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Abstract: Domain generalization (DG) has become a pivotal research area in machine
learning, focusing on equipping models with the ability to generalize effectively to unseen
test domains that differ from the training distribution. This capability is crucial, as real-
world data frequently exhibit domain shifts that violate the assumption of independent and
identically distributed (i.i.d.) data, resulting in significant declines in model performance.
Among the various strategies to address domain generalization, data augmentation has
garnered substantial attention as an effective approach for mitigating domain shifts and
improving model robustness. In this survey, we examine the role of data augmentation in
domain generalization, offering a comprehensive overview of its methods, applications,
and challenges. We present a detailed taxonomy of data augmentation techniques, cate-
gorized along three dimensions: scope, nature, and training dependency. Additionally,
we provide a comparative analysis of key methods, highlighting their strengths and lim-
itations. Finally, we explore the domain-specific applications of data augmentation and
analyze their effectiveness in enhancing generalization across various real-world tasks,
including computer vision, NLP, speech, and robotics. We conclude by examining key
challenges—such as computational cost and augmentation overfitting—and outline promis-
ing research directions, with a focus on advancing cross-modal augmentation techniques
and developing standardized evaluation benchmarks.

Keywords: domain generalization; data augmentation; robust

MSC: 68T07

1. Introduction
The success of machine learning (ML) algorithms is largely predicated on the as-

sumption of independent and identically distributed (i.i.d.) data, where both training and
testing samples are drawn from the same underlying distribution. However, in real-world
applications, distributional discrepancies between training and testing data are ubiquitous,
often leading to significant declines in model performance [1,2]. For example, in medical
image segmentation, variations in imaging equipment and patient demographics can re-
duce segmentation accuracy, thereby adversely affecting disease diagnosis and treatment
planning [3]. Similarly, in autonomous driving, differences in geographic environments,
weather conditions, and sensing equipment can impair the accurate identification of road
boundaries or pedestrians, increasing the risk of traffic accidents [4]. Collecting data that
comprehensively capture all possible distributions is not only prohibitively expensive but
also practically infeasible.
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These distributional shifts expose a fundamental limitation of ML models: their
inability to generalize effectively beyond the training domains. This limitation represents a
significant barrier to the deployment of ML systems in real-world scenarios. Consequently,
ensuring the robustness and reliability of ML algorithms under cross-domain settings has
become a critical challenge. To address this issue, the concept of Domain Generalization
(DG) has emerged and garnered significant attention in recent years. DG seeks to develop
models capable of performing well on unseen target domains without requiring access to
target domain data during training. Various techniques have been proposed to address the
DG challenge, which can be broadly categorized into representation learning, optimization
strategies, and data augmentation. Among these, data augmentation is particularly notable
for its effectiveness in improving model robustness and generalization by transforming
and enriching existing datasets [5]. By introducing variations—such as rotations, scaling,
or color adjustments—into the training data, these techniques enable models to learn more
generalized and domain-invariant representations [6].

While studies like [7] and [8] provide systematic reviews of advancements in DG
research, discussing its definition, theoretical underpinnings, and primary solutions, they
also catalog relevant datasets and practical applications, offering a broad overview of the
field. Similarly, [9] examines common data augmentation methods, highlighting their
strengths and limitations. However, these reviews lack a focused exploration of the specific
role of data augmentation in addressing DG challenges. In particular, they do not offer
a comprehensive taxonomy of DG data augmentation methods or an in-depth analysis
of their underlying principles. In contrast, this survey seeks to fill this gap by systemati-
cally categorizing data augmentation methods for DG based on their key characteristics.
Through the development of an improved taxonomy framework, this work aims to provide
researchers with clearer guidance for selecting or designing data augmentation techniques
tailored to specific DG challenges.

The remainder of this article is organized as follows. Section 2 formally defines the
domain generalization (DG) problem and introduces related research areas. In Section 3, we
present a detailed taxonomy of data augmentation methods used in DG. Section 4 explores
the applications of data augmentation in addressing DG challenges across various domains.
Section 5 discusses the limitations of current data augmentation techniques in tackling DG
problems, while Section 6 examines emerging research trends and future directions. Finally,
we conclude the survey in Section 7.

2. Background
2.1. Formalization of Domain Generalization

Let the input space be denoted as X and the output space as Y . The training dataset
consists of M domains, DS = {SD1, SD2, . . . , SDM}, where each domain is represented
as SDm = {(xm

i , ym
i )}

Nm
i=1 for m ∈ {1, .., M}. The test dataset is DT = {TD1, TD2, . . . , TD J}

such that DS ∩ DT = ∅. In domain generalization, it is assumed that both the source
domains DS and the target domains DT share the same label space Y . Formally, this is
expressed as

YS = YT = Y ,

where YS and YT represent the label spaces of the source and target domains, respectively.
The goal of domain generalization is to train a model f : X → Y on the training

domains (source domains) DS such that the model achieves minimal prediction error on
unseen test domains (target domains) DT :

min
f

E(x,y)∈DT
L( f (x), y),
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where L is a predefined loss function.
When incorporating data augmentation into domain generalization, let the trans-

formation function be denoted as T : X → X . For a given sample (xm
i , ym

i ) ∈ SDm,
the transformation is applied to obtain an augmented sample x̂m

i = T (xm
i ). The result-

ing augmented dataset is D̂S = ∪M
m=1{(x̂m

i , ym
i )}

Nm
i=1. The augmented training dataset is

then represented as D
′
S = DS ∪ D̂S. Domain generalization will train the model f on the

augmented training dataset D
′
S.

2.2. Related Research Areas

Domain Adaptation (DA). Domain Adaptation (DA) is closely related to Domain
Generalization (DG), as both aim to address the challenges posed by distributional discrep-
ancies between training and testing data [10]. However, the two differ in their assumptions:
DA assumes access to target domain data during training, whereas DG assumes no access
to target domain data, making DG more challenging and applicable to real-world scenarios.
DA is further categorized based on the extent of access to target domain data during
training: unsupervised DA assumes access only to the input data x from the target domain,
without corresponding labels y [11], while semi-supervised DA assumes access to all inputs
x and a limited number of corresponding labels y [12]. By leveraging the target domain
data, DA methods aim to learn domain-aligned representations that reduce the distribution
gap between source and target domains. Common techniques include adversarial training
, which uses adversarial processes to learn domain-invariant feature representations [13],
and distribution matching methods , such as Maximum Mean Discrepancy (MMD), which
minimize domain discrepancies in the feature space [14]. Interestingly, some of these
techniques have been adapted for DG. By minimizing feature distribution differences
across multiple source domains, DG models can learn cross-domain representations that
generalize well to unseen target domains [15–18].

Transfer Learning. Transfer Learning focuses on leveraging knowledge from a source
domain to improve performance on a related target domain or task, typically through a
pretrain–fine-tune paradigm . In the pretraining phase, a base model is trained on data from
source domains. During fine-tuning, the base model is adapted to the target domains using
data from the target domains [19,20]. Unlike DG, Transfer Learning explicitly assumes
access to target domain data for adaptation.

Multi-Task Learning (MTL). Multi-Task Learning is a framework in which multiple
related tasks are optimized simultaneously, enabling knowledge sharing to improve learn-
ing efficiency. By leveraging task interrelations, MTL enhances performance across tasks
through shared representations. Parameter sharing occurs either in the shallow layers of a
single model or via regularization constraints across separate models [21,22]. Unlike DG,
MTL focuses on improving performance across multiple tasks rather than generalizing to
unseen domains.

Continual Learning (CL). Continual Learning, also known as lifelong learning, enables
models to learn new tasks incrementally while retaining knowledge of previous tasks. Its
primary objective is to address catastrophic forgetting , where models lose knowledge of
earlier tasks when learning new ones [23]. In CL, models are trained on a sequence of tasks
and are expected to perform well across all tasks in the sequence [24,25]. Unlike DG, CL
assumes sequential access to target domain data over time.

Meta-Learning. Often described as “learning to learn”, meta-learning focuses on
acquiring knowledge from multiple tasks to enable rapid adaptation to new tasks with
limited data. Meta-learning typically optimizes a model’s initial parameters for quick
adaptation to unseen tasks using only a few samples and gradient updates [26,27]. In DG,
meta-learning has been applied by simulating “meta-training” and “meta-testing” tasks
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through splitting multiple source domains. These approaches help extract domain-invariant
features across source domains, enhancing generalization to unseen target domains and
improving DG performance [28].

Other Approaches in DG. Beyond data augmentation, DG research has explored
techniques such as representation learning and learning strategies to address distribution
shifts. Representation learning focuses on constraining sample features to enable the model
to learn domain-invariant representations, thereby improving robustness. Conversely,
data augmentation modifies sample features, either in the input or feature space, to simu-
late potential variations in the target domain data. Examples of representation learning
techniques include reducing feature redundancy [29,30], feature disentanglement [31–36],
and distribution alignment [17,18,37–41].

Learning strategy methods aim to enhance the training process and optimization strate-
gies to improve generalization. These include ensemble learning [42–45], meta-learning
techniques [46–51], flat minima optimization [52–56], and distillation techniques [57–60].

Importantly, data augmentation can be combined with many of these approaches,
as it is not mutually exclusive. However, certain techniques, such as adversarial networks
with domain discriminators [61], face integration challenges. Adversarial networks rely
on domain discriminators to classify the domain of each sample accurately, while the
encoder must extract features that “fool” the discriminator [16], ensuring domain invari-
ance. Since augmented samples cannot always be explicitly assigned to a specific domain,
incorporating data augmentation into adversarial processes may require further adapta-
tion. For instance, [62] proposes using unsupervised clustering to assign domain labels
to augmented samples, enabling the integration of data augmentation with adversarial
techniques. This approach illustrates the potential for combining data augmentation with
adversarial strategies to improve DG performance.

3. Taxonomy of Data Augmentation Techniques for
Domain Generalization

Taxonomy Overview. Data augmentation is pivotal in enhancing a model’s ability
to generalize to unseen domains within the DG context. First, it simulates variations in
the potential data distributions of unseen domains, allowing models to train on a broader
range of domain scenarios. This exposure improves the model’s generalization performance
on unknown domains. Second, data augmentation introduces perturbations to domain-
specific features, compelling the model to focus on domain-invariant features. This focus
strengthens the robustness of the extracted features across different domains.

To systematically categorize and analyze data augmentation methods in DG, we pro-
pose a taxonomy framework based on three critical dimensions. This framework provides a
comprehensive perspective for understanding the similarities, differences, and applications
of various data augmentation methods. The three dimensions are as follows:

• Scope of Data Augmentation. This dimension identifies where data augmentation is
applied, distinguishing between methods that operate in the image space and those
in the feature space. Methods in the image space modify raw input data to indirectly
influence the high-level features extracted by the model, while feature space methods
directly alter high-level features to improve generalization.

• Nature of Data Augmentation. This dimension reflects the principles underlying the
augmentation methods. It includes gradient-based methods that utilize backpropaga-
tion, generative methods that generate synthetic data by altering latent representations,
and rule-based methods that apply predefined transformations to modify the data.

• Training Dependency. This dimension evaluates the reliance of data augmentation
methods on the training process within the DG pipeline. It categorizes methods into
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those that can be integrated without requiring additional training, methods leveraging
pretrained models directly for augmentation, and methods requiring the simultaneous
training of augmentation-related parameters alongside the DG model.

This taxonomy framework not only provides a structured lens through which data
augmentation methods in DG can be analyzed but also serves as a guide for effectively
combining and leveraging their synergistic effects. Importantly, these three dimensions are
not mutually exclusive. Each data augmentation method can be classified along all three
dimensions and may span multiple subcategories within a single dimension.

3.1. Scope of Data Augmentation

We classify data augmentation methods into input-level augmentation and feature-
level augmentation, based on whether modifications are applied in the image space or the
model’s feature space.

Input-Level Augmentation. Input-level augmentation refers to techniques that di-
rectly modify raw input images at the pixel level before model processing, expanding
training data diversity while preserving semantic information. These methods can be
categorized into geometric transformations, appearance-based augmentations, frequency-
based augmentations, and texture-based augmentations. Geometric transformations
modify the spatial properties of images to simulate variations in sensor perspectives, cam-
era angles, and object sizes, thereby enhancing robustness to positional shifts; common
techniques include cropping, flipping, rotation, scaling, shearing, translation, and warping.
Appearance-based augmentations alter color, texture, and intensity variations to mimic
real-world domain shifts, using techniques such as color jittering, noise injection, and style
transfer. AugMix [63] and RandAugment [64] integrate multiple transformations to en-
hance domain diversity, while StyleAugment [65] leverages AdaIN-based feature statistics
manipulation to introduce diverse style variations. GeomTex [66] further extends this by
combining both texture-based and geometric style transfer using WarpST [67]. Frequency-
based augmentations manipulate spectral properties to alter structural details as seen
in Fourier-based methods like FACT [68] and CIRL [30], which interpolate amplitude
components while preserving phase information, forcing the model to focus on phase-
based domain-invariant features. VIPAug [69] perturbs both amplitude and phase, while
MLRT [47] introduces Gaussian noise to low-frequency components, simulating realistic do-
main variations. Texture-based augmentations introduce controlled perturbations in texture
and structure, such as RandConv [70], which applies random convolution kernels to gener-
ate diverse textures, though Pro-RandConv [71] improves upon this by using deeper kernels
to retain meaningful features. Additionally, gradient-guided augmentation approaches
such as [72–75] optimize augmentation parameters through adversarial loss maximization,
producing more effective domain-agnostic samples. Input-level augmentation methods
are widely adopted due to their simplicity, computational efficiency, and compatibility
with various architectures, requiring no model modifications and providing visually inter-
pretable transformations; however, if not carefully tuned, geometric- and appearance-based
augmentations may introduce distortions that mislead the model, reducing its ability to
learn domain-invariant representations and potentially hindering generalization.

Feature-Level Augmentation. Feature-level augmentation modifies intermediate
representations within the model’s processing pipeline rather than raw input images, di-
rectly influencing how features are extracted and learned. These methods are broadly
categorized into feature perturbation and adversarial feature perturbation. Feature per-
turbation techniques introduce controlled variations in feature space to improve model
robustness against distribution shifts. Methods such as SFA [76], ISDA [77], and CDSA [78]
inject Gaussian noise by sampling scaling and bias values of feature activations from
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Gaussian distributions, simulating real-world variations in intermediate representations.
MixStyle [79], inspired by AdaIN, applies feature-wise style transfer directly to shallow-
layer activations, generating domain-diverse representations without requiring decoders.
Style Neophile [80] extends this concept by leveraging MMD distance and encoding rates
to iteratively discover new style prototypes and performing style transfer on intermediate
features, thereby increasing domain variability. DSU [81] models feature statistics with
Gaussian distributions, enabling stochastic style transfer by sampling diverse domain
variations, while CSU [82] captures inter-channel correlations, constructing multivariate
Gaussian distributions across channels to generate more comprehensive feature transfor-
mations. Additionally, feature-level augmentation can be applied in the frequency domain,
where models typically transition from capturing low-frequency features to high-frequency
domain-specific variations [83]. In contrast, [84] highlights that low-frequency compo-
nents encode critical style information. DFF [33] selectively suppresses high-frequency
components using learnable filters, promoting the extraction of domain-invariant features,
whereas ALOFT [85] perturbs low-frequency components with Gaussian noise, disrupting
global texture information to encourage reliance on structural details. In adversarial feature
perturbation , augmentation is guided by adversarial optimization to enforce domain
invariance. Methods like DFP [86] introduce adversarial noise into feature activations,
making it harder for domain discriminators to distinguish between domains, thereby
encouraging the model to learn domain-agnostic representations. Similarly, RASP [87]
estimates adversarial style parameters, such as feature-wise mean and variance, using a
class discriminator and applies style transfer in feature space to generate adversarially
perturbed feature representations, reducing the model’s reliance on domain-specific cues.
Feature-level augmentation provides greater flexibility than input-level augmentation by
directly modifying internal representations, enabling stronger generalization to unseen
domains; however, its effectiveness depends on the model’s representation learning ca-
pability, and implementation often requires modifying the model architecture, making it
more complex to integrate into existing pipelines.

3.2. Nature of Data Augmentation

The nature of a data augmentation method refers to the fundamental principle gov-
erning how the augmentation is applied. Based on these principles, data augmentation
methods can be categorized into three main types: gradient-based, generative, and rule-
based approaches. Each category represents a distinct mechanism for modifying data to
enhance model generalization across diverse domains.

Gradient-Based Augmentation. Gradient-based augmentation methods generate
augmented samples by leveraging gradient information obtained through backpropagation.
By computing gradients with respect to model loss functions, these approaches modify
input or feature representations in a direction that enhances generalization. These methods
typically create perturbations by maximizing task-specific classification loss or domain
classification loss, followed by an adversarial optimization process to improve the model’s
ability to generalize to unseen domains. CrossGrad [72] generates adversarial samples
in the input space by maximizing the loss of both a category classifier and a domain
classifier, where adversarial samples targeting the category classifier are assumed to contain
minimal category-specific information and are used to train the domain classifier, while
those targeting the domain classifier are assumed to lack domain-specific information and
are employed to train the category classifier, enabling the category classifier to extract
domain-invariant features. Other methods, such as TeacherAugment [73] and MODE [74],
apply geometric transformations and appearance-based augmentations in the input space,
where task classification loss is maximized to learn augmentation parameters that control
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transformation intensity, effectively simulating potential domain distributions that similarly
increase classification loss. Unlike RandConv [70] and Pro-RandConv [71], which apply
randomly initialized convolution kernels to image pixels, ASRConv [88] operates in the
frequency domain, updating convolution kernel parameters in the direction that maximizes
task loss. Gradient-based methods also extend to feature space perturbations, such as
DFP [86], which introduces adversarial perturbations in the feature space of the target
model to increase the loss of a domain discriminator, forcing the model to focus on domain-
invariant features. Similarly, [89] minimizes mutual information between the generated
samples and their original counterparts to capture the styles of potential domains, while
RASP [87] performs style transfer in the feature space using styles that maximize the
loss of a class discriminator, simulating style variations encountered in unseen domains.
DFDG [90] employs SmoothGrad saliency maps [91] to identify class-discriminative regions
within images, adding Gaussian noise to areas outside these regions, thereby forcing the
model to focus on domain-invariant, class-discriminative features. Gradient-based data
augmentation methods provide a strong theoretical foundation by explicitly aligning the
augmentation direction with the target task’s objectives; however, leveraging gradient
information to guide augmentation introduces additional computational costs due to the
backpropagation operations required for gradient computation and optimization.

Generative Augmentation. Generative augmentation methods leverage pretrained or
concurrently trained generative models to produce augmented data, introducing diversity
that enables models to learn features better aligned with unseen domains. These methods
can be categorized into GAN-based, autoencoder-based, and diffusion-based approaches,
depending on the underlying generative model. Generative Adversarial Networks (GANs)
[92] employ adversarial training between a generator and a discriminator to learn the
distribution of input images and generate synthetic data, with advancements such as
CycleGAN [93] and BigGAN [94] refining this process to improve sample quality and
diversity. For DG, [95] applies GANs by fine-tuning separate StyleGAN2 models on
each source domain and blending their parameters to generate data from diverse potential
domains. Autoencoders [96] are self-supervised generative models that map input data into
a lower-dimensional latent space before reconstructing them through a decoder. Methods
such as L2A-OT [97] and GINet [98] maximize the Wasserstein distance [99] between
generated samples and original domain data while minimizing classification loss, enabling
the generator to map source domain data to potential unknown domains. VDN [100]
enhances this by combining category-specific and domain-specific features to create novel
samples with randomly selected domain-specific characteristics. Style transfer methods
such as StyleAugment [65], EFDM [101], and DAI [102] perform style transformations
on encoded features within autoencoder frameworks, generating images with diverse
styles, while [103] applies feature-level style transfer to simulate potential domain shifts.
Diffusion models generate high-quality images by iteratively denoising random noise [104];
ED-SAM [105] extends this by introducing perturbations to latent vectors after the final
noise addition step, producing images with diverse stylistic semantics. CDGA [106] guides
a pretrained diffusion model using images or text prompts from different source domains
to generate new data, while DIDEX [107] employs a diffusion model to create images
from potential domains while aligning their features with domain distributions through
unsupervised domain adaptation. Additionally, FDS [108] fine-tunes pretrained diffusion
models for specific tasks, interpolating text prompt encodings from various source domains
to guide the generation of diverse domain samples. Generative augmentation methods
offer significant advantages over gradient-based and rule-based approaches by producing
diverse samples that help models learn richer and more domain-invariant representations.
However, these methods introduce additional computational and storage costs during both
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training and inference. Furthermore, generative models are challenging to train effectively,
and suboptimal training can compromise augmentation effectiveness.

Rule-Based Augmentation. Rule-based augmentation methods apply predefined,
non-parametric transformations to modify data at either the input or feature level, intro-
ducing perturbations that enhance model robustness against domain-specific variations.
Unlike gradient-based and generative approaches, these methods operate independently of
backpropagation and learning mechanisms, relying instead on explicit transformation rules
to determine intensity and direction factors. Common techniques include geometric trans-
formations, such as cropping, rotation, and flipping; appearance-based transformations,
such as noise injection, frequency augmentation, and style transfer; and convolutional per-
turbations that alter texture characteristics. In frequency-based augmentation, predefined
rules modify frequency components of images to simulate domain shifts. For instance,
APR [109] swaps the amplitudes of images within a batch while preserving phase informa-
tion, whereas FACT [68] interpolates amplitudes across batch samples. VIPAug [69] extends
APR by adding Gaussian noise to the phases of low-amplitude frequencies or randomly
substituting them with phases from other images, further increasing diversity. In style
transfer-based augmentation, MixStyle [79] applies AdaIN transformations to intermediate
features, blending styles from different batch samples to simulate novel domain styles.
Style Neophile [80] refines this idea by identifying new styles using MMD distance and
coding rate metrics, constructing Gaussian distributions over styles, and sampling from
these distributions to perform style transfer on intermediate features. Similarly, DSU [81]
and CSU [82] model the distribution of style statistics within a batch and generate diverse
samples by sampling new style variations. In contrast, CPerb [110] introduces a local-
ized augmentation strategy by performing patch-based transformations, where patches
within the same image randomly adopt style characteristics from different feature channels,
effectively simulating potential domain shifts. Rule-based augmentation offers a computa-
tionally efficient approach to enhancing data diversity without the need for complex model
training. However, compared to gradient-based and generative augmentation methods,
rule-based approaches are inherently limited in their ability to generate highly diverse and
realistic domain variations.

3.3. Training Dependency

Data augmentation methods can be categorized based on their dependency on train-
ing into three main types: training-free transformations, pretrained transformations,
and training-simultaneous transformations.

Training-Free Transformations. These methods do not require additional parameters
or models specifically trained for data augmentation. They modify input- or feature-level
data using predefined rules to generate diverse samples. Common techniques include
standard transformations such as cropping, rotation, flipping, and color jitter. More ad-
vanced techniques combine multiple transformations as demonstrated by AugMix [63] and
RandAugment [64]. Other approaches involve perturbations in the frequency domain, such
as APR [109], FACT [68], CIRL [30], MLRT [47], and VIPAug [69], or feature-space modifica-
tions using AdaIN-based transformations like MixStyle [79], Style Neophile [80], DSU [81],
CPerb [110], and CSU [82]. Additionally, image perturbations via random convolutions,
as in RandConv [70] and Pro-RandConv [71], generate texture variations. Since these
methods require no additional training, they incur no computational cost during training
and can be seamlessly integrated into existing pipelines. However, they are inherently
limited in generating diverse or task-specific domain shifts.

Pretrained Transformations. These data augmentation methods utilize off-the-shelf
generative models to produce diverse augmented samples. They leverage generative mod-
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els trained on external datasets, introducing diversity aligned with the target task without
requiring additional model training. Common examples include pretrained style transfer
models applied to input-level augmentation as demonstrated by [111], StyleAugment [65],
GeomTex [66], and EFDM [101], as well as pretrained diffusion models in methods like ED-
SAM [105], CDGA [106], and DIDEX [107]. By directly leveraging pretrained models, these
methods bypass the need for additional training while offering relatively high diversity.
However, their effectiveness depends on the quality of the pretrained generative model
and its alignment with the domain characteristics of the target task.

Training-Simultaneous Transformations. These transformations involve learning
domain-specific data augmentation models during the training of the target task. They
often require training additional models, fine-tuning generative models, or optimizing
augmentation parameters dynamically using gradient information. For instance, methods
like that in [95] and FDS [108] fine-tune pretrained generative models on the target task to
align generated samples with potential domain shifts, while [103] trains a style-mapping
function that transforms style statistics in feature space using AdaIN. Similarly, L2A-OT [97],
VDN [100], GINet [98], and DAI [102] train generative models alongside the primary
model to produce domain-adaptive augmented samples. UniFreqSDG [112] introduces
low-frequency perturbations using Gaussian noise to simulate realistic distribution shifts,
while gradient-based methods such as CrossGrad [72], DFDG [90], TeacherAugment [73],
ASRConv [88], MODE [74], ALT [75], DFP [86], and RASP [87] use loss gradients to guide
augmentation strategies. These methods allow augmentation to adapt dynamically to
the model’s learning process, leading to more realistic domain variations. However, they
introduce higher computational costs due to backpropagation and optimization overhead,
and they may cause model instability if augmentation parameters are not well regularized.

3.4. Comparative Summary of Taxonomy

This subsection provides a comprehensive comparison of data augmentation methods
for domain generalization, classified according to the taxonomy dimensions discussed in
previous sections. The table summarizes the scope (input-level vs. feature-level), nature
(rule-based, gradient-based, or generative), and training dependency (training-free, pre-
trained, or training-simultaneous) of each method. This summary enables readers to better
understand the strengths, limitations, and applications of these methods. See Tables 1 and 2
for a detailed overview.

Table 3 summarizes the performance improvements of various data augmentation
techniques, presenting the average accuracy of ResNet-18-based domain generalization
methods on the PACS [113] and Office-Home [114] datasets. These datasets are selected due
to their widespread use as standard benchmarks for evaluating cross-domain robustness:
PACS encompasses distinct artistic styles (photo, art, cartoon, and sketch), while Office-
Home includes diverse real-world environments (art, clipart, product, and real). The use of
ResNet-18 ensures fair comparisons by maintaining consistent model capacity, reflecting
its common adoption as a baseline architecture in DG studies. Among input-level meth-
ods, CDGA [106] achieves top accuracy on both PACS (88.4%) and Office-Home (70.2%)
by leveraging diffusion models to improve cross-domain generalization. In feature-level
augmentation, CDSA [78] records the highest scores on PACS (89.3%) and Office-Home
(73.0%) through a hybrid strategy that integrates spectral perturbations, inter-class semantic
augmentation, and contrastive learning. Both approaches significantly outperform the
baseline ResNet-18, which achieves 78.3% and 63.9% accuracy on PACS and Office-Home,
respectively, highlighting the effectiveness of data augmentation in enhancing domain gen-
eralization.
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Table 1. Classification of data augmentation methods for domain generalization across taxonomy di-
mensions.

Scope Methods Nature Td Methods Nature Td

Input

VIPAug [69] R F CrossGrad [72] Gr S
RCT [115] R F ED-SAM [105] Ge P
Pro-RandConv [71] R F CDGA [106] Ge P
APR [109] R F DIDEX [107] Ge P
FACT [68] R F GeomTex [66] Ge P
RandAugment [64] R F EFDM [101] Ge P
RandConv [70] R F DAI [102] Ge S
AugMix [63] R F FDS [108] Ge S
ALT [75] Gr S [95] Ge S
MODE [74] Gr S GINet [98] Ge S
TeacherAugment [73] Gr S VDN [100] Ge S
AdvStyle [116] Gr S DIVA [117] Ge S
[89] Gr S L2A-OT [97] Ge S
DFDG [90] Gr S DDAIG [118] Ge S

Feature

TFS-ViT [108] R F DSU [81] R F
START [119] R F SFA [76] R F
CPerb [110] R F MixStyle [79] R F
CSU [82] R F DFP [86] Gr S
MRFP [120] R F RASP [87] Gr S
CDSA [78] R F ASRConv [88] Gr S
ALOFT [85] R F DFF [33] Gr S
Style Neophile [80] R F [103] Ge S

Abbreviations : Td: Training dependency; R: Rule Based; Gr: Gradient Based; Ge: Generative; P: Pretrained; F:
Training Free; S: Training Simultaneous.

Table 2. Strengths, weaknesses, and use cases of input-level vs. feature-level augmentation.

Scope Strengths Weakness Use Cases

Input

Simple to implement,
no model modification
needed, visually
interpretable

Limited control over
feature variations,
potential distortions

Image-based tasks (e.g.,
object classification and
medical imaging)

Feature

Directly manipulates
learned
representations,better
generalization

Requires model
modifications,harder to
visualize,dependency
on model’s
representation learning
capability

Feature-driven tasks
(e.g., NLP, speech and
ViT-based models)
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Table 3. Leave-one-domain-out generalization performance of ResNet-18 on the PACS and Office-
Home datasets.

Scope Methods PACS avg. Office-Home avg.

BaseLine ERM 78.3 63.9

Input

CrossGrad [72] 80.7 64.4
DDAIG [118] 83.1 65.5
L2A-OT [97] 82.8 65.6

FACT [68] 84.5 66.5
CIRL [30] 86.3 67.1

MODE [74] 86.9 66.9
GINet [98] 83.7 66.9

GeomTex [66] 86.6 66.8
Pro-RandConv [71] 84.3 64.6

CDGA [106] 88.4 70.2

Feature

MixStyle [79] 83.7 65.5
RASP [87] 84.7 67.3

Style Neophile [80] 85.5 65.9
CDSA [78] 89.3 73.0
DSU [81] 84.1 66.1
CSU [82] 85.2 66.8

[103] 86.0 66.6
DFP [86] 83.0 63.7

3.5. Discussion of The Taxonomy Design

The proposed taxonomy framework offers a comprehensive and adaptable catego-
rization scheme for data augmentation methods in domain generalization. By introducing
three key dimensions—scope of augmentation, nature of augmentation, and training
dependency—it provides a structured lens through which to explore the similarities, differ-
ences, and interactions among various techniques.

Input-level augmentation operates directly on raw pixel data, making it easy to
implement across various models without requiring architectural changes. These methods
are computationally efficient and provide visually interpretable transformations. However,
they are often limited in addressing higher-level feature variations and may introduce
visual distortions that do not accurately represent domain shifts. In contrast, feature-
level augmentation manipulates internal model representations, allowing more targeted
adjustments to domain-specific features. While this approach generally yields superior
generalization performance, it necessitates modifications to the model architecture and is
often more complex to implement.

The scope of augmentation dimension emphasizes how augmentation methods in-
tegrate into the training pipeline, distinguishing between input-level and feature-level
augmentations. This clarification highlights the stages of the pipeline impacted by different
methods. The nature of augmentation dimension categorizes techniques into rule-based,
gradient-based, and generative approaches, emphasizing the diversity in augmentation
mechanisms. Lastly, the training dependency dimension examines the relationship be-
tween augmentation and training processes, classifying methods as training-free trans-
formations, pretrained transformations, or training-simultaneous transformations. This
dimension reveals the varying degrees of interaction between augmentation strategies,
model optimization, and task datasets.

Certain methods, such as style transfer and frequency augmentation , naturally transi-
tion between categories within a single dimension. For instance, in the scope of augmenta-
tion, style transfer may occur at the input level [65] or the feature level [79,80]. Similarly,



Mathematics 2025, 13, 824 12 of 22

within the nature of augmentation, style-related parameters can be predefined [65,81] or
derived from gradient information [87,89]. Although these methods may span multiple
categories within a single dimension, their shared objective is expanding data diversity.
Techniques such as [75,78,110] further maximize data perturbation by incorporating strate-
gies from multiple categories, effectively simulating potential unseen domain distributions.

Training-simultaneous transformations exemplify the dynamic interaction between
data augmentation and model optimization. Here, augmentation parameters are iteratively
adjusted during training to align with the model’s current learning state. Unlike static
transformations, which uniformly apply changes to the original data, this adaptive mecha-
nism generates samples tailored to the model’s representations. This dynamic interaction
is particularly valuable for domain generalization, as it produces samples with enhanced
inter-domain variability, enabling models to generalize effectively to unseen test domains.

Our future work will focus on extending augmentation methods across the proposed
taxonomy dimensions and designing hybrid strategies that combine rule-based, generative,
and gradient-based mechanisms. Such hybrid approaches aim to harness the strengths of
each method, enhancing their efficiency, adaptability, and robustness in addressing domain
shift challenges across diverse scenarios.

4. Applications of Data Augmentation in Domain Generalization
In this section, we explore the application of data augmentation methods in various

research areas to address domain generalization challenges.
Computer Vision. In computer vision tasks such as object classification, object de-

tection, image segmentation, and person re-identification, domain shifts often arise due
to variations in the lighting, viewpoints, and background conditions of input images.
In medical imaging, differences in imaging devices and patient conditions can lead to
changes in image attributes such as brightness, contrast, and cell morphology. To address
domain-specific challenges in various computer vision tasks, researchers have developed
diverse data augmentation strategies tailored to the unique requirements of each applica-
tion. In object detection, studies such as [47,121] randomize domain-specific information
in the frequency space, transforming single or multiple source domains into diverse new
domains to enhance model performance. For image segmentation, [122] treats style fea-
tures as learnable parameters and updates them through adversarial training, enabling the
generation of adversarial images that improve model robustness. Similarly, [116] perturbs
fine-grained features using random convolutions and applies AdaIN for style transfer
on coarse features to create diverse augmented data. Building on this approach, [120]
introduces AdaIN-based feature perturbation to generate style-diverse samples, further
enhancing segmentation performance. In person re-identification, [33] improves generaliza-
tion by employing learnable filters to suppress high-frequency features, reducing reliance
on domain-specific information. For medical imaging, [88] utilizes gradient-guided convo-
lution layers to enrich image features, increasing feature diversity and mitigating overfitting
to specific domains. Additionally, works like [123,124] leverage GANs to generate varied
synthetic data, thereby strengthening model robustness across diverse medical datasets.
Figure 1 visually illustrates the impact of geometric transformations on the PACS object
recognition dataset. The visualization shows that data augmentation facilitates clearer
inter-class separations in the model’s feature representations, ultimately enhancing its
generalization ability to unseen domains.
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Figure 1. Comparison of model representations before and after image augmentation using geometric
transformations in GeomTex.

Natural Language Processing. In natural language processing (NLP), domain gener-
alization challenges impact tasks such as sentiment analysis, semantic parsing, and logical
reasoning. These challenges often stem from domain shifts caused by variations in the
distribution of training data, influenced by factors such as the medium or subject matter
of the text. For instance, texts collected from books typically use formal language, while
social media texts frequently incorporate emojis and colloquial expressions. Such distribu-
tional differences can significantly affect model performance. To mitigate these challenges,
researchers have developed various data augmentation techniques tailored to text-based
tasks. Common methods include synonym replacement, random deletion, word insertion,
spelling and grammar perturbations, and style transformations. For instance, [125] fine-
tunes a generative model to produce in-domain, fine-grained sentences, thereby enhancing
model accuracy. Similarly, [126] increases data diversity by incorporating special character
insertion and random entity replacement during back-translation. Furthermore, [127]
leverages large language models (LLMs), such as GPT-4, to generate synthetic dialogue
data, expanding the training set and improving model robustness.

Speech Analysis. Domain generalization challenges are prevalent in speech analysis,
impacting tasks such as speech recognition, emotion classification, and speech synthesis.
These challenges arise from distributional shifts in training data caused by factors such as
environmental noise, device characteristics, application scenarios, speaker tone, and speech
rate. Such shifts significantly affect the model’s performance in target domains. To mitigate
these issues, common data augmentation techniques for speech data include adding back-
ground noise, adjusting volume, applying pitch shifts, and performing time scaling. Such
methods are widely employed to enhance generalization in speech analysis tasks. For in-
stance, [128] leverages prosodic features to improve pronunciation modeling, enabling more
adaptive representations of diverse accents. Similarly, [129] employs speed perturbation
and trains a GAN-based model to augment the dataset, thereby enhancing generalization in
dysarthric speech recognition. In another approach, [130] integrates reinforcement learning,
where a policy controller selects optimal temporal and spectral masking operations for data
augmentation, resulting in improved model robustness and performance.

Robotics and Autonomous Systems. In robotics and autonomous systems, tasks
such as path planning, object recognition, semantic navigation, and decision-making in
dynamic environments are significantly impacted by domain generalization challenges.
These challenges arise due to variations in data collection environments, hardware differ-
ences, and sensor characteristics, which can hinder model performance during deployment.
Common data augmentation methods in this field include adding sensor noise, applying
geometric transformations, introducing random occlusions, and simulating various light-
ing conditions. For instance, [131] employs a simulation environment with randomized,
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non-realistic textures to generate diverse training data, enhancing the model’s ability to gen-
eralize to varying visual conditions. Similarly, [132] introduces noise into source trajectories
and applies a pretrained diffusion model for denoising, effectively aligning the trajectories
with target domain dynamics. This approach enables models to better adapt to diverse and
unpredictable environmental conditions encountered during real-world deployment.

5. Challenges and Open Problems
In this section, we discuss the challenges and open problems in applying data aug-

mentation for domain generalization. These challenges hinder the widespread adoption
and effectiveness of data augmentation techniques across various fields.

Computational Cost. While data augmentation methods enhance model robustness
in domain generalization tasks, they often come with increased computational and storage
requirements. The associated costs vary depending on the type of data augmentation
method used. Generative augmentation methods are computationally expensive due to
both the training and inference phases of generative models. Gradient-based methods
require additional computational resources due to the backpropagation process needed
to optimize augmentation parameters. Even some rule-based methods, while simpler,
demand computations for heuristic metrics. Additionally, augmented data increase storage
requirements, further exacerbating resource demands. These factors contribute to longer
training times and higher hardware requirements, presenting a significant barrier to the
practical deployment of data augmentation methods, particularly in resource-constrained
environments. To address the high computational costs associated with data augmentation,
recent research has focused on developing parameter-efficient augmentation strategies.
AutoAugment [133] introduces an automated search framework for augmentation policies
but is hindered by substantial computational demands. In contrast, RandAugment [64] im-
proves both efficiency and generalizability by simplifying the search space and employing
randomized policy selection, making it a more practical solution for real-world applica-
tions. Additionally, [134] leverages latent space diffusion to accelerate data generation
processes, while [135] enhances model fine-tuning efficiency through the use of low-rank
matrix updates. These approaches collectively contribute to reducing computational over-
head, making data augmentation more accessible for deployment in environments with
limited resources.

Optimal Augmentation Strategies. Despite the advantages of data augmentation
for domain generalization, identifying the optimal strategy for a given task remains an
open problem. Current domain generalization research lacks a unified metric to assess
the effectiveness of different augmentation strategies. Moreover, augmentation techniques
that enhance generalization for one task may introduce irrelevant or overly complex latent
domain features in another, potentially degrading performance. Another crucial challenge
is determining the appropriate augmentation intensity. The distribution of augmented data
must align with the original task domain’s distribution. Insufficient augmentation intensity
may fail to capture potential domain shifts, while excessive augmentation could introduce
synthetic artifacts that diverge too far from the target domain’s true distribution. Develop-
ing adaptive augmentation strategies that dynamically adjust based on task characteristics
and domain shifts is a key research direction. Recent efforts have explored various methods
to achieve optimal augmentation strategies. Beyond gradient-guided approaches [73,74]
and strategy filtering methods, [108,136] introduces reinforcement learning to dynamically
select augmentation policies. This approach enables the model to adapt augmentation
strategies based on task-specific characteristics and observed domain shifts, thereby im-
proving generalization while avoiding unnecessary complexity or synthetic artifacts.
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Overfitting to Augmentation. Poorly designed data augmentation strategies can lead
to overfitting, ultimately compromising generalization performance on unseen domains.
A major challenge in domain generalization is reducing the model’s dependence on domain-
specific features. If augmented data deviate significantly from the true distribution, they
may introduce noise or irrelevant characteristics. This can cause models to learn spurious
features rather than task-relevant ones, thereby reducing performance on unseen target
domains [137]. Achieving a balance between data diversity and distribution alignment is
critical. Future research should focus on developing robust training strategies that mitigate
overfitting to augmented data while preserving the model’s ability to generalize effectively.

6. Emerging Trends and Future Directions
Augmentation for Specific Architectural Models. In recent years, advanced archi-

tectures such as Vision Transformers (ViT) [138] and Vision Mamba (ViM) [139] have
demonstrated remarkable success in computer vision tasks, sparking a growing interest in
their application to domain generalization (DG) challenges. This has led to the development
of data augmentation strategies specifically tailored to these unique architectures.

Both ViT and ViM process input images by dividing them into patches, encoding these
patches into tokens, and using mechanisms such as Transformers [140] or Mambas [141]
to capture global information and generate feature-level representations. Recent studies,
such as [108,119], have explored style transfer techniques applied at the feature-level token
stage, enabling these models to capture domain-invariant features and enhancing their
generalization to unseen domains.

Augmentation strategies designed for advanced architectures like ViT and ViM cap-
italize on their strengths in modeling long-range dependencies and expressing domain-
agnostic global information. By leveraging these capabilities, these methods improve the
robustness and generalization performance of state-of-the-art models.

Cross-Modality Augmentation. With the growing adoption of advanced architectures
like Transformers and Mamba, the use of multimodal models in data augmentation has
attracted significant attention. A prominent example is the Stable Diffusion model [134],
an extension of diffusion models that integrates text prompts into the image generation
process. By utilizing text prompts to semantically guide the generation, Stable Diffusion
achieves a high degree of alignment between the generated images and their corresponding
textual descriptions. Additionally, diffusion models can incorporate reference images as
inputs, further enhancing semantic guidance during the generation of target images.

CDGA [106] employs training domain names as text prompts and uses different
domain images to generate new data. Similarly, [108] encodes training domain names,
mixes the resulting textual encodings, and guides the diffusion model to create data for
potential domains through text-to-visual augmentation. Furthermore, [107] constructs a
library of text prompts to describe potential domains and utilizes these prompts to generate
corresponding domain images via diffusion models.

Cross-modal augmentation methods hold immense promise by integrating informa-
tion from different modalities to create diverse data tailored to unseen domains. Ap-
proaches that synchronize text and image generation introduce innovative possibilities for
data augmentation. In the future, the development of robust cross-modal data augmenta-
tion mechanisms leveraging multimodal models will be a pivotal area of research.

7. Conclusions
Data augmentation has emerged as a crucial tool in domain generalization, enabling

models to mitigate domain shifts and learn domain-invariant features, thereby enhancing
robustness and performance in unseen environments. This survey provides a compre-
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hensive review of data augmentation methods for DG in computer vision, introducing a
taxonomy framework based on scope, nature, and training dependency to guide the design
of effective strategies.

While data augmentation has achieved notable success, several challenges remain,
including high computational costs, the absence of unified evaluation metrics, and the risk
of overfitting. Addressing these issues is essential to further improving the applicability
and efficiency of augmentation techniques. At the same time, the emergence of novel
architectures such as Transformers and Mamba , along with advancements in cross-modal
models, presents exciting opportunities to develop more flexible and robust augmentation
strategies. A key direction for future research lies in developing standardized benchmarks
to evaluate the effectiveness of cross-modality augmentation methods. Such benchmarks
are crucial for assessing multimodal generalization and ensuring fair comparisons across
different approaches. Establishing comprehensive evaluation frameworks will not only
advance data augmentation strategies but also facilitate the development of next-generation
AI systems capable of robust performance across diverse domains and modalities.

We hope this survey provides valuable insights and inspires further innovation and
progress in the field of domain generalization.
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