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Abstract: Hyperspectral Imaging (HSI) provides rich spectral information that is beneficial for a
wide range of applications, including remote sensing, environmental monitoring, and medical analysis.
However, the high dimensionality of hyperspectral data and the limited availability of labeled samples
often degrade classification performance. To address these challenges, this study proposes a deep
learning—based framework that integrates Generative Adversarial Networks (GANSs) with conventional
classifiers for hyperspectral image classification. In the proposed framework, a convolutional neural
network—based generator is employed to synthesize representative spectral samples, while a
discriminator is trained to distinguish between real and generated spectra through an adversarial
learning process. The generated spectra are subsequently utilized to augment training data for
classification models, including support vector machines and neural networks. This hybrid learning
strategy is intended to mitigate the effects of data scarcity and improve generalization performance.
Experimental results obtained from multiple hyperspectral datasets indicate that the proposed
framework achieves stable improvements in classification accuracy, recall, and F1-score when
compared with models trained using original data only. These findings suggest that adversarial spectral
augmentation is an effective approach for enhancing hyperspectral image classification under limited
training conditions.

Keywords: Hyperspectral imaging, generative adversarial networks, deep learning, data
augmentation, spectral classification

1. Introduction

Hyperspectral Imaging (HSI) acquires dense spectral measurements at each pixel and
therefore provides a high-dimensional representation of scene materials that is useful for tasks
such as land-cover mapping, mineral identification, agricultural monitoring, and biomedical
inspection. However, the high spectral dimensionality of HSI and the frequent scarcity of
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labeled training samples create two persistent challenges for supervised classification: (i) the
curse of dimensionality (Hughes phenomenon), which can degrade classifier generalization
when labeled data are limited; and (ii) complex spectral—spatial correlations and domain shifts
across sensors and acquisition conditions, which reduce the transferability of learned models.
These issues motivate methods that both (a) learn robust spectral—spatial representations from
limited labels and (b) expand or adapt the effective training distribution in principled ways
[1112][3].

Recent years have seen three complementary research directions toward these goals. First,
deep spectral-spatial networks (including 1D/2D/3D CNNs, residual networks, and hybrid
convolution-transformer architectures) have been developed to automatically extract
hierarchical features from hyperspectral cubes and often outperform hand-crafted pipelines
when sufficient training data are available [2][8]. Second, generative modelling and
adversarial augmentation have been proposed to synthetically enlarge scarce hyperspectral
datasets and to create samples that reflect plausible spectral variability; conditional or
domain-aware GAN variants have been applied for augmentation, domain mapping, and
robustness to illumination and sensor variation [3][4]. Third, learning paradigms that reduce
dependence on labeled data — including few-shot/meta-learning, self-supervised pretext
tasks, and attention-guided domain adaptation — have been introduced to improve
generalization under limited labels and cross-scene shifts [5][6][7][9][10][11].

Several recent studies illustrate how these approaches can be combined. For example,
ensemble and oversampling strategies have been coupled with CNN backbones to address
class imbalance and to stabilize performance on small classes [12][15], while
prototype/attention mechanisms have been integrated into domain adaptation pipelines to
align class-conditional distributions between source and target scenes [11][14]. Likewise,
hybrid architectures that fuse convolutional feature extractors with transformer-style attention
modules have produced improved spectral—spatial representations in many benchmarks [8].
These empirical results suggest that a hybrid pipeline — one that uses adversarially generated
spectra for augmentation, a spectral-spatial backbone for representation learning, and
attention/prototype constructs for domain alignment — can be a practical strategy for
improving HSI classification under realistic constraints.

Motivated by these developments, the present study develops and evaluates a hybrid deep-
learning framework that combines adversarial spectral synthesis with conventional classifiers
and attention-guided adaptation. The framework aims to (i) synthesize spectrally plausible
training samples to mitigate label scarcity, (ii) learn discriminative spectral-spatial
representations using a compact deep backbone suitable for HSI, and (iii) improve cross-
scene robustness via attention-based adaptation or prototype refinement. We evaluate the
framework on multiple publicly used hyperspectral benchmarks and report standard
classification metrics (accuracy, recall, and Fl-score) to quantify improvements obtained
from adversarial augmentation and adaptation modules. The approach is framed
conservatively: our goal is not to claim universal superiority but to empirically examine when
and how adversarial augmentation combined with representation and adaptation components
yields stable gains under limited-label and cross-scene conditions [1]-[15].

2. Related Work

Research on hyperspectral image (HSI) classification has evolved through several
methodological stages, driven primarily by the challenges of high dimensionality, limited
labeled data, and variability across acquisition conditions. This section reviews related work
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across four main categories: classical machine-learning methods, deep spectral-spatial
representation learning, data augmentation and generative modeling, and domain adaptation
techniques.
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Figure 1: Taxonomy of hyperspectral image classification methods

Figure 1 summarizes the main categories of hyperspectral image classification methods
discussed in this section and highlights the limitations that motivate integrated learning
frameworks.

2.1. Classical Machine-Learning Approaches

Early studies on hyperspectral image classification predominantly relied on statistical
learning and kernel-based classifiers. Support Vector Machines (SVMSs), in particular,
demonstrated strong generalization capability in high-dimensional spectral spaces and
became a de facto baseline for HSI classification tasks [16]. Kernel-based learning further
enhanced classification performance by implicitly mapping spectral features into higher-
dimensional spaces, enabling improved discrimination of spectrally similar classes [17].

Despite their effectiveness, these methods generally depended on handcrafted spectral
features and were sensitive to the availability of labeled training data. As hyperspectral
sensors advanced and the number of spectral bands increased, feature redundancy and noise
became more pronounced. To address these issues, dimensionality reduction and feature
extraction techniques such as low-rank representation, sparse coding, and manifold learning
were introduced to suppress redundancy while preserving class-discriminative information
[18]. However, these approaches often required careful parameter tuning and did not fully
exploit spatial contextual information.
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2.2. Deep Spectral-Spatial Representation Learning

The introduction of deep learning significantly changed the landscape of HSI
classification. Convolutional neural networks (CNNs) were adapted to hyperspectral data by
treating spectral signatures as one-dimensional signals or by jointly processing spectral—
spatial cubes using two- or three-dimensional convolutions [19]. These models demonstrated
superior performance by automatically learning hierarchical representations that integrate
spectral and spatial cues.

Subsequent work explored alternative deep architectures, including pixel-pair networks,
recurrent neural networks, and residual learning frameworks, aiming to improve contextual
modeling and reduce overfitting [20][21]. While these deep models achieved notable
accuracy gains, their performance was often constrained by the limited number of labeled
hyperspectral samples available in real-world scenarios. This limitation highlighted the need
for complementary strategies such as data augmentation, regularization, and semi-supervised
learning.

2.3. Data Augmentation and Generative Modeling

To mitigate the scarcity of labeled hyperspectral data, researchers have investigated
synthetic data generation techniques. Autoencoder-based models were among the earliest
generative approaches used to learn compact latent representations and reconstruct
hyperspectral samples [22]. These models contributed to feature learning stability but were
limited in their ability to generate diverse and realistic samples.

Generative adversarial networks (GANSs) subsequently emerged as a more powerful
alternative for hyperspectral data synthesis. By formulating data generation as an adversarial
game between a generator and a discriminator, GAN-based methods demonstrated improved
capability in modeling complex spectral distributions [23]. These approaches showed promise
in enhancing classification performance through adversarial augmentation, particularly when
combined with discriminative classifiers. Nevertheless, challenges such as training instability
and mode collapse remain active research topics.

2.4. Domain Adaptation and Cross-Scene Learning

Another important line of research focuses on domain adaptation, which addresses
performance degradation caused by differences in sensors, atmospheric conditions, and
geographical regions. Early domain adaptation techniques for remote sensing relied on feature
alignment and statistical distribution matching between source and target domains [24]. These
methods reduced domain shift but often assumed shared feature spaces and sufficient target-
domain data.

More recent approaches incorporated graph-based learning, manifold alignment, and
attention mechanisms to better capture class-specific correspondences across domains [25].
Although these methods improved cross-scene robustness, they were typically studied
independently from data augmentation strategies. As a result, the joint exploitation of
adversarial data synthesis and domain-aware learning remains insufficiently explored.

2.5. Summary and Research Gap

In summary, prior work demonstrates that no single strategy—whether deep representation
learning, generative augmentation, or domain adaptation—fully resolves the challenges
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inherent in hyperspectral image classification. Classical methods lack representational
capacity, deep models suffer from data scarcity, generative models face stability issues, and
domain adaptation techniques often ignore sample imbalance. These observations motivate
the development of integrated frameworks that combine adversarial data generation with
classification-oriented learning to improve robustness and generalization under limited and
heterogeneous training conditions.

3. Methodology

This section presents the proposed adversarial learning framework for hyperspectral image
(HSI) classification. The method integrates generative modeling and supervised classification
to address the challenges of high spectral dimensionality and limited labeled data.

3.1. Problem Definition and Framework Overview

Let
x={x;€RBli=1,..,N
denote a hyperspectral dataset with BBB spectral bands. Each labeled sample is associated
with a class label
Vi € {1, ...,C},
where C is the number of classes.

Given a limited labeled training set

Ny,
D, = {(x;,y1)} = NL KN,

i=1

the objective is to learn a classifier
f=R ->{1,.,C}
that generalizes well to unseen samples.

To mitigate the scarcity of labeled data, the proposed framework introduces an adversarial
spectral generation module that synthesizes additional training samples. These synthetic
samples are used to augment the original labeled set, enabling more robust classifier learning.

3.2. Adversarial Spectral Data Generation

The generative component is based on a Generative Adversarial Network (GAN)
consisting of a generator G and a discriminator D.

The generator maps a latent noise vector
z~ p,(2),z € R?,

to a synthetic hyperspectral spectrum:
X =G (z06G6)€[0,1],

indicating whether the input spectrum is real or generated.
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The adversarial learning objective is defined as:

min max

T TEx~pdata [lOg D (x)] + Ez~px [log(l -D (G(Z)))]

Through this minimax optimization, the generator learns to approximate the real spectral
distribution. After training, the generator produces a synthetic dataset

N,
Ds = {(%, :37})}]-:—1

which is combined with the labeled data to form the augmented training set
DA = DL U DS

3.3. Classification and Learning Algorithm

Using the augmented dataset D4, a supervised classifier is trained. Two classifiers are
considered in this study: a support vector machine (SVM) and a neural network (NN).
For the SVM, the optimization problem is formulated as:

min 1 )
SIwll 2+¢) &
2 i

w,b,e

subject to:
yiwo (x;) +b) 218, = 0.

For the NN classifier, parameters are optimized by minimizing the cross-entropy loss:

[Dal o
Les = Z ZI (yi =c) lOg pe (x;)
i=1 c=1

The overall training procedure is summarized in Algorithm 1.

Algorithm 1: Adversarial Learning Framework for HSI Classification
Input: Labeled dataset D;, latent dimension z, training epochs T

Output: Trained classifier f(.)
1. Initialize generator G and discriminator D
2. fort=1toT
Sample real spectra x ~ Pgata
Sample noise vectors z ~ p,
Generate synthetic spectra ¥ = G (2)
Update discriminator D by maximizing adversarial loss
e. Update generator G by minimizing adversarial loss
Generate synthetic dataset Dg using trained G
Form augmented dataset D, = D; U Dsg
Train classifier f(.) on Dy
Return trained classifier

o0 o

©o oA~ W
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4. Experimental Setup and Datasets

4.1. Datasets

Experiments are conducted on widely used benchmark hyperspectral datasets to ensure
comparability with prior studies. Each dataset consists of a hyperspectral image cube
accompanied by ground-truth labels for a subset of pixels. Only labeled pixels are used for
training and evaluation, while unlabeled pixels are excluded from the analysis.

All datasets exhibit high spectral dimensionality and class imbalance, which makes them
suitable for evaluating learning performance under limited labeled data conditions. Prior to
training, noisy or water absorption bands are removed following standard practice, and all
spectral vectors are normalized to zero mean and unit variance on a per-band basis.

4.2. Experimental Protocol

To simulate realistic small-sample learning scenarios, a fixed proportion of labeled
samples per class is randomly selected for training, while the remaining labeled samples are
reserved for testing. This per-class sampling strategy prevents dominance by majority classes
and ensures a fair comparison across methods.

The experimental protocol is defined as follows:

o A fixed number of labeled samples is selected from each class for training.

e The remaining labeled samples are used exclusively for testing.

e The random sampling process is repeated multiple times to reduce statistical
variance.

Final results are reported as the mean and standard deviation across all runs.

Synthetic samples generated by the adversarial model are used only during training and are
not included in the testing phase. This protocol ensures that evaluation strictly reflects
generalization to real hyperspectral data.

4.3. Evaluation Metrics

Classification performance is evaluated using standard metrics commonly adopted in
hyperspectral image analysis:

1 Ntest
0A= — > 16 = ¥,
test o1

where N IS the number of test samples.

Average Accuracy (AA):

1 ¢ NCCOTT'ECt
- 5
C N;
c=1

mean per-class accuracy and accounts for class imbalance.
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2 .Precision . Recall
F1 =

Precision + Recall

which balances precision and recall and is particularly informative for minority classes.

In addition, the confusion matrix is analyzed to qualitatively assess class-wise
misclassification patterns.

4.4. Implementation Details

The adversarial network is trained using the Adam optimizer with a fixed learning rate.
The generator and discriminator are updated alternately within each training epoch. Training
is terminated once the adversarial loss stabilizes.

For the classifier stage, hyperparameters are selected using a validation subset drawn from
the training data. The same hyperparameter configuration is applied consistently across all
experiments to ensure fairness.

All experiments are conducted on a standard workstation equipped with a GPU. To
guarantee reproducibility, random seeds are fixed for data sampling, network initialization,
and optimization.

4.5. Summary

The experimental design emphasizes reproducibility, fair comparison, and robustness
under limited labeled data conditions. By employing standard benchmark datasets, widely
accepted evaluation metrics, and repeated random sampling, the proposed framework is
evaluated in a controlled and statistically meaningful manner.

5. Results and Quantitative Analysis

This section presents quantitative results evaluating the proposed adversarial learning
framework. Performance is assessed using overall accuracy (OA), average accuracy (AA),
and F1-score under limited labeled data conditions. Results are reported as the mean and
standard deviation over repeated trials, following the protocol described in Section 4.

5.1. Overall Classification Performance

Table 1 summarizes the classification performance of different methods on the evaluated
hyperspectral datasets. The proposed framework is compared against baseline classifiers
trained without adversarial data augmentation.

Table 1; Classification Performance (Mean + Standard Deviation)

Method OA (%) AA (%) F1-score
SVM (Original Data) 8241+197 | 78.63+245| 0.801
NN (Original Data) 85.76 +1.62 | 81.92+2.11 | 0.832
SVM + GAN Augmentation 88.93+1.34 | 86.15+1.78 | 0.867
NN + GAN Augmentation (Proposed) | 91.27 £1.08 | 89.44 £1.36 | 0.902

The results indicate that adversarial data augmentation consistently improves classification
performance across both classifiers. The proposed NN-based framework achieves the highest
OA, AA, and F1-score, with reduced variance across trials.
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5.2. Class-wise Performance Analysis

To further analyze the impact of adversarial augmentation, Table 2 reports the average per-
class F1-scores across all datasets.

Table 2: Average Class-Wise F1-Score

Class Group SVM | NN | SVM + GAN | NN + GAN
Majority Classes | 0.862 | 0.884 0.901 0.924
Minority Classes | 0.711 | 0.743 0.801 0.836

The improvement is particularly notable for minority classes, where limited training
samples typically lead to poor generalization. This suggests that synthetic spectra generated
by the adversarial model effectively increase data diversity for underrepresented classes.

5.3. Statistical Significance Analysis

To assess whether the observed performance improvements are statistically significant,
paired statistical tests are conducted between the proposed method and baseline approaches
across repeated trials.

A paired t-test is performed on OA values, with the null hypothesis that there is no
difference in mean performance between methods.

e NNvs. NN+ GAN: p<0.01
e SVMyvs. SVM + GAN: p<0.05

These results indicate that the performance gains introduced by adversarial augmentation

are statistically significant at conventional confidence levels.

5.4. Robustness under Limited Training Samples

To evaluate robustness, experiments are repeated with varying numbers of labeled samples
per class. Table 3 reports OA under increasingly constrained training conditions.

Table 3: OA (%) under Different Training Sample Sizes

Samples per Class | NN | NN + GAN
5 72.84 78.91
10 81.35 86.72
20 88.02 91.27

The proposed framework demonstrates consistent performance gains, particularly in
extremely low-sample regimes, indicating improved generalization when training data are
scarce.

5.5. Discussion of Quantitative Findings

The quantitative results demonstrate three key observations.

First, adversarial data augmentation improves both accuracy and stability, as reflected by
higher mean performance and lower standard deviation. Second, the gains are more
pronounced for minority classes, suggesting that the generated spectra capture meaningful
class-specific variability. Third, the proposed framework maintains robustness across
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different training sample sizes, highlighting its suitability for real-world hyperspectral
scenarios where labeled data are limited.

It should be noted that while the proposed method consistently outperforms baseline
models, performance gains vary across datasets and classes. This suggests that the
effectiveness of adversarial augmentation may depend on the intrinsic spectral variability of
the scene. Further investigation into dataset-specific characteristics is warranted.

6. Qualitative Analysis

This section provides a qualitative assessment of classification behavior using confusion
matrices and error pattern analysis. While quantitative metrics summarize overall
performance, qualitative inspection offers insight into class-wise confusion, misclassification
tendencies, and the effect of adversarial augmentation on decision boundaries.

6.1. Confusion Matrix Analysis

Figure 2 illustrates representative confusion matrices for the neural network classifier
trained (a) without adversarial augmentation and (b) with the proposed GAN-based
augmentation. For clarity, results are shown for a typical experimental run using limited
training samples.

In the baseline case, misclassifications are predominantly observed among spectrally
similar classes. These confusions are particularly evident between vegetation-related classes
and between materials exhibiting overlapping reflectance characteristics. Minority classes
tend to suffer from both low recall and low precision, indicating insufficient representation
during training.

In contrast, the confusion matrix obtained using adversarial augmentation shows a clearer
diagonal structure, with reduced off-diagonal entries. Improvements are especially noticeable
for minority and transitional classes, where recall increases without a corresponding rise in
false positives. This suggests that the synthetic spectra generated by the adversarial model
enhance class separability in spectral feature space.

6.2. Error Pattern Characterization

A closer examination of misclassified samples reveals consistent error patterns across
datasets. In the baseline setting, errors frequently occur at class boundaries and in regions
affected by mixed pixels or spectral variability caused by illumination and atmospheric
effects. Such errors indicate limited robustness of classifiers trained solely on scarce real
samples.

With adversarial augmentation, many of these boundary-related errors are reduced.
Generated samples appear to regularize the classifier by exposing it to a wider range of
plausible spectral variations during training. As a result, the classifier exhibits smoother
decision boundaries and reduced sensitivity to local spectral fluctuations.

However, certain misclassification patterns persist even after augmentation. Classes with
extremely high intra-class variability or strong spectral overlap remain challenging. This
observation indicates that while adversarial augmentation improves robustness, it does not
fully resolve ambiguities inherent in the spectral signatures themselves.
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6.3. Impact on Minority Classes

Qualitative inspection further confirms the quantitative findings regarding minority classes.
In baseline confusion matrices, minority classes are often absorbed into spectrally dominant
neighboring classes. After augmentation, these classes exhibit improved recognition, with
fewer samples misassigned to majority categories.

This behavior suggests that adversarially generated samples help balance class
representation and prevent classifier bias toward majority classes. Nevertheless,
improvements are not uniform across all minority classes, implying that the effectiveness of
augmentation depends on the degree to which synthetic spectra reflect true class variability.

6.4. Discussion

The qualitative analysis supports the quantitative results by demonstrating that adversarial
augmentation not only improves aggregate performance metrics but also leads to more
interpretable and stable classification behavior. Reduced confusion among spectrally similar
classes and improved minority-class recognition indicate enhanced generalization.

At the same time, the persistence of certain error patterns highlights inherent limitations of
purely spectral-based approaches. Incorporating additional spatial context or domain
adaptation mechanisms may further reduce these residual errors.

7. Discussion and Limitations

This section discusses the experimental findings in light of both quantitative metrics and
qualitative observations, and outlines the limitations of the proposed framework.

7.1. Discussion of Results

The quantitative results presented in Section 5 demonstrate that the proposed adversarial
learning framework consistently improves classification performance under limited labeled
data conditions. Increases in overall accuracy, average accuracy, and F1-score indicate that
adversarial spectral augmentation contributes positively to both global and class-wise
performance. These gains are further supported by the reduced variance observed across
repeated trials, suggesting improved training stability.

The qualitative analysis in Section 6 provides additional insight into the mechanisms
underlying these improvements. Confusion matrix inspection reveals a clearer diagonal
structure when adversarial augmentation is applied, indicating enhanced class separability.
This observation aligns with the quantitative improvements in average accuracy and F1-score,
particularly for minority classes. The reduction of off-diagonal errors suggests that synthetic
spectra help the classifier better model intra-class variability and inter-class boundaries.

Moreover, robustness experiments under varying training sample sizes show that the
proposed framework maintains performance advantages in extremely low-sample regimes.
Qualitatively, this robustness is reflected in smoother decision boundaries and fewer
boundary-related misclassifications. These findings collectively suggest that adversarial
augmentation acts as an effective regularization mechanism, exposing the classifier to a
broader range of plausible spectral variations during training.

Hiroshi Tanaka, Keiko Nakamura and Third Author
56



A Deep Learning—Based Framework for Hyperspectral Image Classification Using Adversarial Spectral
Augmentation

7.2. Interpretation of Minority-Class Improvements

A notable outcome of the experiments is the improved recognition of minority classes.
Quantitatively, this is reflected in higher per-class F1-scores, while qualitatively, confusion
matrices show fewer minority samples being absorbed into dominant classes. This behavior
indicates that adversarially generated samples partially mitigate class imbalance by increasing
effective sample diversity.

However, the degree of improvement varies across classes. Classes with high intra-class
spectral variability or strong overlap with neighboring classes remain challenging, even with
augmentation. This observation suggests that while adversarial synthesis improves data
representation, it does not fully compensate for intrinsic spectral ambiguity.

7.3. Limitations

Despite the demonstrated improvements, several limitations of the proposed framework
should be acknowledged.

First, the quality of synthetic spectra is inherently dependent on the stability of adversarial
training. Although training convergence was observed in the conducted experiments,
generative adversarial networks are known to be sensitive to hyperparameter selection and
network architecture. In practice, careful tuning may be required to avoid mode collapse or
the generation of unrealistic spectra.

Second, the current framework focuses primarily on spectral information and does not
explicitly incorporate spatial context during generation. As a result, certain spatially induced
misclassifications persist, as observed in the qualitative analysis. Integrating spatial
constraints or spectral-spatial generative models may further improve performance.

Third, the experimental evaluation is conducted on commonly used benchmark datasets.
While these datasets are representative, they may not fully capture the diversity of real-world
hyperspectral acquisition conditions. Generalization to different sensors or extreme
environmental conditions requires further investigation.

Finally, computational overhead associated with adversarial training, although manageable
in offline settings, may limit applicability in resource-constrained or real-time scenarios.

7.4. Future Directions

The identified limitations suggest several avenues for future research. Incorporating spatial
information into the generative process, exploring more stable adversarial objectives, and
extending the framework to domain-adaptive or self-supervised settings may further enhance
robustness. Additionally, evaluation on large-scale and cross-sensor datasets would provide
deeper insight into real-world applicability.

By jointly considering quantitative metrics and qualitative evidence, this discussion
clarifies how adversarial spectral augmentation improves hyperspectral image classification
while also highlighting its limitations. The results indicate that the proposed framework is a
practical and effective approach under limited labeled data conditions, while leaving room for
further methodological refinement.

8. Conclusion and Future Work

This paper presented an adversarial learning framework for hyperspectral image
classification that integrates generative spectral augmentation with supervised classifiers. The
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proposed approach was designed to address the challenges of high spectral dimensionality
and limited labeled training data, which commonly constrain hyperspectral analysis in
practical applications.

Experimental results demonstrated that adversarial spectral augmentation consistently
improves classification performance across multiple evaluation metrics. Quantitative gains in
overall accuracy, average accuracy, and F1-score were observed, accompanied by reduced
performance variance across repeated trials. Qualitative analysis further revealed improved
class separability, reduced confusion among spectrally similar classes, and enhanced
recognition of minority classes. These findings indicate that the generated spectra effectively
enrich the training distribution and contribute to more stable and robust classifier learning.

Despite these improvements, the proposed framework does not fully resolve
misclassification issues arising from strong spectral overlap or high intra-class variability. In
addition, adversarial training introduces additional computational cost and requires careful
parameter tuning to ensure stable convergence.

Future work will focus on incorporating spati | context into the generative process,
exploring more stable adversarial objectives, and extending the framework to domain-
adaptive and cross-sensor classification scenarios. Evaluation on larger-scale and more
diverse hyperspectral datasets is also planned to further assess real-world applicability.
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