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Abstract—Supervised learning methods assume that training
and test data are sampled from the same distribution. However,
this assumption is not always satisfied in practical situations
of land cover semantic segmentation when models trained in
a particular source domain are applied to other regions. This
is because domain shifts caused by variations in location, time,
and sensor alter the distribution of images in the target domain
from that of the source domain, resulting in significant degrada-
tion of model performance. To mitigate this limitation, domain
generalization has gained attention as a way of generalizing
from source domain features to unseen target domains. One
approach is style randomization, which enables models to learn
domain-invariant features through randomizing styles of images
in the source domain. Despite its potential, existing methods face
several challenges, such as inflexible frequency decomposition,
high computational and data preparation demands, slow speed
of randomization, and lack of consistency in learning. To address
these limitations, we propose a Frequency-based Optimal Style
Mix (FOSMix), which consists of three components: 1) Full
Mix enhances the data space by maximally mixing the style of
reference images into the source domain, 2) Optimal Mix keeps
the essential frequencies for segmentation and randomizes others
to promote generalization, and 3) regularization of consistency
ensures that the model can stably learn different images with the
same semantics. Extensive experiments that require the model’s
generalization ability, with domain shift caused by variations in
regions and resolutions, demonstrate that the proposed method
achieves superior segmentation in remote sensing.1

Index Terms—Domain Generalization, Style Randomization,
Semantic Segmentation.

I. INTRODUCTION

SEMANTIC segmentation of remote sensing images has
undergone significant expansion in recent years due to

its diverse range of applications, including monitoring envi-
ronment, automatic mapping, and detecting land abuse. In
machine learning, the effectiveness of semantic segmentation
models is typically evaluated by training them on large an-
notated datasets of images and testing their performance on
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Fig. 1. Our proposed FOSMix enables the generation of diverse mixtures in
frequency space by incorporating other image styles. The figure below shows
the images of the target domain, the predictions of the baseline (U-Net), the
predictions of FOSMix, and the ground truth. Our proposal demonstrates its
robustness to the domain shift in the target domain compared to the baseline.

separate test datasets. It is commonly assumed that the training
and test datasets are sampled from the same distribution.
However, in many real-world situations, distributions of the
training and test datasets may diverge, a phenomenon known
as domain shift [1], [2]. For instance, in the field of remote
sensing, the appearance of images like hue, texture, and
resolution in the training and test datasets may vary due
to differences in factors such as location, time, and sensor.
Domain shift can significantly degrade model performance
when a model trained on the source domain (i.e., the training
data) is evaluated on the target domain (i.e., the test data),
as shown in Fig. 1. The simplest solution is to collect and
annotate target domains’ images, but such a strategy requires
tremendous labor and cost.

Unsupervised domain adaptation (UDA) is a technique for
handling the domain shift by utilizing sufficient labeled data
from the source domain and unlabeled data from the target
domains to enhance the performance on target domains [3]–
[10]. Domain adaptation seeks to train a model specialized
for a specific domain, which is valuable especially when
acquiring labeled data from the target domain is challenging.
UDA methods are instrumental in this endeavor, transferring

https://github.com/Reo-I/FOSMix
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knowledge from a source domain to unlabeled target domains
to align their distributions. However, it’s important to note
that even when UDA is targeted at multiple domains [11], it
still requires retraining or fine-tuning for new target domains.
Consequently, this means that a single model cannot be
universally applied to diverse, unobserved domains. The recent
emphasis on domain generalization (DG) (also known as out-
out-distribution generalization) has resulted from its ability to
generalize effectively to unobserved domains without access
to the target domain [12]–[15]. The generalization to the target
domain is attained by explicitly regularizing the model to
enhance its resistance to domain shifts or supplementing the
training data. This approach facilitates the development of a
singular model that can be applied across various domains
without retraining or fine-tuning. A popular technique in DG is
style randomization [16]–[20], which increases the input space
by introducing variability in image style. In particular, one
approach to style randomization is Frequency Space Domain
Randomization (FSDR) [21], which augments images in fre-
quency space. FSDR randomizes domain-invariant frequency
components (DIFs) with reference images that are neither in
the source domain nor in the target domain while preserving
domain-variant frequency components (DVFs), assuming that
DIFs are essential features for the segmentation. However,
applying FSDR to images with different sizes is challenging
due to the way the frequency components are divided. Fur-
thermore, Histogram Matching (HM) [22] for randomization
is sluggish and time-consuming. In addition, this approach
requires a large number of labeled reference images, which
is different from the source domain, and a significant number
of preliminary experiments, which is both time-consuming and
resource intensive. Finally, the randomized images in different
ways may induce the model to learn in a different direction,
negatively impacting overall performance.

To address these limitations, we propose a novel DG mech-
anism called Frequency-based Optimal Style Mix (FOSMix)
as illustrated in Fig. 1. FOSMix determines DVFs without
preliminary experiments and mixes them more quickly, both
in terms of time and with fewer iterations per image with
elements of the reference image in frequency space. DVFs,
which are to be mixed with reference images, are based on
the masks created by the generator for each input image. Since
we do not specifically know what the DVFs/DIFs are, the
generator can acquire knowledge about the frequencies that
do/don’t impact segmentation through the incorporation of
segmentation loss and mask loss. Subsequently, the generator
produces a mask that represents the proportion of DVFs for
each frequency component on a scale of 0 to 1, effectively
serving as an indicator of the essential frequency components
for segmentation. In addition, exact feature distribution mixing
(EFDMix) [23] is used for mixing, enabling faster and more
fine-grained mixture. Finally, the model simultaneously learns
three images with different styles: a full mixed image that
maximally incorporates the reference image’s style, an optimal
mixed image randomized based on the generated mask, and
the original image. However, these images have identical
semantics, and therefore, the model may encounter unstable
learning due to divergent learning directions. Therefore, we

introduce consistency regularization among predictions of their
images to enable harmonious learning.

The contributions of this paper are summarized as follows:
• We propose a new module for the DG task, namely

frequency-based optimal style mix (FOSMix), which
addresses the deficiencies of current techniques in DG,
such as inflexible division, high computational and data
preparation demands, slow speed of randomization, and
lack of consistency in learning.

• FOSMix consists of a full mix that maximally includes
the style of the reference image, an optimal mix that
leaves the frequency components necessary for segmen-
tation and randomizes the rest, and a consistency loss
that reconciles the training of the two different images
randomized by the full and optimal mixes.

• Extensive two DG experiments in the field of remote
sensing show that our proposal outperforms other meth-
ods.

II. RELATED WORKS

A. Domain Generalization

Domain generalization (DG) aims to learn a generalizable
model from source domains for unseen target domains to
address domain shifts between source and target domains. The
DG methods can be divided into three categories [14], [15]:
representation learning, learning strategy, and data manipula-
tion.

1) Representation Learning: This category of methods is
the most popular in DG. A domain-invariant representation
is a feature representation consistent across different domains
and not affected by domain-specific variations. By learning
domain-invariant representations, the model can mitigate the
domain gap by focusing on the task-specific features that
are important for the classification or prediction task rather
than being distracted by domain-specific variations. Typical
methods include kernel-based methods [13], [24], adversarial
learning [25]–[27], domain agnostic representation learning
[28]–[30], and Maximum Mean Discrepancies (MMD) [31].

2) Learning Strategy: The second category focuses on the
learning strategy to improve generalization performance. Since
the parameters are updated by gradient descent to learn the
model, it is straightforward to update the parameters in such a
way as to acquire generality. In the gradient operation methods
[32], [33], the gradients are adjusted by assuming that the
gradient directions should be the same across the domains so
that they do not conflict with each other. Ensemble learning,
which enhances generalization performance by using multiple
models, has the assumption that any samples are formed by
the integration of multiple domains and use weighted sums
of classifiers [34] and domain-specific batch normalization
parameters [35]. Meta-learning methods [36], [37] are other
learning strategies. In order to learn general representation,
meta-learning methods for DG divide the source domain into
meta-train and meta-test sets to simulate domain shifts.

3) Data Manipulation: Our work is mostly related to data
manipulation. Data manipulation methods for the DG task aim
to improve the performance of the model on unseen data by
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increasing the data space through augmentation or generation
[38], [39] to reduce the gap across domains [40]–[42]. As the
volume of data is always in shortage for machine learning, data
manipulation is the cheapest and easiest way to deal with such
a situation. It has another advantage of being model-agnostic
since it only increases the data pool.

For image augmentation, Adaptive Instance Normalization
(AdaIN) [43], Histogram Matching (HM) [22], and Exact
Histogram Matching (EHM) [23], [44] are used to randomize
images by mixing or changing the style of the reference image
with the style of the original image. The AdaIN transforms
input source features x ∈ Rm into output o ∈ Rm whose
mean and standard deviation match those of a target features
y ∈ Rm as follows:

o =
x− µ(x)

σ(x)
σ(y) + µ(y), (1)

where µ(·) and σ(·) are the mean and standard deviation
of reference images, respectively. The HM transforms the
input into the output so that the target empirical Cumulative
Distribution Function (eCDF) matches the input eCDF. The
EHM, on the other hand, adjusts the image pixels so that
its histogram matches the one of a reference image more
accurately. The sort-matching algorithm [45] can be used to
match faster. Sort matching is accomplished by matching two
sorted vectors {xνn}mn=1 and {yκn}mn=1, where νn, κn are the
indexes of the n-th smallest, x and y elements, respectively,
i.e., only swapping them in order. To perform Exact Feature
Distribution Mixing (EFDMix) [23] by applying EHM in the
features space as follows:

EFDMix(x,y) :
oνn

= xνn
+ (1− λ)yκn

− (1− λ)⟨xνn
⟩, (2)

where λ is the instance-wise mixing weight, and ⟨·⟩ represents
the stop-gradient operation [46], allowing for gradient back-
propagation in deep learning.

After changing the style of the image in the feature space,
it is then returned to the image space. The mapping function
from images to features and vice versa can be implemented
using encoder-decoder models. It is well-known in the field
of research that many studies have been conducted on classi-
fication tasks [20], [47], [48], however, the use of generative
models in semantic segmentation is not as common as it is in
classification models. The reason behind this discrepancy is
that while classification models can adapt and perform various
modifications without affecting the meaning of the objects,
semantic segmentation requires the preservation of the label
meanings in the manipulation process. Therefore, in problem
settings where the number of samples is not abundant, it
is best to refrain from using generative models, which are
uncertain whether the semantics will always hold, for stable
data manipulation.

B. Style Randomization

Style randomization (SR) is a type of data manipulation
performed for augmentation [16]. This approach expanded the
input space by randomly changing images’ color, texture, and

light to address the domain shift from synthetic images to
real-world data. DRPC [18] generate source images with the
style of the reference image using CycleGAN [49] and learn
the model to have features of multiple randomized images in
the hidden layer possess similar. GLTR [19] also generates
style-mixed images using AdaIN. However, most existing SR
methods randomize the spectrum of images, which alters the
domain-invariant features in undesirable ways. Although the
spectrum is changed in feature space, operations in frequency
space can separate DIFs from DVFs. Frequency-based oper-
ation methods [21], [50]–[53] have recently grained attention
in the context of DA and DG tasks.

FSDR [21] utilizes the division in frequency space to
perform domain generalization, in which the DVFs of the
image are randomized with corresponding components of
the reference images. However, FSDR divides the frequency
coefficients fixedly and assigns them to either DVFs or DIFs,
resulting in the inhibition of a diverse mixture. Additionally,
HM slow down the randomization speed. Furthermore, prelim-
inary experiments are required to determine the DVFs, which
adds significant cost.

C. Datasets to Evaluate Domain Shift for Land Cover Map-
ping

In recent years, there has been a notable increase in the
utilization of deep learning methods for analyzing remote
sensing imagery. Semantic segmentation in remote sensing
involves the process of assigning a class label to each pixel
in an image, effectively creating a map of the scene. Many
deep learning-based methods [54]–[56] have been proposed
for semantic segmentation in remote sensing, including fully
convolutional networks (FCNs) [57] and encoder-decoder ar-
chitectures. These techniques have produced successful results
on standard datasets like ISPRS 2D Semantic Labeling [58],
SpaceNet [59], DeepGlobe [60], and OpenSentinelMap [61].
Unfortunately, these datasets do not share common labels, so
it has not been easy to conduct DG experiments using multiple
regional datasets.

Under conditions of the limited availability of comprehen-
sive labeled datasets, recent research has focused on utilizing
UDA techniques to adapt models to a specific region of interest
once labeled data has been obtained for some regions. In
the context of remote sensing, UDA techniques such as self-
learning [62] and adversarial learning [63], [64] have been
widely used to transfer knowledge from a labeled source
domain to an unlabeled target domain. Specifically, utilizing
AdaIN [43], MixStyle [20], and SPADE [41], some UDA
methods [65]–[67] and the data synthesizing method [68] are
proposed. However, from a practical standpoint in the real
world, DG methods, which can be applied to any region, are
urged rather than UDA methods.

Fortunately, OpenEarthMap (OEM) dataset [69], including
high-resolution image datasets from 97 different regions, and
French Land cover from Aerospace ImageRy (FLAIR) [70]
with 40 regions in France, have recently become available for
DG experiments. While BSM [71] is a DG method for building
extraction, it depends on the large datasets of more than forty
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thousand training images and changes all spectrum of images
using AdaIN, which results in degradation of performance for
natural class prediction. RobustBDD [72] proposed a method
using stochastic weight averaging (SWA) [73] and adaptive
batch normalization (AdaBN) [74] for building damage de-
tection in domain shift, which is different problem setting
from semantic segmentation. RobustBDD, as well as BCM,
only considers buildings and assumes that features of each
domain have a similar variance, which may not be satisfied in
datasets with a variety of labels other than buildings. Besides,
there is a metric for measuring the distance between domains
[75], DG classification method for oil tree detection [76], and
a representation learning method using knowledge graph for
generalized zero-shot scene classification [77]. However, there
has been a lack of research on DG of semantic segmentation in
the field of remote sensing as multiple domains’ datasets have
not been developed until OEM was in place. That is where
our research plays a vital role, as the proposed method has
great potential to contribute to this field.

III. METHOD

In this section, we introduce our Frequency-based Optimal
Style Mix (FOSMix) method as a novel style randomiza-
tion technique. The FOSMix method consists of three main
components: Full Mix, which maximally mixes the style of
the reference image with the source domain image; Optimal
Mix, which optimally mixes them for generalization; and
Regularization of Consistency which helps the model update
parameters stably. We first describe the problem definition and
explain each component. The overall FOSMix framework is
illustrated in Fig. 2.

A. Problem Definition

Given a training set of multiple source domains Ds =
{D1, · · · ,DS} with Nk labeled samples {(xk

i ,y
k
i )}

Nk
i=1 in

the k-th domain Dk where xk
i ∈ R3×H×W and yki ∈

{0, 1}C×H×W denote the input images and the corresponding
C-class label maps, respectively. The goal is to learn a
semantic segmentation model fθ from source domains Ds that
generalizes well on unseen target domains Dt. In the context
of domain generalization (DG), during the model training
process, we have access to the training dataset from the source
domains Ds, whereas the training data from the target domains
Dt remain inaccessible. Here, θ donates the model parameters
to be learned. Subscript i and k are removed for simplification
reasons in xk

i and yk
i .

B. Full Mix in Frequency Space

Full Mix aims to maximally randomize the source image’s
frequency components (FCs) with those of the reference image
r ∈ R3×H×W . This means that all FCs are randomized. As
part of the randomization process, the source image is mapped
into frequency space using Discrete Cosine Transform (DCT)
[78], [79] as in FSDR. Let x̃(= DCT (x)) ∈ R3×H×W and
r̃(= DCT (r)) ∈ R3×H×W be features representing coeffi-
cients of the source domain image and the reference image

in frequency space, respectively. The degree of mixing is
determined for each element of x̃. As an indicator to determine
the degree of mixing, we introduce a mask M ∈ [0, 1]3×W×H

corresponding to the elements of x̃. When the element of
the mask is 0 (i.e., DVFs), it means that the element of the
source domain mixes with that of the corresponding reference,
while if it is 1 (i.e., DIFs), it is holding. The flexibility to
determine the mixing ratio for each frequency enables complex
randomization. In Full Mix, to maximally randomize all FCs,
the full mask Mf can be expressed as follows:

Mf = O (zero matrix)

⇐⇒ Mf
i,j = 0, ∀i = 1, · · · , H, ∀j = 1, · · · ,W (3)

Next, we consider the randomization process. In FSDR,
HM is used for randomization. According to the randomiza-
tion experiment [23], EFDMix randomization speed has been
demonstrated to be 85 times faster compared to that of HM.
Therefore, we employ EFDMix to make efficient use of GPUs
and improve the speed of randomization. The randomized
output õ with its νn-th element õνn

in frequency space by
EFDMix with mask M can be written as follows:

õνn
= EFDMix(x̃, r̃,M)νn

= x̃νn
+ (1−Mνn

) · r̃κn
− (1−Mνn

) · ⟨x̃νn
⟩, (4)

where ⟨·⟩ represents the stop-gradient operation to enable the
back-propagation in the deep learning model [46]. In Full Mix,
since all elements of the mask Mf are zero, we can practically
modify Eq. 4 for all elements as:

õνn
= EFDMix(x̃, r̃,Mf )νn

= x̃νn
+ r̃κn

− ⟨x̃νn
⟩. (5)

After Full Mix using EFDMix, the mixed one is trans-
formed from frequency space to image space by the inverse
Discrete Cosine Transform (iDCT: DCT−1(·)). Formally, the
full mixed image τ(x,Mf ) can be obtained by:

τ(x,Mf ) = DCT−1(EFDMix(x̃, r̃,Mf )). (6)

Fig. 3 illustrates the process of Full Mix by simply replacing
mask M with Mf without the generator. Full Mix allows
the source domain image space to be expanded, enabling fast
randomization without a band-pass filter.

C. Optimal Mix in Frequency Space

We propose Optimal Mix to randomize DVFs to provide
diversity while keeping essential features for segmentation.
More in detail, the element of the mask M corresponding
to the DIFs, which are necessary for segmentation, is close to
1, and the one corresponding to the DVFs is close to 0 so that
the mixing ratio of the reference image increases. Note that
M takes continuous values rather than deterministic values
such as 0 or 1, which allows for a wide variety of mixing.

Fig. 3 illustrates the detailed process of Optimal Mix.
Assuming that the DVFs and DIFs are fluid for each source
domain’s image, the generator Gθ′ creates the mask M where
θ′ represents the generator’s parameters. Using the sigmoid
function ϕ(·) as the final layer’s activation function, the
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Fig. 2. The overall architecture of FOSMix. τ(x,M) and τ(x,Mf ) are generated by randomizing the source image x using two masks M and Mf .
Besides the Jaccard loss on each prediction, we also impose a consistency loss so that they harmonize their learning. Note that the mask generator does not
update based on the consistency loss.

Image 𝒙
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Fig. 3. The detailed architecture of the optimal mix. The frequency coeffi-
cients x̃ transformed by DCT are mixed with the ones of reference image r̃
with the mask M generated by the generator Gθ′ . The light blue background
represents the operation in frequency space. As an activation function to make
the mask M set from 0 to 1, ϕ(·) represents the sigmoid function.

mask’s elements are forced between 0 and 1. After the mask
generation, the randomization uses EFDMix in Eq. 4. At the
end of Optimal Mix, as in Full Mix, iDCT returns mixed
features to the image space as follows:

τ(x,M) = DCT−1(EFDMix(x̃, r̃,M)), (7)

where

M = ϕ(Gθ′(x)). (8)

The generator needs a learning rule to determine which FCs
are essential and which can be randomized. First, we define
the segmentation loss for the three images: raw images, full
mixed images, and optimal mixed images, as follows:

Lseg = ℓ(fθ(x),y) + ℓ(fθ(τ(x,M
f )),y)

+ℓ(fθ(τ(x, ϕ(Gθ′(x)))),y). (9)

where, ℓ(·) is the loss function. In Eq. 9, the third term uses
the mixed image combined with the source and reference
images. By setting all elements of the mask used in the mixed
image to 1, the mixed image reverts to the raw image that
has been presented in the first term of Eq. 9. Here, it is more
convenient for the segmentation model fθ to have less complex
mixed images, and it can easily predict labels. As a result, the
generator attempts to provide the model with the simplest raw
image with the style of the source domain. In other words, θ′

must be updated so that all mask elements are close to 1 via
back-probagation. Then, in order to keep only the essential
FCs for segmentation and randomize the others, we impose
the mask loss as follows:

Lmsk = λ1µ(M) + λ2
1

σ2(M)
, (10)

where µ(·) and σ2(·) indicate the mean and variance of the
mask, respectively. Particularly, λ1 and λ2 are the hyper-
parameters balancing the two loss terms. The first term in
Eq. 10 updates θ′ so that the average value of the mask
M is closer to 0. In other words, the mask loss promotes
the generator in the direction of increasing the mixing ratio
of the reference image. The mask loss function incentivizes
the generator to move in a direction opposite to the learning
rule outlined in Eq. 9. As a result, the element of the mask
is expected to approach 0, while the mask element that is
crucial for segmentation approaches 1. Additionally, in such
tug-of-war situations, it is easier to differentiate between FCs
that are neither fully DIFs nor DVFs by imposing losses
that decrease the inverse variance of the mask. The name
“Optimal Mix” is derived from the fact that the components
of the mask are optimized based on the third term of Eq.
9 and the loss function of Eq. 10. Optimal Mix enables the
determination and randomization of DVFs without requiring
extensive preliminary experiments.

D. Regularization of Consistency

Our proposal includes a regularization of consistency [19]
to ensure the coherence of the mixed images used for training,
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which is illustrated in Fig. 2. Specifically, we utilize both full
and optimal mixed images in the training process. However,
the learning direction may vary due to the simultaneous
training of images with different FCs, leading to potentially
unstable learning as the input for these images carries the same
semantics. By imposing the consistency loss, we aim to sta-
bilize the randomization mechanisms and promote consistent
learning. The formulation of consistency loss to all three pairs
of outputs can be written as follows:

Lcon =λ3

{
L1

(
fθ(τ(x,M)), fθ(τ(x,M

f ))
)

+L1

(
fθ(x), fθ(τ(x,M

f ))
)

+L1

(
fθ(τ(x,M)), fθ(x)

)}
,

(11)

where L1(·, ·) represents the L1 distance between two dif-
ferent predictions, and λ3 is the hyper-parameters balanc-
ing other loss terms. Note that Eq. 11 is calculated using
fθ(τ(x,M)) = fθ(τ(x, ϕ(Gθ′(x)))). This means that param-
eters θ′ of the generator are updated so that the elements of
the mask M approaches 0 or 1. Therefore, we stop updating
θ′ only for the consistency loss to prevent those parameters
from being updated with back-propagation.

Our final objective can be defined as:

min
θ,θ′

1

|Xs|
∑
x∈Xs

(Lseg + Lmsk + Lcon). (12)

where Xs represents source domain’s image space. During in-
ference, we do not generate masks or perform randomization,
but only use segmentation networks to make predictions.

IV. EXPERIMENTS

In our experiments, our FOSMix is evaluated with other
methods under the domain shift caused by regional differences.
In addition, an ablation study will assess the contribution of
each component.

A. Datasets

We evaluate our method in the domain shift caused by dif-
ferent geographic regions with respect to two datasets. In this
situation, we use the OpenEarthMap (OEM) [69] dataset and
the FLAIR [70]. OEM dataset contains 5,000 high-resolution
remote sensing images from 44 countries and 97 geographic
regions at a 0.25-0.5m ground sampling distance. It consists of
8 classes of 1, 024×1, 024 resolution in most regions. FLAIR
dataset contains 61, 712 images from 40 regions in France,
consisting of 18 classes of 512×512 resolution. Note that the
background is represented by 13 classes through 18 classes,
which collectively account for 0.58% of the total pixel.

For the first DG experiments for the regional shift, we use
OEM dataset of 5,000 images. The source domain is repre-
sented by 1,531 images from 29 regions, which are divided
into a training set of 1,222 images and a validation set of
309 images. Each region is represented by approximately four-
fifths in the training set and one-fifth in the validation set. The
test set, which serves as the target domain, contained 2,492
images from 47 regions. In addition, we have 977 reference
images from 21 regions. Table V in the Appendix represents

Fig. 4. The visualization of mean features per domain from the hidden layer
of the baseline using t-SNE [82]. Many regions in the target domain, enclosed
by the green dotted line, are located relatively far from the source domain of
the training data. The regions of the target domain with names in black are
particularly far from the source domain represented by the blue dots. This
implies that they have new styles that the source domains don’t possess.

the classified domain for each region. This split way follows
the practice of other DG experiments, such as synthetic-to-
real DG experiments [18], [21], [80] and art/cartoon/sketch
style images to photo style images DG experiments [20],
[81], in which training and validation data are extracted from
the same domain. Fig. 4 shows a t-SNE [82] visualization
of the average features from the baseline hidden layer for
each domain, color-coded by source and target domains. The
target domain, enclosed by the green dotted line, is located
relatively far from the source domain of the training data. It
becomes possible to verify generality by looking at the results
of predictions for regions that do not resemble these source
domains in features. The results of the visualization will be
discussed in the IV-D.

For the FLAIR dataset, to avoid arbitrary assignment of
regions, the dataset is divided according to the number as-
signed to each domain’s file name. The file names for each
classified domain are provided in Appendix Table VI. The
training domain, validation domain, target domain, and refer-
ence region are represented by 14,522 images from 9 regions,
14,000 images from 9 regions, 17,375 images from 11 regions,
and 15,815 images from 11 regions, respectively.

B. Implementation Details

For fair comparison, we use ResNet-50 [83] and VGG-16
[84] with U-Net [85] as the semantic segmentation network fθ.
The mask generators Gθ′ do not need to be large models and
utilize light backbones, i.e., ResNet-18 and VGG-11, which
are both of the same types as the segmentation network.
These models are initialized with pre-trained parameters on
ImageNet [86]. The models are trained and evaluated on the
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Python 3.6 platform. Specifically, all proposed models are
implemented on two NVIDIA A100 GPUs for OEM and four
NVIDIA A100 GPUs for FLAIR.

In the training period, we choose Adam [87] optimizer with
beta coefficients of 0.9 and 0.999. The initial learning rate is
set to 1e-4 and follows the poly learning policy [88] with a
poly power of 0.9. The network is trained for a total of 150
epochs for OEM and 50 epochs for FLAIR. As an evaluation
metric, we use Intersection over Union (IoU) for each class.
The mean IoU (mIoU) is the average of the IoUs for all classes.

For the training set, after simple augmentations like flip,
rotate, and Gaussian blur with 10%, we crop both source
images and reference images with a size of 512× 512 pixels.
Besides, it is crucial to expand the data space by selecting
images r for blending from both the source and reference
domains with a probability of 50%.

During the test phase, the segmentation network fθ is
utilized for predicting labels without the use of the generator
Gθ′ . To enhance the robustness of the prediction, we employed
a test-time augmentation (TTA) [89], [90] technique where the
predicted label was determined as the average maximum class
of predictions with flipping operations.

To avoid focusing too much on source domain-specific tints,
color jittering is applied to source domain images with a prob-
ability of 50%. The hyper-parameters of the first experiment
in Eq. 10 and Eq. 11 that balance the loss term are set to 10
for λ1, 0.2 for λ2 and 5e-5 for λ3, respectively. For the FLAIR
dataset, we replace λ2 with 0.1.

C. Comparison with Other Methods

In the OEM experiment, we evaluate the performance of
FOSMix against the baseline, FSDR, RobustNet [91] and
SiamDoGe [92], as shown in Table I. Two network backbones,
ResNet-50 and VGG-16, are used in the experimentation. It
should be noticed that RobustNet [91] and SiamDoGe [92]
are based on the Resnet-50 backbones. The results in Ta-
ble I demonstrate that FOSMix outperformed the compared
methods on both network backbones. In particular, FOSMix
with ResNet-50 exceeds the baseline in all classes. The highest
accuracy is achieved when the backbones are ResNet-50 and
VGG-16 in 7 and 6 out of 8 classes, respectively. Notably,
the most substantial improvement in performance is observed
in the road and agricultural land classes. The complexity of
the problem is enhanced by the diversity of road conditions
and agricultural land characteristics in both urban and rural
areas. The road conditions range from well-paved concrete
roads to dirt roads, while agricultural land exhibits variations
in color and appearance depending on the region and the
crops themselves. The improvement in performance can be
attributed to the inclusion of a diverse set of data comprised
of different mixed styles of roads and agricultural land. This
diversity reinforced data and, thus, improved the model’s
ability to handle variations in road conditions and agricultural
land characteristics that could not be achieved through simple
techniques such as color jittering.

Our experimentation revealed a significant issue with the
FSDR, as evidenced by the duration of the experiment. The

requirement to transfer data from GPUs to CPUs before
randomization for the HM algorithm resulted in a huge time
overhead. Additionally, we found that utilizing the EFDMix
[23] in place of the HM in FSDR took approximately 37
hours. Therefore, the inefficiency of HM has a major impact
on how long it takes. In contrast, the time of our proposed
method has also increased by a factor of 3 to 4 due to
the tripling of the image input, but it can be seen that the
experiment is completed in a realistic amount of time. Aslo,
the training time of the proposed method is lower than the
ones of RobustNet [91] and SiamDoGe [92].

In addition, we also conducted experiments with a large
non-remote-sensing image dataset, ImageNet, instead of utiliz-
ing remote sensing images from other domains for reference.
Note that we eliminated gray-scale images from ImageNet.
The mIoU was found to be 43.08, which is approximately
0.9 points lower than when remote sensing images were used
as the reference. The mIoU was also found to be 42.81, 1.1
percentage points lower when reference images were randomly
selected from ImageNet with a 50% probability. As the perfor-
mance with non-remote-sensing datasets is greatly improved
compared to the source-only case, it is worth considering
datasets from other fields, such as ImageNet, as an alternative
when remote sensing imagery is unavailable.

Next, Table II displays the results of the FLAIR dataset
experimentation, revealing noteworthy progress in mIoU, sur-
passing the baseline, RobustNet [91] and SiamDoGe [92] in 7
out of the 12 categories. It should be noticed that due to the
limited computational resources, we do not show the results
of FSDR. Notably, the categories of Bare Soil, Deciduous,
Vineyard, Brushwood, and Agricultural Land demonstrated
significant improvements. The advancements were attributed
to the proposal’s capacity to tackle the domain shifts that could
vary drastically in look across regions and seasons. When
considered globally such as OEM dataset, the FLAIR dataset
limited to France alone exhibits no significant domain shift. As
a consequence, improving performance across all categories
can be challenging. Nonetheless, making progress in numerous
categories still represents a noteworthy contribution.

D. Ablation Studies

We conduct an ablation study to examine the role of
the FOSMix components in enhancing the generality of the
network. Tab. III shows the performance of the baseline model
and the impact of incorporating FOSMix components such
as Full Mix, Optimal Mix, single consistency loss (Single
CL), and all pairs consistency loss (All CL) in the regional
difference problem setting.

It is observed that the baseline model trained on the
original images alone perform poorly due to domain bias.
The incorporation of the full or optimal mix yields the most
favorable results in the developed space class, which can
be attributed to the lack of diversity in the source domain
and can be mitigated by incorporating new styles through
mixing. Conversely, in the water category, adding Full Mix
leads to a reduction in accuracy, while Optimal Mix improves
the performance. This can be attributed to the fact that a
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TABLE I
DG PERFORMANCE FOR THE OEM’S REGIONAL SHIFT IN MEAN IOU (MIOU) AND EACH CLASS IOU. TIME REPRESENTS HOURS TAKEN FOR THE

TRAINING. THE BEST RESULTS FOR EACH CATEGORY ARE BOLD.

Network Methods mIoU Bare Grass Developed Road Tree Water Agriculture Building Time (H)Land Space Land
Source Only 40.65 14.1 38.9 36.9 48.9 52.9 31.6 35.8 66.1 2.6

RobustNet [91] 41.86 16.1 37.5 35.4 49.6 54.1 33.4 41.6 67.2 12.3
Resnet-50 SiamDoGe [92] 42.17 17.2 38.1 36.2 49.1 55.2 32.7 42.1 66.8 13.4

FSDR [21] 39.47 20.0 28.6 33.5 47.9 45.8 28.3 40.9 62.8 203.5
Ours 43.96 16.4 41.2 37.9 52.2 55.6 35.3 45.8 67.3 7.4

Source Only 40.70 11.2 40.1 37.2 46.1 55.6 31.7 36.7 67.0 2.3
VGG-16 FSDR [21] 39.38 11.3 36.7 35.9 48.5 53.2 27.7 37.0 64.8 236.1

Ours 43.36 13.7 40.6 38.2 49.5 55.4 32.0 48.7 66.8 9.9

TABLE II
DG PERFORMANCE FOR THE FLAIR’S REGIONAL SHIFT IN MEAN IOU (MIOU) AND EACH CLASS IOU. TIME REPRESENTS HOURS TAKEN FOR THE

TRAINING. THE BEST RESULTS FOR EACH CATEGORY ARE BOLD.
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Resnet-50

Source Only 44.92 72.7 32.7 64.6 17.6 58.6 15.1 52.2 17.9 71.6 43.4 38.5 54.3
RobustNet [91] 46.54 73.2 33.4 65.1 26.8 61.3 15.6 54.7 18.7 74.2 44.8 46.6 44.1
SiamDoGe [92] 46.58 73.5 34.2 64.6 28.1 62.1 13.4 54.2 19.2 74.8 45.6 44.1 45.2

Ours 48.51 74.0 35.4 66.2 35.2 60.9 12.7 57.4 19.6 75.7 45.2 46 53.6

TABLE III
ABLATION STUDIES FOR OEM’S DG TASK CAUSED BY THE REGIONAL SHIFT IN MIOU AND EACH CLASS IOU. FULL MIX AND OPTIMAL MIX ARE FULL

MIXED IMAGES τ(x,Mf ) AND OPTIMAL MIXED IMAGES τ(x,M), RESPECTIVELY. SINGLE CL AND ALL CL REPRESENT THE CONSISTENCY LOSS
BETWEEN MIXED IMAGES AND THE CONSISTENCY LOSS FOR ALL PAIRS, RESPECTIVELY. THE NETWORK BACKBONE IS THE RESNET-50.

Methods Full
Mix

Optimal
Mix

Single
CL

All
CL

IoU

mIoU Bare Grass Developed Road Tree Water Agriculture BuildingLand Space Land
Baseline 40.65 14.1 38.9 36.9 48.9 52.9 31.6 35.8 66.1

FOSMix

✓ 42.85 14.7 40.6 38.4 49.8 54.6 31.1 46.7 66.8
✓ 42.75 13.9 41.6 38.4 51.5 53.9 33.7 42.3 66.7

✓ ✓ 42.13 14.3 36.3 37.5 50.3 51.3 33.9 46.9 66.5
✓ ✓ ✓ 43.50 15.5 41.5 38.3 52.4 54.3 32.2 46.4 67.4
✓ ✓ ✓ 43.96 16.4 41.2 37.9 52.2 55.6 35.3 45.8 67.3

consistent frequency is prevalent across domains in the water
category and the use of bold style transformations disrupts the
original frequency, whereas Optimal Mix increases diversity
by selectively altering appropriate frequencies. Additionally,
it is evident that the agricultural land category necessitates
a diverse range of styles, with vastly distinct distributions
in urban and undeveloped regions, and Full Mix plays a
significant role in this category. Second, when both Full Mix
and Optimal Mix are added simultaneously, the mIoU is lower
than when they are used individually. This is due to the
fact that different images with the same semantics inhibit
learning and introduce conflicts in the learning direction. To
address this issue, consistency loss is introduced to alleviate
the conflict. The implementation of a single consistency loss
between Full mix and Optimal mix is more accurate and stable
than any of the previous ones and outperformed the baseline in
all categories. Furthermore, FOSMix with all elements results
in the highest performance, especially in categories that are
sensitive to excessive style mixing such as bare land, trees, and

water. Additionally, the FOSMix with all elements added also
performed well in both natural and artificial classes such as
grass, roads, and buildings, indicating a moderate and diverse
style mixing.

From a qualitative perspective, Fig. 5 shows the models’
predictions for the baseline, Full Mix, Optimal Mix, and
consistency loss in combination. The target domain includes
a diverse range of style images, which are divided into two
groups for clarity: rural areas and urban areas. In Fig. 4,
the names of the target domain regions, represented in black,
are relatively far from the source domain (plotted in blue),
indicating their features do not present in the source domain.
To achieve a more comprehensive understanding, apart from
the urban and rural categories, we also compare the predicted
labels for the regions of Vegas, Labuhan, Khartoum, and Mahe,
which seem to possess a unique style.

In rural areas, due to the limited diversity in the source
domain, the baseline model misclassifies crops as buildings,
mistakes them for similar-looking grasses, and fails to rec-
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Fig. 5. Qualitative results of DG task caused by the regional shift. FM stands for Full Mix and OM for Optimal Mix.
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ognize crops in different seasons accurately. Our proposal
shows that even a simple addition of the full mix improves
the performance significantly, and incorporating all elements
improves the accuracy. Specifically, in Les-cayes, the intro-
duction of consistency loss for all pairs yields more plausible
predictions. Conversely, in urban areas, despite the complexity
of the ground truth structure in urban areas, the source domain
contains enough urban information to provide accurate predic-
tions at baseline. Therefore, the proposed method has limited
effect in these areas. Finally, in the regions with the new styles,
such as dimly tinted imagery in Vegas and Labuhan, and an
abundance of tints not present in the source domain in Mahe,
the baseline model based on the source domain’s class-specific
tints performs poorly. However, incorporating each element
of FOSMix shows improvement. Additionally, in Khartoum,
while the proposed method still falls short of ground truth, it
no longer incorrectly classifies the images as grass.

For FLAIR dataset, the result of ablation studies are shown
in Tab. IV. Tab. IV indicates that the inclusion of all the
proposed elements results in the best performance as well as
OEM’s results. Among 12 categories, four of the 12 classes
show the highest values. Incorporating the Full Mix in addition
to the baseline yields high values in three categories. Notably,
the Full Mix model alone demonstrates superior accuracy
in Coniferous, presumably due to the presence of features
with widely varying distributions in the target domain. In
addition, it is clear that the simultaneous inclusion of Full
Mix and Optimal Mix reduces accuracy, while the inclusion
of consistency loss improves it.

E. Visualization of Mixed Image

In Fig. 6, examples of full mixed and optimal mixed
images are presented, which have been found to contribute
to improved performance. The variations in brightness, tint,
and other stylistic characteristics of the images are dependent
on the specific domain. Nevertheless, the full mixed image
demonstrates that the style of the image aligns with that
of the reference image. It is not an exaggeration to say
that the image looks as if it has been sampled from the
domain of the reference image, considering only the style. The
incorporation of such full mixed images allows for the model
to learn a diverse range of features. In the case of optimal
mixed images, high-frequency components are fused, while
the general tint and other elements remain similar to those of
the source domain. Specifically, in rows 5 and 6, the source
images whose coefficients of high-frequency components are
low are combined with the high-frequency components of
the reference image. This feature, which represents texture,
is randomized to increase diversity in the high-frequency
component and improve generalization performance.

As illustrated in Fig. 7, the generator produces a three-
dimensional mask during Optimal Mix process. This mask
preserves middle-frequency information while randomizing
high frequencies in the red and green channels for each image.
Note that the low-frequency information is located in the upper
left corner of the image, with middle-frequency information
extending from the upper left to approximately a quarter of

Source
Image

Reference
Image

Full
Mix

Optimal
Mix

Fig. 6. Illustration of results on Full Mix and Optimal Mix. Full Mix has the
same styles of reference images, while the semantics (i.e., objects) of original
images are not changed. On the other hand, Optimal Mix has the middle and
high frequencies of reference images.

the width. In contrast, the blue channel of the mask varies for
each image, indicating that the features to be retained are also
located in the high frequencies. By selectively mixing different
frequencies for each image, a variety of randomization can be
achieved.

V. CONCLUSION

This paper presents a frequency-based optimal style mix
(FOSMix) for the domain generalization task. The proposed
FOSMix method consists of three key components: Full Mix
that maximizes the mixing of styles in the frequency space,
Optimal Mix that selectively randomizes frequencies not re-
quired for segmentation, and the regularization of consistency
that ensures harmonious training of the generated images.
Through extensive experiments, we demonstrate that FOSMix
effectively addresses the limitations of the existing method
and achieves superior segmentation performance in land cover
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TABLE IV
ABLATION STUDIES FOR FLAIR’S DG TASK CAUSED BY THE REGIONAL SHIFT IN MIOU AND EACH CLASS IOU. THE NETWORK BACKBONE IS THE

RESNET-50.
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Baseline 44.92 72.7 32.7 64.6 17.6 58.6 15.1 52.2 17.9 71.6 43.4 38.5 54.3

FOSMix

✓ 47.08 74.0 35.4 65.6 23.9 58.3 17.2 55.8 19.5 73.2 44.0 46.6 51.5
✓ 47.85 73.6 36.2 65.7 32.1 58.9 12.1 57.7 18.1 75.5 45.2 44.3 54.7

✓ ✓ 46.04 73.1 31.2 63.5 19.8 55.3 15.9 54.4 20.2 79.5 40.1 42.3 57.4
✓ ✓ ✓ 48.40 73.9 35.3 66.1 36.4 60.4 14.9 57.0 19.4 74.1 44.3 41.3 57.2
✓ ✓ ✓ 48.51 74.0 35.4 66.2 35.2 60.9 12.7 57.4 19.6 75.7 45.2 46.2 53.6

Source
ImageR Mask G Mask B Mask

LOW

HIGH

LOW HIGH

Fig. 7. Illustration of generated masks for each channel. R, G, and B masks are
red, green, and blue channel masks, respectively. White represents one, whose
frequency is kept, and black represents zero, whose frequency is mixed with
the reference image. The upper left part of the mask represents the coefficients
for low-frequencies, and the lower right part represents the coefficients for
high-frequencies.

semantic segmentation. Additionally, the proposed approach
is model-agnostic, allowing for combining other architectures
and methods.

APPENDIX A
REGIONAL SELECTION FOR DG

The split of regions used for DG experiments for OEM
is represented as Tab. V. The focus of the problem setting
is on DG for cases in which there are domain shifts across
different regions. In the field of remote sensing, obtaining
high-resolution images and corresponding labels can be quite
expensive. As a result, only countries and cities with sufficient
funding are able to acquire such data, which may then be used
to apply models to other regions. For this problem setting, we
chose urban-centric regions as the source domain and various
other regions as the target domain.

The split of regions used for DG experiments for FLAIR
is represented as Tab. VI. Since the labels for the target
domains described in the original paper were not available at
the time of the experiment, we used only the 40 regions with
available labels from the training and validation domains. For
the validation domains, we used the same set of domains as in
the original paper. We then assigned the target domain to the
region with a file name divisible by 3, while the source domain
consisted of the remaining files with a file name divisible
by either 4 or 5. The remaining region was assigned to the
reference region.
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TABLE V
REGIONS CHOSEN AS SOURCE DOMAINS, TARGET DOMAINS, AND REFERENCE IMAGES FOR THE FIRST EXPERIMENT. THIS IS AN EXPERIMENT IN DG

THAT REPLICATES DOMAIN SHIFTING, WITH URBAN AREAS AS THE SOURCE DOMAIN AND VARIOUS REGIONS AS THE TARGET DOMAIN.
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Tulsa (USA) Oklahoma (USA)
Tuscaloosa (USA) Piura (Peru)
Vienna (Austria) Podkarpackie (Poland)
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Wielkopolskie (Poland) Pointenoire (Congo)

TABLE VI
REGIONS CHOSEN AS SOURCE DOMAINS, TARGET DOMAINS, AND REFERENCE IMAGES FOR THE SECOND EXPERIMENT. THIS IS AN EXPERIMENT IN DG

THAT REPLICATES DOMAIN SHIFTING BASED ON THE RANDOMLY SAMPLED REGIONS.

Source Regions
(Train)

Source Regions
(Validation)

Target Regions
(Test) Reference Regions
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