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Abstract—In recent years, Vision Transformer (ViT) models
for hyperspectral image (HSI) classification have increased pop-
ularity due to their excellence in modeling long-range spatial-
spectral dependencies, which have achieved state-of-the-art per-
formance in classification, object detection, and segmentation
tasks. However, ViTs are likely to miss local spatial features with
fine granularity, while convolutional neural networks (CNNs)
excel at extracting local patterns but cannot model long-range
dependencies. We propose a hybrid framework that combines
a 3D Residual CNN and a ViT module to counter these limita-
tions. The CNN component possesses the ability to extract fine-
grained local spectral and spatial information, which is passed
through the ViT for extracting global contextual dependencies.
Experimental evaluation on three benchmark HSI datasets,
Indian Pines (IP), Pavia University (PU), and Salinas (SA),
confirms the superiority of our approach. Experimental results
show that our method outperforms the state-of-the-art methods
in Hyperspectral image classification tasks, demonstrating good
performance and potential application prospects.

I. INTRODUCTION

Hyperspectral imaging is a powerful remote sensing tech-
nique that collects data in a broad range of the electromag-
netic spectrum, including infrared and ultraviolet spectra [1].
Hyperspectral images can thus display close examination of
the spectral characteristics of objects on the ground [2], and
have significantly facilitated applications in agriculture [3],
environmental monitoring [4], and military applications [5]
[6]. Figure 1 illustrates the publication trends retrieved from
Google Scholar by searching the terms "hyperspectral image’
and ’classification’ in combination with application specific
keywords such as ’agriculture’, *medical diagnosis’, ’envi-
ronment’, ‘military’, and ’water management’, highlighting
the growing interest in diverse domains.

However, the challenge lies in the high similarity and
overlap between the spectral signatures of different objects,
making it difficult to distinguish between them.

With these conditions in mind, examining strong spectral-
spatial methods that integrate spatial information into hy-
perspectral image classification has increased immensely.
Deep Learning (DL) methods have shown the ability to
distinguish very subtle spectral variations in hyperspectral
images. Among these methods, convolutional neural net-
works (CNNs) are the most representative [7]. Generally,
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Fig. 1. Evolution of Hyperspectral Image Classification Applications

(2020-2025) across different domains

CNNs consist of multiple layers with many parameters,
which are learned adaptively.

Furthermore, due to the specific convolution operation,

CNNs have a strong potential to capture local correlations.
Consequently, CNNs can extract subtle spectral-spatial fea-
tures to discriminate between different objects [8]. Numerous
efforts have been made to improve the performance of CNNs
for hyperspectral image classification by enhancing CNN
backbones and their variants [9]. However, due to the archi-
tecture of CNNSs, they cannot capture long-range correlations,
which are crucial for hyperspectral image processing since
these images typically contain hundreds of bands.
The transformer has emerged as an alternative to CNNs
and has become a popular choice for DL architectures [10]
[11]. Tt incorporates a self-attention mechanism, positional
encoding, residual connections, and other components to
capture long-range dependencies and relationships.

The Transformer’s ability to extract global features has
made it widely used in natural language processing. Various
variants, such as Vision Transformer, Swin Transformer, and
Data-efficient image Transformers (DeiT) [12]

In this paper, we aim to address the limitations of existing
hyperspectral image classification methods by introducing a
set of novel DL architectures. The key contributions of our
work are as follows:

« We propose a customized 3D Residual CNN tailored for
HSI classification, effectively capturing spectral-spatial
features.

o We develop a dedicated ViT model that leverages global
attention mechanisms to enhance long-range depen-
dency modeling in HSI data.

e We design a hybrid architecture that combines the



strengths of the customized 3D Residual CNN and
ViT, achieving both local feature extraction and global
context understanding.

o« We evaluate our models on three benchmark hyper-
spectral datasets, demonstrating superior classification
accuracy and robustness compared to state-of-the-art
methods.

The structure of this paper is as follows: The Background
of the Study presents a background of CNNs and ViTs,
highlighting their use for image classification. The Related
Works section presents recent studies. The Materials and
Methods section outlines the three datasets used and the
methodology in focus. In the Results and Discussion, we
present the results achieved as well as ablation experiments,
and afterwards we discuss in depth the model’s performance,
its strengths, and its weaknesses. Finally, the Conclusion
presents the main conclusions and proposes potential direc-
tions for future work.

II. BACKGROUND OF THE STUDY

A. CNNs Architecture

Convolutional Neural Networks (CNNs) have shown
promising results in image classification [13] [?], recognition
[15], and localization tasks. We focus on image classification,
the most important task in image processing [16] [17].
Multilayer neural networks attempt to learn representations
from input images, enabling us to achieve specific results
such as segmentation or classification without relying on
handcrafted features. An example of CNN architecture for
our classification task is shown in figure 2.
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Fig. 2. CNNs Architecture

B. Vision Transformer Architecture

Vision Transformers (ViTs) use a transformer model based
solely on self-attention mechanisms [18] [19] without con-
volutional layers. ViTs project input images into patches and
compute uniform self-attention over them to learn global
context in effect [12] (see figure 3). The non-hierarchical
flat model allows ViTs to excel on those tasks where a good
understanding of the whole input is required, such as image
classification and natural language processing. ViTs have
a more straightforward design, which facilitates effective
training but requires high computational power.
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Fig. 3. Vision Transformer Architecture

III. RELATED WORKS

The HSI classification has been a widely studied area in
remote sensing. One of the major challenges in this area is
the scarcity of training labels. This area has made significant
advances over the past few years, with DL techniques being
used mainly.

The authors suggested in [20] a DL-based method for
HSI classification that incorporates Squeeze-and-Excitation
(SE) blocks into CNNs, resulting in the SE-CNN model.
This architecture improves feature extraction by emphasizing
essential channel-specific information, allowing for more
efficient learning of spatial and spectral properties from
HSI data. The model was evaluated on three benchmark
datasets—Pavia University, Pavia Centre, and Salinas—and
outperformed cutting-edge deep transfer learning models,
with overall accuracies of 96.05%, 98.94%, and 96.33%,
respectively.

The authors proposed in [21] a HSI classification method
called Tri-CNN, which leverages a multi-scale 3D-CNN
combined with a three-branch feature fusion strategy. Unlike
traditional 2D-CNNs, Tri-CNN captures both spectral and
spatial features at multiple scales, addressing the limitations
of insufficient feature extraction and limited training samples.
The extracted features from three branches are concatenated
and passed through fully connected layers, followed by
a softmax classifier. Experiments on the Pavia University,
Salinas, and GulfPort datasets demonstrate that Tri-CNN
achieves superior performance in terms of Overall Accuracy
(OA), Average Accuracy (AA), and Kappa score compared
to existing approaches.

In [22], the authors proposed an enhanced spectral fusion
network (ESFNet) for hyperspectral image classification,
addressing challenges related to spectral continuity and in-
formation loss. The model integrates two main components:
a multi-scale fused spectral attention module (FsSE) to
enrich spectral information through weighted attention, and
a spectral-stride fusion 3D CNN (SSFCNN) that effectively
learns spectral features by leveraging different spectral reso-
lutions. This combination allows ESFNet to preserve spectral
continuity while enhancing feature learning. Experimental re-
sults on the Indian Pines and Pavia University datasets show
that ESFNet surpasses existing models in both classification
accuracy and generalization ability.

To address the difficulty of limited training samples, the
authors, in [23], suggested a deep-LSTM-based technique



for Land Use/Land Cover (LULC) classification using hyper-
spectral images. The methodology consists of an autoencoder
for feature extraction, a ranking-based algorithm for band
selection, and a deep-LSTM network for final classification.
When tested on the Pavia University, Kennedy Space Centre,
and Indian Pines datasets, the proposed method outperforms
existing techniques in terms of overall accuracy, average
accuracy, and Kappa coefficient.

The authors, in [24], proposed an end-to-end deep spec-
tral-spatial residual attention network (DSSpRAN) for HSI
classification to alleviate the issues of overfitting and weak
feature discrimination due to high dimensionality and limited
training samples. The model visualizes HSI data in the form
of a 3D cube and uses two modules: a spectral residual
attention network (SRAN) that adaptively selects meaningful
spectral features, and a SpRAN that attends to consistent
labeling of nearby pixels. DSSpRAN is tested on five datasets
and outperforms the state-of-the-art in accuracy and robust-
ness for different land use and land cover scenarios.

IV. MATERIALS AND METHODS
A. Datasets

The datasets used in this study are the standard bench-
marks in the hyperspectral image analysis community. Their
wide range of features, such as variation in spatial and
spectral resolution, geographical area, and class distribution,
provides a solid foundation for establishing the performance
and applicability of the suggested classification models.

1) Indian Pines The Indian Pines dataset captured
by the AVIRIS sensor features 224 spectral
reflectance bands in the wavelength range 0.4 to
2.5times10~% meters, and has 145 x 145 pixels, from
https://www.ehu.eus/ccwintco/index.
php/Hyperspectral_Remote_Sensing_
Scenes#Indian_Pines. The dataset includes a
variety of land cover classes and is a useful baseline
for assessing classification methods. It contains 10,249
images with 16 classes.

2) Pavia University The ROSIS-03 sensor provided
a hyperspectral dataset of “Pavia University”
from the University of Pavia, Italy, https:
//www.ehu.eus/ccwintco/index.php/
Hyperspectral_Remote_Sensing_Scenes#
Pavia_Centre_and_University, is used in
hyperspectral image classification and remote sensing
studies due to its complexity and spectral diversity.
The dataset comprises 103 bands of spectral resolution
from 430 to 860 nm, with a spatial resolution of 1.3
meters per pixel. The image size is 610 x 340 pixels.
It contains 7,456 images with 9 classes.

3) Salinas scene The 224 bands AVIRIS sensor captured
a high-resolution view of California’s Salinas
Valley, covering 217 samples and 512 lines, from
https://www.ehu.eus/ccwintco/index.
php/Hyperspectral_Remote_Sensing_
Scenes#Salinas. The image, containing

vineyards, barren soil, and vegetables, was obtained
using radiance data at the sensor level. It contains
54,131 images with 16 classes.

B. Setup

Table I presents the experimental environment and hyper-
parameter settings used for model training. The values for
the optimizer, learning rate, number of epochs, and batch size
were determined and fixed after conducting several prelimi-
nary tests to ensure optimal model performance and stability
during training. Additionally, a 90-10 training/validation split
was adopted after extensive experimentation with various
ratios.

TABLE I
EXPERIMENTAL ENVIRONMENT AND PARAMETER SETTINGS

Component Details

Framework PyTorch

Acceleration CUDA (GPU-accelerated computing)

GPU Nvidia GeForce RTX 3050 (24 GB VRAM)
Optimizer AdamW

Learning Rate 0.0001

Epochs 100

Batch Size 9

Training/Validation Split | 90% Training / 10% Validation

C. Followed Approach

1) 3D Residual CNN : The customized 3D Residual CNN
model (figure 4) consists of 11 convolutional layers. It begins
with an initial convolutional layer that has a kernel size of
1x1x7, spanning 7 spectral bands while preserving spatial
layout. This layer is followed by batch normalization and a
ReLU activation function to enhance numerical stability.

Next, the model includes 8 convolutional layers arranged
into four residual blocks, each composed of two convolu-
tional layers with skip connections. These skip connections
help prevent vanishing gradients and ensure that information
is not lost by adding the input of each block to its final
layer. The first two residual blocks focus on extracting
spectral features by processing neighboring spectral bands
while maintaining spatial information. The last two residual
blocks shift their focus to spatial feature extraction while
refining and preserving spectral details.
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Fig. 4. 3D Residual CNN

After the residual blocks, a secondary convolutional layer
condenses spectral features while retaining spatial informa-
tion, followed by batch normalization and ReLU activation.



A third convolutional layer then integrates spatial and spec-
tral features. The model concludes with an average pooling
layer that reduces feature dimensions for classification, fol-
lowed by a fully connected layer that outputs a localized
feature map—a matrix representation containing rich local
spectral-spatial information for final classification

The Patch Embedding procedure involves splitting a fea-
ture map into fixed-size patches, linearly embedding each
patch, adding positional embeddings, and feeding the result-
ing sequence to the Transformer encoder (figure 5).
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Fig. 5. Tllustration of feature map partitioning into fixed-size patches

2) Vision Transformer: The ViT processes the local fea-
ture map representation produced by the preceding model.
This 2D matrix, rich in localized spectral-spatial information,
is divided into fixed-size patches as defined in the preprocess-
ing phase. This is a key advantage of the hybrid model, as it
uses feature-rich matrices instead of raw and standard pixel
values as input. Each patch, representing a submatrix of local
features, is flattened into a 1D vector and treated as a token.
Positional embeddings are added to these tokens to preserve
information about their location within the original feature
map. The tokens, along with a special classification token
(CLS), are then passed through a linear projection layer.

The embedded sequence is subsequently fed into the multi-
head self-attention mechanism, which scans the sequence
to learn and model global relationships between patches.
This process allows the ViT to capture global context and
dependencies across the entire feature map, enabling robust
classification.
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(c) Our Vit

(d) our hybrid model

Fig. 7. Ablation experimental research on Indian Pines Dataset

V. RESULTS AND DISCUSSION

A. Obtained results and Ablation studies

The table II summarizes the classification results of three
models: 3D Residual CNN, ViT, and a Hybrid model across
three hyperspectral datasets: IP, PU, and SA.

TABLE I
RESULTS OF EACH PROPOSED METHOD ON DIFFERENT DATASETS

Method IP Dataset PU Dataset SA Dataset
3D Resid- | OA=93.06%, 0A=96.05%, 0A=95.71%,
ual CNN AA=93.05% AA=96.24% AA=94.23%
ViT 0A=92.10%, 0A=90.29%, 0A=96.40%,

AA=0.9265 AA=90.00% AA=95.28%
Hybrid 0OA=98.88%, 0A=99.51%, 0A=98.66%,

AA=98.69% AA=99.56% AA=98.60%

Figures 7, 8, and 9 illustrate the results of ablation
experiments conducted on three benchmark datasets: In-
dian Pines, Pavia University, and Salinas, respectively. Each
figure presents a visual comparison of segmentation out-
comes across different models, including the ground truth,
the 3D Residual CNN, the ViT, and a hybrid model that
combines both approaches. These comparisons highlight the
effectiveness of each architecture in capturing spatial and
spectral information, providing insights into the contributions
of individual components within the hybrid model.
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Fig. 8. Ablation experimental research on Pavia University Dataset

(a) Ground truth
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Fig. 9. Ablation experimental research on Salinas Dataset

B. Discussion and Advantages and Limitations

In this study, we propose three methods for hyperspectral
image (HSI) classification: a CNN-based model, a ViT-
based model, and a hybrid model that combines both. The
first approach leverages a 3D Residual CNN tailored for
small patch analysis (9x9x200), focusing on extracting local

spectral-spatial features. Residual blocks play a critical role
in maintaining training stability while effectively capturing
both spatial and spectral patterns. This patch-based strategy
enhances computational efficiency and reduces memory us-
age, making it suitable for high-dimensional HSI data.

The second approach employs a Vision Transformer (ViT),
which processes raw HSI images by dividing them into
patches, flattening them, and embedding them into tokens
with positional information. Through self-attention mecha-
nisms, the ViT captures both local and global dependencies.
While powerful, this method typically demands large datasets
and may not effectively capture fine-grained spectral-spatial
details in complex data such as hyperspectral images.

To address the limitations of the individual methods, we
introduce a third, hybrid approach. This model feeds local
features extracted by a 3D Residual CNN into a ViT, allow-
ing the transformer to focus on modeling global relationships
based on rich, high-level spectral-spatial representations. By
doing so, the hybrid model significantly reduces the data
requirements and computational overhead typically associ-
ated with ViTs. More importantly, it combines the strengths
of CNNs in local feature extraction with the ViT’s ability
to model long-range dependencies. This hybrid architecture
is designed to achieve superior performance and robustness,
particularly for the complex and high-dimensional nature of
HSI data.

Table III presents a comparative analysis of our proposed
model against several state-of-the-art approaches across three
benchmark hyperspectral datasets: IP, PU, and SA. The
proposed model consistently outperforms or matches existing
methods in terms of Overall Accuracy (OA) and Average
Accuracy (AA), achieving top results on the PU and SA
datasets and competitive performance on the IP dataset. This
demonstrates the robustness and effectiveness of our model
across diverse hyperspectral image classification tasks.

TABLE III
COMPARATIVE STUDY

Model Indian Pines | Pavia University | Salinas (SA)
(IP) (PU)

SE- - 0A=98.94% 0A=96.33%

CNN

[20]

Tri- - 0A=92.66% 0A=96.68%

CNN + 224, | £ 2.11,

[21] AA=90.65% AA=97.69%

+2.37 + 1.09

SSFCNN | OA=90.125% 0A=96.044% -

[22]

deep- 0A=93.99%, 0A=99.01%, -

LSTM AA=92.92% AA=98.46%

[23]

DSSpRAN 0A=99.03%, 0OA=98.76%, -

[24] AA=98.08% AA=98.12%

Proposed| OA = 98.88%, | OA = 99.51%, | OA = 98.66%,

Model AA = 98.69% AA = 99.56% AA = 98.60%

1) Advantages:

o Hybrid Strengths: Combines CNN’s local focus with
ViT’s global context modeling for improved perfor-
mance.



o State-of-the-Art Results: Achieves top or competitive
accuracy on IP, PU, and SA datasets.

o Explainability via Attention: The attention mechanism
in the ViT enhances model interpretability by highlight-
ing informative regions.

2) Limitations:

o Hyperparameter Sensitivity: Requires careful tuning of
CNN and Transformer settings.

o Preprocessing Dependence: Performance can be af-
fected by the quality of patch extraction and data
normalization.

VI. CONCLUSION

In this work, we proposed a hybrid framework for HSI
by combining a 3D deep residual CNN with a ViT. The 3D
CNN captures spatial-spectral features, while the ViT models
global dependencies through attention, resulting in improved
classification accuracy.

Experiments on IP, PU, and SA datasets demonstrate the
model’s strong performance.

However, the model is sensitive to patch size and computa-
tionally demanding due to its depth. Future work will explore
adaptive patch size selection using self-attention, enhance
efficiency with automated hyperparameter tuning, and extend
the model for real-time applications in remote sensing and
agriculture.
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