
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025 22241

HyperEAST: An Enhanced Attention-Based
Spectral–Spatial Transformer With Self-Supervised
Pretraining for Hyperspectral Image Classification
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Abstract—Hyperspectral images (HSIs) are essential in geosci-
entific applications, such as resource exploration, precision agri-
culture, and environmental monitoring, due to their rich spectral–
spatial information. However, existing classification methods face
notable limitations: Principal component analysis ignores spatial
context, convolutional neural networks lack long-range modeling,
and vision transformer (ViT)-based models often overfit under
label-scarce conditions due to their high capacity and modality-
agnostic design. To address these challenges, we propose Hyper-
EAST, an efficient dual-branch ViT framework that explicitly
decouples spectral and spatial feature modeling. At its core is
a novel linear fusion attention mechanism, which replaces dot-
product attention with a softmax-free additive formulation based
on lightweight convolutions, enabling local–global representation
learning with linear complexity. To enhance robustness under lim-
ited labels, we adopt a modality-aware masked image modeling
strategy that separately reconstructs masked spectral and spatial
tokens during self-supervised pretraining. We further introduce
a dataset-aware hybrid loss combining cross-entropy and focal
loss to mitigate class imbalance and sharpen decision boundaries.
Experiments on four benchmark HSI datasets—WHU-Hi-HC,
WHU-Hi-LK, Indian Pines, and Pavia University—demonstrate
that HyperEAST achieves competitive accuracy, efficiency, and
robustness.

Index Terms—Hyperspectral image (HSI) classification, linear
fusion attention, self-supervised learning (SSL), vision transformer
(ViT).

I. INTRODUCTION

HYPERSPECTRAL imaging (HSI) captures hundreds of
contiguous spectral bands per pixel, enabling material-

level classification across applications, such as environmental
monitoring, precision agriculture, and mineral exploration [1].
However, its high dimensionality, spectral–spatial heterogene-
ity, and limited labeled data make accurate classification chal-
lenging [2], [3].

Early methods such as principal component analysis (PCA)
and support vector machines (SVMs) relied on shallow
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Fig. 1. Architecture of MHSA.

modeling, while convolutional neural networks (CNNs) im-
proved local pattern extraction [4], [5]. 2-D CNNs treat spectral
bands as channels, whereas 3-D CNNs jointly model spectral–
spatial information [6], [7]. Despite their success, CNNs are
limited in capturing long-range dependencies due to localized
receptive fields.

Transformers, with their global modeling capabilities, have
been introduced to HSI classification. Their core operation—
multihead self-attention (MHSA)—models token interactions
via dot-product similarity followed by softmax normalization
Fig. 1 [8]. While powerful, MHSA incurs quadratic complexity
and lacks modality-specific inductive bias, making it inefficient
for high-dimensional HSI data. Recent variants, such as MAEST
and SpectralFormer, attempt to decouple modalities or enhance
spectral awareness [9], [10], yet still face limitations in either
efficiency or structural disentanglement.

To address these challenges, we propose HyperEAST, a
dual-branch transformer architecture that explicitly separates
spectral and spatial modeling. Central to our design is the linear
fusion attention mechanism (LFAM), which replaces MHSA
with a softmax-free, convolution-based additive operation. By
leveraging grouped convolutions, LFAM introduces efficient,
modality-aware interactions that better suit HSI data.
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Fig. 2. Overview of the proposed HyperEAST architecture: A dual-branch transformer architecture with LFAM for HSIs. HyperEAST divides HSI data into
spectral and spatial patches, tokenizes them separately, and processes them concurrently through a spatial transformer and a spectral transformer (equipped with
LFAM), effectively capturing spectral and spatial features. The extracted features are concatenated and passed into an MLP classifier for final classification.

In addition, we incorporate a modality-aware self-supervised
pretraining strategy based on masked image modeling (MIM), in
which spectral and spatial tokens are masked and reconstructed
independently. This promotes robust, disentangled representa-
tions under limited annotations [11], [12]. To mitigate class
imbalance and improve decision boundary sensitivity, we design
a hybrid loss (HLoss) combining cross-entropy (CE) and focal
loss (FL) [13].

Our key contributions are as follows:
1) We propose LFAM, an efficient attention mechanism

that eliminates dot-product and softmax operations via
grouped convolutional fusion, reducing complexity while
enhancing local–global modeling.

2) We develop a modality-aware MIM pretraining strategy
that independently masks spectral and spatial tokens to
improve generalization under low-label scenarios.

3) We adopt a dataset-aware HLoss combining CE and FL to
address class imbalance and sharpen class boundaries.

Extensive experiments on four benchmark datasets—WHU-
Hi-HC, WHU-Hi-LK, Indian Pines (IP), and Pavia University
(PaviaU)—demonstrate that HyperEAST achieves strong classi-
fication performance with improved efficiency and generaliza-
tion. The overall architecture is illustrated in Fig. 2.

II. RELATED WORK

A. Deep Learning in HSI Classification and the Rise of Vision
Transformers (ViT)

HSI classification has significantly advanced with the devel-
opment of deep learning techniques that effectively capture both

spectral and spatial information. Among the earliest approaches,
CNNs demonstrated strong performance by leveraging local
receptive fields and weight sharing [5]. Initial methods applied
1-D CNNs along the spectral axis to extract per-pixel spectral
features, while 2-D CNNs focused on spatial textures within
individual bands. To jointly model spectral–spatial information,
3-D CNNs were introduced, enabling the direct processing of
hyperspectral cubes [14]. However, the high computational cost
of 3-D operations limited their scalability.

To address this, hybrid architectures were proposed. No-
tably, HybridSN combines 3-D and 2-D convolutions to extract
spectral–spatial features in a more efficient manner [7]. These
CNN-based models achieve good performance, especially in
scenarios with limited labeled data. Nevertheless, they are in-
herently constrained by localized receptive fields and a lack of
global context modeling, which restrict their ability to capture
long-range dependencies across spectral bands and spatial re-
gions. To overcome these limitations, transformer architectures
were introduced in the natural language processing domain
as a mechanism for modeling global contextual relationships.
The original transformer uses stacked encoder–decoder layers
with MHSA and feedforward networks to model full pairwise
token interactions [8]. While highly effective in sequential tasks,
the transformer’s quadratic complexity with respect to input
length poses challenges in high-dimensional domains, such as
hyperspectral imaging.

The ViT adapts this architecture to image classification by
splitting an image into fixed-size patches, flattening them into
token sequences, and applying standard transformer blocks [15].
ViTs inherit the global modeling capability of transformer,
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making them promising for hyperspectral data. However, they
also introduce new challenges. Directly feeding raw hyperspec-
tral cubes into a ViT results in high computational cost and fails
to preserve spectral continuity. As a workaround, preprocessing
methods such as PCA or band sampling are often applied to
reduce dimensionality—at the cost of potentially discarding
informative spectral content [16].

Furthermore, standard ViTs lack modality awareness. They
treat hyperspectral patches as flat tokens, without explicitly
distinguishing between spectral and spatial variations [17]. This
entanglement, combined with the requirement for large labeled
datasets and high computational demands, limits their effective-
ness in real-world HSI scenarios.

To address these challenges, several ViT-based models have
been specifically tailored for hyperspectral classification. Spec-
tralFormer introduces a groupwise spectral embedding module
to model local spectral continuity prior to tokenization, im-
proving spectral representation quality [10]. MAEST adopts
a modality-aware dual-branch architecture that explicitly sep-
arates spectral and spatial processing, thereby reducing redun-
dancy and enhancing modeling efficiency [9]. Additional re-
finements include ELViT [18], which reduces complexity while
capturing both global and local dependencies.

B. Self-Supervised Learning (SSL) and MIM in HSI

The annotation of HSIs is often expensive and labor-intensive,
resulting in a scarcity of labeled data across widely used datasets,
such as IP and Houston2013. This constraint has motivated the
adoption of SSL strategies to extract rich representations from
abundant unlabeled data [19].

Apart from reconstruction-based SSL, other unsupervised
approaches such as max–min distance embedding have also
been explored to enhance feature separability in label-deficient
environments [20]. These methods aim to improve represen-
tation learning by maximizing interclass margins in the latent
space, offering a complementary direction to reconstruction-
based techniques.

Among various SSL paradigms, MIM has demonstrated
strong potential by enabling models to reconstruct masked
input regions and learn context-aware, modality-agnostic fea-
tures [21].

Recent advances in computer vision—such as MAE and
BEiT—have inspired the adaptation of MIM to the hyper-
spectral domain. Several MIM-based approaches have emerged
to address the challenges unique to HSIs. For example, SS-
MAE adopts a unified ViT backbone to support cross-sensor
modalities, including hyperspectral and multispectral data [22].
SSA-MIM proposes a joint spatial–spectral masking strategy to
exploit intermodal correlations. SpectralMAE focuses solely on
spectral continuity by masking and reconstructing spectral to-
kens [23], while S3Former introduces a split-modality masking
scheme that separates the attention across modalities [24].

Despite promising results, most of these methods apply
generic ViT architectures and rely on uniform or modality-
agnostic masking strategies. Such designs often overlook the
intrinsic structural heterogeneity of HSI data—namely, the

distinct statistical and semantic properties of spectral versus spa-
tial information. This leads to entangled feature representations
and degrades transferability to downstream classification tasks,
particularly under label scarcity or class imbalance.

To address these limitations, we propose a modality-aware
MIM framework that explicitly decouples spectral and spatial
branches during pretraining. By independently masking and
reconstructing each modality, our design encourages intramodal
specialization and better preserves modality-specific represen-
tations. Furthermore, we employ efficient attention mechanisms
tailored to each branch, reducing computational complexity
while enhancing pretraining efficiency and representational dis-
entanglement. The overall pipeline is illustrated in Fig. 3.

C. Hybrid Architectures and Efficient Transformers for HSI

With the increasing adoption of ViTs in HSI classification,
achieving a balance between modeling capacity and compu-
tational efficiency has become a key concern. Although ViTs
offer strong global context modeling, their quadratic complexity
with respect to input length renders them inefficient for high-
resolution or real-time HSI applications. This has driven interest
toward hybrid architectures and efficient attention mechanisms
customized for spectral–spatial data.

Hybrid CNN–transformer frameworks aim to leverage the
strengths of both components: CNNs effectively capture local
textures and spatial continuity, while transformers excel at mod-
eling long-range dependencies. For instance, Zhao et al. [25]
introduced a convolution-enhanced transformer that injects local
features into the attention mechanism to improve classification
accuracy. Arya et al. [26] proposed a 3D-CNN-transformer
(3DCmT) framework for joint spectral-spatial representation
learning, and Ahmad et al. [27] developed the pyramid hi-
erarchical spatial-spectral transformer (PHSS-Transformer), a
dual-branch framework that captures modality-specific features
across multiple scales. While these designs enhance feature
expressiveness, they often suffer from elevated computational
costs and structural complexity.

To improve efficiency, transformer variants have been ex-
plored in the vision domain. Swin transformer reduces compu-
tational burden via a shifted window strategy, BiFormer adopts
bilevel routing attention to prioritize salient tokens, and Ef-
ficientViT employs cascaded grouped attention for memory-
efficient processing [28]. MobileViT fuses convolutional priors
with ViT modules to optimize inference on edge devices [29].
However, most of these models are tailored for RGB imagery
and fail to account for the unique spectral characteristics of HSI,
limiting their transferability.

Recent works have begun to address this gap by adapting
efficient transformer architectures to the HSI domain. Swin-
MSP extends the Swin transformer with masked spectral pre-
training to better capture spectral continuity [30]. MambaHSI,
inspired by state-space modeling, introduces a linear-complexity
spectral–spatial backbone [31]. FactoFormer further explores
modality-aware design by adopting a dual-branch transformer
that explicitly decouples spectral and spatial modeling, demon-
strating the benefits of architectural disentanglement for HSI
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Fig. 3. Overview of the proposed masked spatial–spectral transformer, which randomly masks portions of spatial–spectral patches from HSIs and reconstructs
these masked patches through encoder–decoder training.

classification [32]. Building on this trajectory, Yang et al. [33]
proposed ACTN, an adaptive coupling transformer network
that fuses a CNN and a transformer in parallel, allowing mu-
tual interaction between local and global features. This de-
sign achieves more expressive representation and improved
performance while maintaining efficiency. Similarly, Varahagiri
et al. [34] proposed the convolution guided spectral-spatial
transformer (3D-ConvSST), which integrates 3D-CNN with
Transformer-based self-attention to enhance spectral–spatial fu-
sion while reducing complexity. These approaches demonstrate
promising directions for reconciling accuracy and computa-
tional demand in large-scale HSI classification. However, these
models still rely on standard dot-product attention, lack efficient
fusion mechanisms, or do not integrate lightweight inductive
priors.

Motivated by these limitations, we propose HyperEAST, a
dual-branch efficient transformer that explicitly separates spec-
tral and spatial modeling. At its core is an LFAM, which
replaces dot-product attention with grouped convolution and
additive token mixing. This design enables localized, efficient
interaction across modalities while maintaining strong discrim-
inative capacity under limited supervision. By combining dual-
path representation learning with efficient attention tailored to
the structure of HSI data, HyperEAST achieves a favorable
tradeoff between accuracy, generalization, and computational
cost.

III. METHODOLOGY

A. Linear Fusion Attention Mechanism

1) Motivation: Traditional transformer architectures rely on
dot-product self-attention (QK�) to model token interac-
tions. However, this operation introduces quadratic complexity
O(N2 C), which is computationally expensive for HSIs due to
their high spectral dimensionality and large spatial resolution.
Moreover, the high capacity of MHSA may lead to overfitting
under limited-label conditions, which is a common scenario in
HSI classification.

To address these challenges, we propose the LFAM,
an efficient alternative to MHSA. Inspired by recent de-
velopments in additive attention mechanisms, particularly

CAS-ViT [35], LFAM replaces global dot-product interac-
tion with a convolution-guided additive scheme. It lever-
ages depthwise and pointwise convolutions to capture spa-
tial and channel dependencies within local token neigh-
borhoods, enabling efficient token mixing with linear
complexity.

2) Design Overview: As shown in Fig. 4, LFAM consists of
the following key stages.

1) Query–key–value projection: The input sequence is lin-
early projected into Q,K,V ∈ RB×C×N for further pro-
cessing.

2) Depthwise spatial convolution: A depthwise 3× 1 con-
volution is applied to Q+K to enhance spatial–local
context.

3) Pointwise channel mixing: A 1× 1 convolution integrates
channelwise information and outputs an attention map via
sigmoid activation.

4) Gated fusion: The attention map modulates the value
embedding through gated elementwise product, followed
by projection and dropout.

3) Formulation: Given an input sequence X ∈ RB×N×C ,
we first compute

Q,K,V = Linear(X). (1)

We transpose Q,K,V into shape RB×C×N and define the
fused representation

Fattn = σ (W2 ∗ ReLU (W1 ∗ (Q+K))) (2)

where ∗ denotes convolution, W1 is a depthwise 3× 1 kernel,
and W2 is a 1× 1 pointwise kernel. The attention-modulated
output is then

O = tanh(Fattn)�V. (3)

Finally, we apply a linear projection and dropout

Oout = Dropout(Linear(OT )). (4)

4) Computational Complexity: Compared with the quadratic
cost of dot-product attention O(N2 C), LFAM reduces the
complexity to

O(LFAM) = O(NC2) +O(kCN) (5)
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Fig. 4. Detailed architecture of the transformer encoder integrating the LFAM. Unlike conventional self-attention, LFAM linearly fuses Query (q) and Key (k)
via parallel spatial and channel attention modules consisting of convolution, normalization, activation, pooling, and elementwise multiplications. The spatially
and channel-enhanced features are then combined and modulate the value (v) through elementwise multiplication, effectively capturing complex spatial–channel
interactions in HSI patches.

where k is the convolution kernel size. This linear scaling
greatly improves inference efficiency and scalability to large
HSIs.

5) Advantages of LFAM:
1) Linear complexity: LFAM avoids pairwise attention com-

putation and scales linearly with sequence length.
2) Local dependency modeling: Convolutional operations

capture spatial continuity and contextual cues.
3) Overfitting resistance: The additive structure with gated

modulation acts as an implicit regularizer.
4) Hardware efficiency: The design favors deploy-

ment on edge devices with high compatibility to
ONNX/TensorRT.

B. Dual-Branch Spectral–Spatial Transformer With
Modality-Aware MIM Pretraining

To fully exploit the complementary spectral and spatial char-
acteristics of HSIs, we propose a dual-branch spectral–spatial
transformer, as illustrated in Fig. 3. The architecture comprises
two parallel and specialized branches—spectral and spatial—
that independently extract domain-specific features prior to a
final fusion stage for classification. We further introduce a
modality-aware SSL strategy based on MIM, which enhances
the model’s representational power in low-label scenarios [36],
[37].

1) Hybrid Attention Integration Strategy: A key innovation
of our framework lies in its selective integration of attention
mechanisms. Specifically, we apply the LFAM exclusively to
the spectral branch, as efficient modeling of long-range spectral
dependencies is critical in HSI analysis. Conversely, the spatial
branch retains standard MHSA to preserve the ability to model
fine-grained spatial structures. This hybrid design balances com-
putational efficiency with representational power, enabling the
model to perform robustly across diverse hyperspectral bench-
marks.

2) Spectral Branch: The spectral branch captures interband
correlations and long-range spectral dependencies. The input

HSI cube X ∈ RH×W×B is divided into B nonoverlapping
spectral patches along the spectral dimension. Each patch ai ∈
RH×W×1 is flattened and projected into a fixed embedding
dimension Cs

zspe,i = Espe · Flatten(ai) + espe,i, i = 1, . . . , B. (6)

An additional [CLS] token zcls,spe is prepended

Z(0)
spe = [zcls,spe, zspe,1, . . . , zspe,B ]. (7)

This sequence is processed by transformer blocks with LFAM
to enhance efficiency and spectral modeling.

3) Spatial Branch: The spatial branch focuses on local spa-
tial patterns. The HSI cube is divided into H ×W spatial
patches, each bi ∈ R1×1×B , which is flattened and projected

zspa,i = Espa · Flatten(bi) + espa,i, i = 1, . . . , H ·W. (8)

With a [CLS] token prepended

Z(0)
spa = [zcls,spa, zspa,1, . . . , zspa,H·W ]. (9)

This is processed by standard transformer layers to extract
spatial dependencies.

4) Spectral–Spatial Feature Fusion: Final layer tokens
z
(L)
cls,spe and z

(L)
cls,spa are concatenated and passed to an MLP for

classification

zfusion = Concat(z
(L)
cls,spe, z

(L)
cls,spa) (10)

ŷ = MLP(zfusion). (11)

Advantages:
1) Targeted feature extraction: Specialized processing re-

duces modality interference.
2) Efficiency: LFAM reduces spectral computation; spatial

side preserves resolution.
3) Complementary fusion: Captures high-order spectral–

spatial correlations.
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5) Modality-Aware MIM: To address label scarcity, we adopt
self-supervised pretraining via MIM. Each branch is pretrained
independently using a factorized masking strategy.
� Spectral branch: Randomly mask subsets of spectral bands

per pixel to capture spectral continuity.
� Spatial branch: Mask spatial patches to encourage learning

of spatial dependencies.
Let M be the set of masked tokens. The reconstruction loss

is defined as follows:

LMIM =
1

|M|
∑

i∈M
‖x̂i − xi‖2 . (12)

Each branch employs a dedicated reconstruction head to pre-
dict the masked tokens, promoting disentangled and specialized
representations.

Benefits:
1) Label-free learning: Enables pretraining on large unla-

beled HSI datasets.
2) Branch-specific enhancement: Ensures each branch learns

complementary features.
3) Better fine-tuning: Leads to improved initialization and

higher downstream accuracy.

C. HLoss Strategy for Class Imbalance Mitigation

1) Motivation: Class imbalance is a persistent challenge
in HSI classification, where dominant land cover types often
overwhelm minority classes. Recent studies have validated the
effectiveness of FL and HLoss strategies in addressing class
imbalance for HSI classification tasks [38]. Although both CE
and FL are widely used individually, we observe that they exhibit
complementary behavior:

CE provides stable learning for majority classes,
FL better emphasizes hard-to-classify and minority samples.
Motivated by this, we propose an HLoss strategy that linearly

combines CE and FL, forming a more robust and generalizable
optimization objective.

2) HLoss Formulation: Our hybrid objective combines the
CE loss with the FL to enhance class-level discrimination. It is
defined as

Lhybrid = λ · LCE + (1− λ) · Lfocal. (13)

The FL component is formulated as

Lfocal = −
C∑

i=1

αi(1− pi)
γ log(pi) (14)

where pi is the predicted probability for class i, αi denotes the
inverse-frequency weight, and γ controls the emphasis on hard
examples. While the CE term facilitates stable optimization, the
focal term increases sensitivity to minority and difficult classes.

3) Dataset-Aware Weight Selection: Instead of fixing the
weighting factor λ, we perform a grid search over various
CE–FL ratios (e.g., 0.9–0.1, 0.6–0.4, 0.2–0.8) for each dataset.
Experimental results reveal consistent trends as follows.

1) On relatively balanced datasets, CE-dominant combina-
tions (e.g., λ = 0.8) offer better convergence and training
stability.

2) On imbalanced datasets (e.g., IP), focal-dominant settings
(e.g., λ = 0.2) significantly improve classification perfor-
mance, especially for minority classes.

3) Across all datasets, the HLoss consistently outperforms
standalone CE or FL, validating its robustness and practi-
cal effectiveness.

These findings suggest that a simple, dataset-aware weighted
combination provides a flexible and effective solution for han-
dling varying degrees of class imbalance.

4) Benefits:
1) Complementary optimization: Leverages CE’s stability

and FL’s focus on hard samples.
2) Dataset adaptability: Optimal CE–FL ratio varies across

datasets, reflecting intrinsic class distribution.
3) Empirically validated: Achieves higher OA and

Kappa than single-loss baselines in all benchmark
settings.

5) Conclusion: We present HyperEAST, a novel dual-branch
ViT framework tailored for HSI classification. HyperEAST ad-
dresses key challenges in HSI analysis, including high spectral
dimensionality, limited labeled data, and severe class imbalance.
Recent work such as GSPST [39] enhances spectral modeling by
incorporating group-spectral superposition and position-aware
self-attention mechanisms. In contrast, our method achieves the
same goal with a lightweight additive attention design (LFAM),
reducing computation while preserving performance. The model
explicitly decouples spectral and spatial representation learning
through a two-branch architecture, enabling specialized mod-
eling of long-range spectral dependencies and localized spatial
patterns.

To enhance computational efficiency, we introduce the
LFAM, a lightweight alternative to dot-product attention that
employs additive convolutional transformations. Despite a slight
increase in parameters and FLOPs, LFAM significantly reduces
inference time and improves accuracy in the spectral branch,
demonstrating an effective tradeoff between performance and
complexity. This aligns with recent efforts such as SCluster-
Former (Fang et al. [40], 2025), which leverage deformable
convolutions and clustering priors to reduce redundancy in
high-resolution HSI scenes.

To mitigate reliance on annotated data, we adopt a self-
supervised MIM strategy for pretraining in spectral–spatial
representation. During fine-tuning, we employ an HLoss that
combines CE and FL to address class imbalance and improve
robustness. Our self-supervised training framework builds on
the idea that combining 3-D convolutions with ViT—seen in
3DVT (Su and Shao [41], 2025)—can improve feature fusion in
low-label scenarios.

Extensive experiments on four benchmark datasets confirm
that HyperEAST achieves competitive performance in terms
of overall accuracy (OA), average accuracy (AA), and
Kappa coefficient, while also reducing inference latency.
In summary, HyperEAST offers a scalable, label-efficient, and
deployment-ready solution for practical HSI clas-
sification, making it well-suited for real-world ap-
plications in remote sensing and geospatial data
mining.
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TABLE I
CLASS NAMES, COLOR LABELS, AND NUMBER OF SAMPLES FOR ALL FOUR DATASETS: IP, WHU-HI-HC, PAVIAU, AND WHU-HI-LK

IV. EXPERIMENTS

A. Hyperspectral Datasets

To comprehensively evaluate the effectiveness and general-
ization capability of our proposed method, we conduct exper-
iments on four widely used hyperspectral datasets: IP, WHU-
Hi-HanChuan (WHU-Hi-HC), WHU-Hi-LongKou (WHU-Hi-
LK), and PaviaU. These datasets encompass diverse spectral
resolutions, spatial scales, and scene complexities, making them
well-suited benchmarks for HSI classification.

IP and PaviaU are classic benchmarks in agricultural and
urban settings, respectively, and have been extensively used
in prior works [42], [43]. WHU-Hi-HC and WHU-Hi-LK, on
the other hand, provide large-scale UAV-acquired imagery with
heterogeneous land cover, making them ideal for evaluating
spectral–spatial learning models [44]. We follow the same train-
test splits as adopted in SpectralFormer [10] and MAEST [9] to
ensure fair comparisons.

1) Indian Pines: The IP dataset is a widely used benchmark
in hyperspectral remote sensing. It was collected by the air-
borne visible/infrared imaging spectrometer over northwestern
Indiana, USA, primarily covering agricultural land. The original
data contains 220 spectral bands across wavelengths from 400 to
2500 nm; however, 20 bands affected by atmospheric absorption
are typically removed, resulting in 200 valid bands. With a spatial
dimension of 145×145 pixels and 16 land-cover classes (mainly
crop types and forested areas), the dataset poses a classification
challenge due to the high spectral similarity between certain
crop species. Classwise sample statistics are summarized in
Table I.

2) WHU-Hi-HanChuan: The WHU-Hi-HC dataset was ac-
quired using a UAV-mounted hyperspectral imaging system over
HanChuan, Hubei Province, China. It has a spatial resolution
of 1217 × 303 pixels, with more than 283 000 labeled sam-
ples retained after preprocessing. The region includes diverse
land-cover types, such as vegetation, water bodies, and urban
settlements, making the dataset challenging due to interclass
spectral similarity. Compared to WHU-Hi-LK, WHU-Hi-HC
spans a larger area with greater heterogeneity, making it a

suitable benchmark for evaluating spectral–spatial feature ex-
traction. Class distribution details are listed in Table I.

3) Pavia University: The PaviaU dataset was captured by the
reflective optics system imaging spectrometer over the urban
area of Pavia, Italy. After removing noisy bands, 103 spectral
channels are retained. The image has a spatial resolution of
610× 610 pixels and includes nine land-cover classes, primarily
consisting of urban structures such as roads, buildings, and
vegetation. Unlike IP, which focuses on agricultural landscapes,
PaviaU emphasizes manmade environments, making it a popular
choice for evaluating spectral–spatial classification methods.
Per-class sample counts are provided in Table I.

4) WHU-Hi-LongKou: The WHU-Hi-LK dataset is part of
the WHU-Hi airborne hyperspectral series, collected using a
Headwall Nano-Hyperspec sensor mounted on a DJI Matrice
600 Pro UAV. The data were acquired over Longkou Town,
Hubei Province, China, on 17 July 2018, between 13:49 and
14:37 local time. It has a spatial size of 550 × 400 pixels, and
204 542 labeled samples are retained after background removal.
The scene primarily comprises agricultural and built-up areas,
serving as a valuable benchmark for assessing model perfor-
mance on heterogeneous land-cover classification. Classwise
sample statistics are listed in Table I.

B. Pretraining Strategy

To improve the model’s ability to capture informative
spectral–spatial representations, we adopt a self-supervised pre-
training strategy based on MIM. This approach enables the
model to learn rich features from unlabeled hyperspectral data
by reconstructing randomly masked portions of the input, lever-
aging the inherent spectral correlations across bands.

Unlike fully supervised methods that rely heavily on large-
scale labeled datasets, our self-supervised framework encour-
ages the model to recover masked spectral tokens, promoting
the learning of high-order spectral dependencies and improving
generalization across diverse datasets.

We conduct pretraining on the unlabeled portion of each
dataset, as summarized in Table II. Pretraining is conducted
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TABLE II
DETAILS OF DATA USED FOR PRETRAINING, FINE-TUNING, AND TESTING ON

FOUR HYPERSPECTRAL DATASETS

for 200 epochs using the Adam optimizer with a batch size
of 32 and a learning rate of 5× 10−4. We adopt a StepLR
scheduler without weight decay. During pretraining, we apply a
masking ratio of 70% to both the spectral (SPE) and spatial (SPA)
branches. These hyperparameters are applied consistently across
Swin-MSP, FactoFormer, and our proposed HyperEAST model
to ensure fair comparison. For all other baselines, we follow
their original training protocols as reported in their respective
publications.

C. Fine-Tuning Setup

Following self-supervised pretraining, the model is fine-tuned
on labeled hyperspectral datasets. During this stage, we incorpo-
rate several architectural and optimization enhancements to fur-
ther improve classification performance, including the LFAM,
an HLoss function combining CE and FL, and a dual-branch
architecture that decouples spectral and spatial feature learning.

Fine-tuning is performed using the Adam optimizer with a
StepLR learning rate scheduler, a batch size of 32, and no weight
decay. Learning rates and training epochs are dataset-specific:
for IP, we use 3× 10−4 for 80 epochs; for PaviaU, 1× 10−3 for
80 epochs; for Houston 2013, 2× 10−3 for 40 epochs; and for
WHU-Hi datasets, 1× 10−3 for 40 epochs.

The spectral and spatial branches are configured with five
transformer layers each. The spectral branch uses an embedding
size of 32 and 3-D patches of size 7× 7× 1, along with a
lightweight MLP module with expansion factor 4, and replaces
standard MHSA with the proposed LFAM to reduce computa-
tional overhead while preserving spectral representation capa-
bility. In contrast, the spatial branch uses an embedding size of
64, operates on 1× 1×B 2-D patches, and is equipped with
four attention heads and an MLP expansion factor of 8.

The details of the data splits used for pretraining, fine-tuning,
and testing are listed in Table II. Evaluation is conducted on four
benchmark hyperspectral datasets: WHU-Hi-HC, WHU-Hi-LK,
IP, and PaviaU. To ensure fair and reproducible comparisons,
we follow a consistent train–test split protocol across all exper-
iments.

All experiments were conducted on a workstation equipped
with a 24 GB NVIDIA RTX 3090 GPU. In addition, we uti-
lized GPU warmup and CUDA synchronization to maintain the
consistency of the results.

D. HLoss Optimization and LFAM Ablation

a) Computational Efficiency: In addition to accuracy im-
provements, HyperEAST achieves notable computational effi-
ciency, reducing both training and inference time compared to

Fig. 5. Performance comparison of OA, AA, and Kappa coefficient for differ-
ent configurations of LFAM and HLoss on the IP dataset.

conventional transformer-based baselines. As shown in Table III,
LFAM improves classification performance while introducing
manageable overhead, especially when applied selectively to
the spectral branch. This tradeoff is particularly beneficial for
real-time or resource-constrained remote sensing applications.

To further investigate the contribution of LFAM and the HLoss
design, we conduct a series of ablation studies. First, we evaluate
five configurations for LFAM usage:

1) applied to the spectral branch only (LFAM-SPE);
2) to the spatial branch only (LFAM-SPA);
3) to both branches (LFAM-SPE+SPA);
4) HLoss without LFAM;
5) LFAM-SPE combined with the optimal HLoss at a 0.5:0.5

ratio.
Results are presented in Table IV and illustrated in Fig. 5

. The findings confirm that LFAM significantly boosts spectral
modeling, with LFAM-SPE alone improving OA from 87.66%
to 92.95% .

Meanwhile, to mitigate class imbalance and enhance robust-
ness, we employ an HLoss function that linearly combines CE
and FL

Ltotal = αLFL + βLCE (15)

where α+ β = 1, and the weighting is selected according to
the imbalance characteristics of each dataset. On the IP dataset,
shown in Table V, the best performance is achieved withα = 0.2
and β = 0.8, resulting in 89.52% OA, 93.37% AA, and a Kappa
of 0.8804. These results, along with visualizations in Fig. 6,
demonstrate that even a modest incorporation of FL significantly
improves performance on minority classes.

When combining LFAM-SPE with the optimal HLoss, Hyper-
EAST achieves its best performance: 93.81% OA, 96.89% AA,
and 0.9291 Kappa. This balance between LFAM’s representa-
tional power and the HLoss’s imbalance resilience validates our
overall design strategy.
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TABLE III
CLASSIFICATION PERFORMANCE AND COMPUTATIONAL EFFICIENCY ON WHU-HI-HC AND WHU-HI-LK DATASETS

TABLE IV
CLASSIFICATION PERFORMANCE (OA, AA, AND KAPPA) AFTER FINE-TUNING

DIFFERENT CONFIGURATIONS OF LFAM AND HLOSS ON THE IP DATASET

TABLE V
CLASSIFICATION PERFORMANCE (OA, AA, AND KAPPA) OBTAINED USING

DIFFERENT CE AND FL RATIO COMBINATIONS (HLOSS) ON THE IP DATASET

E. Component Effectiveness and Comparative Evaluation

To validate the effectiveness of the proposed Hyper-
EAST framework, we conduct comprehensive ablation studies,
computational efficiency analysis, and comparative evaluations
against state-of-the-art (SOTA) methods across four benchmark
hyperspectral datasets. All experiments are conducted under a
fixed data split and deterministic training settings to ensure fair
and reproducible comparison. Each experiment is repeated ten
times with different random seeds, and the average results are
reported. Since the standard deviations are consistently negligi-
ble (typically less than 1% ), we omit them from the tables for
brevity.

a) Ablation Study and LFAM design justification: As
shown in Table IV, removing either the HLoss or the LFAM
results in a substantial decline in classification performance,
underscoring their complementary contributions. The HLoss
improves robustness to class imbalance, while LFAM en-
hances the efficiency and expressiveness of spectral feature
modeling.

Fig. 6. Performance comparison of OA, AA, and Kappa coefficient under
different CE and FL ratios on the IP dataset.

LFAM is specifically applied to the spectral transformer
branch, given the high spectral dimensionality inherent in hy-
perspectral data. As spectral information plays a more critical
role than spatial cues in most HSI tasks, restricting LFAM to
the spectral branch strikes the optimal balance between perfor-
mance and computational cost. Empirical results presented in
Table IV further corroborates this design choice. Specifically,
the LFAM-SPE variant—where LFAM is applied solely to the
spectral branch—outperforms both LFAM-SPA (applied to the
spatial branch) and LFAM-SPE+SPA (LFAM applied to both
branches), achieving superior accuracy while maintaining lower
computational cost. These findings reinforce our hypothesis that
LFAM is particularly effective for spectral feature fusion due
to the significant redundancy inherent among spectral bands.
In contrast, spatial features are typically lower dimensional
and less redundant, making conventional attention mechanisms
adequate for their processing. Consequently, introducing LFAM
into the spatial branch (LFAM-SPA) not only increases model
complexity but also provides diminishing returns in terms of
performance improvement.

b) Comparison with current competitive method: We
compare HyperEAST with several representative hyperspectral
classification models, including 2-D CNN [6], 3-D CNN [7],
RCNN [45], GAHT [46], SpectralFormer [10], MAEST [9],
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TABLE VI
CLASSIFICATION ACCURACY (% ) COMPARISON OF THE PROPOSED HYPEREAST MODEL WITH SOTA METHODS ON THE IP DATASET

TABLE VII
CLASSIFICATION ACCURACY (% ) COMPARISON OF THE PROPOSED HYPEREAST MODEL WITH SOTA METHODS ON THE PAVIAU DATASET

TABLE VIII
CLASSIFICATION ACCURACY (% ) COMPARISON OF THE PROPOSED HYPEREAST MODEL WITH SOTA METHODS ON THE WHU-HI-HC DATASET

Swin-MSP [30], and FactoFormer [32]. All baselines are im-
plemented using their official codebases or faithfully reimple-
mented based on the settings reported in their original publica-
tions. Experiments are conducted on four standard datasets to
ensure a fair and comprehensive comparison.

c) Overall performance evaluation: As summarized in
Tables VI–IX, HyperEAST consistently outperforms all com-
peting methods across all datasets in terms of OA, AA, and
Kappa coefficient. It achieves the highest accuracy among all
baselines and establishes a new competitive method in HSI
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TABLE IX
CLASSIFICATION ACCURACY (% ) COMPARISON OF THE PROPOSED HYPEREAST MODEL WITH SOTA METHODS ON THE WHU-HI-LK DATASET

Fig. 7. Visualization of ground-truth and classification maps obtained by different models on the WHU-Hi-HC dataset (from left to right: (a) ground truth,
(b) SF (pixel), (c) SF (patch), (d) MAEST (pixel), (e) MAEST (patch), (f) GAHT, (g) Swin-MSP, (h) FactoFormer, and (i) HyperEAST).

classification. Note that we only report the inference time in
the main results table, as it directly reflects the model’s practical
efficiency. While the inclusion of LFAM modules introduces a
moderate increase in parameter size (from 0.16 M to approx-
imately 0.55 M), this change leads to a significant reduction
in inference time (up to 16.2% ) and improved classification
performance. This demonstrates a favorable tradeoff between
computational cost and accuracy, further validating the effec-
tiveness of the proposed method in real-world scenarios.

Moreover, HyperEAST exhibits strong generalization capa-
bility across both small- and large-scale datasets and demon-
strates resilience to severe class imbalance. In particular, on
WHU-Hi-HC and WHU-Hi-LK, it achieves high accuracy with
reduced inference latency. These findings highlight HyperEAST
as an effective and efficient solution for real-world hyperspectral
classification tasks.

F. Summary and Analysis of Experimental Results

We conducted extensive experiments on four widely
used benchmark datasets—IP, PaviaU, WHU-Hi-HC, and
WHU-Hi-LK—to evaluate the performance of our proposed
HyperEAST framework. The results demonstrate the effective-
ness of each proposed component, including LFAM, modality-
decoupled MIM, and the HLoss strategy. Key findings are sum-
marized as follows:

In addition to quantitative metrics, we provide qualitative
visualizations of the classification maps produced by Hyper-
EAST and baseline methods. As shown in Figs. 7–10, the
predicted results on all four datasets are displayed alongside
ground-truth and baseline transformer models. To enhance in-
terpretability, we include zoomed-in views of key regions that
highlight improvements in edge sharpness, interclass separation,
and noise suppression. These visual results further validate that
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Fig. 8. Visualization of ground-truth and classification maps obtained by different models on the WHU-Hi-LK dataset (from left to right: (a) ground truth,
(b) SF (pixel), (c) SF (patch), (d) MAEST (pixel), (e) MAEST (patch), (f) GAHT, (g) Swin-MSP, (h) FactoFormer, and (i) HyperEAST).

Fig. 9. Visualization of ground-truth and classification maps obtained by different models on the IP dataset (from left to right: (a) ground truth, (b) SF (pixel),
(c) SF (patch), (d) MAEST (pixel), (e) MAEST (patch), (f) GAHT, (g) Swin-MSP, (h) FactoFormer, and (i) HyperEAST).

Fig. 10. Visualization of ground-truth and classification maps obtained by different models on the PaviaU dataset (from left to right: (a) ground truth, (b) SF
(pixel), (c) SF (patch), (d) MAEST (pixel), (e) MAEST (patch), (f) GAHT, (g) Swin-MSP, (h) FactoFormer, and (i) HyperEAST).

HyperEAST achieves better spatial consistency and fine-grained
classification performance, especially in complex or spectrally
similar regions.

1) Superior Classification Performance: HyperEAST
achieves the highest OA across all datasets compared to
strong baselines, including SpectralFormer, MAEST,
Swin-MSP, and Factoformer. Notably, on IP and

WHU-Hi-LK, it attains 93.81 and 98.87 OA, respectively,
indicating its strong generalization capability in complex
scenes.

2) Effectiveness of Self-Supervised Pretraining: The pro-
posed modality-decoupled MIM consistently improves
model robustness under limited supervision. Pretrained
models outperform randomly initialized counterparts,
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particularly on IP and Houston2013, where labeled data
are scarce.

3) Efficient Attention With LFAM: Ablation studies reveal
that LFAM notably reduces computational overhead while
maintaining or improving classification performance. Its
grouped convolution design achieves better efficiency–
accuracy tradeoff compared to standard MHSA.

4) HLoss Improves Minority Class Learning: Incorporating
FL during fine-tuning enhances discrimination for hard
or underrepresented classes. The proposed dataset-aware
HLoss consistently yields higher AA and Kappa, espe-
cially on class-imbalanced datasets, such as IP.

V. DISCUSSION

In this work, we explore the tradeoff between model com-
plexity and performance by integrating a lightweight attention
alternative—LFAM—into a dual-branch transformer architec-
ture for HSI classification. Notably, although the use of LFAM
leads to a slight increase in both parameter count and FLOPs,
we observe a consistent reduction in overall computation time,
especially in the spectral branch. This demonstrates that FLOPs
are not always a reliable proxy for practical efficiency; LFAM re-
places high-cost matrix multiplications with convolution-based
additive operations that are more compatible with modern hard-
ware, thereby accelerating inference.

The increase in parameter count and FLOPs primarily arises
from replacing the MHSA with multiple additive convolutional
modules. While MHSA typically uses shared linear projections
for different heads, LFAM utilizes independent convolutional
filters in both spatial and channel branches to capture diverse
local and global patterns. This structural shift introduces more
learnable parameters; however, these operations are highly par-
allelizable and optimized for modern GPU architectures. Cru-
cially, despite this increase, the overall parameter count of our
model remains extremely lightweight—approximately 0.5M—
which is significantly lower than most transformer-based HSI
models. This makes our method highly suitable for real-time or
embedded applications, such as UAVs and portable HSI sensors,
where fast inference and low memory footprint are essential.

Interestingly, when LFAM is applied to the spectral branch
(denoted as LFAM-SPE), it not only reduces computation time
but also improves classification accuracy. We hypothesize that
this improvement stems from a combination of enhanced feature
extraction and reduced overfitting. On one hand, the spectral
domain exhibits high interband redundancy, and traditional
MHSA may overfit to irrelevant fluctuations due to its dense
pairwise modeling. On the other hand, LFAM’s use of convolu-
tional operations—particularly the parallel spatial and channel
branches—introduces useful inductive biases that help regular-
ize the model while also enhancing its ability to extract infor-
mative local spectral patterns. In addition, the sequential nature
of spectral bands is preserved without the need for positional
encoding, further contributing to modeling stability.

However, when LFAM is deployed in the spatial branch
(LFAM-SPA), the benefits diminish or even reverse—
computation time increases and classification accuracy drops.

This can be attributed to the spatial domain’s demand for long-
range context modeling and fine-grained structural representa-
tion, such as edges, textures, and object boundaries. The local-
ized nature of LFAM’s convolutional paths lacks the dynamic,
global receptive field that MHSA naturally offers. Furthermore,
in high-resolution spatial representations, convolution opera-
tions may become computational bottlenecks due to increased
spatial dimensions, offsetting LFAM’s theoretical runtime gains.

These findings highlight a critical insight: lightweight atten-
tion mechanisms, such as LFAM, should be deployed selectively,
with attention to the modality-specific characteristics of the data.
While LFAM proves to be highly effective in the spectral branch,
its blanket application to all branches may lead to suboptimal
outcomes. Future work may explore hybrid strategies that com-
bine the efficiency of LFAM with the expressiveness of MHSA in
a complementary manner, potentially through adaptive attention
routing based on modality or input characteristics. In addition
to efficiency and accuracy, robustness is an essential aspect of
real-world HSI classification. HSIs are often affected by noise,
sensor malfunctions, or missing bands caused by atmospheric
absorption or calibration errors. Although our current evalu-
ation is conducted on clean benchmark datasets, HyperEAST
demonstrates intrinsic robustness to such corruptions due to the
use of modality-aware MIM during pretraining. Specifically,
we employ a 70% masking ratio on both spectral and spatial
tokens, encouraging the model to reconstruct missing or de-
graded information using surrounding context. This pretraining
strategy enhances the model’s capability for spectral inpainting
and denoising, leading to improved resilience against corrupted
inputs during inference. In future work, we aim to further evalu-
ate this robustness by explicitly introducing band-level noise or
simulating real-world sensor degradations to quantify the gains
achieved through MIM-based pretraining.

VI. LIMITATIONS AND GENERALIZATION

While HyperEAST achieves competitive performance in HSI
classification, several limitations remain. First, although an
HLoss is employed to mitigate class imbalance, the model
may still struggle to generalize on extremely underrepresented
classes due to limited feature diversity. Second, the current
fusion strategy—simple token concatenation—lacks explicit
spectral–spatial interaction, potentially underutilizing modality
complementarity. Third, the proposed masked pretraining strat-
egy relies on access to sufficient unlabeled data; in data-scarce
domains, the benefits of self-supervision may diminish.

Moreover, while HyperEAST has been validated on several
benchmark datasets with diverse characteristics, its generaliza-
tion to other HSI sensors—such as satellite-based platforms
or data with different spectral resolutions—remains an open
question. Sensor-specific factors, including noise patterns and
geospatial variability, may affect performance. Future work may
explore domain adaptation techniques, sensor-aware pretrain-
ing, and enhanced fusion modules to improve robustness and
cross-sensor transferability.
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VII. CONCLUSION

We present HyperEAST, a novel dual-branch ViT framework
tailored for HSI classification. HyperEAST addresses key chal-
lenges in HSI analysis, including high spectral dimensionality,
limited labeled data, and severe class imbalance. The model
explicitly decouples spectral and spatial representation learning
through a two-branch architecture, enabling specialized mod-
eling of long-range spectral dependencies and localized spatial
patterns.

To improve inference efficiency, we adopt the LFAM—a con-
volutional additive design that serves as a lightweight alternative
to conventional dot-product attention. By replacing MHSA with
convolutional operations in the spectral branch, LFAM facili-
tates more efficient and stable representation learning, achieving
improved accuracy and reduced latency.

To mitigate reliance on annotated data, we adopt a self-
supervised MIM strategy for spectral–spatial representation pre-
training. During fine-tuning, we employ an HLoss that combines
CE and FL to address class imbalance and improve robustness.

Extensive experiments on four benchmark datasets confirm
that HyperEAST achieves competitive performance in terms
of OA, AA, and Kappa coefficient, while also reducing in-
ference latency. In summary, HyperEAST offers a scalable,
label-efficient, and deployment-ready solution for practical HSI
classification, making it well-suited for real-world applications
in remote sensing and geospatial data mining.
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