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Abstract—Cross-scene hyperspectral image (HSI) classification
stands as a fundamental research topic in remote sensing,
with extensive applications spanning various fields. Owing to
the inclusion of unknown categories in the target domain and
the existence of domain shift across different scenes, open-set
domain adaptation (OSDA) techniques are commonly employed
to address cross-scene HSI classification. However, existing OS
cross-scene HSI classification methods still face two critical chal-
lenges: 1) domain shift issues arising from the direct alignment of
mixed spectral-spatial features and 2) high computational costs
caused by two-stage training strategies. To address these issues,
this article proposes a single-stage open-set domain adaptation
method based on decoupled alignment (SoDa?) for cross-scene
HSI classification. A contribution-aware dual-modality feature
extraction is customized to disentangle the characteristics from
spectral sequence signals and spatial details, selectively and
adaptively enhancing discriminative features. The decoupled
alignment module minimizes the maximum mean discrepancy
(MMD) to independently reduce the spectral discrepancy and
the spatial discrepancy between the source and target domains,
extracting more fine-grained domain-invariant features. A cost-
effective single-stage dual-branch framework is designed to learn
MMD-constrained aligned features and constraint-free intrinsic
features for adaptive distinction between known and unknown
classes. This framework employs a Gaussian mixture model
(GMM) to model the squared cosine similarity distribution
between the two feature types, enabling OS recognition without
prior knowledge of unknown classes. Extensive experiments on
three groups of HSI datasets demonstrate that SoDa? outper-
forms state-of-the-art methods, achieving superior classification
accuracy and model transferability for OS cross-scene tasks. The
SoDa? code will be available at https://github.com/liuyiwen523/
SoDa2
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I. INTRODUCTION

YPERSPECTRAL image (HSI), as one of the key tech-

nologies in remote sensing, integrates both spectral and
spatial information and is widely applied in various fields such
as precision agriculture, environmental monitoring, and min-
eral identification [1], [2], [3], [4], [5], [6], [7], [8], [9]. Among
these applications, HSI classification serves as a core task of
HSI, with the primary objective of assigning a class label
to each pixel based on its spectral and spatial characteristics
[10], [11], [12]. With the rapid advancement of deep learning,
an increasing number of researchers have adopted methods
such as convolutional neural network (CNN), transformer,
and autoencoder (AE) to perform HSI classification more
effectively [13], [14], [15], [16], [17], [18].

Although the above methods achieve remarkable perfor-
mance, they rely on the assumption that training and testing
datasets are independently and identically distributed [19]. In
real-world applications, however, HSIs collected at different
times or locations often exhibit distribution discrepancies due
to variations in sensor parameters, imaging conditions, and
atmospheric effects [20], [21]. This phenomenon is commonly
referred to as the domain shift problem [22]. When a model
trained on a well-labeled source domain is directly applied to
a target domain with domain shift, its classification accuracy
typically degrades significantly [23]. Domain adaptation (DA),
as a kind of transfer learning, is an effective method to solve
the above problems [24]. DA methods aim to reduce the dis-
tribution discrepancy between the source and target domains
by learning domain-invariant features that are insensitive to
domain variations [25]. Among them, classical DA approaches
based on discrepancy minimization and adversarial learning
have been widely studied and successfully applied in HSI
classification [26], [27].

Most of the aforementioned DA methods focus on closed-
set, where the source and target domains are assumed to
share the same set of categories [28], [29]. However, in
real applications, the target domain often contains unknown
classes that do not exist in the source domain, leading to an
open-set (OS) [30], [31]. In this context, OSDA faces two
main challenges: 1) addressing the domain shift between the
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source and target domains and 2) accurately distinguishing
known classes from unknown ones in the target domain.
Currently, an increasing number of researchers have begun
to explore OSDA. Saito et al. [32] proposed the open set
DA by backpropagation (OSBP) model, which constructs a
generator and a discriminator to address domain shift through
adversarial training while distinguishing known and unknown
classes. Liu et al. [33] introduced the separate to adapt
(STA) model, which employs a binary classifier to separate
known and unknown classes and a multiclass classifier to
classify known samples, using adversarial learning to mitigate
domain shift effects. Li et al. [34] proposed a causality-based
framework, adjustment and alignment (ANNA), which uses a
front-door adjustment module to correct biased learning in the
source domain and applies decoupled causal alignment to align
cross-domain distributions. Bi et al. [35] developed an OSDA
method based on a weighted generative adversarial network
and dynamic thresholding (WGDT), employing a domain
discriminator to prevent negative transfer and a class-anchor
weighting strategy to identify unknown classes effectively.

It is worth noting that most existing OSDA methods tackle
the domain shift through domain adversarial strategies [36],
[37], [38]. By constructing an adversarial game between the
domain discriminator and the feature extractor, the overall dis-
tribution discrepancy between the source and target domains is
minimized to achieve feature alignment. Traditional methods
commonly concatenate or directly mix the spectral features
and spatial features to form a unified fusion feature and
then perform the overall adversarial alignment, that is, hybrid
alignment. Qie et al. [39] constructed a spectral-spatial joint
feature extraction structure to extract spatial features and
spectral features, respectively, and fuse them at the feature
level to extract domain-invariant features through adversarial
learning. Xin et al. [25] designed a transformer-based network
for extracting global spectral-spatial features and designed
a domain discriminator on the mixed features to achieve
the extraction of domain-invariant features. Nevertheless, as
illustrated in Fig. 1, in HSI data, the spectral feature and the
spatial feature are not only distributed independently across
source and target domains but also contribute differently to
the final classification results [40]. When the interdomain
discrepancy is substantial, spectral information tends to easily
distinguish classes. In contrast, when spectral features exhibit
high similarity, such as asphalt and asphalt pavement, spa-
tial detail features become more critical. Therefore, directly
aligning mixed spectral-spatial features in a unified space via
conventional adversarial training or similar approaches may
undermine the cross-domain transferability and classification
accuracy of the model.

In addition, most of the existing OSDA methods adopt a
dual-classifier architecture combined with a two-stage training
strategy, as shown in Fig. 2. These approaches typically
involve two classifiers: one for known classes and another for
unknown classes. In the first stage (the pretraining phase), the
known-class classifier is trained using source domain data.
In the second stage, both source and target domain data
are used to train the unknown-class classifier. Although this
dual-classifier, two-stage training framework has attracted con-
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Fig. 1. Key challenges of OSDA in HSI. Direct alignment of mixed
spectral—spatial features causes the domain shift problem. Moreover, the two-
stage training strategy further increases computational costs.
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Fig. 2. Comparison of open set domain adaptive models. (a) Two-stage
OSDA: First, train a known class classifier, and then train a separate unknown
class classifier to recognize unknown classes. (b) Single-stage OSDA (SoDa?):
Train only a known class classifier, while using a GMM to identify unknown
classes, achieving single-stage processing.

siderable attention due to its strong performance, it still suffers
from complex training procedures and high computational
costs.

To address the aforementioned challenges, this article pro-
poses a single-stage open-set domain adaptation method based
on decoupled alignment (SoDa?) for HSI classification. The
main contributions are summarized as follows.
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Fig. 3. Framework diagram of a SoDa?. Blue lines indicate the source domain, and yellow lines represent the target domain. Solid and dashed lines after the
contribution-aware dual-modality feature extraction module represent the extracted spectral and spatial features, respectively.

1) We propose a SoDa? method for HSI classification to
address the challenges of domain shift and unknown classes
under open-set cross-scene conditions. A contribution-aware
dual-modality feature extraction and decoupled alignment are
constructed to collaboratively extract independent domain-
invariant features from spectral sequences and spatial details.
A single-stage training framework is designed to adaptively
distinguish between known and unknown classes.

2) To learn more independent domain-invariant features, we
design a dedicated decoupled alignment module that separately
aligns spectral and spatial features across different scenes.
Specifically, the proposed method minimizes the maximum
mean discrepancy (MMD) between the source and target
domains along the spectral and spatial dimensions, thereby
effectively alleviating domain shift in HSI classification and
reducing cross-domain feature distribution discrepancies in a
targeted manner.

3) We design a single-stage training framework based on
dual-branch feature extraction, which adaptively distinguishes
between known and unknown classes in a cost-effective man-
ner. This framework facilitates the learning of aligned features
constrained via MMD and intrinsic features free from align-
ment constraints. To achieve effective separation of known
and unknown classes without prior knowledge of the latter,
a Gaussian mixture model (GMM) is employed to model the
distribution of squared cosine similarity values between the
aligned and intrinsic features of each target sample.

The remainder of this article is organized as follows.
Section II elaborates our proposed method SoDa”. Sec-
tion III reports the experiments in detail and discusses the
experimental results. Finally, a brief conclusion is drawn
in Section IV.

II. PROPOSED METHOD

The source domain data are defined as DS = {(X5,Y%)} =
{(xf ,yis)}?jl, where n% denotes the number of samples in the
source domain. The source domain data follow the distribution
P, and the number of categories in the source domain is CS.
The target domain data are defined as DT = {X7} = {xJT}']’-;,
where n’ represents the number of samples in the target
domain. The target domain data follow the distribution Q,
where Q # P. The number of categories in the target domain
is CT, and it can be expressed as CT = CS 4+ CV", where CU"*
denotes the number of unknown classes.

Our goal is to train a model that can accurately classify
target domain samples belonging to the shared categories C5,
while simultaneously identifying target domain samples that
belong to the unknown categories CU"%. To achieve this, we
design the SoDa’. First, the contribution-aware dual-modality
feature extraction is developed to separately learn the spectral
and spatial contribution-aware features of each sample. Next,
a decoupled alignment module minimizes the feature distri-
bution discrepancy between the source and target domains for
the shared categories. Finally, an open-set recognition module,
based on the GMM, identifies known and unknown classes,
with the known classes being further classified by a classifier
to complete the final classification task. The overall framework
of the model is illustrated in Fig. 3.

A. Contribution-Aware Dual-Modality Feature Extraction

Considering that a single modality feature is insufficient
to comprehensively represent the characteristics of ground
objects, we design a contribution-aware dual-modality feature
extraction. This module consists of two parts: spectral feature
extraction and spatial feature extraction, which operate in
parallel to extract both spectral and spatial information, as
illustrated in Fig. 4.
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Fig. 4. Framework diagram of contribution-aware dual-modality feature extraction. The black lines represent the source domain paths, while the gray lines
represent the target domain paths. (a) Spectral feature extraction: Captures the spectral features of HSI through CNN and channel attention mechanism.
(b) Spatial feature extraction: Captures the spatial features of HSI through CNN and spatial attention mechanism.

In the spectral feature extraction module, the input data
obtain the basic representation through the initial convolution
layer, and then gradually captures higher order information
through two convolution layers. To balance the fine-grained
band information and the higher order spectral information,
the model builds cross-layer residual connections between the
output of the first and third convolution layers. After fusing
the features from these two layers, the result is fed into the
final convolutional layer to obtain the spectral features, which
can be expressed as follows:

Fpe = Hpyse (Conv X), ConV’ (X)) (D

where X represents the input data, F';p, represents the extracted
spectral features, Hy,s denotes the residual fusion operation,
Conv(-) represents the convolution operation, and Cony? indi-
cates three successive convolutional layers.

In the spatial feature extraction module, the model extracts
the spatial information through three layers of 3-D con-
volutional layers to fully capture the spatial structure and
local texture features. To enhance the compensatory effect
of shallow spatial information on deep features, the features
obtained from the first layer of convolution are used as the
residual branch. After additional convolutional transformation,
they are fused with the output of the third layer of convolution
to ensure that the shallow local details are retained in the
deep spatial features. Subsequently, this residual branch will
be combined with the output of the third convolutional layer
to ensure that the shallow local details are retained in the
deep spatial features. The fused spatial features are further
processed by the fourth convolutional layer to obtain the final
spatial representation, which can be expressed as follows:

Fypa = Hpuse (Conv? (X), Conv® (X)) )

where F,, denotes the extracted spatial features, and
Conv*(X) represents the residual features obtained after two
convolutional operations.

HSI contains massive amounts of information, including
a certain portion of redundant data. To select the spectral
bands and spatial details that contribute significantly to the
classification task, this model introduces an attention mech-
anism to extract contribution-aware features. The spectral
features are processed through a channel attention module,
which adaptively reweights each channel according to its
importance, thereby emphasizing the most informative spectral
information. The spatial features are processed through a
spatial attention module, which assigns higher weights to
important spatial locations to strengthen the representation of
key regions. The spectral and spatial contribution-aware fea-
ture after attention enhancement can be expressed as follows:

Fspe =A, (Fspe) s Fspa = A (Fspa) (3)

where F spe Tepresents the spectral contribution-aware feature
of the channel attention mechanism A.(-) and F spa TEprEsents
the spatial contribution-aware features after the spatial atten-
tion mechanism A(-).

B. Decoupled Alignment

To overcome performance degradation caused by distribu-
tion discrepancies between the source and target domains,
we design a decoupled alignment module. The core idea
of this module is to independently align spectral and spa-
tial contribution-aware features at the feature level, thereby
enhancing the generalization ability and classification accuracy
of the model on target-domain samples. Traditional adversar-
ial DA methods typically align features in a coarse-grained
manner. Such global alignment strategies struggle to simul-
taneously accommodate the heterogeneity and independently
distributed nature of spectral and spatial modalities, which may
lead to cross-modal feature confusion. Therefore, our module
adopts a discrepancy-based DA approach to reduce feature
distribution differences.
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Common discrepancy-based methods include
Kullback-Leibler (KL) divergence [41], MMD [42], and
correlation alignment (CORAL) [43]. KL divergence relies
on accurate estimation of probability density functions
for both domains, which is difficult to achieve in high-
dimensional feature spaces. CORAL aligns distributions by
matching second-order statistics, yet linear second-order
metrics are often insufficient for describing the complex
nonlinear properties of hyperspectral features. In contrast,
MMD employs kernel mappings within a reproducing kernel
Hilbert space (RKHS) to flexibly capture nonlinear high-
dimensional distributions. This makes MMD particularly
well-suited for cross-domain alignment in hyperspectral tasks.
Accordingly, this study imposes separate MMD constraints
on the spectral and spatial contribution-aware features to
reduce the distribution discrepancy between the source and
target domains within their respective feature subspaces.
The decoupled alignment loss for spectral contribution-aware
features is formulated as follows:

2
1 1

Lope = | 5 > ¢(F) - 7 Yos(N| @
spel sefs, spel yrepr Y
where ¢(-) denotes the nonlinear feature mapping into the
RKHS and H represents the RKHS. Similarly, the decoupled
alignment loss for spatial contribution-aware features is com-
puted as follows:

2

o) - ©®

S, (1| "
pal freft,, u

1 1
S 2 o)
: fseFflm

Therefore, the overall decoupled alignment loss is defined
as follows:

Emmd = Espe + »Cspa- (6)

After achieving decoupled alignment, the spatial and spec-
tral contribution-aware features are concatenated along the
channel dimension to obtain fused domain-invariant features.

C. Open Set Recognition Module

To effectively distinguish known classes from unknown
classes in the target domain, we design an open-set recognition
module. The core idea of this module is to construct two
parallel feature-extraction branches and quantify the consis-
tency between the representations generated for the same target
sample. By measuring the semantic agreement between these
two representations, the module enables reliable identification
of unknown-class samples.

As illustrated in Fig. 5, the open-set recognition module
consists of two branches: an aligned feature encoder and an
intrinsic feature encoder. The aligned feature encoder aims to
capture semantic information shared between the source and
target domains for known classes. Its key mechanism is the
introduction of MMD as a cross-domain alignment constraint.
By minimizing the feature distribution discrepancy between
domains in the RKHS, this branch is encouraged to learn
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Fig. 5. Open set recognition module. The aligned encoder E, extracts domain-
invariant features under MMD constraints, while the intrinsic encoder Ej
captures target-specific information. The consistency score is computed as the
squared cosine similarity between the aligned and intrinsic features. GMM is
employed to distinguish between known and unknown classes.

domain-invariant representations. For a target-domain sample
XT its aligned feature is formulated as follows:

FI =E,(X";6,) (7

where FL denotes the aligned feature of the target sample,
E,(-) represents the aligned feature encoder—comprising a
spectral feature extractor and a spatial feature extractor, and
6, is its parameter set.

In contrast, the intrinsic feature branch operates without
any cross-domain constraints and is designed to capture
target-domain intrinsic information, with special emphasis on
discriminative characteristics of unknown classes. This branch
relies solely on target-domain data for optimization, thus
avoiding the potential suppression of target-specific informa-
tion caused by domain-alignment constraints. The intrinsic
feature is given by the following:

F} =Ey(X";6,) (8)

where FZ denotes the intrinsic feature, E,(-) is the intrinsic
feature encoder (sharing the same architecture as E, but with
independent parameters), and 6, is its parameter set.

To measure the semantic correlation of feature represen-
tations from the two branches, the module employs cosine
similarity as the consistency metric. For a target sample ij,
the cosine similarity between its aligned feature faTJ € F! and
intrinsic feature f,; € F} is computed as follows:

T T
e Sy
- T /T

A

This value reflects the directional alignment of the two
feature vectors. In an open-set setting, known-class samples
are dominated by shared cross-domain semantics due to
the decoupled alignment constraint, resulting in low con-
sistency between aligned and intrinsic features. In contrast,
unknown-class samples lack source-domain supervision, mak-
ing intrinsic features the primary descriptors of their semantic
content. Consequently, they tend to exhibit higher directional
consistency with aligned features. To enhance discriminability

sim (x]T)

©))
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and ensure non-negativity, we square the cosine similarity to
obtain the final consistency score by the following equation:

T . be, )2
s(xl) = | ==L 22 ) .
() (nﬁ?,,-llnf,f, Il

Based on the consistency scores s(X T, this method assumes

that all target-domain samples follow a mixture distribution

composed of K Gaussian components. These components

represent two types of samples: those belonging to known

classes, which generally exhibit lower consistency scores, and

those belonging to unknown classes, which usually present

higher scores. The distribution of the scores is modeled by a
GMM, expressed as follows:

(10)

K
P =Y mN (s|m.07)

k=1

(11)

where 7y, y, and o denote the mixing coefficient, mean, and
variance of the kth Gaussian component, respectively.

After fitting the model using the Expectation-Maximization
algorithm, samples are classified by comparing the means of
the Gaussian components. Samples assigned to the component
with the largest mean are identified as unknown, while the
remaining samples are considered known. The decision rule
is written as follows:

Unknown, if argmax;y; (s (x]T)) = arg maxy/iy

D (x) =

Known, otherwise

(12)
where yk(s(x]T.)) is the posterior probability that the score s(xjr)
belongs to the kth Gaussian component.

This probabilistic mechanism adaptively captures the dis-
tribution patterns of consistency scores and avoids the need
for explicitly defining unknown-class characteristics, thereby
enabling automatic open-set sample recognition without prior
knowledge.

D. Loss Function

After distinguishing known and unknown samples in the
target domain through the open-set recognition module, the
samples identified as belonging to known classes are further
classified by a known-class classifier. This classifier is trained
on the source domain data and is capable of discriminating
between different known classes. It is optimized using the
standard cross-entropy loss function, formulated as follows:

n®  C*
1
Lay==-5 > ) viclog(p(clf))

i=1 c=1

13)

where yfc denotes the ground-truth label indicating whether the
ith source sample belongs to class ¢, and p(c|f?) represents
the probability that the multimodal feature f° of the ith source
sample is assigned to class c.

It is worth noting that the proposed method adopts a single-
stage training paradigm, integrating open-set recognition and
known-class classification into a unified end-to-end optimiza-
tion framework. Unlike conventional two-stage approaches,
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all modules in our framework are jointly optimized dur-
ing training. During training, each mini-batch contains both
source-domain and target-domain samples. The overall loss
function is defined as follows:

Lioar = Leis + aLpma (14)

where L, denotes the total loss of the proposed SoDa?
algorithm and « is the weighting coeflicient for the decoupled
alignment loss.

The specific procedure for the proposed single-stage training
model SoDa? is shown in Algorithm 1.

III. EXPERIMENTS

In this section, we conducted experiments on three groups
of commonly used cross-scene HSI datasets to evaluate the
effectiveness of the proposed SoDa’? method. First, we present
a detailed introduction to the datasets, model parameters, and
evaluation metrics. Subsequently, a comprehensive qualitative
and quantitative comparison is made between the proposed
method SoDa’ and the existing state-of-the-art techniques.
Finally, through a series of detailed ablation experiments and
parameter analyses, we verify the role of each core module
and determine the optimal parameter configuration.

A. Dataset Description

Experiments were conducted on six HSI datasets, namely
Pavia University (PU), Pavia Center (PC), Houston 2013
(HU13), Houston 2018 (HU18), Ziyuanl-02D Yancheng
(ZY), and GaoFen-5 Yancheng (GF). These six HSI datasets
were further divided into three cross-scenario tasks: PU-PC,
HU13-HU18, and ZY-GF.

1) PU-PC: The PU dataset was acquired by the reflective
optics system imaging spectrometer (ROSIS) sensor developed
by the German Aerospace Center. The imaging area covers a
university in Pavia, Northern Italy, and the contiguous regions
surrounding this academic site. The spatial resolution of PU is
1.3 m, with a spatial dimension of 610 x 340 pixels and 103
bands included. The PC dataset is also derived from the ROSIS
sensor, with its imaging area located in the central region of
Pavia in northern Italy. It shares the same spatial resolution
of 1.3 m as the PU dataset, and has a spatial dimension of
1096 x 715 pixels with 102 spectral bands. During the
experiment, PU was employed as the source domain dataset,
while PC served as the target domain dataset. A total of 102
spectral bands shared by both PU and PC were selected as
the input spectral bands. The classes of tree, asphalt, brick,
bitumen, shadow, meadow, and bare soil were designated as
the known categories. In addition, the tiles class is defined as
the unknown class to simulate the open-set scenario.

2) HUI3-HUI8: The HUI13 and HUI18 datasets were
derived, respectively, from the IEEE Geoscience and Remote
Sensing Society data fusion contests held in 2013 and 2018.
Both datasets cover the imaging area of the University of
Houston campus and its surrounding regions, with a consistent
spatial resolution of 1 m. Specifically, the HU13 dataset has
an image size of 349 x 1905 pixels and encompasses 144
spectral bands, whereas the HU18 dataset features an image
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Algorithm 1 Specific Procedure of SoDa?

Input: Source domain data D% = {(X%, Y5)}, Target domain data DT = {X”}, Decoupled alignment loss weight @, Number

of Gaussian components K.
Qutput: Class probabilities of target-domain samples.

1: Feed the source-domain data X° into the aligned encoder to obtain the spectral contribution-aware features F
through equation (1), equation (2), and equation (3);

2: Feed the target-domain data X" into the aligned encoder to obtain the spectral contribution-aware features F
through equation (1), equation (2), and equation (3);

S

spatial contribution-aware features F Spaa

contribution-aware features F pra 9

S
spe.a and

T

spe.a and spatial

3: Compute the decoupled losses for spectral and spatial contribution-aware features using equation (4) and (5);

4: Obtain the total decoupled loss L4 as in equation (6);
5: The spectral contribution-aware feature F° fpe’a
to obtain the aligned feature F g;

and spatial contribution-aware feature F

S

spaa are concatenated by channels

6: Input F5 into the classifier to obtain class probabilities and calculate the classification loss L using equation (13);
7: Calculate the overall loss L, via equation (14) and update model parameters by minimizing this loss;

8: Feed the target-domain data X7 into the intrinsic encoder to extract spectral contribution-aware features F

contribution-aware features F' XT‘,,a b

T

spey and spatial

9: The FT,, and FT , , are concatenated by channels to obtain the aligned feature F ;

10: The F],, and F]  , are concatenated by channels to obtain the intrinsic feature F};

11: Calculate the consistency score s between the F! and F] via equation (10);

12: Fit a GMM to the consistency scores according to equation (11), obtaining the means of K Gaussian components;

13: According to equation (12), identify samples belonging to unknown classes as those corresponding to high-mean
components, while samples associated with lower-mean components are considered known classes;

14: Feed the identified known samples into the trained classifier to obtain the final class probabilities for target-domain samples.

size of 209 x 955 pixels with 48 spectral bands. In this study,
HU13 was designated as the source domain data, while HU18
was treated as the target domain data. The 48 spectral bands
shared by both HU13 and HU18 were selected as the model
input. In the experiment, the evergreen trees and deciduous
trees in HU18 were merged into a tree class. Seven categories,
namely grass healthy, grass stressed, trees, water, residential
buildings (RBs), non-RBs (NRBs), and road, were defined as
the known classes. The remaining 12 classes in the HU18
dataset were designated as the unknown classes.

3) ZY-GF': Both the ZY and GF datasets capture wetland
scenes in Yancheng, Jiangsu, China, with image sizes of
1398 x 942 pixels and 1175 x 585 pixels, respectively. The
ZY dataset is acquired by the Ziyuanl-02D satellite, while
the GF dataset is collected by the GaoFen-5 satellite. The
spatial resolution of both datasets is 30 m, and they both
contain 147 spectral bands. In the experiment, the ZY dataset
was designated as the source domain, and the GF dataset as
the target domain. Architecture, sea, and offshore water are
identified as the known classes shared by the ZY and GF
datasets, with the other four categories exclusive to the GF
dataset being assigned to the unknown class set.

B. Setup

1) Implementation Details: All experiments are conducted
using Python 3.8.20 with PyTorch 1.12.0. The computing
environment is configured with CUDA 11.6, and all models
are trained on an NVIDIA RTX A6000 GPU. During training,
the stochastic gradient descent (SGD) optimizer was used,
with a learning rate of 0.001, a weight decay of le™3, and
a momentum of 0.9. The number of Gaussian mixture com-
ponents in the GMM is set to K = 2. For a fair comparison,

all baseline methods are implemented under the same exper-
imental environment and adopt the identical hyperparameter
settings, including the same optimizer, learning rate, weight
decay, momentum, batch size, and training epochs, ensuring
consistent experimental conditions across all methods.

2) Metrics: To evaluate the performance of different meth-
ods, we adopt three metrics: the mean accuracy of known
classes (OS*), the accuracy of unknown classes (UNK), and
their harmonic mean (HOS). The corresponding formulations
are given as follows:

.1
0S* = i > Ace,

ceC*
UNK = Acc,
2 x OS* x UNK
HOS = 1
oS 0OS* + UNK (15

where Acc. represents the classification accuracy on known
classes and Acc, represents the classification accuracy on
unknown classes.

C. Experimental Results

To verify the effectiveness of the proposed method, we
compare it with six OSDA approaches, including OSBP [32],
STA [33], DAMC [44], UADAL [45], ANNA [34], MTS [28],
and WGDT [35]. Tables I-III report the experimental results
of these methods on the PU-PC, HU13-HU18, and ZY-GF
tasks, respectively. The evaluation metrics include OS*, UNK,
and HOS, where higher values indicate better performance.
In the tables, the best results are highlighted in bold, while
the second-best results are underlined.

Table I shows the results on the PU-PC task, with visu-
alizations in Fig. 6. In terms of overall performance, the
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TABLE I
EXPERIMENTAL RESULTS OF DIFFERENT METHODS ON THE PU-PC TASK

Method Venue Tree Asphalt Brick Bitumen Shadow Meadow Bare Soil OS* UNK HOS
OSBP [32] ECCV’18 475 57.8 50.8 30.9 92.5 60.6 33.7 53.4 9.3 15.8
STA [33] CVPR’19 80.4 6.7 49.6 11.5 98.6 43.0 24.8 45.0 534 48.8
DAMC [44] TMM’21 71.2 514 49.2 16.6 90.0 62.6 24.2 522 25.2 34.0
UADAL [45] NeurIPS’22 91.3 71.5 449 12.1 99.8 71.3 35 58.1 83.9 68.6
ANNA [34] CVPR’23 572 75.9 56.9 194 98.3 21.2 412 529 86.1 65.5
MTS [28] TCSVT’ 24 98.6 63.2 67.1 67.8 98.5 4.1 32.0 61.6 24.8 354
WGDT [35] TGRS’25 96.1 81.0 47.1 47.0 100.0 64.9 464 68.9 86.3 76.6
SoDa? Ours 97.1 94.0 66.0 235 90.2 75.4 47.0 70.5 94.3 80.7
TABLE II
EXPERIMENTAL RESULTS OF DIFFERENT METHODS ON THE HU13-HU 18 TASK
Method Venue Grass healthy Grass stressed Trees Water RB NRB Road OS* UNK HOS
OSBP [32] ECCV’18 76.4 38.1 48.3 64.7 14.8 37.2 554 47.8 7.0 12.2
STA [33] CVPR’19 92.7 514 63.6 30.5 85.0 11.2 12.7 49.6 574 532
DAMC [44] TMM’21 66.5 49.8 18.3 703 442 11.2 30.1 41.5 27.5 33.1
UADAL [45] NeurIPS’22 91.9 579 46.0 1.9 25.8 9.0 5.7 34.0 75.0 46.8
ANNA [34] CVPR’23 91.3 29.6 26.1 24.4 8.6 7.8 62.9 35.8 35.0 354
MTS [28] TCSVT’ 24 94.1 38.2 46.8 10.2 62.8 225 49.7 46.3 252 32.6
WGDT [35] TGRS’25 74.5 343 48.1 90.6 65.7 64.7 3.7 544 70.2 614
SoDa? Ours 98.5 65.5 60.2 62.0 85.0 41.3 0.5 59.0 72.3 65.0

Tree
Asphalt
Brick
Bitumen
Shadow

Meadow

ODOoEEE0OE

Bare Soil

Fig. 6. Visualization of classification results for the PU-PC task. (a) Ground-
truth. (b) OSBP. (c) STA. (d) DAMC. (e) UADAL. (f) ANNA. (g) MTS.
(h) WGDT. (i) SoDa?.

proposed SoDa’ achieves the best results, with an HOS
of 80.7%, which is significantly higher than those of the
competing methods. For unknown-class recognition, SoDa?
attains an UNK metric of 94.3%, outperforming all compar-
ison methods. This demonstrates its strong ability to identify
unknown categories under open-set scenarios. For known-
class classification, SoDa2? achieves an OS* of 1.6% higher
than WGDT and shows more competitive performance across
multiple categories. Among the compared methods, WGDT
achieves the second-best overall performance. UADAL and
ANNA perform relatively well in unknown-class recogni-
tion but show lower accuracy in known-class classification.

27

"{,‘ /] %

B Grasshealthy [Hl Residential buildings
D Grass stressed

[ Trees

D Non-residential buildings

B Water [ Roaa

Fig. 7.
(a) Ground-truth. (b) OSBP. (c) STA. (d) DAMC. (e) UADAL. (f) ANNA.
(2) MTS. (h) WGDT. (i) SoDa’.

Visualization of classification results for the HU13-HU18 task.

In contrast, MTS exhibits the opposite trend, with poor perfor-
mance in unknown-class recognition. OSBP and DAMC show
weaker ability to identify unknown classes, resulting in lower
overall metrics. Overall, SoDa? achieves leading performance
in both known- and unknown-class recognition. It maintains
a favorable balance between the two aspects, which validates
the effectiveness of the proposed method.

Table II presents the experimental results of differ-
ent methods on the HUI3-HUI8 task. The visualizations
of all methods are shown in Fig. 7. Considering all
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TABLE III
EXPERIMENTAL RESULTS OF DIFFERENT METHODS ON THE ZY-GF TASK

Method Venue Architecture Sea Offshore water OS* UNK HOS
OSBP [32] ECCV’18 65.8 56.3 734 65.2 15.5 25.0
STA [33] CVPR’19 6.4 100.0 524 529 68.9 59.9
DAMC [44] TMM’21 67.5 75.2 65.3 69.3 15.8 25.8
UADAL [45] NeurIPS’22 74.2 5.5 82.6 54.1 57.0 55.5
ANNA [34] CVPR’23 66.7 99.8 88.7 85.1 20.0 324
MTS [28] TCSVT 24 342 91.2 914 72.3 64.5 68.1
WGDT [35] TGRS’25 83.7 99.6 81.2 88.2 90.2 89.2
SoDa? Ours 79.7 99.5 97.0 92.1 97.4 94.7

(a) (b)

[l Architecture

D Sea

[ offshore water

(h)

Fig. 8. Visualization of classification results for the ZY—-GF task. (a) Ground-
truth. (b) OSBP. (c) STA. (d) DAMC. (e) UADAL. (f) ANNA. (g) MTS.
(h) WGDT. (i) SoDa?.

evaluation metrics, the proposed SoDa?> method exhibits the
best overall classification performance. SoDa” obtains an HOS
of 65.0%, outperforming all compared methods. This demon-
strates its strong capability in both known-class classification
and unknown-class recognition tasks. For the known-class
classification task, SoDa? achieves the highest OS* value
of 59.0% among all methods. From a class-wise perspec-
tive, SoDa’ attains the best classification accuracy on the
Grass healthy, Grass stressed, and Residential buildings cate-
gories. Moreover, SoDa’ also maintains strong performance
on most remaining categories. In many cases, it ranks as
the second-best method. This indicates its stability in known-
class recognition. Although the UNK metric of SoDa’ is
2.7% lower than that of UADAL, the difference is relatively
small. Meanwhile, SoDa? achieves higher accuracy on known
classes. When both aspects are considered, SoDa? still shows
superior overall performance. In contrast, while UADAL
attains the highest accuracy in unknown-class recognition,
its performance on known-class classification is relatively
limited. WGDT shows stable performance in both OS* and
UNK metrics, but still underperforms SoDa?. Other methods,
including MTS, STA, ANNA, DAMC, and OSBP, achieve

competitive results in some categories. However, their over-
all performance remains inferior to that of SoDa?. Overall,
the results demonstrate that the proposed method is highly
competitive across multiple evaluation metrics. In particular,
it significantly improves unknown-class discrimination while
preserving strong known-class recognition ability.

Table III reports the classification performance of different
methods on the ZY-GF task. The corresponding visualization
results are shown in Fig. 8. Overall, SoDa’ exhibits the
optimal performance in terms of the comprehensive evalu-
ation metric, with an HOS of 94.7%, which is the highest
among all competing methods. For known-class recognition,
SoDa? attains the highest OS* value of 92.1%, indicat-
ing its discriminative ability for known categories. In the
unknown-class recognition task, SoDa? also achieves the best
performance, demonstrating its capability to identify unknown
classes. Among the compared methods, WGDT performs
well in both known-class classification and unknown-class
recognition, achieving the second-best HOS value. ANNA
shows reasonable accuracy on known classes but suffers from
low accuracy in unknown-class recognition, which limits its
overall performance. The STA method achieves a recogni-
tion accuracy of 100% on the Sea category. However, its
performance on the architecture category is relatively poor.
MTS also performs poorly on the architecture category. Other
methods, such as UADAL, DAMC, and OSBP, perform poorly
on at least one task, which results in inferior overall perfor-
mance. In summary, the proposed SoDa’> method not only
achieves the highest accuracy in both known and unknown
class recognition on the ZY-GF task but also maintains
an excellent balance between the two, further validating
its effectiveness in cross-source open-set HSI classification
scenarios.

To intuitively compare the performance of different
methods on the HOS metric across various tasks, we visualize
the experimental results using radar charts, as shown in
Fig. 9. The polar axis represents the value of the HOS metric,
ranging from O to 100, where values closer to the outer circle
indicate better performance. Each radial direction corresponds
to one comparison method. Specifically, Fig. 9(a) shows the
results on the PU-PC task, Fig. 9(b) on the HU13-HU18
task, and Fig. 9(c) on the ZY-GF task. As can be observed
from the radar charts, the proposed SoDa’ achieves the
highest HOS scores across all three tasks, which verifies its
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Fig. 9. Visualization of HOS using different comparison methods. The polar axis ranges from 0 to 100, where a larger value indicates better overall performance.

(a) PU-PC. (b) HUI3-HU18. (c) ZY-GF.

TABLE IV
RESULTS OF LOSS FUNCTION ABLATION EXPERIMENTS

Task Lcls »cspe £spa OS* UNK HOS
v 59.4 66.7 62.8

1 4.2 .
PUPC v v 58 8 68.8
v v 63.8 78.7 70.5
v v v 70.5 94.3 80.6
v 51.2 314 39.0

. 4 41.
HUB-HUIS v 658 30 6
v v 56.9 44.8 50.1
v v v 59.0 72.3 65.0
v 58.3 47.1 52.1
63.1 52.0 57.0

7ZY-GF v v

v v 69.0 88.8 77.7
v v v 92.1 97.4 94.7

excellent capability in open-set recognition and its balanced
overall performance.

D. Ablation Study

To further investigate the contribution of each component,
ablation experiments are conducted on three cross-scene tasks.
We first analyze the impact of different loss terms. The
overall loss function of the proposed method consists of three
components: the classification loss L, the spectral decoupled
alignment loss L., and the spatial decoupled alignment loss
Lpq. To examine the effect of each loss component on model
performance, we design the following comparison settings:
using only the classification loss, using the classification loss
combined with the spectral decoupled alignment loss, using
the classification loss combined with the spatial decoupled
alignment loss, and using all three loss terms, i.e., the complete
model. The results of the loss-function ablation experiments
are reported in Table IV.

The experimental results indicate that, across three cross-
scene HSI tasks, the proposed SoDa’> model consistently
achieves the highest HOS values. This demonstrates that
the designed loss terms can effectively work in a comple-
mentary manner to enhance the overall category recognition

capability in open-set cross-scene classification. When only
the classification loss is employed, the model yields the
lowest HOS, with particularly poor performance in unknown-
class recognition. This is mainly attributed to the distribution
discrepancy between the source and target domains, which
leads to domain shift and severely limits the model’s gen-
eralization ability to unknown samples. After incorporating
the spectral decoupled alignment loss, both UNK and HOS
exhibit stable improvements on the PU-PC and ZY-GF
tasks. This observation suggests that aligning cross-domain
spectral feature distributions facilitates the learning of more
domain-invariant representations, thereby enhancing the dis-
criminability of unknown classes. Similarly, adding the spatial
decoupled alignment loss separately also improves model
performance. For example, in the HU13-HU18 tasks, adding
the spatial decoupled alignment loss significantly improves
OS#*, indicating that spatial structure alignment helps improve
classification accuracy for known classes. When the classi-
fication loss, spectral decoupled alignment loss, and spatial
decoupled alignment loss are jointly optimized, all evaluation
metrics reach their best performance across the three tasks.
The synergistic optimization of these loss components sub-
stantially enhances the robustness and overall performance
of the model in complex cross-scene open-set classification
scenarios, thereby validating the rationality and necessity of
the proposed loss-function design.

Subsequently, we modified the multimodal feature extrac-
tion module and compared two different strategies for
combining feature fusion and attention mechanisms. The first
strategy involves fusing spatial and spectral features first
and then applying a spatial-channel attention mechanism.
The second strategy, which is the proposed method in this
article, first enhances the two types of features separately using
spatial-channel attention mechanisms, followed by weighted
fusion. This experiment aims to validate the impact of the
order of the attention mechanism and feature fusion operations
on the efficiency of multimodal information integration and
the final recognition performance. The experimental results
are shown in Table V.

As can be seen from the experimental results in Table V, in
the three cross-scene HSI classification tasks, the proposed
method SoDa’ outperforms its variant SoDa’ F in terms
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ABLATION EXPERIMENT RESULTS OF FEATURE EXTRACTION MODULE
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TABLE VII
EXPERIMENTAL RESULTS WITH DIFFERENT NUMBERS OF «

Metric PU-PC HU13-HU18 ZY-GF o OS* UNK HOS « OS* UNK HOS
SoDa?_F SoDa? SoDa?_F SoDa? SoDa?_F SoDa? 1 69.8 75.8 726 7 65.7 93.3 77.1
OS* 64.6 70.5 60.0 59.0 91.4 92.1 2 65.0 84.7 73.6 8 65.2 95.5 71.5
UNK 78.3 94.3 37.4 72.3 61.6 97.4 3 60.9 91.0 73.0 9 66.5 95.9 78.6
HOS 70.5 80.7 46.1 65.0 73.5 94.7 4 68.1 81.0 74.0 10 70.5 94.3 80.6
5 68.1 82.8 74.7 11 67.9 89.9 77.4
TABLE VI 6 63.3 92.4 75.1 12 67.2 84.3 74.8
EXPERIMENTAL RESULTS WITH DIFFERENT NUMBERS OF K
% TABLE VIII
Task Metric 3 7 S TRAINING AND TESTING TIME COMPARISON
OS* 70.5 64.7 68.1 72.3 Method PU-PC HU13-HU18 ZY-GF
PU-PC UNK 94.3 71.4 50.5 28.3 train test train test train test
HOS 80.6 67.9 58.0 40.7 OSBP 262.31 26.33 167.92 123.77 83.39 1.59
OS* 59.0 56.0 57.5 70.5 DAMC 661.22 51.86 417.834 228.21 178.13  2.65
HU13-HU18 UNK 72.3 38.0 26.4 15.6 STA 499.17 41.42 439.37 212.54 204.47 2.52
HOS 65.0 453 36.2 25.6 UADAL 2531.75 23.41 12550.67 154.94 603.07 1.46
OS* 92.1 87.4 97.8 96.3 ANNA 257.25 22.16 239.42 11341 112.06 142
7ZY-GF UNK 97.4 80.8 66.1 51.7 WGDT 258.20 12.38 243.54 69.74 97.88 0.91
HOS 94.7 84.0 78.9 67.2 SoDa? 140.97 10.44 132.80 58.93 49.91 0.87

of HOS index. For the PU-PC task, SoDa2 improves OS*
by 5.9% and UNK by 16.0% compared with SoDa? F. For
the HU13-HU18 task, although SoDa’? F achieves a slightly
higher OS*, SoDa’ obtains a substantial improvement in
UNK. For the ZY-GF task, SoDa? gains 0.7% in OS* and
35.8% in UNK, leading to a remarkable 21.2% increase in
HOS. That is, the method of performing attention mechanisms
separately before fusion is better than the method of fusing
first and then performing attention mechanisms, which verifies
the effectiveness of the multimodal feature extraction module
structure adopted.

E. Parameter Analysis

To further investigate the influence of key parameters on
model performance, we conduct a series of parameter analysis
experiments.

1) Analysis of Parameter K: We first analyze the effect
of the number of Gaussian mixture components K in the
GMM. The experiments are carried out on three cross-scene
tasks. We vary K within the set {2, 3, 4, 5} and evaluate the
corresponding changes in OS*, UNK, and HOS on the PU-PC,
HU13-HU18, and ZY-GF tasks. The experimental results are
summarized in Table VI. The experimental results demonstrate
that different numbers of Gaussian mixture components have
distinct effects on model performance. As K increases, both
UNK and HOS exhibit a decreasing trend across all three tasks.
When K = 5, the HOS value reaches its lowest level, indicating
that an excessively large number of mixture components tends
to bias the model toward classifying most samples as known
classes. This behavior degrades the model’s generalization
ability to unknown samples and consequently weakens its
discriminative capability for unknown categories. Therefore,

to achieve a favorable balance between known- and unknown-
class recognition, we set K = 2 in all experiments.

2) Analysis of Parameter a: To investigate the influence
of the decoupled alignment loss coeflicient on model perfor-
mance, we conduct a parameter sensitivity analysis on the
PU-PC dataset with different values of a. Specifically, «
is varied within the range {1, 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12}. The experimental results are reported in Table VII,
including the three evaluation metrics OS*, UNK, and HOS.
From the results, it can be observed that as a increases,
the UNK metric shows an upward trend, indicating that
strengthening the decoupled alignment loss helps the model
better recognize unknown classes. In contrast, the OS* metric
remains relatively stable across different values of @, exhibiting
only minor fluctuations. With respect to the HOS metric, a
gradual improvement is observed as a increases, reflecting
an overall enhancement in balanced performance. The HOS
value reaches its maximum when @ = 10, corresponding
to the best overall model performance. When « is further
increased to 11 and 12, HOS slightly decreases, suggesting
that an excessively large DA weight may suppress the overall
performance. Therefore, we set @ = 10 in all experiments.

3) Analysis of Complexity: To verify the efficiency of the
proposed single-stage framework, we compare the training
time and testing time. All experiments are conducted on
an NVIDIA RTX A6000 GPU with a consistent batch size
and data settings. The results are summarized in Table VIII.
As shown in the table, the proposed SoDa’ achieves the
shortest training and testing times across all tasks compared
with competing methods. In all three cross-scene adaptation
tasks, SoDa’ maintains outstanding computational efficiency.
Specifically, it only requires 49.91 s for model training and
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10.44 s for inference on the ZY-GF task, which is remarkably
faster than other competitors. SoDa” also obtains the optimal
time consumption performance on the remaining two tasks.

IV. CONCLUSION

This article proposes a single-stage open-set domain adapta-
tion method with decoupled alignment (SoDa?) for cross-scene
HSI classification. A contribution-aware dual-modality fea-
ture extraction module is designed to jointly capture spectral
and spatial contribution-aware features. To learn domain-
invariant representations, we construct a decoupled alignment
module. MMD is employed to independently minimize the
distribution discrepancies between the source domain and
target domain in spectral and spatial feature spaces, respec-
tively. An open-set recognition module is further designed, in
which unconstrained intrinsic features extracted from the target
domain are compared with MMD-aligned domain-invariant
features through a feature consistency measurement. Based
on the resulting consistency scores, a GMM is constructed
to effectively distinguish known and unknown classes. Exten-
sive experiments conducted on three groups of HSI datasets
demonstrate that the proposed SoDa? method achieves superior
performance in terms of classification accuracy for both known
and unknown classes. In addition, comprehensive ablation
studies and parameter analyses are conducted. Nevertheless,
it is observed that SoDa® achieves relatively lower accuracy
on a few known classes with subtle interclass differences. This
limitation will be further addressed in our future work to better
capture fine-grained class distinctions.
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