer module. Figures 6 and 7 showcased some examples of the semantic
segmentation results on the semantic segmentation task adapting from GTA to CityScape and
BDD100K respectively.

Figure 6. Qualitative semantic segmentation results of the generalization from GTA to CityScapes.
The first column is the original RGB image, the second column is the result of FCN8s-VGG16 model
trained directly on GTA5 dataset (baseline), the third column is the result of our proposed method and
the last column is the ground truth.
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Figure 7. Qualitative semantic segmentation results of the generalization from GTA to BDD100K.
The first column is the original RGB image, the second column is the result of FCN8s-VGG16 model
trained directly on GTA5 dataset (baseline), the third column is the result of our proposed method and
the last column is the ground truth.

4.3.2. Geometric consistency limitations

In our experiments, we observed that the style image becomes nearly indistinguishable from
the randomized image, as demonstrated in Figure 8. While this result might be problematic
for typical style transfer tasks, it aligns with our requirements. The geometric consistency
property exists in many real-world applications that need domain adaptation. For example,
applications such as industrial automation deployed in the controlled environment [52] or
those objects with well-defined geometric properties such as driving vehicles and pedestrians
[53]. Studies in domain adaptation and simulation often highlight scenarios where geometric
consistency aligns closely with real-world conditions [54].

Figure 8. Comparison of the domain randomized, domain transferred and original images.

Notice that models trained under this assumption might perform poorly in real-world
scenarios that diverge geometrically from the simulation. Further improving the model
performance to overcome such cases can be considered to increase the randomization noise.
To maximize randomization, we leveraged the advantage of single image to single image
transfer, thereby increasing the variety of style images. This approach, detailed in Table 1,
effectively balances the trade-off between randomization degree and geometric consistency.
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4.3.3. Comparison to adaptation techniques

Our adaptation process requires no target domain data, relying instead on the prior knowledge
that the simulation and real-world environments are similar geometrically but differ in texture
and lighting, hence more challenging. This set the major difference between the proposed
method and the existing domain adaptation strategies [22, 55]. As shown in Table 1, the
model’s generalization ability reaches a similar level of performance on the road, sidewalk,
building, terrain and vegetation. The proposed strategy improves the classification on poles by
5–10 in general domain transfer tasks. However, there are some existing deficiencies in the
small objects such as person and car that the classification performance reduced by 7 in mIoU
for overall domain transfer task. This is acceptable especially consider the proposed method
does not require target domain data comparing to the benchmark strategies. Typically, access to
target data aids policy transfer, as data can be augmented towards the target domain distribution.
However, in our experiments, using target domain data as noise does not improve the transfer
process. This is because the learned intermediate feature representation of real-world data is
relatively stable, and stylized images generated from real-world data do not provide sufficient
randomization, leading to poor transfer performance. As none of the target domain images
are used in our training process, the final model, which maps randomized to original data, is
expected to generalize effectively across various real-world driving scenario datasets.

5. Conclusion and future work

In this paper, we introduce a comprehensive framework that integrates the benefits of both
metric-based domain adaptation and traditional domain adaptation. This framework effectively
utilizes perturbation injection, adding randomness to limited target domain data to better
approximate the target distribution. We propose a domain generalization model using a
triplet network, designed to address domain adaptation challenges in the absence of target
domain data. This model employs contrastive learning to fine-tune random augmentations.
Our approach demonstrates strong generalization capabilities, as evidenced by training a
single model and successfully testing it on various unseen target domain datasets. However,
a balance between the realism and randomization is needed as too much randomization
potentially leading the network to learn irrelevant or detrimental features whereas insufficient
randomization might not provide enough challenge to the model, failing to improve its
generalization capabilities. Future work will explore the applicability of our framework in
different domain adaptation tasks and investigate potential synergies with GAN-based transfer
learning methods.
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