
Complex & Intelligent Systems (2025) 11:97
https://doi.org/10.1007/s40747-024-01747-y

ORIG INAL ART ICLE

Sample-prototype optimal transport-based universal domain
adaptation for remote sensing image classification

Xiaosong Chen1,2 · Yongbo Yang3 · Dong Liu1,4,5 · Shengsheng Wang2

Received: 25 May 2024 / Accepted: 15 December 2024 / Published online: 28 December 2024
© The Author(s) 2024

Abstract
In recent years, there is a growing interest in domain adaptation for remote sensing image scene classification, particularly in
universal domain adaptation, where both source and target domains possess their unique private categories. Existing methods
often lack precision on remote sensing image datasets due to insufficient prior knowledge between the source and target
domains. This study aims to effectively distinguish between common and private classes despite large intra-class sample
discrepancies and small inter-class sample discrepancies in remote sensing images. To address these challenges, we propose
Sample-Prototype Optimal Transport-Based Universal Domain Adaptation (SPOT). The proposed approach comprises two
key components. Firstly, we utilize an unbalanced optimal transport algorithm along with a sample complement mechanism
to identify common and private classes based on the optimal transport assignment matrix. Secondly, we leverage the optimal
transport algorithm to enhance discriminability among different classes while promoting similarity within the same class.
Experimental results demonstrate that SPOT significantly enhances classification accuracy and robustness in universal domain
adaptation for remote sensing images, underscoring its efficacy in addressing the identified challenges.
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Introduction

In recent years, there has been an increasing demand for high-
precision land cover classification [1] across various sectors
such as geographic information systems, environmental
monitoring, agriculture, urban planning, and traffic analysis
[2, 3]. This has led to research and application advancements
in remote sensing image classification technology [4]. Var-
ious deep learning methods have been employed for scene
classification in remote sensing images, including convolu-
tional neural networks (CNNs [5–7]), wasserstein generative
adversarial networks (WGANs [8]), soft computing tech-
niques [9], transformers [10], gated recurrent unit network
[11], hybrid neural network [12], cellular network [13], and
others. However, advancements in remote sensing image
sensor technology, coupled with factors such as geographic
location, imaging conditions, weather changes, and climate
conditions, have expanded the diversity of data resources
available for remote sensing image classification. Hence,
remote sensing images collected from different regions or
at different times within the same region may exhibit dis-
parities, leading to variations in the distribution of training
and testing data used for remote sensing image classification,
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Fig. 1 Realistic Open-set and Universal DA scenarios.Open-set DA,
the label set of source domain is a subset of the target domain labels.
Universal DA, the source and target domains have a shared label set, as
well as individual private label sets

resulting in a phenomenon known as domain gap [14]. Fur-
thermore, dissimilar to traditional datasets such as Office,
OfficeHome, and VisDA, remote sensing images require
preprocessing before scene classification. This preprocess-
ing includes operations such as cloud removal to enhance
the clarity of the experimental images. Similarly, the ICA
[15] algorithm involves analogous image deblurring opera-
tions. Remote sensing datasets exhibit significant variations
in images of the same class within the same domain and
across different domains. These variations arise from subtle
similarities in sample features among images of the same
class in remote sensing images and insufficient distinctive-
ness in sample features among images of different classes.
To address the domain gap issue between the source domain
dataset and the target domain dataset used for image clas-
sification, domain adaptation (DA [16]) methods have been
proposed. Domain adaptation algorithms aim to train net-
work models using source domain data to achieve high
classification accuracy on diverse yet interconnected distri-
butions of target domain data.

In the realm of remote sensing image scene classification,
numerous contemporary domain adaptation methodologies
concentrate on mitigating domain discrepancies through the
acquisition of domain-invariant feature representations [17].
By understanding the relationship between the source label
space and the target label space (i.e., category differences),
domain adaptation can be categorized into closed-set domain

adaptation [18], partial domain adaptation [19], and open-
set domain adaptation [20]. Specifically, closed-set domain
adaptation typically addresses the domain adaptation chal-
lenge by utilizing adversarial learning behaviors to align
distributions in pixel [21], feature spaces [22], and output
vectors [23], assuming a common label set between the
source and target domains. However, in practical scenar-
ios of remote sensing image scene classification, label sets
for different scenes often exhibit private class distributions.
To address this assumption, two alternative approaches have
been proposed: partial domain adaptation, where the tar-
get domain label space is considered a subset of the source
domain label space, and open-set domain adaptation [24],
where the source domain label space is seen as a subset
of the target domain label space. The lack of prior knowl-
edge about the target domain label set presents a difficulty in
choosing an appropriate domain adaptation method (closed-
set domain adaptation, partial domain adaptation, or open-set
domain adaptation). In such cases, a new domain adaptation
approach called Universal Domain Adaptation (UniDA [25])
has been introduced.

UniDA is a method designed to overcome the constraints
imposed by differences in label sets between the source and
target domains, encompassing a broad spectrrum of domain
adaptation scenarios. UniDA involves the utilization of a
shared label set while also maintaining private label sets
for both the source and target domains, as shown in Fig. 1.
Nevertheless, the UniDA approach confronts two principal
challenges. To begin with, directly matching the source and
target domains might give rise to the misalignment of sam-
ples belonging to different classes, resulting in a reduction in
the accuracy of model classification. Secondly, target sam-
ples from the private label set of the target domain have to be
labeled as “unknown” due to the absence of labeled training
data from the source domain for these target categories. In
the current realm of universal domain adaptation research,
various transfer learning methods [26] have been proposed
for conventional image classification datasets, distinguish-
ing between common classes and private classes in the target
domain by manually adjusting thresholds [27]. However,
empirical validation often reveals that the application of these
universal domain adaptation methods, which perform effec-
tively on conventional datasets, to remote sensing image
scene classification tasks often yields unsatisfactory results.
A remote sensing image classification model trained solely
on the source domain encounters difficulties in extracting
comprehensive prior knowledge between the label sets of
source and target domains. Furthermore, the diverse propor-
tions of common class samples in the target domain dataset
make the extension of classification models to more realistic
universal domain adaptation tasks through manual threshold
adjustments a challenging undertaking.
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In view of the challenges faced by conventional universal
domain adaptation methods in achieving high classification
accuracywhen applied to remote sensing image datasets, this
research proposes the utilization of the Optimal Transport
(OT) method. The OT approach has manifested significant
classification accuracy in both closed-set [28] and open-set
[29] domain adaptation scenarios. The optimal Transport
algorithm serves as an effective optimization method that
assess the similarity between distributions by determining
the shortest distance calculation from one probability distri-
bution to another [30]. In contrast to conventional methods,
our proposed algorithm adeptly handles domain shift by
leveraging the Optimal Transport framework to align distri-
butions at both local and global levels. This dual alignment
strategy not only enhances the classification robustness by
accurately identifying and aligned common class samples
but also maintains the integrity of class prototypes within
the target domain. To facilitate the local mapping between
target samples and source prototypes, a partial alignment
method based on the unbalanced Optimal Transport algo-
rithm [31] is introduced to identify common class samples in
the target domain. The unbalanced Optimal Transport algo-
rithm’s ability to balance the sample distribution between
common and private classes addresses the challenge of class
imbalance, which is a prevalent in remote sensing datasets.
By incorporating a sample completion mechanism, our pro-
posed method ensures a comprehensive representation of
all classes, thereby improving classification performance.
The study presents a novel target sample clustering method
within the framework of global mapping between target sam-
ples and target prototypes. This method utilizes the Optimal
Transport [32] algorithm to establish mappings from target
sample vectors to target prototype vectors. The clustering
method is designed to enhance the discriminability of target
categories while preserving local consistency, particularly
advantageous for high-resolution remote sensing images. By
mitigating the risk of overfitting to specific class counts,
this method showcases versatility and efficacy across various
datasets. Essentially, the Optimal Transport-based approach
provides a robust, adaptable, and high-performing solution
for remote sensing image classification in universal domain
adaptation conditions. This innovative methodology ensures
accurate and reliable classification across diverse and com-
plex remote sensing datasets, establishing it as a superior
alternative to existing approaches.

In summary, our contributions can be categorized into
three main aspects:

1. The study suggests utilizing the unbalanced Optimal
Transport algorithm with remote sensing datasets to
detect common class samples in the target domain for
domain alignment. Experimental findings demonstrate
a significant improvement in aligning domain distribu-

tions, representing the first successful application of the
Optimal Transport algorithm for universal domain adap-
tation in remote sensing image datasets.

2. A sample completion mechanism has been devised
to automate the process of determining thresholds for
selecting high-confidence common class samples, elim-
inating the need for manual intervention. This method
utilizes the mean sample count as the threshold. Experi-
mental evidence supports the effectiveness of thismethod
in selecting high-confidence samples and its successful
adaptation in real-world domain adaptation tasks, espe-
cially in situations where there are fluctuations in sample
counts for common and private classes.

3. In addition to identifying common class samples, a global
Optimal Transport algorithm is integrated to aid in map-
ping feature vectors between target samples and target
prototypes. The clustering of target domain samples
using this algorithm leads to enhanced feature distinc-
tiveness among different classes and increased similarity
within the same class. The experimental outcomes high-
light substantial improvements in feature separability and
classification accuracy.

Related works

Remote sensing image scene classification

Remote sensing image scene classification has garnered sub-
stantial attention in recent years due to its diverse applications
in fields such as geographic information systems, environ-
mental monitoring, agriculture, urban planning, and traffic
analysis. Deep learning methods [33] have shown promis-
ing results in this domain. Common deep learning methods
used for remote sensing image classification include autoen-
coders [34], convolutional neural networks (CNNs [5, 6]),
wasserstein generative adversarial networks (WGANs [8]),
category prototype-based memory networks [35], and trans-
formers [36]. These methods are based on the assumption
that the distributions of training and testing data are similar,
although this may not always hold true due to variations in
imaging conditions, geographic locations, and other factors.
This discrepancy between domains, known as domain gap,
poses a challenge to the effectiveness of classification tasks.

Universal domain adaptation

To address the domain gap issue, scholars have proposed
domain adaptation (DA) algorithms [37]. Conventional DA
methods aim to align the distributions of the source and target
domains by obtaining domain-invariant feature representa-
tions. However, these methods often rely on assumptions
about the relationship between the source and target domains,
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which may not hold in real-world scenarios. Universal
domain adaptation (UniDA) presents an innovative approach
that aims to eliminate these assumptions and adapt to various
unfamiliar domain adaptation settings. UniDA encompasses
closed-set, partial, and open-set domain adaptation settings,
making it applicable to a wide range of scenarios.

Optimal transport

The Optimal Transport (OT) algorithm has exhibited poten-
tial in addressing domain adaptation challenges [38]. OT
entails an optimization problem that measures the similar-
ity between probability distributions and seeks to minimize
the distance computation from one distribution to another.
While several domain adaptation methods based on OT have
been proposed, most focus on global mapping from one sam-
ple to another under closed-set transfer learning conditions
[39]. However, in universal domain adaptation, it is crucial
to identify common class samples and perform cross-domain
alignment. Therefore, there is a need for customized OT-
based methods designed specifically for universal domain
adaptation settings, especially in tasks such as remote sens-
ing image scene classification.

Methodology

In this section, the UniDA problem is examined from two
prespectives: distinguishing common samples and clustering
target samples, as shown in Fig. 2.

Preliminary

In this section, an explanation of the background of the
optimal transport algorithm is provided. Optimal transport
refers to the process of identifying the most effective route
to minimize the costs related to transferring one probabil-
ity distribution to another. Following this, an overview of
the original formulation of the optimal transport algorithm is
provided.

Given two probability distribution vectors are α ∈ Ra and
β ∈ Rb, where 1d represents a d-dimensional vector of ones,
the joint probability distribution matrix Q of the distributions
α and β can be represented as follows:

U (α, β) =
{
Q ∈ Ra×b+ |Q1b = α, Q1a = β

}
. (1)

The set U (α, β) can be interpreted as the collection of
all possible joint probability distribution matrices Q for the
probability distributions α and β, where the marginal distri-
butions of the joint probability distribution matrix are α and
β, respectively [26]. Given a cost matrix M ∈ Ra×b+ repre-

senting the similarity of distributions, the optimal transport
algorithm minimizes the transportation cost by considering
the product of the cost matrix M and all possible transporta-
tion matrices Q in U (α, β). It seeks the optimal coupling
matrix Q∗ that minimizes the transportation cost by opti-
mizing the following minimization problem:

min
P∈(a,b)

〈C, P〉 (2)

The optimal coupling matrix Q∗ obtained from global
optimal transport algorithms rigorously enforces the mass
constraints betweenmarginal distributions, rendering it inad-
equate for addressing partial alignment challenges in open-
set or universal domain adaptation scenarios.

In consideration of this, a new unbalanced optimal trans-
port algorithm is proposed to address the limitation of
preserving marginal distribution mass conservation, aiming
to achieve partial alignment effects [40]. The formula for
the unbalanced optimal transport algorithm is presented as
follows:

UOT (M, α, β) = argmaxQ∈R+Tr
(
Q�M

)
(3)

The optimization problem described above is addressed
by employing the generalized Sinkhorn algorithm [30].

Distinguish samples from common classes

In the current domain adaptation research landscape, a
prevalent methodology involves the identification of high-
confidence samples belonging to common classes in the
target domain to aid in domain alignment. This process typi-
cally involves labeling samples belonging to private classes in
the target domain as an unknown class and manually adjust-
ing thresholds to filter samples linked to common classes
[41]. However, manual threshold adjustments are not suit-
able for practical domain adaptation scenarios where there
are significant variations in the class distributions. Setting the
threshold too high may lead to misclassifying some common
class samples as unknown private classes, while setting it
too low could result in misidentifying private class samples
as common classes. Both circumstances have the potential to
negatively affect the overall classification accuracy.

Tomore accurately distinguish samples belonging to com-
mon classes in the target domain, a method based on an
unbalanced optimal transport algorithm is proposed to par-
tially map target samples to the centroids of source domain
classes. The partial alignment problem between target sam-
ples ztj and source prototypes c

t
i is addressed by our method

from the perspective of universal domain adaptation. Given
that universal domain adaptation allows for the existence of
private classes in both the source and target domains, the
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Fig. 2 Overview of the proposed SPOT. Our model consists of two
parts: (1) Distinguish Common Samples: Initially, a sample comple-
tion mechanism is applied to the target samples, followed by partial
alignment of target samples and source prototypes based on Unbal-
anced Optimal Transport (UOT). Subsequently, common class samples
are filtered based on the mean of sample quantities. (2) Target Sam-

ples Clustering: A global mapping based on Optimal Transport (OT)
is performed between the target samples and target prototypes, aim-
ing to encourage consistency among samples of the same class while
enhancing the global discriminability of samples from different classes

partial alignment method based on the unbalanced optimal
transport algorithm can selectively extract common knowl-
edge from both domains. The optimal assignment matrix Qst

obtained from the unbalanced optimal transport algorithm is
represented as follows:

Qst = UOT

(
Sst ,

1

B
1B,

1

|Cs |1|Cs |
)

(4)

The cosine similarity matrix between target samples and
source domain class prototypes serves as the cost matrix for
the unbalanced optimal transport algorithm. In this algo-
rithm, the initial marginal probability vector for source
prototypes is set as β0 = 1

|Cs |1|Cs |. However, since the source
domain includes private classes, it is unreasonable to give
equal weight to each source prototype in the marginal prob-
ability vector β. Instead, the marginal probability vector β

needs to be updated based on a moving average using the
allocation matrix Qst from the previous iteration to better
represent the true distribution of source prototypes. The vec-
tor β

′
used for updating the input marginal probability vector

β in each iteration of the unbalanced optimal transport algo-
rithm is the sum of each column in Qst . The formulas for
updating the vector β and the marginal probability vector for

source prototypes in each iteration are as follows:

β(t+1) = μβ(t) + (1 − μ)β ′, β ′
i =

B∑
j=1

Qst
j,i (5)

Firstly, normalize the allocation matrix Qst . Extract com-
mon knowledge from the normalized matrix Qst , where the
maximum value in each row of Qst is set as the confidence
wt
i that the target sample belongs to the corresponding source

domain class, and the corresponding source domain class is
assigned as the pseudo-label for the target sample. It is estab-
lished that the summation of each column in the allocation
matrix Qst represents the confidence, denoted asws

j , for each
source domain category’s affiliation with the common label
set. The calculation formulas for target sample confidence
wt
i and source prototype confidence ws

j are detailed below:

wt
i = max(Qst

i,1, Q
st
i,2, ..., Q

st
i,|Cs |), w

s
j =

B∑
i=1

Qst
i, j (6)

In the target and the source domains, higher confidence
weights are attributed to common category samples. Thresh-
olds are determined based on the sample quantity in the
target domain and the number of categories in the source
domain. Target samples with confidence levels above the
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average number of target samples are recognized as common
category samples in the target domain. Similarly, source pro-
totypes with confidence levels exceeding the average number
of categories in the source domain are classified as com-
mon category samples in the source domain. Unlike manual
threshold setting, which requires subjective adjustments, the
average number of target samples is derived from the inher-
ent statistical attributes of the target domain. This enables
the algorithm to dynamically adjust thresholds, catering to
diverse dataset requirements without necessitating repetitive
manual interventions for threshold calibration. Additionally,
when confronted with non-uniform distributions of target
domain samples, manual threshold specification may lead to
over fitting. Conversely, employing themean as the threshold
can mitigate over fitting risks, thereby enhancing the algo-
rithm’s generalizability.

The target common samples zti and their associated
pseudo-labels yti selected in the preceding step are utilized
to compute the inter-domain common class detection loss,
denoted as Lcsd1, employing a standard cross-entropy loss
function. wt

i represents the confidence of zti , while ws
yti

indicates the confidence of the source domain category corre-
sponding to the pseudo-label of zti . The criteria for selecting
target common samples zti and the loss function Lcsd1 are
expressed as follows:

Lcsd1 = LCE (zti , y
t
i ), w

t
i >

1

B
and ws

yti
>

1

||Cs || (7)

To further enhance the accuracy of common sample clas-
sification in our algorithm, we introduce an auxiliary loss
function, denoted as Lcsd2, within the common sample detec-
tion function. Similar to Lcsd1, Lcsd2 constructs its loss
function by filtering common samples using sample confi-
denceweights.However, unlike Lcsd1, the sample confidence
weights w

′t
i in Lcsd2 are obtained as the summation of

weights in each row of the matrix Qst . Evidently, w
′t
i carries

greater weights compared to wt
i , resulting in a more lenient

filtering criterion that selects a larger proportion of samples
potentially belonging to the target common class. However
this approach has a drawback as it may include non-common
class samples in the training of the classification model,
thereby reducing its classification accuracy. To leverage the
advantages of both Lcsd1 and Lcsd2, these two loss functions
are simultaneously trained by introducing a hyperparameter
μ, defined as the ratio between the current iteration count and
the total number of iterations. Specifically, the hyperparame-
ter of Lcsd1 is set to 1−μ, and that of Lcsd2 is set toμ. As the
iteration count increases, the value ofμ gradually approaches
1. The rationale behind this design is as follows: in the initial
iterations when the model’s classification accuracy is rel-
atively low, a larger hyperparameter for Lcsd1 maximizes
its influence, ensuring the selection of samples with higher

potential to belong to common classes, thereby maintaining
high sample quality for model training. Subsequently, as the
iteration progresses and the model’s classification accuracy
enhances, the hyperparameter μ of Lcsd2 approaches 1. This
adaptation results in a more lenient filtering criterion, facili-
tating the inclusion of a large pool of potential common class
samples while maintaining sample quality. This synergistic
interplay between the two loss functions ensures the selec-
tion of a appropriate number of high-quality common class
samples for model training, thereby effectively preserving
the model’s classification accuracy. The computational for-
mulas for w

′t
i and w

′s
j are detailed below:

w
′t
i =

|Cs |∑
j=1

Qst
i, j , w

′s
j =

B∑
i=1

Qst
i, j (8)

Our approach to computing Lcsd2 is the same as for Lcsd1,
along with the criteria for selecting target common samples
z

′t
i ,represented as follows:

Lcsd2 = LCE (z
′t
i , y

′t
i ), w

′t
i >

1

B
and w

′s
y
′t
i

>
1

||Cs || (9)

The overall loss function for common class distinguish is
shown as follows.

LCSD = (1 − μ)Lcsd1 + μLcsd2 (10)

Sample completionmechanism

In domain adaptation research domain, an imbalance in
sample quantities across different categories, frequently wit-
nessed in closed-set scenarios, can lead to a reduction in
the effectiveness of classification models. These models
often demonstrate a tendency to prioritize the prediction
of classes with larger sample sizes, a phenomenon also
remarked in studies on universal domain adaptation studies.
In scenarios where a considerable disparity exists in sample
quantities between common and private classes within the
target domain, classification models may incorrectly iden-
tify certain common class samples as belonging to unknown
categories. Moreover, as discussed in Sect. 3.2, establishing
the average sample quantity as the threshold for distinguish-
ing common class samples could worsen the prevalence of
biased results in classification models, particularly when the
number of common class samples is considerably smaller
than that of private classes.

In order to improve the accurate differentiation between
common and private class samples in classification models,
a sample completion mechanism is proposed to address the
issue of imbalanced sample quantities across classes. Our
algorithm aims to identify the disparity in sample quantities
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between common and private classes and augment samples
for classes with fewer samples, thereby achieving a balance
in sample quantities between the two type of classes. Ini-
tially, the cosine similarity matrix between target samples
and source prototypes is computed. Subsequently, the maxi-
mum similarity of each sample is comparedwith a predefined
threshold, denoted as γ , known as the rough boundary. Sam-
ples with similarity exceeding γ are classified as common
class samples, while those below this threshold are catego-
rized as private class samples. To address the deficiency in
private class samples, a strategy is employed where the least
similar source prototype to the target sample is utilized. This
approach generates pseudo-private samplesZ t

i by averaging
the feature vectors of the target sample and its least similar
source prototype, as follows:

Z t
i = 1

2
(zti + argmincsk (z

t
i c

s
k)) (11)

To complete commonclass sample, amethodology similar
to the one outlined in Sect. 3.2 is employed. The confidence
level of each target sample belonging to source prototypes
in the memory queue is determined using the unbalanced
optimal transport algorithm. Samples meeting the criteria of
exceeding the average sample quantity in confidence level are
labeled as high-confidence source prototypes for enhancing
common class. During this process, the marginal probabil-
ity vector of source prototypes in the unbalanced optimal
transport algorithm adopts the vector β as defined in Sect.
3.2. Consequently, updates are only needed when identify-
ing common class samples in Section 3.2, with no updates
necessary during the sample completion process.

Clustering of target samples

Toenhance the compactness of feature representationswithin
the same category and enhance the discriminative capability
among different categories in the target domain, a domain
clustering strategy is proposed based on the global optimal
transportation algorithm. Firstly, K target sample features
are randomly selected from the memory queue to serve as
trainable target prototypes, and the most similar neighbor
samples of the target samples for the current iteration are
then identified and filtered out from the memory queue. A
cosine similarity matrix, denoted as Stt , between the target
sample features Zt and the most similar neighbor samples
Z

′t with the target prototype Ct is used as the cost matrix
for the global optimal transport algorithm. By resolving the
optimal transport optimization problem, the target samples
are aligned with their corresponding target prototypes.

Qtt = OT

(
Stt ,

1

K
1K ,

1

2B
12B

)
(12)

The allocation matrix Qtt obtained from the solving algo-
rithm generates individual row vectors qtti , which represent
the classification probability vector for the target sample zti
with respect to the target prototype. Each row vector qtti
of Qtt is summed to 1/B; hence, Qtt is multiplied by B to
ensure that the sum of each row’s classification vector is 1.
To enhance the intra-class consistency, with the goal of min-
imizing the distances between samples of the same class, the
cross-entropy loss function Lintra is constructed using the
clustering prediction vector pti for the target sample feature
zti and the optimal transport prediction vector qtti . By mini-
mizing Lintra , the feature extractor f is trained and the target
prototype Ct is optimized.

Lintra = 1

B

B∑
i=1

l(qtti , pti ) (13)

The cross-entropy loss function l(qtti , pti ) can be represented
as:

l(qtti , pti ) = −
K∑

k=1

qtti,klogp
t
i,k (14)

Moreover, to enhance the global discriminability of features
across different classes, the optimal transport prediction vec-
tors are swapped between target sample features and their
nearest neighbor sample features to construct the cross-
entropy loss function Linter .

Linter = 1

2B

B∑
i=1

[l(qttB+i , p
t
i ) + l(qtti , ptB+i )] (15)

Overall train objective

Integrating loss function Lcls from the source dataset, along
with the common class distinguish loss LCSD , the target
cluster loss Lintra , and the inter-cluster loss Linter , a com-
prehensive objective can be expressed as

Loverall = Lcls + λ(LCSD + Lintra + Linter ) (16)

Experiments

Experimental setup

Datasets

To demonstrate the effectiveness of our proposed algorithm,
the research utilized the RSSCN7, AID, UCMerced(UCM),
and NWPU-RESISC45 datasets as cross-domain scene clas-
sification datasets for remote sensing images. These datasets
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Fig. 3 Some images from five common classes from four datasets

were obtained from Google Earth. The RSSCN7 dataset
[42] consists of 7 remote sensing scene categories, with 400
images per category, resulting in a total of 2800 RGB remote
sensing scene images, each sized at 400 × 400 pixels. The
AID [43] dataset is a high-resolution satellite image dataset
containing approximately 10,000 images distributed among
30 classes, with each image sized at 600 × 600 pixels. The
UC Merced dataset [44] is a conventional remote sensing
image scene classification dataset comprising 2100 remote
sensing images belonging to 21 scene categories, with each
scene category containing 100 images sized at 256 × 256
pixels. The NWPU-RESISC45 dataset [45] consists of 45
scene categories, with each category containing 700 remote
sensing images sized at 256 × 256 pixels, totaling 31,500
images. The spatial resolutions of the remote sensing images
in each dataset range from 0.2ms to 30ms.

The selection of theRSSCN7 dataset as the source domain
dataset was based on its relatively small number of cate-
gories and its higher Jaccard index in comparison to the
other three datasets. The remaining three datasets were as
target domain datasets for the development of three cross-
domain scene classification tasks for remote sensing images.
For the RSSCN7 → AID and RSSCN7 → NWPU tasks,
the shared label set consisted 6 categories, namely farmland,
forest, dense residential area, river, parking lot, and indus-
trial area. In contrast, the RSSCN7 → UCM task had one
less category in the shared label set, specifically excluding
the industrial area. The complexity of the domain adapta-
tion tasks was heightened by the high Jaccard index between
the AID and NWPU-RESISC45 datasets, along with a larger
number of shared label categories. Consequently, a fourth
remote sensing image classification task, AID → NWPU,
was created. Sample images of these four datasets are shown
in Fig. 3. Additional information regarding the four cross-

domain universal domain adaptation remote sensing image
classification tasks are presented in Table 1.

Evaluation criteria

During the testing phase, all private category samples in
the target domain are uniformly classified into an unknown
class. Consequently, the number of categories in the tar-
get domain comprises the number of common categories
plus one unknown category. The classification accuracy for
each category is computed. The unbalanced optimal transport
algorithm is employed to determine the maximum classifi-
cation probability for each target sample. Subsequently, the
threshold is established as the number of target samples, and
if the predicted probability exceeds the mean of the sample
numbers, the sample label is assigned to the source domain
category corresponding to the maximum probability; oth-
erwise, the sample is classified as an unknown class. The
classification accuracy for each category, in addition to the
average accuracy for common categories and the unknown
category, serves as the representation of our final testing
results.

Experimental details

The study employs an optimal transport solver based on the
unbalanced optimal transport algorithm. The network model
consists of a feature extractor denoted as F and a classifier
denoted as C, initially trained on the source domain. The
feature extractor adopts the pre-trained ResNet-50 [46] net-
work as the initial backbone, comprising a backbone layer
and a projection layer. The classifier network consists of
three fully connected layers, with ReLU layers between
the first two layers and BatchNorm layers between the last
two layers. Pre-training of the network model with data
from the source domain data was conducted to establish
the cross-entropy loss function. The aggregator used for
clustering target sample features is a single-layer fully con-
nected network, preceded by data normalization. During the
training phase, the batch size of 24 samples was set for
both the source and target domain data. Stochastic gradient
descent (SGD) was employed to train the network model. In
all cross-domain scene classification experiments, the ini-
tial learning rate for the pre-trained ResNet network was
set to 1 × 10−3, while for the classifier and aggregator, it
was set to 1 × 10−2. The momentum for the SGD method
across all networks was set to 0.9. For the cross-domain
classification tasks RSSCN7→UCM, RSSCN7→AID, and
RSSCN7→NWPU, the total training stepswere set to 40,000
epochs, and capacity of the memory queue for target sam-
ples was set to 2000. Due to the larger data scale of the
AID→NWPU task, the total training stepswere set to 80,000
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Table 1 Four Universal DA
Tasks for Remote Sensing Scene
Classification

Task Shared Source Private Target Private ξ

RSSCN2NWPU 6 1 39 0.12

RSSCN2UCM 5 2 16 0.18

RSSCN2AID 6 1 24 0.12

AID2NWPU 19 11 26 0.27

epochs, and the memory queue’s capacity for target samples
was set to 4000.

All experiments were conducted on a 1080Ti GPU
with 11GB of memory. The experiments RSSCN7→UCM,
RSSCN7→AID, andRSSCN→NWPUeach required approx-
imately 4.5h to complete,while the experimentAID→NWPU
took around 9h.

Experimental results

Compared methods

The SPOT algorithm we propose is assessed in compari-
son with various state-of-the-art universal domain adaptation
algorithms within the realm of remote sensing image classi-
fication:

1. Source-only: The network model is trained solely on the
source domain data, with data from the target domain
input directly into the trained model for testing purposes.

2. UDA [25]: UDA paper is regarded as a seminal contribu-
tion in the realm of computer vision, specifically address-
inguniversal domain adaptation research. It introduces the
concept of sample transferable similarity weights, which
are computed based on domain similarity and information
entropy. Thismethodology aids in distinguishing between
common class samples and private class samples in the
target domain.

3. DANCE [47]: DANCE integrates neighborhood clus-
tering with self-supervised learning and entropy-based
feature alignment and rejection. Rather than relying solely
on source categories, neighborhood clustering minimizes
the entropy of the similarity distribution between target
samples and source prototypes. This approach promotes
the separation of known and unknown target samples,
thereby preventing misalignment.

4. I-UAN [26]: I-UAN is an improvement upon the UDA
method. In I-UAN, the sample transferable similarity
weights are obtained by subtracting the second-highest
prediction probability vector from the maximum pre-
diction probability vector of the target samples. These
weights are established according to the confidence levels
of the target samples in distinguishing between common
class and private class samples within the target domain.

Fig. 4 Accuracy vs. Parameter Size for SPOT and Baseline Methods

5. Universal DA [48]: This method utilizes sample trans-
ferable similarity weights, which are calculated based on
domain similarity and the highest probability of predicted
class probabilities. These weights distinguish between
common class and private class samples in the target
domain based on a predefined threshold.

Results for the task RSSCN7→NWPU

The experimental results are presented in Table 2. The
data clearly demonstrates that our proposed SPOT method
achieves the highest classification accuracy for both com-
mon class samples and all target samples in comparison to
other universal domain adaptation methods. More specifi-
cally, the classification accuracy for common class samples
outperforms the second-highestmethod, I-UAN, by 1.31 per-
centage points, while the classification accuracy for all target
samples is 2.27 percentage points higher than that of the I-
UANmethod. These results demonstrate the effectiveness of
our proposed approach, which utilizes the optimal transport
algorithm within the framework of universal domain adapta-
tion.

Results for the task RSSCN7→UCM

The experimental results are presented in Table 3. It can be
observed that our method outperforms all other methods in
the study in terms of the classification accuracy for unknown
class samples. Specifically, our approach surpasses the accu-
racy of the second-highest method, UDA, by 3.94 percentage
points.
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Table 2 Classification
Accuracy of Different Methods
on RSSCN7→NWPU

Methods Grass Field River Forest Resident Parking Unknown Avg-Share Avg

Source-only 74.00 70.14 34.14 97.71 67.71 74.00 0.23 69.62 59.71

UDA [25] 74.29 85.85 80.42 92.71 86.00 87.42 17.23 84.45 74.85

DANCE [47] 86.42 70.85 77.28 98.85 94.71 95.00 0.02 87.18 74.73

I-UAN [26] 78.42 75.71 80.00 98.00 97.42 92.00 2.64 86.93 74.89

UniDA [48] 84.57 83.00 69.85 97.71 93.85 89.57 1.13 86.43 74.24

SPOT 80.86 87.00 80.14 92.29 90.26 98.86 10.71 88.24 77.16

Bold values indicate the best results

Table 3 Classification
Accuracy of Different Methods
on RSSCN7→UCM

Methods Field River Forest Resident Parking Unknown Avg-Share Avg

Source-only 93.00 60.00 98.00 42.00 67.00 1.63 72.00 60.27

UDA [25] 92.00 77.00 98.00 70.00 76.00 8.62 82.60 70.27

DANCE [47] 94.00 69.00 98.00 68.00 100.00 0.03 85.80 71.50

I-UAN [26] 94.00 92.00 98.00 88.00 81.00 0.06 90.60 75.51

UniDA [48] 92.00 89.00 98.00 79.00 89.00 0.12 87.20 74.52

SPOT 85.00 80.00 98.00 67.00 90.00 12.56 84.00 72.09

Bold values indicate the best results

Table 4 Classification
Accuracy of Different Methods
on RSSCN7→AID

Methods Grass Field River Forest Resident Parking Unknown Avg-Share Avg

Source-only 68.46 79.19 63.41 100 90.73 80.00 0.12 80.3 68.84

UDA [25] 64.28 94.32 65.85 100.0 91.21 88.20 18.71 83.98 74.66

DANCE [47] 65.00 92.43 52.68 98.80 94.63 99.23 0.71 83.79 71.92

I-UAN [26] 61.78 95.40 59.26 98.80 98.29 99.23 1.22 85.46 73.43

UniDA [48] 72.85 91.62 45.36 99.20 98.29 96.41 1.68 83.96 72.20

SPOT 62.86 94.32 68.05 100.0 90.24 90.51 19.89 84.33 75.13

Bold values indicate the best results

Fig. 5 Accuracy vs. Time Complexity for SPOT and BaselineMethods

Results for the task RSSCN7→AID

The experimental results are presented in Table 4. The data
clearly indicate that our proposed SPOT method achieves
the highest average classification accuracy across all tar-
get classes, including the unknown class, surpassing the
second-highest UniDA method by 0.4 percentage points.
Additionally, the classification accuracy for common class

samples is second only to the I-UAN method, with a value
of 0.8433.

Results for the task AID→NWPU

The experimental results are presented in Table 5. It can
be observed that our proposed SPOT method achieves an
average sample classification accuracy across all classes that
exceeds the source-only method by 21.8 percentage points,
ranking second only to the I-UAN method. Furthermore,
it achieves the highest classification accuracy for unknown
classes. These results effectively demonstrate the effective-
ness of the UniDA-OT method in tackling more complex
universal domain adaptation tasks.

Comparative analysis of accuracy and parameter size

Figure4 depicts the comparison among the proposedmethod,
SPOT, and several baseline methods in terms of accuracy
versus parameter size. The x-axis represents the parameter
size in millions (M), while the y-axis shows the accuracy
percentage.
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Table 6 Evaluation of the effectiveness of LCSD ,Linter and Lintra

LCSD L−
CSD Linter Lintra RSSCN7→NWPU RSSCN7→UCM RSSCN7→AID AID→NWPU

� 77.34 76.00 76.45 65.87

� � 82.93 79.00 82.42 74.92

� � 83.75 81.00 81.78 75.74

� � 81.35 78.00 79.41 70.89

� � � 86.89 82.00 85.06 75.34

� � � 88.24 84.00 84.33 76.04

Bold values indicate the best results

Our method, SPOT, attains the highest accuracy rate of
77.16%with a parameter size of 26.61M, indicating a signif-
icant improvement compared to other methods. The UDA
method closely follows with the next best performance,
achieving an accuracy of 74.85% with a larger parameter
size of approximately 29M. These results unequivocally
demonstrate that SPOT offers a superior balance of accuracy
and parameter efficiency, outperforming all other compared
methods within the given experimental setup.

Comparative analysis of accuracy and time complexity

Figure5 illustrates a performance evaluation that compares
our proposed method, SPOT, with several baseline methods
in terms of accuracy versus time complexity. The x-axis rep-
resents the elapsed time in thousands of seconds (K), while
the y-axis shows the accuracy percentage.

Our method, SPOT, achieves the highest accuracy of
77.16% within a time frame of 16.5K seconds. This result
signifies that SPOT not only offers superior accuracy but
also maintains a reasonable computational cost compared to
other methods. Subsequently, the I-UANmethod achieves an
accuracy of 74.89%within an elapsed time of approximately
20K seconds. The UDA method demonstrates comparable a
similar time complexity, albeit with a slightly lower accu-
racy rate of 74.85%. These results clearly demonstrate that
SPOT offers a superior balance between accuracy and time
complexity, outperforming all other compared methods in
the specified experimental setup.

Ablation study

To accurately evaluate the effectiveness of the three loss func-
tions, LCSD , Lintra , Linter , as well as the effectiveness of the
sample completion mechanism in LCSD , the network model
was trained using different combinations of these four com-
ponents.

1. The Contribution of the Loss Functions are Linter and
Lintra . As shown in Table 6, the simultaneous presence of
Linter and Lintra significantly enhances the model’s clas-

sification accuracy. This enhancement is particularly evi-
dent in the scene classification task RSSCN7→NWPU,
where it improves by 10.9 percentage points compared
to training the model with only LCSD . Moreover, the
contribution of Linter to the model’s classification accu-
racy surpasses that of Lintra , highlighting the importance
of performing global discriminative clustering on target
domain samples.

2. The Contribution of the Loss Function LCSD . In the scene
classification task RSSCN7→NWPU, the networkmodel
was trained using the loss function LCSD , exhibiting a
significant improvement in classification accuracy, sur-
passing themodel trained solely on the source domaindata
by 17.65 percentage points. When compared to the model
trained using the loss functions Linter and Lintra , the clas-
sification accuracy improves by 6.89 percentage points.
This indicates that selecting common class samples to
construct the cross-entropy loss function can significantly
enhance the model’s classification accuracy.

3. The Contribution of the Sample Completion Mechanism.
The loss function LCSD without the sample comple-
tion mechanism is denoted as L−

CSD . It can be observed
that the contribution of the sample completion mecha-
nism is most pronounced in the scene classification task
RSSCN7→UCM, resulting in an improvement of 2 per-
centage points in the model’s classification accuracy.

Conclusion

This study presents a novel approach to scene classification
within remote-sensing image datasets by utilizing the Opti-
mal Transport algorithm in the context of universal domain
adaptation settings. Universal domain adaptation methods
eliminate the need for prior knowledge regarding the rela-
tionship between source and target domains, making them
applicable to all unknown domain adaptation scenarios. This
characteristic is advantageous for practical applications in
remote sensing image scene classification. We propose the
implementation of the unbalanced Optimal Transport algo-
rithm to enhance the representation of prevalent classes in
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the target domain and to aid in the identification of common
class samples for cross-domain alignment. Additionally, we
introduce a target domain sample clustering method based
on the global Optimal Transport algorithm, which enhances
the similarity among samples within the same class while
encouraging the discriminability of samples across differ-
ent classes. The effectiveness of our proposed method is
demonstrated through experimental results obtained from
four remote sensing image classification tasks conducted
under universal domain adaptation settings.
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