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 A B S T R A C T

Cross-scene hyperspectral image (HSI) classification faces significant challenges due to domain shifts arising 
from structured spectral–spatial variations. While Single-Source Domain Generalization provides a viable 
pathway by learning from only one source domain, prevailing methods, particularly those built on generative-
adversarial strategies, remain constrained by two issues. On the one hand, they predominantly depend on 
unstructured randomization, which ignores the inherent structured variations of cross-scene HSI. On the 
other hand, in striving for domain invariance, they tend to enforce strict alignment, which can suppress 
discriminative intra-domain features that are valuable for classification. To address these challenges, this 
paper proposes SD3Net, a novel framework grounded in structured data simulation and domain-disparity 
decorrelation. Specifically, to ensure structural fidelity, we introduce the Structured Data Simulation Generator 
(SDSG), which shifts data generation method from stochastic perturbation to logic-driven emulation. It consists 
of a Semantic-Anchored Layout Simulator (SALS) to reorganize spatial topologies based on semantic logic, 
and a Multi-Scale Spectral Variation Simulator (MSVS) to emulate spectral distortions induced by sensor 
and atmospheric variations. Meanwhile, to resolve the dilemma between invariance and discriminability, 
we propose the Domain-Disparity Decorrelation Discriminator (D3). Instead of enforcing strict alignment, 
this mechanism explicitly models feature residuals between source and simulated domains and maximizes 
their predictive entropy. This strategy effectively decouples domain-specific disparities from the feature 
representation while preserving essential intra-domain semantics. Extensive experiments on multiple cross-
scene HSI datasets demonstrate that SD3Net significantly outperforms state-of-the-art methods, validating the 
efficacy of the proposed simulation and decorrelation strategies.
. Introduction

Hyperspectral images (HSIs) capture continuous and fine-grained 
pectral signatures across hundreds of bands, serving as a fundamental 
ata source for precision earth observation tasks, such as environ-
ental monitoring and agricultural analysis [1,2]. The core objective 
f HSI classification aims to assign accurate semantic labels to each 
ixel based on these rich material properties [3,4]. In this context, 
eep learning-based approaches have been extensively explored and 
ave demonstrated state-of-the-art performance in the semantic seg-
entation of remote sensing imagery [5]. However, the real-world 
eployment of these models is severely hampered by domain shift. 
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Unlike general optical imagery where variations are often stylistic, 
domain shifts in HSI are inherently physical and highly structured. 
These discrepancies usually manifest in two distinct forms. The first 
is spectral variation, characterized by systematic deviations in spectral 
response induced by sensor configurations, atmospheric attenuation, 
and fluctuating illumination; while the second is spatial structural 
disparity, where the topological layout and neighborhood context of the 
same land covers vary systematically across scenes. Consequently, it is 
necessary to construct robust hyperspectral classification models capa-
ble of mitigating the adverse performance impact caused by structured 
spectral–spatial discrepancies in cross-scene scenarios.
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Fig. 2. Detailed structure of the SALS. It rearranges spatial layouts by swap-
ping target and background components based on semantic masks.

2.1.1. Semantic-anchored layout simulator
Prevailing style-transfer methods, such as those using Adaptive 

Instance Normalization, primarily perform appearance-level perturba-
tions by manipulating channel-wise statistics. While effective for al-
tering low-level textures, these operations are insufficient to simulate 
the complex structural variations dictated by real-world geography. 
Therefore, our semantically guided SALS is designed to generate log-
ically coherent spatial layouts by reorganizing image regions based on 
semantic cues, operating beyond mere style perturbation. As illustrated 
in Fig.  2, the SALS first decomposes an input patch into target and 
background components via semantic masking and then performs cross-
sample region swapping to simulate realistic spatial rearrangements. 
Given a mini-batch of HSI patches 𝐗 ∈ R𝐵×𝐶×𝐻×𝑊 , the SALS first 
identifies the semantic composition for each instance. For an arbitrary 
sample 𝐗𝑛 in the batch, we compute the mean feature vectors of the 
central object region (𝝁𝑛

𝑐 ), aggregated from a fixed neighborhood and 
the peripheral background (𝝁𝑛

𝑒). These prototypes represent the target 
semantics and environmental context, respectively. A semantic binary 
mask𝐌𝑛 ∈ {0, 1}𝐶×𝐻×𝑊  is then generated by assigning each pixel 
spatial position to the nearest prototype in terms of distance as Eq. (1): 

𝑀𝑛(𝑖, 𝑗) =

{

1, if ‖𝐱𝑖,𝑗 − 𝝁𝑛
𝑐‖1 < ‖𝐱𝑖,𝑗 − 𝝁𝑛

𝑒‖1

0, otherwise
(1)

where 𝐱𝑖,𝑗 represents the spectral feature vector at spatial coordinate 
(i,j) within the patch.

Using this mask 𝐌𝑛, the patch 𝐗𝑛 is decomposed into a target 
component 𝐗𝑐

𝑛 = 𝐗𝑛⊙𝐌𝑛 and a background component 𝐗𝑏
𝑚 = 𝐗𝑛⊙ (1−

𝐌𝑛), where ⊙ denotes element-wise multiplication and 1 is an all-ones 
tensor.

To simulate plausible spatial rearrangements, we compute the center
to-background intensity disparity for all samples in a mini-batch. The 
top 40% of samples with the most pronounced disparities are selected 
for cross-sample swapping. The spatially augmented feature 𝐗𝑠𝑠 is 
obtained by combining the target component of one sample with the 
background of another: 
𝐗𝑠𝑠 = 𝐗𝑐

𝑛 + 𝐗𝑏
𝑚, (2)

where 𝐗𝑠𝑠, 𝐗𝑐
𝑛, 𝐗

𝑏
𝑚 ∈ R𝐶×𝐻×𝑊 , 𝐗𝑏

𝑚 is the background component of 
another sample from this mini-batch that meets the requirements. This 
mechanism compels the model to learn features invariant to logical 
spatial context variations while preserving object identity.

2.1.2. Multi-scale spectral variation simulator
Spectral responses vary due to sensor characteristics, illumination, 

and atmospheric conditions. As illustrated in Fig.  3, the MSVS manipu-
lates the spectral appearance by extracting and reassembling channel-
wise statistics across samples. Since these statistics largely capture 
4 
style-related information, their exchange allows us to synthesize novel, 
realistic spectral variations while preserving the underlying spatial 
content structure.

Multi-scale Channel Grouping Strategy. To comprehensively mode
both broad trends and fine details in spectral signatures, we process 
features at multiple granularities. This is achieved by randomly sam-
pling channel subsets of varying sizes from the original 64-channel 
features to represent different spectral scales. This is implemented by 
grouping the spectral channels into sets of varying sizes, defined by a 
scale set 𝑆 = {64, 32, 16, 8}. Here, each scale 𝑠 ∈ 𝑆 specifies the number 
of adjacent channels treated as a cohesive group. A larger group size 
(e.g., 64) models coarser, interdependent spectral patterns, while a 
smaller group size (e.g., 8) captures finer-grained, localized spectral 
variations.

Statistics Computation and Exchange. For each channel group at 
scale 𝑠, we compute its mean 𝜇 and standard deviation 𝜎 across spatial 
dimensions, which serves as a concise descriptor of the group’s spectral 
distribution: 

𝜇(𝐅𝑠,𝑐 ) =
1

𝐻𝑊

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
𝐹𝑠,𝑐,𝑖,𝑗 (3)

𝜎(𝐅𝑠,𝑐 ) =

√

√

√

√

√

1
𝐻𝑊

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1

(

𝐹𝑠,𝑐,𝑖,𝑗 − 𝜇(𝐅𝑠,𝑐 )
)2 + 𝜖 (4)

Here, 𝐹𝑠,𝑐,𝑖,𝑗 denotes the feature value at spatial coordinates (𝑖, 𝑗) within 
the 𝑐th channel at the 𝑠th scale, and 𝜖 is a small constant introduced 
to prevent division by zero and ensure numerical stability. The core of 
style simulation lies in exchanging these statistical descriptors between 
different samples within a training batch. For a sample, we replace its 
original statistics at each scale with those from a randomly selected 
sample, effectively transferring the multi-scale spectral style: 

𝐅𝑠,𝑐 (𝑛) = 𝜎
(

𝐅𝑠,𝑐 (𝑚)
)

⊙

(

𝐅𝑠,𝑐 (𝑛) − 𝜇
(

𝐅𝑠,𝑐 (𝑛)
)

𝜎
(

𝐅𝑠,𝑐 (𝑛)
)

)

+ 𝜇
(

𝐅𝑠,𝑐 (𝑚)
)

(5)

This operation yields a set of stylized feature maps 𝐅𝑠 for each scale 
𝑠.

Adaptive Multi-scale Fusion. The stylized features from different 
scales are integrated into a unified representation. We employ an 
attention mechanism to dynamically determine the importance of each 
scale at every spatial location. First, a lightweight convolutional block 
𝑔𝑎𝑡𝑡(⋅) generates an unnormalized importance map for each 𝐅𝑠. These 
maps are normalized across the scale dimension via a spatial softmax 
to produce attention weights 𝜶𝑠: 
𝜶𝑠 = Sof tmax

(

𝑔𝑎𝑡𝑡(𝐅𝑠)
)

, 𝐅𝑠 ∈ R𝐶𝑠×𝐻×𝑊 (6)

The final, synthesized spectral feature 𝐗𝑚𝑠 is computed as the atten-
tively weighted sum across all scales, followed by a 1 × 1 convolution 
𝑔𝑓𝑢𝑠(⋅) to seamlessly blend the contributions: 

𝐗𝑚𝑠 = 𝑔𝑓𝑢𝑠

(

∑

𝑠∈𝑆
𝜶𝑠𝐅𝑠

)

, 𝐗𝑚𝑠 ∈ R𝐶×𝐻×𝑊 (7)

This adaptive fusion ensures that the most salient spectral charac-
teristics, whether coarse or fine, dominate the final output, leading to 
both realistic and diverse spectral simulations.

2.1.3. Joint reconstruction and generation module
The final simulated sample 𝐗𝐺 is synthesized by combining the 

spatially reorganized feature 𝐗𝑠𝑠 and the spectrally stylized feature 𝐗𝑚𝑠. 
The spectral features are first projected back to the spatial domain via 
transposed convolutions, then concatenated with the spatial features. A 
series of cascaded 3 × 3 convolutions followed by a sigmoid activation 
refine the fused representation to produce the output: 
𝐗𝐺 = Sigmoid

(

Conv3×3
(

[Conv𝑠𝑠(𝐗𝑠𝑠); Deconv(𝐗𝑚𝑠)]
)

)

(8)

where [⋅; ⋅] denotes channel-wise concatenation. Through this joint 
spatial–spectral simulation, the SDSG generates diverse and realistic 
samples that effectively span the potential distribution of unseen target 
domains.
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Fig. 3. Detailed structure of the MSVS. It emulates diverse spectral shifts by exchanging channel-wise mean and standard deviation across different scales.
2.2. Domain-disparity decorrelation discriminator

In cross-scene classification for HSI, the discriminator faces a dual 
challenge: it must maintain strong discriminative power for accurate 
classification while remaining robust to significant distribution shifts 
across unseen domains. To address this, we propose the D3, which 
integrates MRCE with an explicit domain-disparity decorrelation con-
straint. As illustrated in Fig.  4, the D3 is designed to learn represen-
tations that are sensitive to class-discriminative information yet in-
variant to domain-specific variations, thereby enhancing generalization 
without sacrificing discriminability. By combining multi-scale residual 
learning with a novel decorrelation objective, the D3 effectively de-
couples domain-related discrepancies from the feature representation, 
enabling the model to preserve intra-domain discriminative attributes 
that are beneficial for classification.

2.2.1. Multiscale residual convolutional encoder
To effectively process both source and simulated samples, the MRCE 

employs a unified spectral–spatial encoder based on a three-stage multi-
scale residual architecture, as shown in Table  1 This design captures 
the complex multi-scale characteristics of hyperspectral imagery, from 
fine-grained local details to high-level semantic contexts, through pro-
gressive feature extraction and cross-stage fusion.

MRCE proceeds in three sequential stages, each refining the rep-
resentation at a different conceptual level. The first stage focuses on 
local spectral–spatial modeling. It uses 1 × 1 convolutions to compress 
spectral channels, mapping the input channels to a 128-dimensional 
space and reduce redundancy, followed by 3 × 3 convolutions to cap-
ture local spatial structures, further reducing the feature dimensionality 
to 64 while preserving the spatial resolution. On this basis, lightweight 
residual blocks are introduced to further refine the extracted features. 
Specifically, each residual block employs a bottleneck design compris-
ing two 1 × 1 convolutional layers for channel compression and restora-
tion. The first layer reduces the channel dimension from 64 to 16, 
and the second layer restores it back to 64, thereby reducing computa-
tional cost without compromising feature discriminability. This residual 
structure also facilitates gradient flow and enhances representational 
capacity.
5 
The second stage enriches this representation by fusing the stage-1 
features with the original input along the channel dimension, resulting 
in a concatenated channel size of (𝑖𝑛𝑐ℎ𝑎𝑛𝑛𝑒𝑙+64). The fused features are 
then projected to 128 dimensions via a 1 × 1 convolution, followed by a 
3 × 3 convolution and a residual block with the same structure as in the 
first stage. This skip connection ensures that discriminative low-level 
textures are preserved while higher-level semantics are developed.

The third stage, the output of the second stage is concatenated with 
the original input along the channel dimension. The resulting features 
are then processed by a 1 × 1 convolution followed by a 3 × 3 convo-
lution. Unlike the previous stages, the third stage employs stride-based 
downsampling and padding-free convolutions to sharpen the spatial 
focus on central, semantically critical regions, thereby strengthening 
the model’s attention to the most informative parts of the scene.

The transformation at each stage 𝑘 ∈ {1, 2, 3} can be formulated as:
𝐟𝑘 = 𝑘

(

𝜎(𝐖𝑘 ∗ 𝐙𝑘 + 𝐛𝑘)
)

(9)

where ∗ denotes the 2D convolution operator, 𝜎(⋅) is the non-linear 
activation function, 𝑘(⋅) represents the residual unit, and 𝐙𝑘 is the 
input feature map to the 𝑘th stage.

The outputs from all stages are aggregated into a unified multi-scale 
representation through a two-step process: each stage’s feature map 𝑓𝑘
is first condensed via Global Average Pooling (GAP), and the resulting 
descriptors are then concatenated along the channel dimension. This is 
compactly expressed as: 
𝐟 = [GAP(𝐟1); GAP(𝐟2); GAP(𝐟3)] (10)

where denotes the channel-wise concatenation operator across stages. 
The resulting representation 𝐟 integrates hierarchical spectral–spatial 
patterns. Each stage produces a 64-dimensional vector, which are con-
catenated to form a 192-dimensional feature representation, enabling 
the discriminator to construct a feature space that is both discriminative 
and robust to domain variations.

2.2.2. Domain-disparity decorrelation constraint
To overcome the trade-off between strict domain invariance and 

intra-domain discriminability, we introduce a domain-disparity decor-
relation constraint. This is particularly relevant for HSIs, which exhibit 
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Fig. 4. Schematic diagram of the Domain-disparity Decorrelation Discriminator. The framework employs multi-scale residual blocks to enhance feature extraction 
capabilities and preserves intra-domain discriminative information beneficial for classification through decorrelation constraints.
Table 1
Structural configuration and parameter settings of each stage in MRCE.
 Detailed Configuration of the MRCE Architecture
 Stage Input channels Operation Kernel size Output channels Stride Padding Description  
 Stage 1 𝑖𝑛𝑐ℎ𝑎𝑛𝑛𝑒𝑙 Conv 1 × 1 128 1 0 Spectral compression  
 128 Conv 3 × 3 64 1 1 Spatial modeling  
 64 ResBlock 1 × 1 → 1 × 1 64 1 0 Bottleneck structure  
 Stage 2 𝑖𝑛𝑐ℎ𝑎𝑛𝑛𝑒𝑙 + 64 Conv 1 × 1 128 1 0 Concatenated input  
 128 Conv 3 × 3 64 1 1 Spatial modeling  
 64 ResBlock 1 × 1 → 1 × 1 64 1 0 Bottleneck structure  
 Stage 3 𝑖𝑛𝑐ℎ𝑎𝑛𝑛𝑒𝑙 + 64 Conv 1 × 1 128 1 0 Concatenated input  
 128 Conv 3 × 3 64 1 0 spatial size reduction  
 64 ResBlock 1 × 1 → 1 × 1 64 1 0 Bottleneck structure  
 Fusion 64 × 3 GAP – 64 – – Stage-wise compression 
 192 Concat – 192 – – Multi-scale fusion  
complex same object, different spectra and same spectra, different 
objects relationships. Conventional domain alignment methods typi-
cally pursue strict statistical consistency between source and target 
feature distributions. However, when applied to hyperspectral data, 
such rigid constraints often introduce a trade-off: in attempting to 
eliminate inter-domain discrepancies, the model may overlook subtle 
yet crucial discriminative features, leading to degraded intra-class dis-
criminability. This module is designed to break this rigid alignment 
paradigm through a feature decoupling mechanism.

Let 𝑓𝑆 and 𝑓𝐺 denote the multi-scale feature representations of 
the source sample 𝐗𝑆 and the generated sample 𝐗𝐺 extracted by 
the encoder, respectively. Both features are further fed into a shared 
two-layer fully connected network with ReLU activations to obtain 
refined representations 𝑓 (𝐗𝑆 ) and 𝑓 (𝐗𝐺). The domain disparity is then 
explicitly modeled as the residual 𝐫 = 𝑓 (𝐗𝑆 )−𝑓 (𝐗𝐺). Unlike alignment 
strategies that directly minimize numerical distances between features, 
we allow for the presence of reasonable discrepancies and model them 
as residual components that encode domain-specific information. To 
prevent this residual from carrying class-relevant information, we pass 
it through a lightweight auxiliary classifier to obtain a class-probability 
distribution 𝐏 = 𝐷 (𝐫). The objective is to maximize the entropy of this 
𝑟 𝑐

6 
distribution to further relax the consistency constraint: 

𝐻(𝐫) = −
∑

𝑐
𝐏𝑟 log

(

𝐏𝑟 + 𝜀
)

(11)

where 𝜀 is a small constant for numerical stability. During iterative 
training, optimize the decorrelation loss. From an information-theoretic 
perspective, maximizing the residual prediction entropy 𝐻(𝑟) enforces 
the removal of class-discriminative information from 𝑟, driving it to 
become a purely class-agnostic component. In the representation space, 
this mechanism can be interpreted as an orthogonalization constraint, 
where domain-specific variations are pushed into a complementary 
subspace that does not interfere with the discriminative feature space. 
Through this non-aggressive alignment strategy, the core semantic 
space is protected from the adverse effects of over-alignment, enabling 
effective reduction of inter-domain discrepancies while preserving well-
defined class boundaries. This ultimately achieves a favorable balance 
between domain invariance and discriminability. The decorrelation loss 
is defined as the negative entropy averaged over a batch of 𝑁 sample 
pairs: 

decorr = − 1
𝑁

𝑁
∑

𝐻(𝐫𝑖) (12)

𝑖=1
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Fig. 5. Pseudo-color image and ground truth map of Pavia dataset. (a) Pseudo-
color image of Pavia U. (b) Ground truth map of Pavia U. (c) Pseudo-color 
image of Pavia C. (d) Ground truth map of Pavia C.

Minimizing decorr encourages the residual 𝑟 to be uninformative 
with respect to class labels, effectively pushing domain-specific vari-
ations into a subspace orthogonal to the discriminative feature direc-
tions. This allows the model to retain valuable intra-domain distinctions 
while still learning representations that generalize across domains.

2.3. Loss function

The overall objective of SD3Net is to learn a discriminative yet 
domain-robust feature representation using only single-source super-
vision. The total loss function integrates a classification objective 
with the proposed domain-disparity decorrelation constraint, enabling 
the model to preserve intra-class discriminability while suppressing 
domain-sensitive variations.

To handle the class imbalance commonly present in hyperspectral 
datasets, we adopt a weighted cross-entropy loss. For a sample with 
ground truth, one-hot label 𝑦𝑖 and predicted probability vector 𝑝𝑖 from 
the discriminator’s classification head 𝐷𝑐 (⋅), the per-sample loss is: 

ce(𝐩𝑖, 𝐲𝑖) = −
∑

𝑐
𝑦𝑐𝑖 log 𝑝

𝑐
𝑖 (13)

Both source samples 𝐗𝑆 and simulated samples 𝐗𝐺 are used for classi-
fication training, ensuring that the model learns consistent categorical 
semantics across simulated domain shifts. The source-domain classifi-
cation loss and the simulated-domain classification loss are respectively 
defined as: 

sd = 1
𝑁

𝑁
∑

𝑖=1
ce(𝐷𝑐 (𝐗𝑖

𝑆 ), 𝐲𝑖) (14)

sim = 1
𝑁

𝑁
∑

𝑖=1
ce(𝐷𝑐 (𝐗𝑖

𝐺), 𝐲𝑖) (15)

The overall classification loss is a weighted combination of the two: 

cls = 𝜆1sd + 𝜆2sim (16)

where 𝜆1, 𝜆2 balance the contribution of real and simulated samples.
The final loss for the discriminator is: 

total = cls + 𝜆3decorr (17)

where 𝜆3 controls the strength of the decorrelation regularization. 
During training, cls ensures basic discriminative performance on both 
source and simulated data, while decorr actively isolates domain-
related variations from the classification-relevant feature subspace. This 
combined objective allows the model to maintain high discriminability 
within domains while achieving robust generalization across unseen 
target scenarios.
7 
Table 2
Labeled sample statistics for Pavia data sets.

Number of sampleColor Class Name Source Domain 
(Pavia U)

Target Domain 
(Pavia C)

Trees 3064 7598
Asphalt 6631 9248
Bricks 3682 2685
Bitumen 1330 7287
Shadows 947 2863
Meadow 18649 3090
Bare soil 5029 6584

Total 39332 39355

Fig. 6. Pseudo-color image and ground truth map of HyRANK dataset. (a) 
Pseudo-color image of Dioni. (b) Ground truth map of Dioni. (c) Pseudo-color 
image of Loukia. (d) Ground truth map of Loukia.

3. Experimental results and discussion

3.1. Datasets and evaluation metrics

3.1.1. Dataset description
To evaluate the proposed method under SSDG settings, we conduct 

systematic cross-scene HSI classification experiments on three public 
benchmarks: the Pavia, HyRANK, and WHU-Hi datasets. These datasets 
exhibit pronounced differences in sensors, spatial resolutions, spec-
tral ranges, and land-cover categories, offering a rigorous testbed for 
assessing generalization capability across substantial domain shifts.

The Pavia dataset consists of two urban scenes acquired by the 
ROSIS sensor: Pavia University (PU) and Pavia Centre (PC). The spec-
tral range is 430–860 nm. After removing noisy and water-absorption 
bands, 103 bands are retained for PU and 102 bands for PC. Both 
images have a spatial resolution of 1.3 m, with PU measuring 610 × 340 
pixels and PC 1096 × 715 pixels. The detailed distribution of labeled 
samples for the source and target domains is provided in Table  2. Fig.  5 
shows the corresponding false-color composites and ground-truth maps.

The HyRANK dataset contains two suburban/agricultural scenes 
from the Hyperion sensor: Dioni (250 × 1376 pixels) and Loukia 
(249 × 945 pixels). It comprises 176 spectral bands covering visible to 
short-wave infrared ranges, with a spatial resolution of 30 m. We adopt 
12 common land-cover categories for evaluation, ensuring semantic 
consistency across domains. The labeled sample statistics are listed in 
Table  3, and the false-color images, along with the ground truth, are 
displayed in Fig.  6.

The WHU-Hi dataset includes two UAV-based scenes: HongHu (HH) 

and HanChuan (HC). HH has 940 × 475 pixels at 0.043 m resolution, 
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Table 3
Labeled sample statistics for HyRANK data sets.

Number of sampleColor Class Name Source Domain 
(Dioni )

Target Domain 
(Loukia)

Dense urban fabric 1262 206
Mineral extraction sites 204 54
Non-irrigated arable land 614 426

Fruit trees 150 79
Olive groves 1768 1107

Coniferous forest 361 422
Dense sclerophyllous vegetation 5035 2996
Sparse sclerophyllous vegetation 6374 2361

Sparsely vegetated areas 1754 399
Rocks and bare soil 492 453

Water bodies 1612 1393
Coastal water 398 421

Total 20024 10317
Fig. 7. Pseudo-color image and ground truth map of WHU dataset. (a) Pseudo-
color image of HongHu. (b) Ground truth map of HongHu. (c) Pseudo-color 
image of HanChuan. (d) Ground truth map of HanChuan.

Table 4
Labeled sample statistics for WHU data sets.

Number of sampleColor Class Name Source Domain (Honghu) Target Domain (Hanchuan)
Trees 4040 15558

Bare soil 21821 9116
Red roof 14041 10516

Total 39902 35190

while HC has 1217 × 303 pixels at 0.109 m resolution. Spectral cover-
age is 400–1000 nm. To align spectral dimensions, we use the first 270 
bands from both scenes. Three dominant classes — tree cover, red roofs, 
and bare soil — are selected for cross-domain evaluation. The sample 
statistics are summarized in Table  4, and the corresponding false-color 
and ground-truth maps are presented in Fig.  7.

3.1.2. Evaluation metrics
To evaluate classification performance, we adopt Overall Accuracy 

(OA) and the Kappa coefficient as the primary quantitative metrics. 
OA measures the percentage of correctly classified pixels, while Kappa 
accounts for class imbalance and chance agreement, providing a more 
robust assessment of model consistency. For qualitative analysis, we vi-
sually compare the generated classification maps to assess spatial coher-
ence, boundary sharpness, and structural preservation across different 
land-cover types under domain shift.
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Table 5
Hyperparameter settings for different datasets.
 Dataset Patch size 𝜆1 𝜆2 𝜆3 
 Pavia (Pavia U & Pavia C) 13× 13 0.1 1 1  
 HyRANK (Dioni & Loukia) 7× 7 0.1 0.1 1  
 WHU (Honghu & Hanchuan) 7× 7 0.1 0.3 1  

3.2. Comparison methods and experimental setup

3.2.1. Comparison methods
To rigorously evaluate the proposed SD3Net, we compare it with 

six recent state-of-the-art SSDG methods that represent the mainstream 
technical directions in HSI classification. These methods cover key 
paradigms, including generative augmentation, spectral–spatial decou-
pling, causal inference, style randomization, graph alignment, and fea-
ture decomposition, thereby forming a comprehensive and competitive 
benchmark for SSDG.

3.2.2. Experimental settings
We align the spectral dimensions between the source and target 

domains to ensure a fair cross-scene evaluation. For Pavia, Pavia Uni-
versity (PU) is trimmed to 102 bands to match Pavia Centre (PC). 
WHU-Hi datasets are aligned to 270 common bands. The HyRANK 
datasets retain their native 176 bands. During training, random flip-
ping and radiometric noise are applied for augmentation, and spatial 
padding is used to maintain patch-size consistency.

All datasets follow an 80%–20% training–validation split. The SDSG 
and D3 are optimized alternately in an adversarial manner: the D3

is updated with the combined classification and decorrelation loss, 
followed by the SDSG using the corresponding generative objective. 
Training continues until validation accuracy converges, and the best 
model is selected for testing.

We use a learning rate of 1 × 10−3, batch size 256, and train for 
400 epochs across all experiments. Patch sizes and loss weights are 
tuned per dataset as shown in Table  5. All baselines are run with their 
officially reported settings. Results are averaged over 10 independent 
runs and reported as mean deviation. Experiments are performed on 
Ubuntu 22.04.5 LTS with PyTorch 2.4.1 and Python 3.8.20, using one 
NVIDIA RTX 3090 Ti GPU for acceleration.

We conduct a parameter sensitivity analysis on the essential hy-
perparameters and in the objective function, with quantitative results 
intuitively illustrated in the 3D surface plot (Fig.  8). Since the op-
timization depends primarily on the relative ratios among the loss 
components, we adopt the standard practice of fixing as an anchor to 
shrink the combinatorial search space. Subsequently, and are precisely 
adjusted within the range of [0.1,1] to evaluate their joint impact on 
the overall classification accuracy. The results show that the model 
maintains stable performance across a wide range of weight varia-
tions, and achieves the best performance under the parameter settings 
reported in Table  5.
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Fig. 8. Joint Sensitivity Analysis of 𝜆1 and 𝜆2 Across Multiple Datasets.
Table 6
Classification results on Pavia dataset (PU→PC).
 Categories SDENet FDGNet S2ECNet LLURNet TSTNet NSGNet SD3Net 
 Trees 79.59 86.88 89.27 91.33 72.86 86.68 97.28  
 Asphalt 81.63 86.16 81.25 87.48 90.17 86.81 91.44  
 Bricks 65.14 86.44 46.15 81.08 56.05 70.99 94.08  
 Bitumen 84 84.60 82.01 86.88 67.61 79.36 82.53  
 Shadows 81.07 78.80 98.29 83.93 91.13 86.59 93.61  
 Meadow 79.09 77.18 79.09 70.61 95.31 78.06 77.02  
 Bare soil 80.92 65.16 81.79 86.32 69.84 74.88 81.88  
 OA 80.19 81.35 81.70 85.90 76.46 81.63 88.52  
 Kappa 76.25 77.69 77.99 83.01 71.17 77.93 86.18  
Fig. 9. Ground truth and classification results of all methods on PaviaC.
3.3. Experimental results and analysis

Quantitative results are summarized in Tables  6–8, and the corre-
sponding thematic maps are illustrated in Figs.  9–11.

In the cross-scene experiment on the Pavia dataset, SD3Net achieves 
an OA of 88.52% and a Kappa coefficient of 86.18%, significantly 
outperforming all comparative methods in overall performance and 
exhibiting more stable classification results across multiple land-cover 
categories. In the Pavia dataset, images from urban areas and university 
scenes exhibit not only pronounced discrepancies in spatial structures 
but also notable variations in spectral responses induced by differences 
in atmospheric and illumination conditions. These factors make it 
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challenging for methods that rely solely on feature alignment or simple 
data augmentation strategies to adequately capture the true target-
domain distribution. By jointly simulating spatial structural variations 
and spectral distribution shifts through SALS and MSVS in the genera-
tion stage. The model obtains a richer set of potential target-domain 
samples. The introduced Domain-Disparity Decorrelation Constraint 
mechanism prevents excessive Suppression of domain disparities during 
feature learning, ensuring that classification-beneficial discriminative 
cues are not discarded due to an overemphasis on strict domain in-
variance. Consequently, the proposed method is able to simultaneously 
maintain sufficient distribution coverage and discriminative feature 
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Table 7
Classification results on HyRANK dataset (Dioni→Loukia).
 Categories SDENet FDGNet S2ECNet LLURNet TSTNet NSGNet SD3Net 
 Dense urban fabric 28.16 14.08 15.05 38.35 24.76 11.65 29.61  
 Mineral extraction sites 100 79.63 98.15 1.85 11.11 31.48 18.52  
 Non-irrigated arable land 21.60 0 4.46 46.01 27.23 45.31 48.59  
 Fruit trees 1.27 0 0 15.19 24.05 7.59 1.27  
 Olive groves 29.45 3.52 22.22 0.27 20.23 8.13 0.00  
 Coniferous forest 40.28 36.73 21.80 13.74 2.37 26.78 34.6  
 Dense sclerophyllous vegetation 69.63 72.13 87.52 79.77 77.77 73.36 78.07  
 Sparse sclerophyllous vegetation 58.24 69.42 58.11 65.31 73.06 78.53 74.12  
 Sparsely vegetated areas 75.94 82.43 66.67 72.68 40.85 39.85 20.3  
 Rocks and bare soil 39.96 0 2.43 39.07 0.44 3.75 55.41  
 Water bodies 99.93 100 100 100 100 100 100  
 Coastal water 100 100 82.9 100 100 100 100  
 OA 62.61 60.18 62.56 63.60 62.62 62.86 64.55  
 Kappa 54.69 50.75 53.28 54.77 53.19 53.77 55.56  
Fig. 10. Ground truth and classification results of all methods on the Loukia.
integrity under cross-urban scenarios, leading to more reliable domain 
generalization performance.

On the HyRANK dataset, SD3Net attains an OA of 64.55% and a 
Kappa coefficient of 55.56%. This dataset comprises wide-band hyper-
spectral imagery covering the visible to short-wave infrared spectrum, 
where the uneven spectral discriminability among classes results in 
imbalanced inter-class separability. Most baseline methods suffer from 
severe performance degradation — even reaching zero accuracy in 
certain categories (e.g., Classes 3 and 10) — our network maintains 
competitive advantages of 48.59% and 55.41%, respectively. This re-
silience is credited to the MSVS. By exchanging multi-scale channel 
statistics, MSVS systematically simulates spectral shifts caused by sen-
sors and atmospheric conditions. This ‘‘structured simulation’’ strategy 
covers potential target domain distributions more effectively than sim-
ple feature style transfers. This allows the model to retain the fine-
grained spectral information needed to distinguish similar objects even 
under significant distribution shifts, achieving more reliable generaliza-
tion in harsh conditions. As a result, SD3Net significantly outperforms 
comparative methods on multiple challenging classes, demonstrating 
stronger generalization ability. However, compared with the other 
two datasets, the OA and Kappa on the HyRANK dataset are rela-
tively lower. Through comparative analysis, we observe that HyRANK 
differs substantially from datasets such as Pavia or Houston. Specifi-
cally, it exhibits a pronounced long-tail distribution (i.e., severe class 
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imbalance) in land-cover categories. Since single-source domain gen-
eralization methods rely heavily on prior knowledge extracted from a 
single source domain, extreme discrepancies in class composition and 
imaging conditions between the source and target domains impose in-
herent limitations on the coverage of simulated domains. Nevertheless, 
although the performance gain of SD3Net on this dataset is smaller than 
that on the other datasets, its classification accuracy still significantly 
surpasses that of existing baseline models. This demonstrates that 
even in highly complex scenarios, the structured simulation strategy 
of SD3Net can capture more robust features than generic augmentation 
methods.

In the WHU cross-scene experiment, SD3Net exhibits the most pro-
nounced overall advantage, achieving an OA of 86.67% and a Kappa 
coefficient of 79.46%, and maintaining a clear lead over all compar-
ative methods. In the WHU dataset, classes such as Red roof and 
Bare soil exhibit severe spectral overlap, which, together with scene-
induced spatial structural variations, makes cross-domain classification 
particularly challenging. By jointly generating samples through spatial 
structure simulation and spectral distribution simulation, SD3Net effec-
tively expands the coverage of coupled spatial–spectral variations in 
the potential target domain. Nevertheless, distribution simulation alone 
is insufficient to resolve the ambiguity among highly confused classes, 
as overly strong domain alignment tends to weaken the modeling of 
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Table 8
Classification results on WHU dataset (HH→HC).
 Categories SDENet FDGNet S2ECNet LLURNet TSTNet NSGNet SD3Net 
 Trees 92.89 95.47 95.48 95.36 94.89 93.67 92.58  
 Bare soil 94.10 82.72 85.23 80.91 78.67 83.33 89.53  
 Red roof 35.71 34.55 35.80 33.85 47.66 30.26 75.48  
 OA 77.19 75.35 76.30 74.66 77.76 76.43 86.67  
 Kappa 64.71 61.30 62.84 60.20 64.95 62.96 79.46  
Fig. 11. Ground truth and classification results of all methods on the Hanchuan.
fine-grained class differences. The Domain-disparity Decorrelation Con-
straint mechanism explicitly mitigates the coupling between domain-
related variations and class-discriminative factors, preventing features 
that are critical for distinguishing similar classes from being excessively 
suppressed. Consequently, the proposed method maintains sensitivity 
to key discriminative information under severe spectral confusion, 
leading to significant accuracy improvements on classes such as Red 
roof.

These results indicate that SD3Net simultaneously achieves effective 
adaptation to cross-scene distribution shifts and stable preservation 
of discriminative capability under the single-source setting, thereby 
delivering consistent and reliable domain generalization performance 
across different datasets.

3.4. Parameter analysis

To assess the stability and robustness of SD3Net under various 
configurations, a systematic sensitivity analysis is conducted regarding 
the base learning rate 𝜂, the regularization coefficient 𝜆, and the spatial 
patch size. As illustrated in Fig.  12, the proposed network demonstrates 
consistent performance trends across the Pavia, HyRANK, and WHU 
datasets.

The base learning rate is pivotal for balancing the adversarial opti-
mization between the SDSG and the discriminative classifier. Fig.  12(a) 
reveals that the classification accuracy across all target scenes reaches 
its peak at 𝜂 = 10−3. An excessively small learning rate leads to insuffi-
cient convergence, hindering the generator from adequately capturing 
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the distribution expansion information introduced by the spatial and 
spectral simulation modules. Conversely, a large learning rate disrupts 
the dynamic equilibrium between the generator and the discriminator. 
In particular, excessive gradient updates render the categorical entropy 
constraint on residual components unstable, leading to a significant 
degradation in classification accuracy. For the regularization parameter 
𝜆, as shown in Fig.  12(b), the optimal value for all three datasets is 
10−4. When 𝜆 is below this threshold, the efficacy of the Domain-
disparity decorrelation is diminished, causing the model to converge 
toward traditional domain generalization paradigms that rely on strict 
feature invariance. This tendency risks suppressing discriminative intra-
domain attributes beneficial for classification. On the other hand, an 
excessively large 𝜆 imposes an over-stringent category-independence 
constraint on the residual components, which may interfere with the 
extraction of discriminative spatial–spectral features and subsequently 
weaken the overall classification capability.

The selection of spatial patch size directly influences the capacity of 
the SALS to model local contextual relationships and determines the ef-
ficiency of the discriminator in joint spatial–spectral feature extraction. 
Fig.  12(c) demonstrates that the optimal patch size varies according to 
the inherent spatial characteristics of the datasets. For datasets with 
coarser spatial resolution, such as HyRANK, a moderate patch size 
is sufficient to capture meaningful neighborhood context, since each 
pixel already covers a relatively large ground area, and excessively 
large patches tend to introduce redundant background information. 
In contrast, for high-resolution datasets, including Pavia and WHU, 
larger spatial patches are more beneficial as they encompass richer 
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Fig. 12. Sensitivity analysis of SD3Net with respect to (a) base learning rate, (b) regularization coefficient, and (c) spatial patch size on the Pavia, HyRANK, and 
WHU datasets.
Table 9
Ablation study of the SALS, MSVS, and domain-disparity decorrelation constraint modules for three cross-scene hyperspectral 
image classification tasks. 
 Generator Discriminator PAVIA HYRANK WHU  
 Class SALS MSVS Domain-disparity Decorrelation Constraint OA OA OA  
 1 × ✓ ✓ 87.88±0.90 63.85±0.47 84.72±1.25  
 2 ✓ × ✓ 87.01±0.82 63.48±0.42 85.09±1.41  
 3 ✓ ✓ × 85.03±0.99 63.16±0.34 78.10±1.77  
 4 ✓ ✓ ✓ 88.52±1.03 64.55±0.92 86.67±0.47 
fine-grained structural details and object-level spatial relationships. In 
particular, for the Pavia dataset with complex urban layouts, a patch 
size of 13 × 13 provides a favorable balance between contextual cover-
age and noise suppression, enabling spatial structure perturbations to 
more accurately reflect real-world land-cover distributions and yielding 
optimal accuracy. However, for the WHU dataset with extremely high 
spatial resolution, overly large patches may introduce excessive local 
variability and background clutter, which can hinder the extraction of 
discriminative representations. These results suggest that tailoring the 
patch size to the inherent spatial scale of disparate scenes is crucial for 
fully leveraging the distribution simulation mechanism. In summary, 
the sensitivity analysis presented in Fig.  12 empirically validates the 
stability and robustness of the proposed distribution simulation and 
Domain-disparity decorrelation strategies. The balanced performance 
across a wide range of settings underscores that the effectiveness of 
the proposed framework stems from its integrated design in semantic-
anchored layout, multi-scale spectral variation, and domain-disparity 
decorrelation.

3.5. Ablation experiment

This section verifies the necessity of the SALS, MSVS, and Domain 
Difference Decoupling (DDD) constraint through an ablation study. We 
tested the classification results under the following conditions: (1) with-
out SALS, (2) without MSVS, (3) without DDD, and (4) the complete 
framework (SD3Net). The experimental results are summarized in Table 
9, showing the OA performance of each module across three cross-scene 
tasks.

The ablation results show that the complete framework achieves 
the best performance across all scenarios, validating the synergistic 
effects of the components in handling the coupled relationship between 
ground object structure and spectral response.

When the SALS is removed from the generator, the OA decreases by 
0.64%, 0.70%, and 1.95% on the Pavia, HyRANK, and WHU datasets, 
respectively. In the absence of SALS, the model relies primarily on 
spectral-level transformations while failing to account for variations 
in spatial contextual layouts. By contrast, the introduction of seman-
tically guided spatial reorganization transforms indiscriminate random 
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perturbations into physically meaningful, structured simulations, en-
suring topological consistency in the spatial configurations of gen-
erated samples. This mechanism facilitates the learning of more ro-
bust spatio-spectral representations and significantly enhances spatial 
generalization capability in unseen target domains.

Removing the MSVS leads to a pronounced degradation in classifi-
cation performance, with OA values dropping to 87.01%, 63.48%, and 
85.09% on the Pavia, HyRANK, and WHU datasets, respectively. Given 
the sensitivity of hyperspectral imagery to spectral distortions induced 
by sensor discrepancies and atmospheric conditions, the absence of 
the multi-scale statistical stylization mechanism substantially limits 
the model’s ability to simulate dynamic spectral response variations. 
Consequently, the extracted features exhibit reduced robustness across 
spectral dimensions, resulting in inferior cross-domain generalization 
performance.

The most severe performance decline is observed when the Domain-
disparity Decorrelation Constraint is removed from the discriminator. 
On the WHU dataset, the OA decreases from 86.67% to 78.10%, corre-
sponding to a nearly 9% performance drop, with similarly significant 
degradation observed on the Pavia and HyRANK datasets. This result 
highlights the critical role of the Domain-disparity Decorrelation Con-
straint in decoupling domain-specific variations, allowing the model 
to preserve fine-grained discriminative information while enforcing 
cross-domain feature consistency.

Overall, the results across the three cross-scene experiments indicate 
that the performance improvements of SD3Net do not stem from the iso-
lated contribution of any single module, but rather from the synergy be-
tween the distribution simulation mechanism and the domain disparity 
decoupling strategy at the level of feature learning objectives. SALS and 
MSVS, along with their core sub-mechanisms, effectively expand the 
source-domain distribution, enabling the model to cover complex and 
diverse target-domain variations, while Domain-disparity Decorrelation 
Constraint prevents an excessive pursuit of strict domain invariance 
and ensures the preservation of domain-related differences that are 
beneficial for classification. This tripartite collaboration enables the 
model to more effectively approximate the underlying target-domain 
distribution, thereby substantially improving cross-scene classification 
reliability in unseen environments.
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Table 10
Results of time complexity and parameter analysis.
 Time Complexity and Parameter Analysis
 Categories SDENet FDGNet S2ECNet LLURNet TSTNet NSGNet SD3Net 
 Training Time (s) 9836.23 10116.57 138924.42 9260.39 22500.85 840.78 806.67 
 Inference Time (s) 14.73 14.38 166.59 15.05 21.77 14.33 14.28  
 Parameters (M) 2.53 4.23 2.27 0.60 7.80 0.67 2.61  
3.6. Time complexity and computational cost analysis

To comprehensively evaluate the deployment potential of SD3Net in 
practical remote sensing scenarios, we further conduct a computational 
complexity analysis on the Pavia University dataset. The evaluation 
metrics include Training Time, Inference Time, and the number of 
model parameters. SD3Net is compared with several mainstream do-
main generalization methods, including SDENet, FDGNet, S2ECNet, 
LLURNet, TSTNet, and NSGNet, and the results are reported in Table 
10.

From the perspectives of Training Time and Inference Time, SD3Net 
achieves 806.67 s and 14.28 s, respectively, demonstrating the best 
computational efficiency among all compared methods. This advantage 
mainly stems from the efficient structured image generation mechanism 
adopted in SALS and MSVS, which enhances the diversity of feature 
perturbations while promoting faster model convergence, thereby ef-
fectively reducing training cost. Meanwhile, these two modules are 
only active during training and are removed during inference, intro-
ducing no additional computational burden at test time. This further 
ensures low inference time, enabling the model to maintain strong 
generalization capability while achieving higher operational efficiency.

In terms of parameter scale, SD3Net contains 2.61 M parameters, 
which is lower than FDGNet (4.23 M) and TSTNet (7.80 M), and 
only higher than S2ECNet, LLURNet, and NSGNet. Although SALS and 
MSVS are introduced, the additional parameter growth is effectively 
controlled, demonstrating that SD3Net achieves superior performance 
while maintaining relatively low model complexity, thereby striking a 
favorable balance between accuracy and lightweight design.

3.7. Limitations analysis

Despite the excellent performance of SD3Net in the task, inherent 
generalization limitations of single-source domain generalization still 
remain in practical deployment. The SALS and MSVS modules perform 
structured simulation of spatial and spectral distributions based on 
source-domain prior knowledge. However, under extreme scenarios — 
such as recognition tasks across long temporal gaps or highly heteroge-
neous conditions involving sensors with substantial spatial resolution 
discrepancies — the performance gains obtained by expanding source-
domain priors may diminish. In addition, the performance observed 
on HyRANK indicates that, in more challenging scenarios, severe class 
imbalance, long-tailed distributions, and highly heterogeneous imaging 
conditions may affect the scalability of the system. These scenarios 
reflect a fundamental limitation of single-source generalization: when 
domain shifts exceed the scope of physical priors, its generalization 
capability may be constrained.

To further improve model performance under these scenarios, future 
research will explore integrating generalized prior knowledge from 
multimodal large models into the proposed framework [49]. Such mod-
els can provide richer and more transferable representations, thereby 
compensating for the lack of diversity in a single data source. Moreover, 
to address sensitivity issues related to specific datasets, we plan to 
adopt self-supervised pretraining strategies to further optimize feature 
extraction under complex conditions. By combining the structured sim-
ulation advantages of SD3Net with broader global generalization prior 
knowledge, it is expected that the robustness and universality of hyper-
spectral image classification systems can be fundamentally enhanced to 
meet the demands of complex real-world application scenarios.
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4. Conclusion

In this article,a novel SSDG framework, termed SD3Net, is proposed 
to address the pronounced data distribution shifts in cross-scene HSI 
classification. By synergistically integrating the Structured Data Sim-
ulation Generator with the Domain-Disparity Decorrelation strategy, 
the proposed framework systematically characterizes structured cross-
domain variations while relaxing the assumption of strict feature invari-
ance. Experimental results across multiple challenging hyperspectral 
datasets demonstrate that our approach effectively approximates the 
underlying data distribution of unseen domains and preserves essential 
intra-domain discriminative attributes, achieving superior generaliza-
tion performance without requiring prior information from the target 
domain. Future research will explore the integration of physical model-
based priors with deep learning architectures, specifically focusing on 
dictionary unfolding mechanisms. By formulating hyperspectral SSDG 
as a sparse coding problem within a deep unfolding framework, we 
aim to achieve more interpretable and robust feature disentanglement, 
thereby further enhancing the reliability of hyperspectral interpretation 
in complex and unobserved environments.
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Appendix A. Module-wise ablation experiment analysis

To validate the independent contributions and necessity of each core 
sub-module, we further design three sets of ablation experiments: (1) 
a sample selection ratio ablation for SALS, (2) a multi-scale grouping 
ablation for the MSVS module, and (3) an entropy maximization con-
straint ablation for D3. Such analyses are essential for disentangling and 
understanding the internal contribution mechanisms of SD3Net.

It can be observed from Table  A.11 that when the sample selection 
ratio in SALS varies, the overall impact on OA remains relatively 
stable. The current threshold of 40% is designed to balance sample 
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Table A.11
Comparative experiment with Percentile Threshold.
 Comparative Experiment (Percentile Threshold) OA/Kappa
 Dataset 0.2 0.4 0.6 0.8 1.0  
 Pavia 88.31/85.95 88.52/86.18 86.97/84.33 85.92/83.07 87.75/84.85 
 HyRANK 61.39/51.60 64.55/55.56 62.48/53.39 63.50/54.33 62.47/53.49 
 WHU 77.20/63.89 86.67/79.46 76.37/62.17 76.54/63.41 84.26/74.92 
Table A.12
Ablation experiment on spatial multiscale .
 Ablation Experiment (Spatial Multiscale) OA/Kappa
 Dataset Full Scale 64 64+32 64+32+16 64+32+16+8 64+32+16+8+4 
 Pavia 86.02/81.77 86.28/83.24 86.20/83.13 88.52/86.18 86.61/83.92  
 HyRANK 62.15/52.67 61.13/51.47 62.74/53.14 64.55/55.56 62.01/51.93  
 WHU 84.30/75.20 76.14/63.07 79.76/68.11 86.67/79.46 80.41/69.06  
Table A.13
Ablation experiment on the discriminator.
 Ablation Experiment (Discriminator) OA/Kappa
 Dataset Original discriminator Remove entropy loss 
 Pavia 88.52/86.18 84.03/80.91  
 HyRANK 64.55/55.56 61.37/51.54  
 WHU 86.67/79.46 75.92/62.51  

diversity and physical plausibility. In hyperspectral imagery, the spatial 
correlation between central objects and their surrounding background 
constitutes an important structural prior. Blindly exchanging all sam-
ples would introduce a large number of noisy samples with disordered 
spatial logic and weak physical meaning. To address this, we compute 
and rank the feature differences between the center and background, 
selecting only the top 40% of samples with the most significant dis-
crepancies for swapping. These experiments further demonstrate that 
this ratio most effectively simulates realistic object-boundary variations 
while avoiding training interference caused by low-quality recomposed 
images.

It can be observed from Table  A.12 that when the multi-scale 
grouping strategy in MSVS is removed, the results show consistent 
performance degradation across all three cross-scene tasks. Specifically, 
the OA drops by approximately 2 percentage points on the Pavia and 
HyRANK datasets, and by around 5 percentage points on the WHU 
dataset. This indicates that, compared to conventional single-channel 
style transformations, the proposed multi-scale grouping strategy more 
comprehensively captures nonlinear distortions across different spectral 
bands, making it indispensable for modeling complex spectral domain 
shifts.

It can be observed from Table  A.13 that when the entropy max-
imization constraint in the D3 module is removed, the model per-
formance significantly declines across all three cross-scene tasks. In 
particular, the OA decreases by 4.49 percentage points on the Pavia 
dataset, 3.18 percentage points on HyRANK, and 10.75 percentage 
points on WHU. These results verify that maximizing residual entropy 
in the discriminator plays a critical role in relaxing over-restrictive 
alignment constraints and preventing the collapse of discriminative 
semantics, thereby serving as the key driving force for effective feature 
decoupling.

Appendix B. Spectral visualization analysis

To intuitively verify whether the proposed Multi-Scale Spectral 
Variation Simulation (MSVS) module follows the physical principles of 
hyperspectral data while generating diversified samples, we conducted 
a visual comparison of spectral curves before and after transforma-
tion. Specifically, we extracted the original sample together with its 
transformed counterparts under four different scales (𝑠 = 64, 32, 16, 8), 
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and mapped them back into the spectral domain for curve plotting. 
As shown in Fig.  B.13, although MSVS introduces a channel grouping 
strategy, the spectral curves at different scales, after being restored to 
the original dimensionality (Fig.  B.13, green, brown, and blue curves), 
maintain an overall shape that highly agrees with the original spec-
tral envelope across full channels (red curve). No unreasonable band 
mutations or artifacts are observed at key absorption peaks or abrupt 
reflectance transition regions. This phenomenon confirms that MSVS 
does not arbitrarily perturb isolated bands, but instead preserves the 
intrinsic correlation of the spectral sequence through its multi-scale 
grouping strategy. Therefore, while effectively expanding the diversity 
of the data distribution, the proposed model strictly maintains the 
physical continuity of spectral characteristics.

Within the multi-scale fusion mechanism, the consistency of spec-
tral curves across different scales further demonstrates that the pro-
posed simulation strategy successfully avoids the physical mismatch 
problem often caused by conventional random perturbation methods, 
thereby laying a solid foundation for improving generalization ability 
in cross-scene tasks.

Appendix C. T-SNE visualization

To intuitively demonstrate how SD3Net achieves cross-domain in-
variance while preserving discriminative semantics, we employ t-SNE 
to visualize the feature distribution of the Pavia dataset (as shown in 
Fig.  C.14). In particular, in panels (a), (c), and (e), ⋅ denotes the source 
domain, while in panels (b), (d), and (f), ⋅ denotes the target domain 
and ×denotes the generated domain; different colors represent different 
classes.

As observed from Figs.  C.14(a) and (b), the proposed structured 
variation generation strategy can effectively expand the source-domain 
data distribution, enabling generated-domain samples to cover the 
target-domain distribution range while preserving the semantic struc-
ture of the source domain. Meanwhile, while enlarging the distribu-
tion support range, the generated samples still maintain strong intra-
class proximity and aggregation trends with the corresponding source-
domain samples. This indicates that the generated samples produced 
by the proposed model not only exhibit higher diversity and can cover 
potential target-domain scenario variations, but also possess validity 
and semantic consistency.

By comparing Fig.  C.14(a), (b) with Fig.  C.14(c)- (f), it can be 
observed that class separability is significantly improved after being 
processed by the SD3Net discriminator. Furthermore, by comparing 
Fig.  C.14(c), (d) and Fig.  C.14(e), (f), it can be found that, with the 
introduction of the D3 module in Fig.  C.14(c), (d), the source-domain, 
generated-domain, and target-domain features all exhibit higher intra-
class compactness and clearer inter-class boundaries, and their clus-
tering quality is evidently superior to that in Fig.  C.14(e), (f) without 
the D3 module. This demonstrates that the D3 module can effectively 
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Fig. B.13. (a) illustrates the spectral curves across all channels for the Pavia dataset, (b) shows those for the HyRANK dataset, and (c) presents the corresponding 
curves for the WHU dataset. In each figure, the red curve represents the spectral profile of the original image, the green curve corresponds to the 32-channel 
representation, the brown curve to the 16-channel representation, and the blue curve to the 8-channel representation.

Fig. C.14. The above figure presents the t-SNE visualization results for the Pavia dataset, where (a) shows the original samples from SD and ED, and (b) shows 
the original samples from TD. (c) and (e) represent the SD features and ED features, while (d) and (f) represent the TD features. Specifically, (c) and (d) illustrate 
the t-SNE visualization results with the D3 module applied, whereas (e) and (f) correspond to the results without the D3 module.
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suppress the influence of domain-specific interference on the discrim-
inative semantic space, promote more reasonable feature alignment 
between the generated and real domains, enhance the discriminative 
capability of feature representations, and achieve more effective feature 
decoupling.

The results show that the structured generation mechanism pro-
posed in SD3Net can effectively expand the data distribution and cover 
potential target-domain variations while preserving intra-class seman-
tic consistency; meanwhile, the D3 module further improves the intra-
class clustering quality and inter-domain separability of cross-domain 
features, jointly validating that the proposed method achieves domain 
invariance while preserving discriminative capability.

Appendix D. Theoretical derivation of D𝟑

Given the dataset 𝐷train = {𝑥 ∈ 𝑋train, 𝑦 ∈ 𝑌train}, where 𝑋train
and 𝑌train denote the training image set and label set, respectively, 
we need to establish the mapping relationship between the data 𝑋train
and the ground-truth labels 𝑌train. Under the classical empirical risk 
minimization (ERM) framework, the training objective is to select a 
hypothesis ℎ ∶ 𝑋 → 𝑌  from a predefined hypothesis space 𝐻 , such 
that the empirical risk on 𝐷train is minimized: 
inf
ℎ∈𝐻

= 𝐸(𝑥,𝑦∼𝐷train)[𝐿(ℎ(𝑥), 𝑦)] (D.1)

However, when the model is deployed on the test set 𝐷test , due to 
possible domain shift between the training and test sets, i.e., 𝑃 (𝑋train) ≠
𝑃 (𝑋test ), the model performance often degrades. To improve general-
ization ability, we need to train the model to be invariant to these 
domain-specific attributes.

For the source-domain feature defined as 𝑓𝑋 , and the generated-
domain feature as 𝑓𝐺, the residual component is defined as 𝑟 = 𝑓𝑋 −𝑓𝐺
For the residual component 𝑟, we attempt to maximize the uncertainty 
of predictions made by 𝑟, such that it does not contain too much 
classification-related information. Since entropy can be regarded as 
a measure of predictive uncertainty, we maximize the conditional 
entropy 𝐻(𝑦|𝑟) to amplify the predictive uncertainty of 𝑟. Therefore, 
our objective is: 
𝐿rec = −𝐻(𝑦|𝑟) = −𝐻[Sof tmax(𝐹 (𝑟))] (D.2)

(1) Discriminability Preservation
In previous consistency regularization methods, the similarity be-

tween the class representation in classifier 𝐹  and the source-domain 
feature is computed as follows: 
𝑦̂𝑖𝑋 = 𝑠𝑖𝑚(𝑝𝑖, 𝑓𝑋 ), 𝑦̂𝑖𝐺 = 𝑠𝑖𝑚(𝑝𝑖, 𝑓𝐺) (D.3)

where 𝑠𝑖𝑚(⋅) is a similarity function constructed by inner product, 𝑝𝑖
is the feature of the 𝑖th class, and 𝑦̂𝑖𝑜 and 𝑦̂𝑖𝑎 denote the probabilities 
belonging to the 𝑖th class representation.

Then we can obtain: 
𝑦̂𝑖𝐺 = 𝑠𝑖𝑚(𝑝𝑖, 𝑓𝑋 − 𝑟)

= 𝑠𝑖𝑚(𝑝𝑖, 𝑓𝑋 ) − 𝑠𝑖𝑚(𝑝𝑖, 𝑟)

= 𝑦̂𝑖𝑋 − 𝑦̂𝑖𝑟

(D.4)

When the conditional entropy 𝐻(𝑦|𝑟) is maximized, the residual com-
ponent is assigned equal probabilities to every class, namely𝑦̂1𝑟 = 𝑦̂2𝑟 =
𝑦̂3𝑟 = ⋯ = 𝑦̂𝐶𝑟 = 𝐾Therefore, the relationship between 𝑦̂𝑖𝐺 and 𝑦̂𝑖𝑋 is: 

𝑦̂𝑖𝐺 = 𝑦̂𝑖𝑋 −𝐾 = 𝑓 (𝑦̂𝑖𝑋 , 𝐾) (D.5)

Within the same iteration, 𝐾 is a constant, and 𝑓 is an order-preserving 
mapping function, which guarantees that if𝑦̂𝑗𝑋 > 𝑦̂𝑘𝑋 , then𝑦̂

𝑗
𝐺 > 𝑦̂𝑘𝐺.

This mathematical verification fundamentally demonstrates the core 
discriminative semantics acquired from the source domain are perfectly 
preserved in the generated target domain without semantic collapse.
(2) Representation Consistency Regularization is a Special Case of 
Domain-Decorrelation Regularization
16 
Most existing cross-domain generalization methods impose consis-
tency regularization between 𝑓𝑋 and 𝑓𝐺 based on 𝑙1 and 𝑙2 losses, but 
we use 𝑟̂ = 𝑓𝑋 − 𝑓𝐺to represent the unnormalized residual, and 𝛥𝑦𝑖
denotes the prediction of 𝑟 belonging to class 𝑖. Therefore, the objective 
of representation consistency regularization is to make 𝑟̂ eventually 
approach a zero vector: 
𝑟̂ = 0 ⇒ 𝑠𝑖𝑚(𝑃𝑖, 𝑟̂) = 0 ⇒ 𝛥𝑦1 = ⋯ = 𝛥𝑦𝐶 = 0 (D.6)

We believe such regularized representation is overly strict, while in-
creasing the training difficulty of the model. Our goal is not to force 
𝑧̂𝑛 to approach a zero vector, but to ensure that 𝑟̂ does not contain 
any task-related information, so we relax the constraint in the above 
equation: 
𝛥𝑦1 = ⋯ = 𝛥𝑦𝐶 (D.7)

It can be seen that Eq. (5) can also match the condition of Eq. (6), 
which makes representation consistency regularization a special case 
of this method.
(3) Making the Model Less Sensitive to Domain-Specific Attributes

The mutual information between the residual component and label 
attributes is: 
𝐼(𝑅; 𝑌 ) = 𝐾𝐿[𝑝(𝑟, 𝑦) ∥ 𝑝(𝑟)𝑝(𝑦)]

= ∬ 𝑑𝑟𝑑𝑦𝑝(𝑟, 𝑦) log
𝑝(𝑟, 𝑦)
𝑝(𝑟)𝑝(𝑦)

= ∬ 𝑑𝑟𝑑𝑦𝑝(𝑟, 𝑦) log
𝑝(𝑦|𝑟)𝑝(𝑟)
𝑝(𝑟)𝑝(𝑦)

= ∬ 𝑑𝑟𝑑𝑦𝑝(𝑟, 𝑦) log
𝑝(𝑦|𝑟)
𝑝(𝑦)

= ∬ 𝑑𝑟𝑑𝑦𝑝(𝑟, 𝑦) log
1

𝑝(𝑦)
−∬ 𝑑𝑟𝑑𝑦𝑝(𝑟, 𝑦) log

1
𝑝(𝑦|𝑟)

= 𝐻(𝑌 ) −𝐻(𝑌 |𝑅)

(D.8)

where 𝐻 denotes entropy, 𝑌  is the label set, 𝑅 is the residual compo-
nent set, 𝑟 ∈ 𝑅, and 𝑦 ∈ 𝑌 . Since 𝐻(𝑌 ) is irrelevant to our optimization 
process, it can be ignored. Then we have: 
min
𝑅

𝐼(𝑅; 𝑌 ) = min
𝑅

−𝐻(𝑌 |𝑅) = max
𝑅

𝐻(𝑌 |𝑅) (D.9)

Therefore, by minimizing Eq. 𝐿rec, we are only minimizing the mutual 
information between the residual component and label attributes. Since 
the generator imposes various task-irrelevant transformations to intro-
duce domain-specific attributes into the original representation and 
correspondingly generate residual components, the residual component 
can be regarded as a proxy for domain-specific attributes. Minimiz-
ing the mutual information 𝐼(𝑅; 𝑌 ) in the equation can decorrelate 
domain-specific attributes from label attributes.

Data availability

Data will be made available on request.
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