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ABSTRACT

Hyperspectral imaging has become a powerful tool in remote sensing, enabling fine-grained material
identification and revealing the chemical and physical properties of materials. Its applications span
urban land-use mapping, object recognition, crop classification, and agricultural yield prediction. The
typical hyperspectral image classification workflow includes image loading, correction, noise
reduction, feature extraction, classifier selection, training, classification, and result output. Feature
extraction plays a critical role, but traditional methods such as SIFT, PCA, and LDA are limited in
efficiency and accuracy, especially with large-scale datasets. Deep learning, particularly
Convolutional Neural Networks (CNNs), has significantly improved classification performance by
extracting hierarchical features from raw data. However, challenges remain in capturing both
spectral and spatial information effectively. Transformer models, such as SpectralFormer, have been
proposed to address these issues by leveraging attention mechanisms to capture long-range
dependencies. Yet, they struggle with preserving spatial structures in hyperspectral images. The
integration of Atrous Spatial Pyramid Pooling (ASPP) into SpectralFormer offers a promising solution
to this problem, enhancing spatial feature extraction and improving overall classification
performance. This paper discusses these advancements and highlights the potential of combining
deep learning and spatial feature extraction techniques to address the unique challenges of
hyperspectral image classification.
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1. INTRODUCTION

Hyperspectral imaging technology has become a powerful tool in modern remote sensing. By
capturing hundreds of narrow wavelength bands at each pixel, hyperspectral imaging generates rich
spectral data. These data not only enable fine-grained material identification but also reveal the
chemical and physical properties of materials, providing robust support for diverse Earth observation
and identification tasks such as urban land-use mapping, object recognition, crop classification, and
agricultural yield prediction. This capability allows precise classification and detection of surface
materials.

The general workflow for hyperspectral image classification typically includes steps such as image
loading, image correction [1],[2], noise reduction, feature extraction, classifier selection, classifier
training, classification, and result output. Among these steps, feature extraction [3][4] plays a pivotal
role and has garnered significant research attention. Traditional hyperspectral classification methods
mainly rely on manual feature extraction combined with classifiers. Common feature extraction
techniques include SIFT, SURF, Principal Component Analysis (PCA), which projects hyperspectral
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data from a high-dimensional space to a low-dimensional space while preserving maximum variance,
and Linear Discriminant Analysis (LDA), which leverages probabilistic and statistical principles.
While effective for small-scale classification problems, these methods exhibit significant limitations
in computational efficiency and accuracy when handling large-scale training samples and highly
complex datasets, ultimately reducing classification performance. These challenges stem primarily
from the limited data fitting and representation capabilities of traditional methods.

The advent of artificial intelligence, especially the rise of deep learning, has profoundly influenced
hyperspectral image classification. With its powerful nonlinear learning capabilities, deep learning
autonomously extracts hierarchical and discriminative features from raw data, significantly
enhancing classification accuracy [5]. Researchers have since focused on designing advanced
network modules and integrating effective mechanisms to derive more valuable features from
hyperspectral data, thereby improving the data representation and fitting capabilities of traditional
methods. For instance, Zhao et al. [6] proposed a novel joint classification approach combining
hierarchical random walks with a deep CNN architecture to extract features by fusing hyperspectral
and LiDAR data. Experimental results demonstrated the superior classification performance of this
method. In recent years, widely recognized backbone networks have been increasingly applied to
hyperspectral image classification tasks. These include CNN-based backbone networks, such as 3D-
CNN, 2D-CNN, and HybridSN, which integrates the advantages of three-dimensional (3D) and two-
dimensional (2D) CNNs, as well as other deep learning-based networks like Recurrent Neural
Networks (RNN), Generative Adversarial Networks (GAN), and attention mechanism-based
architectures. Chen et al. [7] utilized autoencoder networks for deep feature extraction after PCA-
based dimensionality reduction [8]. Ahmad integrated active learning with 3D-CNNs to mitigate
performance drops due to limited sample sizes [9], while Yang [10] employed convolutional
operations and self-attention mechanisms to separately extract spatial and spectral features.

Despite the significant advances brought by these foundational network architectures and their
derivatives, certain limitations persist, particularly in representing spectral sequence information and
capturing subtle changes along the spectral dimension. For example, Convolutional Neural Networks
(CNNs) can effectively capture local features of images, reduce computational complexity, and
alleviate overfitting risks; however, they struggle to capture global contextual information, which is
crucial for tasks requiring a broader perspective. Similarly, 2D-CNNs primarily extract two-
dimensional spatial information while underutilizing spectral dimensions, and 3D-CNNs, though
capable of leveraging contextual information, may suffer interference from mixed-category pixels
during feature extraction. Moreover, hyperspectral images often exhibit "same spectrum, different
objects" and "different spectra, same object" phenomena. Classification approaches relying solely on
spectral information, such as 1D-CNN or 2D-CNN, struggle to achieve high accuracy due to their
neglect of spatial information. Meanwhile, RNNs, which process sequential data, face challenges
with long-term dependencies, potentially overlooking subtle spectral variations when processing long
spectral sequences.

To address the limitations of traditional sequence models, such as RNN and LSTM, Vaswani et al.
proposed the Transformer architecture [11]. This non-recursive model relies entirely on an attention
mechanism to capture global dependencies in sequence inputs and outputs, enabling parallelized
computation. Transformers can attend to all positions in a sequence, effectively capturing contextual
information [12], and have achieved remarkable breakthroughs in natural language processing. In
hyperspectral data processing, Transformers have also demonstrated superior performance in
modeling long-term dependencies within spectral features. However, they exhibit deficiencies in
capturing local contextual features, where CNNs and RNNs excel. Additionally, the typical skip
connections in Transformer architectures primarily operate within individual blocks, which limits
information flow and connectivity across layers. To overcome these shortcomings, Hong et al. [13]
introduced SpectralFormer, a Transformer-based architecture designed specifically for
hyperspectral image classification. SpectralFormer incorporates two carefully designed modules:
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Global Spectral Embedding (GSE) and Contextual Attention Fusion (CAF), which enhance its ability
to extract spectral features and improve classification performance. Quantitative evaluations and
ablation studies have demonstrated the superiority of SpectralFormer in hyperspectral classification
tasks. However, due to its reliance on slicing hyperspectral images into small patches for sequential
input, the original spatial structure is disrupted, leading to information loss.

The Atrous Spatial Pyramid Pooling (ASPP)[14] module, widely used in tasks like object detection
and semantic segmentation, offers a promising solution to this issue. By employing atrous/dilated
convolutions with varying dilation rates, the ASPP module expands the network's receptive field
while maintaining image resolution. This allows it to capture features at multiple scales, improving
the model’s ability to handle objects of different sizes and shapes. Integrating the ASPP module into
the SpectralFormer architecture can address the disruption of spatial features caused by patch-based
input. By leveraging the ASPP module’s ability to extract multi-scale spatial features, the enhanced
architecture can better preserve the original spatial structure and achieve richer feature representation,
ultimately improving overall classification performance.

2. METHODS
2.1. SPECTRALFORMER+

2.1.1. Overview

To address the challenges faced by deep learning models in hyperspectral image classification, we
propose SpectralFormer+, an enhanced model that integrates the Atrous Spatial Pyramid Pooling
(ASPP) module with the SpectralFormer architecture.

SpectralFormer+ consists of two primary components: SpectralFormer and ASPP. The ASPP module
is designed to extract spatial features from hyperspectral image patches. These spatial features are
then fed into SpectralFormer to extract spectral features. Finally, the extracted spectral features are
processed by the classification system to generate the final hyperspectral classification map. The
following sections provide detailed introductions to the SpectralFormer and ASPP modules.

2.1.2. SpectralFormer

Existing classification models are predominantly based on Convolutional Neural Networks (CNNs).
Although these backbone networks and their variants have achieved remarkable classification results,
they still fall short in representing spectral sequence information, particularly in capturing subtle
spectral differences along the spectral dimension. To address these limitations, we build on the
SpectralFormer model proposed by Hong et al., which effectively compensates for the deficiencies
of CNN-based classification models. We further enhance this approach by integrating the Atrous
Spatial Pyramid Pooling (ASPP) module with SpectralFormer, enabling the simultaneous learning of
spatial and spectral features from hyperspectral images.

The SpectralFormer model is a novel Transformer-based architecture, primarily composed of two key
modules: the Global Spectral Embedding (GSE) module and the Cross-Attention Filter (CAF) module.
This architecture is designed to handle both pixel-level and patch-level inputs.

The Transformer architecture consists of two main components: the encoder and the decoder. These
components are interconnected through self-attention mechanisms and feed-forward neural networks.
The encoder processes the input sequence by stacking multiple identical layers. Each token in the
input sequence undergoes self-attention calculations in each layer to progressively generate richer
contextual representations. The decoder, tasked with generating the target sequence, is also composed
of multiple layers. The output vectors from the decoder are transformed into specific classes through
a softmax layer, producing the final output sequence. The self-attention mechanism is primarily used
to capture the internal correlations within the data features. The self-attention mechanism can be
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implemented through the following steps: Input Sequence: First, an input sequence of length n is
provided, denoted as x; (where i =1,...,n), representing either scalars or vectors. Feature
Embedding: Each element mi is embedded into a higher-dimensional space to produce the embedding
a; computed using a shared weight matrix Query, Key, and Value Vectors: Each embedding a; is
then multiplied by three distinct transformation matrices W,, Wy, and W, to generate three vectors,
i.e.,. the query vector Q = [qy, ..., @m], the key vector K = [ky, ..., k,;,], and the value vectorV =
[vi, ..., U] Attention Scores: The attention scores s are computed as the dot product between each
query vector and each key vector. To stabilize the gradients, the scores are scaled by the square root

of the dimension d of q; or k;, resulting in the normalized score i.e.S;; = g; \% SoftMax

Activation: The softmax function is applied to the scaled scores s to produce the normalized

attention weights. For example, at position 1, the normalized attention weight is given by $§;; =
S1,i

Zjesl’i'
taking a weighted sum of the value vectors v; using the normalized attention weights. For
instance,z; = ; §1; v;. In summary, the self-attention (SA) layer can be formulated as follows:

Attention Representation: The final attention representation Z = [z, , ..., z,, | 1s computed by

z = Attention(Q,K, V) = softmax(%)v. (1)

Utilizing Equation (1), multiple distinct self-attention (SA) layers can be assembled into a multi-head
attention mechanism. Specifically, we first obtain multiple attention representations (e. g., h = 8),
denoted as z" where h = 1, ...,8. These representations are concatenated to form a larger feature
matrix. Finally, a linear transformation matrix (e.g.,W, ) is applied to match the feature
dimensionality with that of the input data.

Assuming the input to SpectralFormeris y (where y is the output from the ASPP module), y is first
divided into image patches. Subsequently, the grouped spectral embedding (GSE) is learned and fed
into the Transformer model. To fully leverage features from different layers of the Transformer, the
Cross-Attention Filter (CAF) is employed to adaptively fuse these features. The output from the
Transformer is then passed through a Multi-Layer Perceptron (MLP) to generate the probability
vector P for the input hyperspectral image patch, where the dimension of P corresponds to the
number of classes in the hyperspectral image classification task.

2.1.3. Atrous Spatial Pyramid Pooling

In remote sensing scenes, objects vary significantly in scale, such as cars and buildings. The spatial
features of these objects are crucial for accurate identification, necessitating a model capable of
extracting features across different scales. However, the SpectralFormer model lacks a dedicated
learning process for spatial features. It divides the original image into small patches and inputs them
into the model in sequence form. This approach disrupts the spatial structure of the image, leading to
a loss of spatial information. As a result, the classification model struggles to learn effective spatial
features and contextual information, further complicating the identification of objects in the scene.

To address these challenges, we propose integrating the Atrous Spatial Pyramid Pooling (ASPP)
module into the SpectralFormer architecture. The ASPP module, which employs dilated convolutions
with different dilation rates, can capture contextual information at multiple scales. By stacking
contextual information from different scales, the ASPP module effectively addresses the limitations
of the original SpectralFormer model. This integration enhances the model's ability to extract spatial
features and contextual information, thereby improving the overall classification performance.

The Atrous Spatial Pyramid Pooling (ASPP) module consists of five branches: a 1x1 convolution
layer, three dilated convolution layers with dilation rates of 6, 12, and 18 (each using a 3x3
convolution kernel), and an adaptive average pooling branch followed by a 1x1 convolution and
upsampling. For change detection, the input image patches are denoted as X; € RF>*W*Band X, €
RH*WXB where H X W represents the spatial dimensions of the patches, and B denotes the number
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of spectral bands in the hyperspectral data. When these image patches are fed into the ASPP module,
each branch generates a feature map. Assuming each branch produces 200 feature channels, the
resulting feature maps from the five branches are F1,F2, F3,F4,F5 € RT>*Wx200 Tq fully leverage
the features captured at different spatial scales, these feature maps are concatenated along the channel
dimension, resulting in a combined feature F € R7*W*1000 Thig concatenated feature is then passed
through a 1x1 convolution layer to compress the channel dimension, yielding the final feature F '€

RHXWx200 Eioyre 1 illustrates the SpectralFormer+ proposed for the HS image classification task.
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Figure 1. An overview illustration of the SpectralFormer+ network proposed for the hyperspectral
image classification task

3. EXPERIMENTAL SECTION
3.1. Datasets Utilized

This section introduces three renowned hyperspectral (HS) datasets used in our experiments.
3.1.1. Indian Pines Dataset

The Indian Pines dataset was collected in 1992 by a collaboration between NASA's Jet Propulsion
Laboratory (JPL) and Purdue University, using the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS) sensor over Indiana, USA. The dataset features a spatial resolution of 145x145 pixels, with
a ground sampling distance (GSD) of 20 meters. The spectral range spans from 400 nm to 2500 nm,
covering 220 spectral bands with a resolution of 10 nm. However, due to noise and water absorption,

26



20 bands are typically removed, leaving 200 valid spectral bands for analysis. The dataset includes
16 land cover categories, such as corn, soybeans, grassland, and trees. Table 1 lists the standard
training and testing set sample sizes for each category.

Table 1. Training and testing sample sizes for the Indian Pines dataset.

Class No Class Name Training Testing
1 Corn Notill 50 1348
2 Corn Mintill 50 784
3 Corn 50 184
4 Grass Pasture 50 447
5 Grass Trees 50 697
6 Hay Windrowed 50 439
7 Soybean Notill 50 918
8 Soybean Mintill 50 2418
9 Soybean Clean 50 564
10 Wheat 50 162
11 Woods 50 1244
12 Buildings Grass Trees Drives 50 330
13 Stone Steel Towers 50 45
14 Alfalfa 15 39
15 Grass Pasture Mowed 15 11
16 Oats 15 5

Total 695 9671

3.1.2. Pavia University Dataset

The Pavia University dataset was captured by the ROSIS-3 sensor over Pavia, Italy. The dataset
contains an image of 610%340 pixels, with 115 spectral bands. Due to noise, 12 bands are excluded,
resulting in 103 usable spectral bands. The dataset is classified into nine land cover categories,
including asphalt, grassland, gravel, trees, metal sheets, bare soil, bricks, and shadows. The dataset
contains a total of 42,776 labeled samples. Detailed information on the training and testing sample
sizes is provided in Table 2.

Table 2. Training and testing sample sizes for the Pavia University dataset.

Class No Class Name Training Testing
1 Asphalt 548 6304
2 Meadows 540 18146
3 Gravel 392 1815
4 Trees 524 2912
5 Metal Sheets 265 1113
6 Bare Soil 532 4572
7 Bitumen 375 981
8 Bricks 514 3364
9 Shadows 231 795

Total 3921 40002

3.1.3. Houston 2013 Dataset

The Houston 2013 dataset was captured by the Compact Airborne Spectrographic Imager (CASI)
sensor over the University of Houston campus and its surrounding urban areas. The dataset features
144 spectral bands with a spectral range of 364-1046 nm and a spatial resolution of 2.5 meters. The
dataset includes 15 challenging land cover and land use categories. Table 3 lists the training and
testing sample sizes for each category.
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Table 3. Training and testing sample sizes for the Houston 2013 dataset.

Class No Class Name Training Testing
1 Healthy Grass 198 1053
2 Stressed Grass 190 1064
3 Synthetic Grass 192 505
4 Tree 188 1056
5 Soil 186 1056
6 Water 182 143
7 Residential 196 1072
8 Commercial 191 1053
9 Road 193 1059
10 Highway 191 1036
11 Railway 181 1054
12 Parking Lotl 192 1041
13 Parking Lot2 184 285
14 Tennis Court 181 247
15 Running Track 187 473

Total 2832 12197

3.2. Experimental Setup

3.2.1. Evaluation Metrics

We adopted three commonly used metrics to quantitatively assess the classification performance of
each model: Overall Accuracy (OA), Average Accuracy (AA), and Kappa Coefficient (K).
Additionally, classification maps generated by different models were visualized for qualitative
comparison.

3.2.2. Model Architecture

The proposed method integrates the Atrous Spatial Pyramid Pooling (ASPP) module into the
SpectralFormer architecture. The SpectralFormer model comprises two key modules: Global Spectral
Embedding (GSE) and Cross-Attention Filter (CAF). The ASPP module is incorporated to enhance
the model's ability to capture multi-scale spatial features.

The hyperspectral image is divided into multiple patches, with each patch serving as an input sample.
This patch-wise input method enables the model to capture spatial context information effectively.
The experiments employed standard training and testing set partitions to ensure accurate evaluation
of model performance. Ablation studies were conducted to assess the impact of the ASPP module on
model performance. The proposed method was implemented on the PyTorch platform using a
workstation equipped with an AMD Ryzen 7 6800H processor (3.20 GHz), 16.0 GB RAM, and an
NVIDIA GeForce RTX 3050 Laptop GPU (4 GB GDDR6). The Adam optimizer was used with a
batch size of 64. The initial learning rate was set to 5e-4 and decayed by a factor of 0.9 every tenth
of the total training epochs. The number of training epochs was set to 300 for the Indian Pines dataset,
480 for the Pavia University dataset, and 600 for the Houston 2013 dataset.

3.3. Model Analysis

3.3.1. Experimental Process

Experiments were conducted on the three datasets to validate the improvement in classification
performance of the SpectralFormer model with the ASPP module. The effectiveness of the ASPP
module was evaluated using the patch-wise input method.

3.3.2. Ablation Study

Extensive ablation experiments were performed on the Indian Pines, Pavia University, and Houston
2013 datasets to verify the impact of the ASPP module on classification accuracy. The classification
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performance of the SpectralFormer model with and without the ASPP module was compared in terms
of OA, AA, and K.

3.4. Analysis of Experimental Results

For the three hyperspectral datasets, Tables 4-6 report the quantitative classification results, including
OA, AA, and K, as well as the accuracy for each category. The results indicate that the ASPP module
significantly enhances the model's performance across all metrics. Specifically, the Kappa Coefficient
(K) reflects improved consistency in classification results. In summary, the SpectralFormer model
with the ASPP module outperformed the baseline SpectralFormer model in terms of overall
classification accuracy, average classification accuracy, and Kappa coefficient. The ASPP module
effectively enhanced the model's ability to capture multi-scale features in hyperspectral images,
thereby improving classification performance.

3.5. Performance Comparison

Table 4. The overall accuracy (OA), average accuracy (AA), Kappa coefficient (k), and the
accuracy for each class of different classification methods on the Indian Pines dataset will be
presented in the following table.

) SpectralFormer SpectralFormer+
Class No Transformers (ViT) - - - -
pixel-wise patch-wise patch-wise
1 49.92 66.84 62.50 79.91
2 62.50 66.96 91.45 94.64
3 83.70 92.39 94.57 98.91
4 88.81 92.84 93.51 99.78
5 86.66 84.79 86.66 99.86
6 92.48 94.30 95.44 100.00
7 80.28 88.01 88.34 95.97
8 71.62 71.50 78.74 91.89
9 46.10 72.16 69.15 95.04
10 98.77 98.77 99.38 100.00
11 90.68 93.01 95.02 97.75
12 48.48 59.70 84.24 93.03
13 100.00 100.00 100.00 100.00
14 82.05 87.18 61.54 100.00
15 90.91 90.91 90.91 100.00
16 100.00 100.00 100.00 100.00
OA 72.50 78.50 82.79 93.76
AA 79.56 84.96 86.97 96.67
K 68.50 75.55 80.40 92.45

The experimental results on the three datasets are shown in Tables 4-6. In Table 4, ViT, the basic
Transformer model, achieves the worst performance. In comparison, the pixel-wise Spectralformer
significantly improves performance, primarily due to its effective extraction of local continuous
spectral features using group-wise spectral embedding. To further utilize the neighborhood
information of pixels, the patch-wise Spectralformer uses hyperspectral cubes as input, which further
boosts performance. Most importantly, the proposed Spectralformer+ achieves the highest OA, AA,
and K values, which are 93.76%, 96.67%, and 92.45%, respectively. This improvement is mainly
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attributed to the ability of Spectralformer+ to effectively extract spatial features using the ASPP
module.

Table 5. The overall accuracy (OA), average accuracy (AA), Kappa coefficient (k), and the
accuracy for each class of different classification methods on the Pavia University dataset will be
presented in the following table

. SpectralFormer SpectralFormer+
Class No Transformers (ViT) - - - -
pixel-wise patch-wise patch-wise

1 74.30 85.37 78.24 94.15
2 68.75 89.66 91.97 89.20
3 72.07 81.10 71.90 75.15
4 93.89 94.23 96.39 96.22
5 99.37 99.37 98.83 96.68
6 88.47 76.86 92.74 90.38
7 87.26 87.05 85.12 95.72
8 85.02 90.55 95.39 98.75
9 99.25 99.87 91.45 96.60
OA 77.14 87.94 91.62 94.44
AA 85.37 89.34 89.11 92.54
K 71.03 83.89 86.20 88.46

Table 6. The overall accuracy (OA), average accuracy (AA), Kappa coefficient (k), and the
accuracy for each class of different classification methods on the Houston2013 dataset will be
presented in the following table.

. SpectralFormer SpectralFormer+
Class No Transformers (ViT) - - - -
pixel-wise patch-wise patch-wise
1 82.91 83.67 83.38 79.68
2 96.15 98.59 99.72 100.00
3 100.00 99.80 93.86 99.80
4 99.34 96.88 96.78 90.71
5 97.35 98.58 99.81 100.00
6 95.10 95.10 93.71 98.60
7 79.76 86.57 86.66 85.26
8 59.45 70.85 79.68 80.91
9 64.59 72.33 80.64 75.26
10 86.10 77.51 63.71 93.92
11 75.14 91.18 85.20 90.98
12 49.76 75.12 80.98 66.67
13 57.89 73.33 71.93 83.50
14 99.60 99.19 98.38 100.00
15 98.31 98.52 99.58 100.00
OA 80.81 86.14 87.85 90.04
AA 82.76 87.81 87.60 89.69
K 79.20 85.27 85.47 86.76
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On the Pavia University and Houston2013 datasets, the proposed Spectralformer+ also achieves the
best performance, attaining the highest values in OA, AA, and K across all metrics.

4. CONCLUSION

In hyperspectral imaging, rich spectral data is formed by collecting hundreds of narrow wavelength
bands of information at each pixel point, enabling detailed identification. SpectralFormer has
demonstrated high performance in hyperspectral image classification. However, the SpectralFormer
architecture slices the original image into small patches and inputs them into the model in sequence,
disrupting the spatial features of the original image and resulting in the loss of original information.
This makes it difficult for the classification model to learn the spatial features of objects and effective
contextual information. To address this, we propose a new architecture based on SpectralFormer,
called SpectralFormer+. It utilizes the atrous spatial pyramid pooling (ASPP) module, which employs
dilated convolutional layers with different dilation rates to capture image features at different scales,
to solve the problem of disrupting the original spatial feature structure faced by the previous
architecture. This significantly enhances classification performance.
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