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3

Highlights

What are the main findings?

* We propose a Spectral-Spatial Graph Transformer Network (S5SGTN), a dual-branch
framework for hyperspectral image classification that combines local feature extraction
with global context reasoning.

* The framework builds region-level graphs from superpixels, applies lightweight spectral
denoising, and introduces a parameter-free Spectral-Spatial Shift Module (SSSM) to
strengthen spectral-spatial feature interaction.

What are the implications of the main findings?

¢ With only 1% training samples, the proposed method achieves state-of-the-art performance
on three benchmark datasets (Indian Pines, WHU-Hi-LongKou, and Houston2018).

¢ The results suggest that combining region-level structural modeling with global reason-
ing is an effective and efficient strategy for hyperspectral remote sensing under scarce
labels, and may benefit other spectral-spatial learning problems.

Abstract

Hyperspectral image (HSI) classification is fundamental to a wide range of remote sensing
applications, such as precision agriculture, environmental monitoring, and urban planning,
because HSIs provide rich spectral signatures that enable the discrimination of subtle
material differences. Deep learning approaches, including Convolutional Neural Networks
(CNNSs), Graph Convolutional Networks (GCNs), and Transformers, have achieved strong
performance in learning spatial-spectral representations. However, these models often face
difficulties in jointly modeling long-range dependencies, fine-grained local structures, and
non-Euclidean spatial relationships, particularly when labeled training data are scarce. This
paper proposes a Spectral-Spatial Graph Transformer Network (SSGTN), a dual-branch
architecture that integrates superpixel-based graph modeling with Transformer-based
global reasoning. SSGTN consists of four key components, namely (1) an LDA-SLIC
superpixel graph construction module that preserves discriminative spectral-spatial structures
while reducing computational complexity, (2) a lightweight spectral denoising module based
on 1 x 1 convolutions and batch normalization to suppress redundant and noisy bands,
(3) a Spectral-Spatial Shift Module (SSSM) that enables efficient multi-scale feature
fusion through channel-wise and spatial-wise shift operations, and (4) a dual-branch GCN-
Transformer block that jointly models local graph topology and global spectral-spatial
dependencies. Extensive experiments on three public HSI datasets (Indian Pines, WHU-Hi-
LongKou, and Houston2018) under limited supervision (1% training samples) demonstrate
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that SSGTN consistently outperforms state-of-the-art CNN-, Transformer-, Mamba-, and
GCN-based methods in overall accuracy, Average Accuracy, and the « coefficient. The
proposed framework provides an effective baseline for HSI classification under limited
supervision and highlights the benefits of integrating graph-based structural priors with
global contextual modeling.

Keywords: hyperspectral image classification; deep learning; graph convolutional
networks; Transformers

1. Introduction

Hyperspectral images (HSIs) capture the continuous reflectance spectrum of surface
materials across hundreds of narrow and contiguous spectral bands. As a result, a HSI can
be represented as a three-dimensional data cube that combines spatial information (H x W
pixels) with rich spectral signatures (B bands). This dense spectral resolution enables the
discrimination of subtle material differences that are difficult to observe using conventional
RGB or multispectral sensors. Therefore, HSIs are valuable for precision agriculture [1],
environmental monitoring [2], mineral exploration [3], and urban studies [4]. Hyperspectral
image classification (HSIC) is a central task in these applications, in which each pixel is
assigned a semantic land-cover or material label to support large-scale mapping and
automated decision support.

Early HSIC methods largely relied on handcrafted feature engineering and shallow
classifiers. Techniques such as band selection [5], spectral derivatives [6], and linear
dimensionality reduction (e.g., PCA and LDA) were commonly used to alleviate spectral
redundancy and the curse of dimensionality. Spatial context was often incorporated
through morphological profiles [7] or heuristic filtering. Although these approaches are
interpretable, they have limited adaptability to complex nonlinear spectral mixing patterns,
depend heavily on domain expertise, and often generalize poorly across diverse scenes [8].
These limitations are particularly pronounced in high-dimensional, spatially heterogeneous,
and label-scarce environments. Beyond classification-oriented pipelines, non-deep-learning
hyperspectral image analysis has also explored noise-aware weighting and outlier removal
to improve the robustness of spectral-spatial criteria for object-based processing and scale
selection [9].

The advent of deep learning has dramatically reshaped the HSIC landscape. Con-
volutional Neural Networks (CNNs) have become a dominant paradigm in this area. In
particular, 2D CNNSs [10] extract spatial textures from spectral bands, and 3D CNNs [11]
jointly model spectral-spatial dependencies. Hybrid architectures such as HybridSN [12]
further improve efficiency by combining 2D and 3D convolutions. Despite their success,
CNNi s are limited by local receptive fields and fixed grid processing, which restrict their
ability to capture long-range dependencies and adapt to irregular object boundaries. To
mitigate these limitations, Transformers have been introduced and use self-attention to
model global contextual relationships across both spatial and spectral dimensions [13,14].
More recently, state—space models (SSMs) such as Mamba [15] have emerged as efficient
alternatives to Transformers by offering linear complexity with global receptive fields.
However, these sequence-based models can be sensitive to spectral noise, may not preserve
fine-grained local structures, and do not explicitly model irregular spatial relationships.

In parallel, graph neural networks (GNNs) have gained traction due to their ability to
model non-Euclidean relationships among pixels or superpixels. Early graph convolu-
tional networks (GCNs) [16] demonstrated promising results in semi-supervised HSIC by
propagating node features over adjacency graphs. Subsequent efforts introduced multi-
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scale GCNs [17], cross-attention GCNs [18], and object-based graph constructions [19] to
enhance feature aggregation and boundary preservation. More recently, hybrid graph
state-space models such as Graph Mamba [20] have bridged graph structural learning with
sequence modeling. Nevertheless, graph-based approaches still face several fundamental
challenges. First, graph convolutions primarily capture local connectivity and may fail to
model long-range dependencies effectively. Second, graph construction is often heuristic
and scene-dependent. Third, many models lack dynamic multi-scale fusion mechanisms
and do not fully integrate spatial and spectral cues. Finally, spectral noise and redundancy
can degrade input quality and reduce robustness.

To address these limitations, we propose the Spectral-Spatial Graph Transformer Net-
work (SSGTN), a unified dual-branch architecture that integrates graph-based structural
modeling with Transformer-based global reasoning. The proposed framework includes four
key components. First, an LDA-SLIC superpixel graph construction module combines
linear discriminant analysis (LDA) for spectral compaction with Simple Linear Iterative
Clustering (SLIC) for spatially homogeneous region segmentation to obtain a structurally
informed and computationally efficient graph representation. Second, a lightweight spec-
tral denoising module based on 1 x 1 convolutions and batch normalization suppresses
redundant and noisy spectral bands while preserving discriminative features. Third, a
Spectral-Spatial Shift Module (SSSM) performs cyclic shifts along spectral, height, and
width dimensions to enable efficient multi-scale feature interaction without introducing
additional parameters. Fourth, a dual-branch GCN-Transformer block jointly models local
graph topology and global dependencies, where a spatial Transformer guided by GCNs
captures long-range spatial information and a spectral Transformer models cross-band
correlations; the two branches are fused through a residual graph convolution.

The main contributions of this work are summarized as follows:

1.  We propose a novel dual-branch graph-Transformer hybrid architecture that jointly
models local graph structures and global spectral-spatial dependencies, effectively
overcoming the limitations of conventional single-paradigm models.

2. We design a dynamic Spectral-Spatial Shift Module that enables efficient multi-
dimensional feature fusion through parameter-free shift operations, enhancing the
model’s ability to capture contextual interactions across scales.

3. We develop a superpixel-driven graph construction strategy using LDA-SLIC, which
adaptively captures spatial homogeneity and spectral discriminability while main-
taining computational efficiency via sparse graph representations.

4. We introduce a spectral denoising module that refines input representations through
lightweight convolutions and normalization, improving robustness to spectral noise
and redundancy.

5. We conduct comprehensive experiments and ablation studies across multiple datasets
and training regimes, validating the superiority, generality, and interpretability of
SSGTN in HSI classification under limited supervision.

The remainder of this paper is organized as follows. Section 2 introduces related work
in hyperspectral remote sensing image classification. Section 3 presents the proposed SS-
GTN architecture. Section 4 reports experimental results on three benchmark hyperspectral
datasets. Finally, Section 6 concludes the paper and outlines future research directions.

2. Related Work

In this section, we systematically review the evolution of deep learning-based hy-
perspectral image classification (HSIC) methods, which can be broadly categorized into
convolutional, attention-based, and graph-based approaches. We highlight the strengths
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and limitations of each paradigm, paving the way to introduce our proposed Spectral—-
Spatial Graph Transformer Network (SSGTN).

2.1. CNN-Based Hyperspectral Image Classification Methods

Convolutional Neural Networks have become a cornerstone in HSIC due to their
strong ability to extract spatially structured features [12,21-29]. Early work by Hu et al. [10]
demonstrated that 2D CNNs can effectively leverage local spatial textures within HSI
patches, significantly improving classification accuracy over purely spectral methods. To
better model the spectral-spatial dependencies inherent in HSIs, Li et al. [11] extended
CNNss to three dimensions and proposed 3D CNNs that jointly process spectral cubes.
Further innovations led to hybrid architectures, such as the synergistic 2D/3D CNN by
Yang et al. [30], which integrates spectral-spatial fusion through 3D convolutions and
uses complementary 2D spatial context modeling to balance accuracy and computational
efficiency. Overall, these developments reflect a progression from purely spatial 2D CNNs to
more advanced 3D and hybrid architectures for comprehensive spectral-spatial integration.

Despite these advances, CNN-based methods exhibit several intrinsic limitations.
Standard 2D-CNNs often disrupt spectral continuity by treating bands independently,
leading to potential misclassification of spectrally similar materials. While 3D-CNNs can
preserve spectral-spatial coherence, they dramatically increase model size and computa-
tional burden, creating scalability issues for high-dimensional HSIs. Moreover, the fixed
receptive fields and inherently local inductive biases of convolutional kernels restrict their
ability to capture long-range dependencies and multi-scale contextual information. These
limitations hinder the generalization of CNN-based models in heterogeneous environments
and motivate the exploration of more flexible architectures beyond convolution.

2.2. Attention-Based Hyperspectral Image Classification Methods

To overcome the locality bias of convolutions, attention-based architectures have been
introduced into HSIC to model long-range spatial-spectral dependencies [13,15,31-38].
Representative examples include Transformers and, more recently, state—space models such
as Mamba. For instance, Hong et al. [14] proposed SpectralFormer to strengthen inter-band
relationships via self-attention, yielding competitive gains over convolutional baselines.
Gu et al. [39] designed a multi-scale lightweight Transformer to reduce computational
cost while preserving global modeling capacity. On the state-space side, He et al. [15]
introduced 3DSS-Mamba, which organizes spectral-spatial tokens for efficient long-range
dependency modeling. CenterMamba [38] adopts a center-scan strategy to enhance seman-
tic representation with linear-complexity sequence processing. These designs provide
two complementary approaches to scalable global spatial-spectral representation learning
in HSIC.

Notwithstanding their progress, attention-based approaches still face several limita-
tions. First, Transformer models can be computationally demanding and may struggle to
reconcile global dependency modeling with fine-grained local detail, especially under high
spectral dimensionality and limited labels. Second, many Transformer pipelines rely on
fixed tokenization or single-scale processing, leading to insufficient dynamic multi-scale
adaptation across heterogeneous scenes. Third, both Transformers and Mamba variants can
be sensitive to spectral redundancy and noise, benefiting from explicit denoising or channel
re-weighting to stabilize training. Finally, while Mamba/SSM models offer efficiency gains,
they may suffer from slow convergence and hyper-parameter sensitivity, and by design,
they do not explicitly account for irregular spatial relations. These shortcomings have
spurred increasing interest in graph-based architectures, which provide a more flexible
representation for non-Euclidean spatial-spectral structures.
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2.3. Graph-Based Hyperspectral Image Classification Methods

Graph-based methods have recently emerged as powerful tools for HSIC be-
cause they can represent spatial-spectral relations on irregular and non-Euclidean
domains [16,19,40-47]. Early studies demonstrated that graph convolutional networks
can capture contextual dependencies through message passing over pixels or superpix-
els [16]. Subsequent advances introduced more adaptive designs. For example, Wan
et al. [17] proposed a multi-scale dynamic GCN that aggregates information across spatial
neighborhoods, while Yang et al. [18] introduced a cross-attention-driven spatial-spectral
GCN to better integrate heterogeneous features. More recently, object-based strategies
such as MOB-GCN [19] have further emphasized multi-scale structural cues, improving
boundary delineation and robustness to noise.

Building on these advances, researchers have extended attention mechanisms to graph
formulations. Zheng et al. [48] proposed a graph Transformer that fuses spatial-spectral
features via self-attention to enhance long-range dependency modeling. In parallel, Ahmad
et al. [20] introduced a hybrid Graph Mamba model that tokenizes hyperspectral data into
graph representations and leverages state—space modeling to balance efficiency and global
context capture.

Although graph-based methods have significantly advanced hyperspectral image
classification, they remain constrained by several factors. First, neighborhood aggrega-
tion in graph convolutions primarily captures local connectivity, limiting the capture of
complex long-range dependencies. Second, graph construction is often heuristic and
scene-dependent, reducing adaptability across diverse scenes. Third, most models process
features at fixed scales, hindering their adaptability from heterogeneous spatial-spectral pat-
terns. Fourth, spatial and spectral cues are not always effectively integrated, leading to sub-
optimal joint representations. Finally, redundant or noisy bands degrade input quality and
reduce classification robustness, particularly under scarce supervision. These challenges
highlight the need for a more integrated approach that combines the strengths of graph
structural learning with dynamic multi-scale fusion and global dependency modeling.

The proposed SSGTN is designed to address the aforementioned limitations in a
unified framework. Unlike CNNs, SSGTN captures long-range dependencies via Trans-
former blocks while preserving local structure through graph convolutions. In contrast to
pure Transformers, it incorporates an LDA-SLIC superpixel graph to model non-Euclidean
spatial relationships and employs a spectral denoising module to enhance input rep-
resentations. Compared to existing graph-based methods, SSGTN introduces a novel
Spectral-Spatial Shift Module for dynamic multi-scale feature fusion and a dual-branch
GCN-Transformer architecture to jointly model local topology and global dependencies.
By synergistically integrating adaptive graph priors, spectral purification, shift-based fea-
ture interaction, and Transformer-based global reasoning, SSGTN achieves expressive and
efficient hyperspectral representation learning under high-dimensional and structurally
complex conditions, particularly under limited supervision.

3. Materials and Methods

The overall architecture of the proposed SSGTN is depicted in Figure 1. This hybrid
framework synergistically integrates convolutional operations for local feature extraction,
graph convolutions for topological modeling, and Transformer blocks for global depen-
dency learning. The network comprises four meticulously designed components: (1) LDA-
SLIC superpixel segmentation with graph construction (inspired by the superpixel-based
graph modeling paradigm in CEGCN [42]), (2) spectral denoising module, (3) Spectral—
Spatial Shift Module, and (4) dual-branch spectral-spatial GCN-Transformer module. Each
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component addresses specific challenges in hyperspectral image classification while main-
taining computational efficiency.
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Figure 1. Overall architecture of the proposed SSGTN. The framework integrates four key compo-
nents: (1) LDA-SLIC superpixel segmentation for graph construction, (2) spectral denoising module
for noise suppression, (3) Spectral-Spatial Shift Module for multi-scale feature fusion, and (4) dual-
branch GCN-Transformer module for joint local and global dependency modeling.

3.1. LDA-SLIC Superpixel Segmentation Module

The LDA-SLIC module integrates Linear Discriminant Analysis (LDA) for spectral
dimensionality reduction with Simple Linear Iterative Clustering (SLIC) for spatial su-
perpixel segmentation, providing a compact, class-discriminative representation while
producing spatially homogeneous regions that serve as graph nodes.

3.1.1. LDA-Based Spectral Dimensionality Reduction

RH*WxB with sparse supervision Y € RF*W,

Given an input hyperspectral image X €
LDA projects the spectral data into a lower-dimensional subspace by maximizing inter-class
separability:

Xipa = XWipa € RITXWXC) 1)

where Wipa € REXC denotes the projection matrix learned by maximizing the Fisher
criterion [49] J(W) = VV\YTTS%, with Sp and Syy representing between-class and within-class
scatter matrices, respectively. In practice, LDA is fitted only on the labeled training pixels
(1% of the image in our low-label setting), while all unlabeled, validation, and test pixels
are treated as background and excluded from the optimization, preventing any information
leakage from the test set. The resulting projection reduces the spectral dimensionality
from B to at most, C — 1 class-discriminative components, which are then applied to
the entire cube. Because LDA is a shallow linear transformation and the main model
capacity resides in the subsequent CNN-GCN-Transformer modules, this supervised pre-
processing acts as a light-weight spectral pre-conditioning step rather than a deep classifier,
empirically yielding stable performance across different random training splits even under
limited supervision.
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3.1.2. SLIC Superpixel Segmentation

The dimension-reduced representation Xy py is subsequently partitioned into super-
pixels using the Simple Linear Iterative Clustering (SLIC) algorithm [50]. SLIC operates by
iteratively optimizing a composite distance metric in the joint spectral-spatial domain:

o

where A = (m/S)? controls the trade-off between spectral similarity and spatial proximity,

O () 2

spectral Xspectral

(i) ()

2
2 +A spatial Xspatial

X

X

(2)

’
2

m is the compactness parameter, and S = +/HW /K is the nominal grid interval associated
with the target number of superpixels K. The scale (or equivalently K) determines the
expected number of pixels per superpixel and hence the granularity of the graph, while
the compactness parameter governs whether regions adhere more closely to spectral
boundaries (small m) or favor smoother, more spatially regular shapes (large m). We
deliberately choose a moderately fine scale and balanced compactness so that mixed pixels
and small objects are not overly merged, and each superpixel remains approximately
homogeneous in the LDA space. It is important to note that the superpixels are used to
define region-level nodes and the sparsity pattern of the graph, but final predictions are
produced at the pixel level by fusing the graph branch with a parallel CNN branch. In
particular, the CNN and SSSM modules operate directly on the full-resolution pixel grid
and preserve fine-grained local details, while the dual-branch GCN-Transformer stack
captures long-range and nonlinear spectral-spatial dependencies on the superpixel graph.
As a result, LDA-SLIC provides a stable structural prior that is complemented and refined
by deeper, nonlinear feature learning in the downstream network.

3.1.3. Graph Representation Learning

To capture region-level interactions while keeping computation tractable, we construct
a superpixel graph G = (V, £) where each node v; corresponds to a superpixel region R;,
and edges are defined only between spatially adjacent regions. The node feature matrix
S € RX*C is computed by averaging the LDA-projected hyperspectral features within each
region. This step reduces the spectral dimensionality to a compact, class-discriminative
space and substantially lowers the memory requirements of subsequent graph operations.
Based on these region features, we construct an initial adjacency matrix using a Gaussian
kernel constrained by spatial neighborhood:

Aij = exp(—7]|Si = 8j[3) - 1lj € N (D)) 3)

Since each superpixel interacts only with its directly bordering regions, the resulting
adjacency is naturally sparse, and the number of non-zero entries scales linearly with the
number of superpixels. Graph operations therefore scale with O(Kd) rather than O(K?),
where d denotes the small node degree induced by the superpixel topology.

The kernel bandwidth is determined in a simple data-dependent way: ¢ is estimated as
the median distance between each superpixel and its spatial neighbors, yielding v = 1/
In practice, the Gaussian-weighted adjacency serves as a structural prior and sparsity
pattern rather than the final propagation operator. Within the GCN layer, we refine the
edge weights by first projecting batch-normalized node features through a linear mapping
to obtain feature embeddings, computing a learned affinity matrix via a sigmoid of the
pairwise inner products, and then applying the sparsity mask from A. A row-wise softmax
yields a stochastic propagation matrix A that preserves the superpixel topology while
allowing data-driven adjustment of edge strengths.
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3.2. Spectral Denoising Module

The spectral denoising module is designed as a lightweight feature refinement cascade
to suppress spectral noise while preserving discriminative band correlations. Given an
input hyperspectral cube X € RE*WXB the module applies two sequential stages, each
consisting of batch normalization (BN) and 1 x 1 convolution for spectral filtering and
dimensionality reduction:

F; = Convyy1(BN(X)), Xdenoised = Convyy1(BN(Fy)), (4)

where BN(+) denotes channel-wise batch normalization with learnable affine parameters,
and Convy 1 (-) represents a 1 x 1 convolution that reduces spectral dimensionality (B —
D) while acting as an adaptive spectral filter. This design effectively mitigates spectral
noise and redundancy while maintaining computational efficiency.

3.3. SSSM Residual Convolution Module

The SSSM module (as shown in Figure 2) enables efficient multi-dimensional feature
RH X W x B,

interaction through parameter-free shift operations. For an input tensor X € we
define cyclic shift operators along three dimensions:
Shiftg (x)h,w,b = Xh,w,(b+1) mod B~ (5)
Shifty (X)h,w,b = X(h+1) mod H,w,b’ ©)
Shiftyw (X)n,w,6 = X, (w+1) mod W,b- )

These shifted features are concatenated with the original input along the channel
dimension:

Xconcat = Concat(X, Shiftg (X), Shifty (X), Shifty (X)), (8)
Xo = Convsys (COI‘IVl x1 (Xconcat) )/ )]

The concatenated features are then processed by a 1 x 1 convolution followed by a

3 x 3 convolution for effective feature fusion and extraction, producing X;. A residual

connection is employed to enhance representation capacity and alleviate gradient vanishing
as follows:

Y=X;+X (10)

This design facilitates comprehensive spectral-spatial interaction without introducing
additional parameters, making it computationally efficient for high-dimensional HSI data.

3.4. Dual-Branch Spectral-Spatial GCN-Transformer

The dual-branch module constitutes the core of SSGTN (as shown in Figure 3), de-
signed to jointly model local graph structures and global dependencies. We initialize the
node embeddings as X(?) = § + E, where E denotes learnable positional encodings. The
superpixel-level features S are obtained by aggregating pixel representations after the
spectral denoising and SSSM modules using the normalized assignment matrix Q:

S = Q Xpix, (11)

which averages pixel features within each superpixel to form node descriptors for the
dual-branch graph-Transformer module, as shown in Algorithm 1.

https://doi.org/10.3390/1s18020199
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Algorithm 1 Dual-Branch Spectral-Spatial GCN-Transformer (SSGTB)

Require: Superpixel node features S; adjacency matrix A; positional encodings E; layer
number L; dropout rate p
Ensure: Final node features Z,

1: X0+ S+E >XO0 =S+ E
2: for€71toLdo .

5 HY — o(AXCD W) > HY, = o(AX(CD W)
g 2« LN(x@—l) + MHSA(Hng)a))

5 Hiph  LN(Z{), + FRN(Z())
6 H{ «— GCN(X!-1),A)
7 20« IN(XCD 4 MHSA(HU,) )

8 Hih < LN(zéf;)ec n FFN(Zéf,)ec))

9: U Dropoutp(Wj(f) [Hg?a I Hg(,f,)ecD >UW0 = Dropout(WJ(f) [Héf;)a I Hgﬁ)ec])
10: X0 O'(GCN(U(Z),A)) > X0 — g(GCN(U(f),A))
11: end for
12: Zg + X1

13: return Zg

Output

p—— p——

|

|

|

|

|

|

I \
Hls \ Width shift
I W
|

|

Input / Height shift

Residual Connection

-

Figure 2. Detailed structure of the Spectral-Spatial Shift Module. The module performs cyclic
shifts along spectral (S), height (H), and width (W) dimensions, followed by concatenation and
convolutional fusion. The residual connection preserves gradient flow and stabilizes training. Shift
operations enable efficient cross-dimensional interaction without introducing additional parameters.

}
MLP
!
Add &

GCN layer
ENET--E.

Add &
LayerNorm
MLP
Add &

CNN feature encodings

Figure 3. Architecture of the dual-branch spectral-spatial Graph Transformer block. The spatial path
(top) processes graph-convolved features through multi-head self-attention to capture long-range

https://doi.org/10.3390/1s18020199


https://doi.org/10.3390/rs18020199

Remote Sens. 2026, 18, 199

10 of 23

spatial dependencies. The spectral path (bottom) employs similar mechanisms for cross-band
correlation modeling. Both branches are fused via concatenation and graph convolution, with layer

normalization and residual connections applied throughout.

3.4.1. Spatial Path

The spatial path captures long-range spatial dependencies through graph-contextualized
self-attention:

Hgf))a = GON(X"D, A) = o (AXDWe), (12)
z{0), = IN(XUY 4+ MHSA(H{Y,)), (13)
H{) = IN(Z, + FEN(ZL)), (14)

where A = D 2AD 2 denotes the normalized adjacency matrix with self-loops [51],
MHSA represents multi-head self-attention [52], LN is layer normalization, and FFN is a
position-wise feed-forward network.

3.4.2. Spectral Path

The spectral path focuses on cross-band correlations through spectral attention mechanisms:

Hpee = GEN(X(1), A), (15)
Z4he = IN(XUY 4 MHSA (H b)), (16)
H{bhe = LN(Z0se + FEN(Z{3k0)).- (17)

3.4.3. Feature Fusion and Propagation

The outputs from both paths are integrated through concatenation and graph-
convolutional fusion:

) ryg(£ ¢
u® = Dropout(wf)[ng)a | ng)eCD' 1o
X0 — U(GCN(U“%A)) )

After L layers, the final node representations Z; = X(L) are projected back to pixel
space using the assignment matrix Q for classification:

Zpixel =QZ g- (20)

This architecture enables SSGTN to capture complementary information: graph con-
volutions encode local structural priors, while self-attention mechanisms model long-range
spatial and spectral dependencies, resulting in a comprehensive representation for hyper-
spectral image classification.

4. Results

To comprehensively evaluate the performance of the proposed SSGTN framework, we
conduct extensive experiments on three benchmark hyperspectral datasets with diverse
spatial resolutions, spectral configurations, and land-cover characteristics.

4.1. Datasets
4.1.1. Indian Pines

The Indian Pines dataset was acquired by the Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) sensor over an agricultural area in Northwestern Indiana. The
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dataset comprises 145 x 145 pixels with 224 spectral bands in the wavelength range of
400-2500 nm. After removing noisy and water-absorption bands, 200 spectral bands are
retained for analysis. The spatial resolution is 20 m per pixel, and the scene contains
16 distinct land-cover classes, primarily consisting of various crop types, forests, and
natural vegetation. This dataset presents challenges due to its moderate spatial resolution
and significant spectral similarities between different crop species.

4.1.2. WHU-Hi-LongKou

The WHU-Hi-LongKou dataset was collected by a Headwall Nano-Hyperspec imag-
ing sensor mounted on a DJI Matrice 600 Pro UAV platform. The imagery covers
550 x 400 pixels with 270 spectral bands spanning the visible to near-infrared spectrum
(400-1000 nm). With a high spatial resolution of 0.463 m, this dataset captures de-
tailed agricultural patterns in Longkou, Hubei, China. It encompasses nine land-cover
classes including various crop types (corn, cotton, and rice) and water bodies, totaling
204,542 labeled pixels. The high spatial resolution and rich spectral information make this
dataset suitable for evaluating fine-grained classification performance.

4.1.3. Houston2018

The Houston2018 dataset was provided as part of the 2018 IEEE GRSS Data Fu-
sion Contest, covering an urban-rural area in Houston, Texas. The dataset consists of
601 x 2384 pixels with 50 spectral bands in the 380-1050 nm range at 2.5 m spatial reso-
lution. It includes 20 land-cover classes with significant class imbalance, ranging from
abundant categories like healthy grass (9799 samples) to rare classes such as synthetic turf
(684 samples). The total of 504,856 labeled pixels and the complex urban landscape make
this dataset particularly challenging for classification algorithms.

4.2. Experimental Setup
4.2.1. Evaluation Metrics

We employ four standard evaluation metrics to comprehensively assess classification
performance from different perspectives. Overall Accuracy (OA) measures the global
classification correctness:

OCA=5 Zﬂ(yi = 1), (21)

where N is the total number of test samples, y; and #J; denote the true and predicted labels,
respectively, and I(-) is the indicator function.
Average Accuracy (AA) computes the mean of per-class accuracies, providing a
balanced performance assessment across classes:
1 & TP
AA= Y ——— L 22

where C is the number of classes, and TP; and FN; represent true positives and false

negatives for class i.
The Kappa coefficient (x) quantifies classification agreement beyond chance:

Po — Pe
K=, 23
—_ 23)
Per-class accuracy provides detailed insights into individual class performance:

TP;

4% = Tp, Y N,

(24)
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4.2.2. Implementation Details

All experiments are conducted on a computational platform equipped with an NVIDIA
GeForce RTX 4090 GPU and Intel Xeon Silver 4310 CPU. To rigorously evaluate model
performance under limited supervision, we adopt only 1% of labeled pixels per class
(minimum one sample per class) for training, with an additional 1% for validation and
the remaining 98% for testing. The validation set is used exclusively for early stopping
and checkpoint selection (patience = 100), and the checkpoint with the best validation
performance is used for final testing. The model is implemented using PyTorch 2.9.1 and
trained for 600 epochs with the Adam optimizer, employing an initial learning rate of
5 x 10~* with cosine annealing scheduling. No external pretraining, data augmentation, or
other additional training techniques are used, and no extra pre-processing beyond what is
described in this manuscript is applied. The superpixel graph construction uses K = 300
superpixels for Indian Pines and WHU-Hi-LongKou, and K = 500 for Houston2018, with
compactness parameter m = 0.05 unless otherwise specified.

4.2.3. Benchmark Methods

We compare SSGTN against twelve state-of-the-art methods spanning four representa-
tive paradigms:

1. CNN-based methods: CNN-2D [10] extracts spatial features through cascaded
2D convolutions; SSRN [12] employs 3D convolutional layers for joint spectral—-
spatial modeling; HybridSN [12] integrates 2D and 3D convolutions for hierarchical
feature extraction.

2. Transformer-based methods: SSFTT [31] utilizes spectral-spatial feature tokenization
for sequence modeling; MorphFormer [33] incorporates morphological operations
with Transformer architecture.

3. Mamba-based methods: Mamba-HSI adapts state-space models for hyperspectral
imaging; MFormer [15] combines Mamba with Transformer components for long-
range dependency modeling.

4.  GCN-based methods: GCN [16] operates on superpixel-based graphs; CEGCN [42]
enhances graph representations with CNN features; GraphMamba [20] integrates
graph structures with state-space models.

For a fair comparison, all baseline methods are trained and evaluated using the training
protocol as described in the previous subsection, while method-specific hyperparameters
are set following the recommendations in the original papers or official repositories, and all
other common settings are kept identical across methods.

4.3. Ablation Studies
4.3.1. Impact of Spectral-Spatial Graph Parameters

In the LDA-SLIC superpixel construction, the scale and compactness parameters jointly
determine the granularity and regularity of the induced superpixel graph. The parameter
study in Tables 1 and 2 reveals a consistent trade-off: overly fine segmentation tends to
generate small, fragmented regions whose descriptors are more vulnerable to spectral noise
and mixed pixels, whereas overly coarse segmentation increases region heterogeneity and
blurs class boundaries, weakening the homogeneity assumption underlying region-level
graph reasoning. The compactness parameter further mediates boundary adherence versus
spatial regularity; moderate compactness typically preserves meaningful object contours
while avoiding irregular, elongated superpixels that may distort adjacency relations. No-
tably, the sensitivity to these parameters is dataset-dependent: scenes with clearer object
extents and higher spatial resolution exhibit a wider feasible range, while coarse-resolution
agricultural scenes with high inter-class spectral similarity require a more careful balance to
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reduce mixed superpixels. Overall, these observations motivate selecting a moderately fine
graph granularity together with boundary-aware superpixels to best support subsequent
graph propagation and global reasoning.

Table 1. Comprehensive parameter analysis on the Indian Pines dataset: performance metrics (OA,
AA, k in %) across different combinations of superpixel scale and compactness parameters with 1%
training ratio. Optimal performance is achieved at scale = 30 and compactness = 0.05.

Scale Parameter

Compactness 5 10 30 60 100
OA AA e OA AA K OA AA K OA AA K OA AA %
0.05 8456 7861 8237 8670 80.08 84.83 8875 7947 8716 8754 7763 8577 8.79 7945 83.78
0.10 8330 76.07 8092 8712 8022 8.31 8575 7550 8378 8734 7957 8556 8637 7495 84.45
0.50 85.02 7597 8285 8479 7545 8264 8455 7674 8236 8193 7143 7940 8031 7192 7752
1.00 83.67 7262 8132 8.38 7712 8335 8572 7670 8375 83.01 7123 80.65 7899 63.10 76.06
5.00 8339 7558 81.07 8575 78.09 8375 8422 7473 8195 8388 7537 8l.64 80.01 7020 77.10
Table 2. Parameter sensitivity analysis on the WHU-Hi-LongKou dataset: performance metrics (OA,
AA, x in %) across scale and compactness configurations. The model maintains robust performance
with OA consistently above 99.4%.
Scale Parameter
Compactness 30 60 100 200 300
OA AA K OA AA K OA AA K OA AA K OA AA K
0.1 99.48 9873 99.31 9957 9895 9944 99.64 99.07 9952 99.64 9899 9953 99.69 99.23  99.59
0.5 99.41 9844 9923 9947 9880 9930 9951 9873 9936 9949 9871 9933 99.62 9780 99.50
1.0 99.48 9844 9932 9941 9854 9922 9948 98,66 9931 9954 98.64 9939 9939 9846  99.20
5.0 99.49 98.81 9933 9943 98.62 9925 9947 9859 9930 99.60 9898 99.48 9953 98.67  99.38
10 99.44 9848 99.26 9948 9856 9932 9946 9872 9928 99.60 9898 9947 99.65 9890 99.54

4.3.2. Component-Wise Analysis

We conduct component-wise ablation studies on the Houston2018 dataset to examine
the contribution of each module in SSGTN (Table 3). Overall, the results indicate that the
modules address different failure modes in low-label HSIC and thus provide complemen-
tary benefits. The Spectral Denoising Module (SDM) improves the reliability of region
descriptors and affinity estimation by suppressing band redundancy and sensor noise prior
to graph construction, which helps mitigate error propagation during subsequent message
passing. The Spectral-Spatial Shift Module (SSSM) introduces an explicit yet parameter-free
spectral-spatial interaction prior on the pixel grid before region aggregation, enhancing
robustness to mixed pixels and local boundary perturbations. Building upon these strength-
ened low-level representations, the Spatial Transformer Branch captures long-range spatial
context over the superpixel topology, whereas the Spectral Transformer Branch emphasizes
non-local cross-band correlations that are not fully recovered by local propagation alone;
their joint use therefore integrates spatial continuity with spectral correlation into a unified
representation. Importantly, the additional overhead remains controlled because SSSM
introduces no learnable parameters and attention operates on a compact superpixel graph
rather than the full pixel lattice.
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Table 3. Comprehensive ablation study on the Houston2018 dataset evaluating individual contribu-
tions of Spectral Denoising Module (SDM), Spectral-Spatial Shift Module (SSSM), Spatial Transformer
Branch (SpaT), and Spectral Transformer Branch (SpeT) (mean + std over five seeds).

Module Configuration Performance Metrics (%)
SDM SSSM SpaT SpeT K OA AA
X X X X 87.30 £0.25 90.26 £ 0.20 83.14 + 0.99
X X X v 87.26 +0.22 90.23 £0.16 82.16 +£1.37
X X v X 87.16 £ 0.33 90.15 + 0.25 83.01 +1.37
X X v v 87.34 £ 041 90.30 £ 0.32 82.91 +0.84
X v X X 90.11 £ 0.27 9240 +0.21 84.00 &+ 1.03
X v X v 88.86 + 0.10 91.42 £ 0.07 84.84 +1.27
X v v X 89.73 £ 0.29 9211 £0.23 83.14 +£1.22
X v v v 91.78 £ 0.44 93.69 £ 0.34 87.25 £ 0.89
v X X X 89.57 £ 0.26 91.99 £ 0.19 84.44 +1.36
v X X v 89.55+0.26 91.98 £0.20 84.03 + 2.56
v X v X 89.77 £ 0.43 92.14 +0.33 84.58 + 1.57
v X v v 89.93 +0.17 9226 +£0.13 84.87 +2.57
v v X X 92.02 £ 0.26 93.87 £0.20 87.40 + 0.94
v v X v 89.91 +£0.35 9225+ 0.27 84.77 £ 3.13
v v v X 90.98 + 0.24 93.07 £0.18 86.21 +1.86
v v v v 92.55 £0.25 94.28 +0.19 88.14 £+ 1.06

4.3.3. Training Ratio Analysis

To assess robustness under limited supervision, we vary the training sample ratio from
1% to 5% across all datasets (Table 4). The results highlight strong label efficiency: SSGTN
benefits noticeably from small increases in supervision and exhibits diminishing returns
as the annotation budget grows, which is consistent with the model’s ability to exploit
structural priors and global context when labels are scarce. The improvement pattern
also differs across datasets. For WHU-Hi-LongKou, the accuracy saturates rapidly due to
clearer object extents and higher spatial resolution, suggesting that structural regularity
and strong spatial cues allow effective learning with very few labels. In contrast, Indian
Pines and Houston2018 require more supervision to stabilize class-balanced performance,
which can be attributed to stronger spectral confusion, mixed pixels, and class imbalance
that make minority categories harder to learn. Overall, this analysis indicates that SSGTN is
particularly suitable for low-label settings, while further gains in highly imbalanced scenes
are more likely to be constrained by data scarcity in rare classes rather than representation
capacity alone.

Table 4. OA, AA, and kappa (%) of SSGTN on three datasets under different training ratios.
(mean + std over five seeds)

Dataset Metric 0.01 0.02 0.03 0.04 0.05
OA 87.12 92.33 93.67 96.44 95.96
Indian Pines AA 80.22 84.07 85.63 91.63 87.19
K 85.31 91.25 92.78 95.93 95.39
OA 99.39 99.72 99.74 99.81 99.85
WHU-Hi-LongKou AA 98.62 99.30 99.24 99.41 99.58
K 99.20 99.63 99.65 99.75 99.81
OA 94.24 95.94 96.52 96.99 97.38
Houston2018 AA 87.73 91.04 92.54 93.22 94.17
K 92.50 94.71 95.47 96.08 96.59
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4.3.4. Computational Complexity

To complement the performance-oriented ablations, we further report a per-image
complexity comparison on the WHU-Hi-LongKou dataset in terms of FLOPs and model
parameters (Table 5). A key observation is that the FLOPs are dominated more by the
token/region granularity than by the parameter count. Patch-based 3D CNN/Transformer
pipelines typically operate on dense spectral-spatial patches or long token sequences on the
full pixel lattice, which leads to 10~10* G FLOPs per image. In contrast, superpixel-graph
methods (GCN, CEGCN, and SSGTN) compress the image into a much smaller set of region
nodes and perform message passing/attention on a sparse adjacency, substantially reducing
computation while still leveraging contextual aggregation. Importantly, G-Mamba does not
adopt superpixel segmentation and thus incurs high FLOPs despite being categorized as a
graph/SSM hybrid, since its global modeling is still carried out at a much finer granularity.
Meanwhile, the notably low FLOPs of MambaHSI are largely attributed to its tile-based
processing strategy, which reduces the effective sequence length and computation per
forward pass compared to patch-based tokenization used by several Transformer-style
baselines. We note that peak GPU memory consumption is also strongly implementation-
dependent (e.g., batch size, precision, and activation storage), and therefore we report
FLOPs/parameters as hardware-agnostic indicators while providing qualitative discussion
of memory trends through token/region granularity. Overall, SSGTN provides a favorable
computation—capacity trade-off with a clear advantage in FLOPs, while its parameter size
is comparatively larger and remains a noticeable drawback.

Table 5. Per-image complexity comparison on the WHU-Hi-LongKou dataset. FLOPs are reported in
G, and parameters are reported in MB.

Methods FLOPs (G) Param (MB)
CNN-2D 4059.60 1.56
SSRN 8705.63 0.34
HybridSN 1686.79 1.40
SSFTT 1578.37 0.61
MorphFormer 1356.35 0.56
MambaHSI 12.08 0.51
MFormer 4979.38 1.19
GCN 7.86 0.14
CEGCN 66.99 0.70
G-Mamba 3008.70 1.30
SSGTN 60.89 1.79

4.4. Experimental Results
4.4.1. Comparative Performance Analysis

Tables 6-8 and Figures 4-6 indicate that SSGTN provides consistent improvements
across three representative benchmarks under the 1% per-class protocol. We additionally
report a classical support vector machine (SVM) baseline as a non-deep-learning reference.
Across all three datasets, SVM yields noticeably lower OA and x compared with deep
models, and its large variance on Indian Pines indicates limited robustness under scarce
supervision and strong spectral confusion. With Indian Pines, the dominant challenge
is the combination of coarse spatial resolution, strong spectral similarity among crop
types, and extreme class imbalance. In this regime, methods that rely heavily on local
neighborhoods tend to be more affected by mixed pixels and scarce supervision for minority
categories. The region-level structural prior and global reasoning in SSGTN improve
spatial consistency and overall robustness, while class-balanced performance remains
constrained by the lack of samples in rare classes. In WHU-Hi-LongKou, the scene exhibits
clearer object extents and higher spatial resolution, and superpixel regions align well
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with meaningful structures. Consequently, region-level graph modeling becomes highly
effective and most competitive methods approach saturation, with SSGTN maintaining
clean boundaries and fewer spurious fragments in the prediction maps. In Houston2018,
the urban environment introduces high intra-class variability and pronounced imbalance.
In this setting, combining graph-regularized spatial coherence with global contextual
modeling is particularly beneficial for complex man-made structures, whereas residual
errors are mainly concentrated in rare categories, suggesting that data imbalance is a

primary bottleneck for further gains.

Figure 4. Classification maps of different models on the Indian Pines dataset with 1% samples
per class as the training set. (a) Ground truth; (b) CNN-2D; (c¢) SSRN; (d) HybridSN; (e) SS-
FTT; (f) MorphFormer; (g) MambaHSI; (h) MFormer; (i) GCN; (j) CEGCN; (k) Graph-Mamba;
(1) SSGTN (ours).

Figure 5. Classification maps of different models on the WHU-Hi-LongKou dataset with 1%
samples per class as the training set. (a) Ground truth; (b) CNN-2D; (c) SSRN; (d) HybridSN;
(e) SSFTT; (f) MorphFormer; (g) MambaHSI; (h) MFormer; (i) GCN; (j) CEGCN; (k) Graph-Mamba;
(1) SSGTN (ours).

4.4.2. Qualitative Results and Visual Analysis

Classification maps in Figures 4-6 are examined from three complementary per-
spectives, i.e., intra-region homogeneity, boundary adherence, and robustness to sparse
supervision. Compared with CNN-based baselines, which tend to produce fragmented
predictions around mixed pixels, and purely global models, which may introduce scattered
misclassifications when local structure is ambiguous, SSGTN yields spatially coherent
regions while preserving class transitions at object boundaries. This behavior is consistent
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with the intended role of the superpixel graph in enforcing structural regularity and the
Transformer branch in compensating for long-range contextual dependencies, thereby

mitigating both salt-and-pepper noise and excessive over-smoothing.

Figure 6. Classification maps of different models on the Houston2018 dataset with 1% sam-
ples per class as the training set. (a) Ground truth; (b) CNN-2D; (c) SSRN; (d) HybridSN;
(e) SSFTT; (f) MorphFormer; (g) MambaHSI; (h) MFormer; (i) GCN; (j) CEGCN; (k) Graph-Mamba;
(1) SSGTN (ours).

On Indian Pines (Figure 4), where small agricultural parcels and spectrally similar
crop types often induce local confusion, SSGTN reduces isolated mislabeled pixels and
maintains more continuous field patterns, indicating improved handling of mixed pixels
under scarce labels. On WHU-Hi-LongKou (Figure 5), the dominant challenge is aligning
predictions with elongated field boundaries; SSGTN better follows these boundaries and
suppresses cross-field label leakage, reflecting effective region-level regularization. On the
urban Houston2018 scene (Figure 6), fine-grained man-made structures and strong material
similarity can cause boundary blur or sporadic errors; SSGTN preserves sharper transitions
between adjacent classes and produces cleaner structural layouts, suggesting that com-
bining graph-based locality with attention-driven context is beneficial for discriminating
spectrally close categories.
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Table 6. Results on the Indian Pines dataset with 1% training samples (mean + std over five seeds).
Hand-Crafted CNNs Transformer-Based Mamba-Based GCN
SVM CNN-2D SSRN HybridSN SSFTIT MorphFormer = MambaHSI MFormer GCN CEGCN G-Mamba SSGTN
1 38.18 + 14.26 3541 +223 1652+139 5636+ 11.54 31.82+ 31.53 62.27 + 38.22 78.18 +12.16 85.33 £+ 9.59 5597 £ 456 28.29 4+ 1.49 92.92 + 6.08 39.74 + 18.95
2 54.61 + 5.93 7694 + 059 73.59 £0.75 56.89 +9.44 79.20 4+ 14.88 85.38 + 4.33 85.79 + 3.55 73.86 & 9.52 7595+ 125 79.29 +£0.75 73.15 + 7.69 85.11 £ 6.54
3 36.53 + 12.81 4747 +£1.22 3429 +£1.58 65.31 + 3.48 69.90 + 12.02 66.28 + 11.57 77.98 + 6.96 78.69 + 6.40 7395+ 1.05 81.58+0.87 6849+ 1131 75.82+ 10.06
4 34.03 + 8.06 3545 +0.89 14.92+1.33 27.64 + 8.29 70.39 4+ 23.59 73.25 +19.97 89.96 + 7.19 65.02 +=11.91 9096 +0.89 69.03 + 2.83 5291 + 6.09 83.67 +10.17
5 79.32 4+ 4.02 54.76 +1.67 54.81 +£2.29 42.45 +5.63 67.70 £ 11.09 7298 +7.15 80.04 + 6.88 86.57 £ 3.67 81.38 =092 68.35 £ 2.76 79.57 + 8.21 89.47 + 3.53
6 84.96 + 4.97 98.29 £ 0.11 97.87 +0.22 90.17 £ 1.74 91.99 + 6.31 90.64 + 5.29 90.59 + 5.05 96.71 £ 1.76 91.04 £0.53 95.81 +0.13 94.96 + 2.62 97.12 £ 1.17
7 86.15 & 6.25 7829 £0.85 40.25+2.01 66.15+12.02 86.92 4+ 18.76 91.54 + 6.88 96.15 + 4.21 0.00 £ 0.00 98.52 +0.18 77.69 +=1.82 100.00 +0.00 72.59 + 20.23
8 89.49 4+ 7.05 78.04 £2.18 91.79+0.56  99.06 + 1.88 98.12 +3.75 99.83 +0.38 99.36 +1.28 97.63 £4.00 99.70£0.02 99.74+0.02 91.30 +7.57 98.84 £+ 1.04
9 34.44 + 12.86 4275+ 1.15 1497 +1.04 86.67 £10.30 35.56 + 35.92 31.11 £ 16.01 76.67 +19.37 0.00 £ 0.00 57.66 £3.65 21.17 £ 1.66 98.82 + 2.35 40.00 £ 21.73
10 49.71 £7.81 63.94 + 0.68 68.75 + 0.82 66.68 + 7.53 69.14 + 13.19 74.35 + 3.48 78.78 + 3.87 76.69 + 4.76 7422 +0.85 79.41 +0.73 66.78 + 3.84 80.72 + 11.00
11 71.92 4 3.87 85.54+0.57 90.66 = 0.54 87.98 +£2.82 86.25 + 5.44 85.96 + 4.54 90.71 4+ 4.02 8759 +1.60 91.17+0.73 90.39 +£0.69 83.96 + 5.89 90.69 + 6.60
12 2472 +9.33 37.03 £094 2648 +1.61 45.99 +£9.78 42.62 +17.18 44.99 £+ 16.78 71.57 +7.84 5741 £13.61 8021 £0.68 65.81+1.33 56.84 +11.19 70.23 4+ 4.52
13 91.66 + 2.47 98.60 £ 0.06 96.72 £ 0.66 65.07 + 4.54 80.50 + 18.87 97.99 +2.73 99.50 + 0.64 92.32 + 5.86 9252 +£0.52 97.01 &£ 0.45 96.01 + 3.05 99.00 £+ 1.37
14 91.19 £ 1.30 98.99 +£0.04 99.87 + 0.02 89.99 + 3.03 92.56 + 5.80 95.00 + 3.37 95.58 + 2.39 98.40 £+ 0.75 9454 £0.39 98.76 + 0.09 98.71 £+ 0.89 98.66 + 0.86
15 25.08 +4.14 46.89 +£1.03 3028 +0.83 39.42+1.33 6159 +16.17 75.56 + 11.33 84.07 £546 7141 +10.03 9046+1.13 7597 +£214 4294 +856 74.26 +12.63
16 75.38 + 12.60 4512 +291 29.16 +2.39 21.10 £9.84 72.97 + 35.01 83.08 + 27.69 76.26 1359 80.65 +14.85 37.364+0.31 26.01 £1.11 98.88 + 1.41 79.66 + 16.48
63.88 + 1.80 7415+ 0.27 72.89 £0.26 71.64 +1.19 78.80 4+ 3.39 81.64 + 1.12 86.96 + 0.75 83.06 + 1.28 85.07 = 0.31 84.55+0.18 78.33 +2.39 87.12 £ 291
60.46 4 2.03 6397 032 55.06 =035 62.93 £2.10 71.08 £ 7.82 76.89 4 4.15 85.70 +2.17 71.77 £1.32 80.35+0.71 72154045 81.02+1.27 80.22 4 3.74
58.37 £ 2.29 70.05+0.31 68.29 £+ 0.32 67.31 + 1.62 75.75 + 3.99 79.01 +£1.29 85.10 + 0.89 80.59 + 1.44 8299 +0.35 82.32 +£0.21 75.86 + 2.69 85.31 £ 3.25
Table 7. Results on the WHU-Hi-LongKou dataset with 1% training samples (mean =+ std over five seeds).
Hand- CNNs Transformer-Based Mamba-Based GCN
Crafted
SVM CNN-2D SSRN HybridSN SSFTT MorphFormer  MambaHSI MFormer GCN CEGCN G-Mamba SSGTN

1 98.07 £0.45 99.82+£0.04 99.88+0.04 9991 +0.08 99.88 +0.14 99.86 + 0.08 99.74 +£ 017 9994 +0.04 97394038 99.23+096 9995+ 0.04 99.76 +0.23
2 74.66 + 5.69 98.05 + 0.61 98.16 + 0.81 99.62 + 0.18 99.47 + 0.12 99.24 +0.24 98.83 + 0.81 99.62 + 0.31 97.64 + 1.37 99.77 + 0.42 99.81 £ 0.14 99.62 + 043
3 73.62 +7.77 96.29 + 0.88 97.33 +0.29 99.39 £ 044  98.65 + 0.65 98.59 + 1.08 98.24 + 0.91 97.11 £ 1.87 91.13 +£2.33 96.63 + 1.30 98.91 + 1.07 9793 +1.28
4 96.15 + 0.39 99.67 + 0.04 99.73 + 0.11 99.64 +£0.06 99.75 %+ 0.06 99.66 + 0.08 99.56 + 0.17 99.76 + 0.10 97.49 + 0.66 99.66 + 1.49 99.53 + 0.23 99.88 + 0.32
5 57.78 £9.29 94.59 + 1.50 9293 + 1.02 95.32 + 1.59 96.41 + 2.95 97.73 £2.10 96.52 + 0.69 97.98 + 0.84 98.58 + 0.01 96.63 + 1.23 98.72 + 0.36 99.96 + 0.01
6 94554193 99.76 034  99.67 046  99.84 +£0.05 99.87 +£0.15 99.49 4+ 0.41 99.34 +0.40  99.68 = 0.16 9659 +1.86  99.86 + 0.11 9641 +1.47  97.78 +0.79
7 99.96 +0.02  99.98 4+ 0.01 99.98 4 0.01 99.96 +0.01  99.89 4+ 0.11 99.93 4+ 0.05 99.85+0.07 9991 +0.04 9896 +0.17 99.91+039 96.41 + 0.61 98.42 +0.73
8 79.88 + 4.74 96.52 + 0.82 96.19 + 0.96 93.84 £ 147 9452+ 254 94.66 + 2.26 90.25 £ 1.91 95.64 +1.34 79.67 + 6.13 97.33 £ 0.99 99.59 + 0.07 97.93 + 0.54
9 63.54 + 3.12 94.89 + 0.92 9443 + 1.84 9538 £044 97.04 +1.23 95.18 £ 1.18 86.44 + 4.44 95.44 + 0.96 55.34 + 5.20 98.44 +1.00 98.91 +0.23 97.68 + 0.53
94.24 + 0.57 99.28 + 0.09 99.33 + 0.08 99.39 £0.10 9948 +0.11 99.41 +£0.13 98.90 £+ 0.10 99.50 + 0.05 96.14 + 0.11 99.47 £+ 0.02 99.59 + 0.07 99.62 + 0.10
82.02 +£247 9739 £0.51 97.56 +0.11 98.07 +£0.39  98.39 + 0.42 98.26 + 0.42 96.53 + 0.51 9834 +026 9031 +0.80 98.61+1.19 9891+023 9897 +0.12
9240 +0.77 99.06 + 0.13 99.12 + 0.10 99.20 £ 0.14 99.31 +0.15 99.22 +0.17 98.55 + 0.14 99.34 + 0.07 9492 + 0.15 99.30 + 0.02 99.46 + 0.09 99.51 + 0.11

https://doi.org/10.3390 /1518020199


https://doi.org/10.3390/rs18020199

Remote Sens. 2026, 18, 199 19 of 23
Table 8. Results on the Houston2018 dataset with 1% training samples (mean + std over five seeds).
Class No. Hand-Crafted CNNs Transformer-Based Mamba-Based GCN
SVM CNN-2D SSRN HybridSN SSFTT MorphFormer  MambaHSI MFormer GCN CEGCN G-Mamba SSGTN

1 96.94 + 0.96 89.74 £ 040 83.87+£3.72 76.84+£5.61 79.26 = 8.74 78.55 £ 1.33 79.22 + 3.41 73.53 £ 9.66 61.07 +=4.24 85.13 + 1.86 84.20 £ 4.16 86.47 £+ 0.94
2 95.20 + 0.47 95.19 £ 041 9357 £233 91.88 £1.37 90.99 + 3.97 92.22 +1.05 91.67 + 0.47 91.74 + 1.50 86.39 + 1.33 94.91 +0.70 84.20 +4.16 94.04 + 0.65
3 100.00 £ 0.00 96.61 +£2.76  99.58 +£0.51 86.15+1.71 99.10 + 0.64 97.88 + 4.08 100.00 £ 0.00  88.77 +4.21 99.38 + 1.25 98.78 + 0.78 96.72 + 3.69 99.55 + 0.40
4 95.67 + 0.75 9691 £0.26 9459 £1.87 96.13 £1.55 96.34 + 1.11 96.41 + 1.33 94.06 £+ 0.47 92.28 £ 1.61 77.50 £ 1.53 96.46 + 0.75 95.58 + 0.89 96.30 + 0.31
5 86.74 £ 2.86 83.19+£099 9352+206 7173 £2.83 85.45 £ 4.87 79.77 £ 6.74 80.48 £+ 3.94 77.33 £ 5.33 58.65 + 2.27 78.49 £+ 4.13 83.34 £3.12 81.81 £+ 3.88
6 96.43 + 0.92 96.02+124 9878 £0.86 96.26 £1.07 97.36 + 2.98 96.43 + 2.80 97.30 +3.13 94.55 + 6.85 98.21 + 2.69 97.11 +2.37 98.96 + 0.22 98.70 + 1.41
7 85.92 +10.81 83.08 +£9.47 9944 +1.12 70.00 +10.22  62.31 +5.29 76.23 +15.11 7338 834  84.03 +12.37 26.06 2451 56.64 £21.23 87.83+£11.94 8043 +£9.24
8 91.50 + 0.94 91.08 £+ 0.88 9419 +1.62 9093 +1.23 94.72 + 1.31 96.29 £+ 0.89 97.29 +0.32 90.34 + 2.16 97.41 £+ 0.63 97.58 £+ 0.83 91.54 +1.08 98.68 + 0.19
9 84.26 +2.38 9745+ 0.07 9755+049 9857 £0.14 98.14 + 0.52 97.58 + 0.39 98.73 £ 0.10 97.91 + 0.44 97.27 £ 0.19 98.70 + 0.12 97.84 +0.23 98.66 + 0.16
10 58.85 + 2.45 7379 £1.03 8342 +276  78.36 +1.98 78.87 + 4.46 80.40 + 4.35 81.71 £1.18 75.36 £ 2.43 76.32 = 1.06 83.75 + 1.70 75.86 + 1.45 84.92 +1.09
11 65.17 £ 1.21 69.46 +0.81 7497 £225  62.00 £ 2.98 71.01 +£2.23 67.71 + 4.62 69.75 + 1.86 64.92 + 3.38 49.76 + 1.52 75.53 £+ 2.53 72.15 + 1.45 75.59 +£3.11
12 39.31 £ 3.57 5.90 +4.75 37.81 +5.42 11.65 £2.21 5.77 £7.66 3.55 +3.54 16.70 £ 3.86 10.27 £ 2.62 0.85 £+ 1.66 8.19 + 3.95 11.79 £ 4.34 16.37 £ 6.35
13 64.53 +3.12 83.88 +£1.05 84.01 £6.09 91.07 £ 0.65 91.05 + 2.11 88.90 +4.99 92.95 £+ 0.51 85.60 £ 2.58 93.62 + 0.57 93.83 + 1.67 85.75 £ 0.67 93.81 +0.83
14 91.24 + 0.66 88.69 +£0.78  89.63 £195 9293 +£1.70 93.13 + 3.96 95.78 + 1.46 94.59 +1.10 86.99 +9.79 92.44 +2.17 95.12 + 0.82 89.04 +1.48 96.05 + 1.56
15 98.00 + 0.79 98.15+0.65 9819+093 96.11+£217 98.85 + 0.89 97.65 + 1.72 98.82 4+ 0.44 98.48 + 0.80 91.74 +2.17 99.08 + 0.62 98.95 + 0.64 98.20 + 1.85
16 92.99 + 0.46 9197 +£085 9449 +1.65 93.87+1.05 95.35 + 2.19 92.94 + 3.48 93.50 £+ 0.85 93.76 £+ 4.08 75.03 £+ 6.48 96.58 £ 0.60 94.36 £+ 0.36 96.64 + 1.67
17 89.44 £+ 3.75 57.53 £27.67  0.00 = 0.00 1.54 £2.44 45.63 £45.16  23.52 +£2844  58.31 +£18.19 22.07 +16.53 0.00 £ 0.00 0.00 £ 0.00 88.03 524  65.26 + 26.31
18 82.23 +2.38 84.25+2.06 94.68 £242  96.79 £ 0.92 87.07 £+ 3.58 90.91 + 4.00 87.99 + 1.41 87.43 +£4.26  58.09 +12.37  93.74 £ 2.89 88.55 £ 2.05 93.73 £ 1.65
19 86.55 + 3.84 9229 +£094 9656 £246  96.94 £ 0.83 93.63 + 2.61 91.58 + 6.01 95.50 + 1.83 94.09 + 2.59 84.32 +2.22 98.27 + 0.42 92.66 + 0.75 99.65 + 0.32
20 98.23 + 0.40 9754+ 044 99.18 £042 98.71 £ 0.65 98.98 + 0.96 98.76 + 1.97 98.29 + 1.29 98.69 £+ 0.90 99.90 £+ 0.10 99.89 £+ 0.09 99.32 + 0.29 99.75 + 0.21
OA (%) 81.41 +1.48 9040 £0.27  9214+049 9117 +£0.25 91.99 + 0.48 91.59 + 0.70 92.79 + 0.09 89.89 + 0.39 87.89 +0.12 93.97 £ 0.11 91.02 +0.15 94.24 + 0.16
AA (%) 84.96 £+ 0.67 83.64+141 8540+0.15 7997+1.20 83.15 +2.24 82.15 +2.80 85.01 +0.97 80.41 +0.98 7120 £1.11 82.39 +1.20 86.24 +1.01 87.73 £1.97
1« (%) 76.58 + 1.74 8746 +£0.36  89.78 £0.61  88.46 £ 0.33 89.57 £+ 0.61 89.07 + 0.91 90.57 +£0.12 86.79 £+ 0.50 84.19 +0.15 92.14 +0.14 88.31 +0.20 92.50 + 0.21
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5. Discussion

The experimental results demonstrate that SSGTN effectively addresses key chal-
lenges in hyperspectral image classification under limited labeled data through its novel
architectural design. The dual-branch framework successfully leverages complementary
strengths: the graph-based branch preserves discriminative spectral patterns in homoge-
neous regions, while the Transformer branch captures long-range dependencies essential
for complex landscapes.

However, SSGTN exhibits limitations in handling severely underrepresented classes,
as evidenced by the poor performance on Class 12 in Houston2018. This limitation stems
from graph sparsity in rare classes and attention bias toward dominant categories. Future
work should explore topology-aware graph sampling and attention regularization to
improve minority class representation.

Compared to CNN-based methods, SSGTN achieves superior spatial coherence
through graph-structured regularization. Relative to pure GCN approaches, the Trans-
former branch mitigates oversmoothing in heterogeneous scenes. The computational
complexity of joint graph-attention learning necessitates careful hardware considerations
for large-scale deployments, though the sparse graph construction provides significant
efficiency gains.

The consistent performance advantage across diverse datasets and low-label training
regimes demonstrates that SSGTN is a robust and generalizable framework for hyperspec-
tral image classification, particularly in practical scenarios where labeled data are limited
and computational efficiency is critical.

6. Conclusions

This paper has presented the SSGTN, a novel dual-branch architecture that advances
hyperspectral image classification under limited supervision. The proposed framework
integrates four key innovations: an LDA-SLIC superpixel graph construction module that
preserves discriminative spectral-spatial features, a spectral denoising module for noise
suppression, a parameter-efficient Spectral-Spatial Shift Module for multi-dimensional
feature interaction, and a dual-branch GCN-Transformer that jointly models local topology
and global dependencies. Extensive experiments on three benchmark datasets demonstrate
that SSGTN consistently outperforms state-of-the-art methods under limited supervision
conditions while maintaining computational efficiency through sparse graph representa-
tions and optimized module design.

Future research will focus on enhancing SSGTN'’s capability to handle severe class
imbalance through advanced graph sampling strategies and attention regularization tech-
niques. We will also explore self-supervised pretraining approaches to further improve
sample efficiency and investigate adaptive graph construction mechanisms for better
boundary preservation in heterogeneous landscapes. These developments aim to extend
the framework’s applicability to more complex real-world scenarios while addressing
current limitations in computational scalability and minority class representation.
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