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A B S T R A C T

Hyperspectral image classification (HSIC) has been a significant topic in the field of remote sensing in the
past few years. Convolutional neural networks have shown promising performance in HSIC applications due
to their strong local feature extraction ability. However, they struggle to extract global information from HSIs,
thereby resulting in classification performance limitations. Recently, vision transformers have been used to
solve HSIC problems, and its advantage is to adopt the multi-head self-attention mechanism to explore global
dependencies. Nevertheless, the extracted features using MHSA usually exhibit over-dispersion due to the
abundance of band information hidden in HSIs. In this work, we propose a novel method, called dual attention
transformer network (DATN), for HSIC problems. It consists of two types of modules, namely the spatial–
spectral hybrid transformer (SSHT) module and the spectral local-conv block (SLCB) module. Specifically, the
SSHT module aims to utilize the MHSA to capture spatial and spectral feature information. Therefore, it can
effectively utilize global spatial–spectral features and embed the local spatial information, simultaneously.
Besides, we design a SLCB module to extract the local spectral information of HSIs effectively. Then the SSHT
and SLCB modules are integrated into an end-to-end framework. Finally, the global and local spatial–spectral
features extracted from this framework are input into the fully connected layer, and then classification results
of HSIs are obtained. A series of experiments on three HSI datasets have demonstrated that our DATN approach
outperforms several state-of-the-art HSIC approaches.
1. Introduction

At present, remote sensing technology has been applied to many
areas of our lives (Meedeniya et al., 2020; Jayanetti et al., 2017).
Hyperspectral images (HSIs) are usually obtained from satellites or
airborne vehicles. In contrast to conventional RGB images, HSIs can
offer more abundant spectral information to compensate for the limited
spectral resolution (Li et al., 2019; Paoletti et al., 2019). Over the few
decades, HSI classification (HSIC) technology has demonstrated great
potential in various real applications, such as agriculture (Zhu et al.,
2020a), geological exploration (Peyghambari and Zhang, 2021), envi-
ronmental monitoring (Zhang and Liu, 2010), medical imaging (Khan
et al., 2021). However, there are some significant challenges in HSIC
applications due to the high dimensionality of HSIs and the fusion of
spatial–spectral information.

In general, the goal of HSIC technology is to identify the land cover
for each pixel of HSIs. Over the last few years, many approaches have
been developed for HSIC tasks. In the early stages, various traditional
machine learning approaches, such as 𝑘-nearest neighbor (𝑘-NN) (Ma
et al., 2010), sparse representation (Cariou and Chehdi, 2015), morpho-
logical profile (MP) (Benediktsson et al., 2005), support vector machine
(SVM) (Melgani and Bruzzone, 2004), random forest (RF) (Ham et al.,
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2005), are used to cope with the HSIC tasks. However, these approaches
aim to statistically analyze prior information from training data. There-
fore, it implies that these methods are susceptible to noises or outliers,
and thus cannot guarantee their robustness and stability.

With the significant progress of deep learning in numerous real-
world problems (Yang et al., 2023; Xian et al., 2022a; Li et al., 2021;
Himeur et al., 2022, 2021), deep neural networks (DNNs) have been
widely coped with classification problems. Among them, convolutional
neural networks (CNNs) have dominated this field in the past decade.
In Meedeniya et al. (2022), a CNN-based deep learning model was
designed to classify the satellite images and perform geospatial anal-
ysis. The Ref. Mahakalanda et al. (2022) utilized a fully convolutional
network to classify the standage and land use of rubber plantations.
In the past few years, various CNN methods have been also applied to
HSIC due to their powerful ability to extract spatial–spectral features of
HSIs. Hu et al. (2015) utilized a 1D CNN architecture with five convo-
lutional layers to extract spectral information and selected individual
pixels from HSIs to train the model. However, it can only consider
the spectral information of HSIs and ignores the spatial relationships
between pixels. In Zhao and Du (2016), a 2D CNN-based network was
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designed for HSIC tasks. This approach fully utilizes the high spectral
resolution and strong spatial dependencies to realize the joint analysis
of spatial–spectral information. Song et al. (2018) introduced a deep
feature fusion network (DFFN) based on 2D CNNs, which alleviates
the problems of overfitting and gradient vanishing. Besides, it fuses the
features learned at different levels to further enhance the overall clas-
sification performance. Considering the three-dimensional structure of
HSIs, Chen et al. (2016) proposed a deep network by stacking 3D CNNs
for extracting both spatial and spectral information of HSIs. Li et al.
(2017) introduced a spatial–spectral feature extraction method based
on 3D CNNs, which eliminates the need for pre-possessing or post-
processing. Zhong et al. (2017) developed a 3D spatial–spectral residual
network (SSRN) for extracting the spatial–spectral features using mul-
tiple connected residual blocks. Since there are spatial correlations and
inter-spectral correlations between adjacent pixels and bands, and thus
HSIs contain significant redundant information. However, the afore-
mentioned CNNs treat all bands of HSIs equally in classification tasks,
and thus the useless bands lead to unsatisfactory classification results.
To address this problem, the attention mechanism was introduced into
the CNN-based HSIC model. Shu et al. (2022) introduced a spatial–
spectral split attention residual network that integrates three different
attention mechanisms to highlight the useful information in spectral
and spatial dimensions. Li et al. (2020) put forward a dual-branch
dual-attention classification network (DBDA) for HSIC problems. This
method attempts to employ two distinct attention mechanisms within
two separate branches and captures the spectral and spatial information
in HSIs independently.

Despite CNN-based HSIC methods achieving promising results in
most cases, they still encounter the following limitations:

(1) CNN is a vector-based approach that treats the input of HSIs as a
collection of pixel vectors. However, the equal treatment of all channels
can lead to CNN-based HSIC methods being incredibly insensitive to the
spectral sequence information, resulting in feature maps that cannot
effectively represent the spectral sequence information from HSIs.

(2) Due to the commonly used fixed patch size, CNN-based HSIC
methods cannot accommodate larger scales and more complex convo-
lutional forms. Therefore, there is a trend to select smaller convolution
kernel sizes for performing the convolutional operation. However, the
size limitation of the receptive field cannot effectively capture the
spatial information of HSIs, leading to the loss of global contextual
information in HSI patches. Moreover, CNN-based methods are unable
to depict the long-range dependencies of the pixels and the bands, thus
leading to unsatisfactory classification performance.

To tackle the aforementioned challenges, some studies have at-
tempted to apply transformer networks to capture long-range infor-
mation. As a key component of the Transformer, self-attention is a
variant of the attention mechanism that operates on the feature vectors
of each position in an input sequence rather than the elements in the
sequence. It uses a weighted average of all feature vectors in a sequence
to represent the importance of each position. As a result, various HSIC
methods based on transformer network have been developed in the
past few years. Hong et al. (2021) introduced a transformer-based
HSIC framework, termed spectralformer. It preserves the local sequence
spectral information by groupwise spectral embedding and fuses multi-
layer features through cross-layer skip connection. However, many
finer local spatial features cannot be extracted compared with CNNs.
To alleviate this defect, many studies (Sun et al., 2022)-(Mei et al.,
2022) attempt to combine CNN and transformer to capture both local
and global feature information from HSIs. Zhang et al. (2022) de-
signed a convolution transformer mixer (CTMixer) network for HSIC.
Firstly, it applies the CNN blocks to extract the local spatial–spectral
information. Then CNN is introduced into a multi-headed attention
mechanism (MHSA) to achieve a more elegant combination of CNN
and transformer. Song et al. (2022) designed a bottleneck spatial–
spectral transformer (BS2T) network that uses a dual-branch structure
2

to learn the spatial and spectral information. Specifically, it designs a
multi-head spatial–spectral self-attention (MHS2 A) structure to replace
the convolution operation, which integrates the spectral and spatial
position information into the multi-head attention mechanism.

However, the existing transformer-based HSIC methods still suffer
from the following limitations:

(1) Both the linear projection and the flattening operation in the
transformer may destroy the local spatial–spectral information and the
position information, thereby causing the loss of useful local informa-
tion in the classification procedure.

(2) Although the MHSA can effectively model long-term dependen-
cies and extract global information, it is unreasonable to establish the
context relationships for all pixels equally. This is because nearby pixels
in HSI are always more relevant than distant ones.

(3) Unlike traditional RGB images with only three channels, HSIs
contain hundreds of bands, which makes the extracted information too
scattered in the global scope by applying MHSA to HSIs. Therefore, it
is inappropriate to generate a single token from the spectral or spatial
perspective.

To address the above-mentioned issues, this work proposes a dual
attention transformer network (DATN) for HSIC tasks. In DATN, we
design a squeeze-excitation-convolutional (SE-conv) block by using
1 × 1 convolutions with channel attention, which splits the input
feature map into isolated pixels sequences as the embedding for the
input of the transformer. 2D CNN is employed to change the number
of channels in the middle layer feature map and reduce computational
costs. The channel attention is also used to highlight the useful infor-
mation in HSIs. Meanwhile, we adopt a novel Spatial–Spectral Hybrid
Transformer (SSHT) to model the long short-range dependencies of
the HSI features. It can effectively capture the local spatial and global
spatial–spectral information of HSIs. To capture local spectral infor-
mation ignored by the transformer branch, we design a spectral local
convolutional block (SLCB) that is connected with the self-attentive
branch in a parallel manner. To effectively explore the correlations
and complementarity of local and global HSI features, the feature
representation is enhanced by fusing the outputs from both SSHT and
SLCB. The proposed DATN method can fully merge the global and
local spatial–spectral information of HSIs while considering the local
information of pixels. The classification evaluation experiments on
various HSI datasets have clearly demonstrated the superiority of our
DATN method.

The main contributions of this work are summarized as follows:

1. We propose a novel HSIC method, namely dual attention trans-
former network (DATN), which can integrate the merits of trans-
former and CNN to capture global and local spatial–spectral
feature information of HSIs.

2. To exploit the three-dimensional structure of HSIs, a novel
spatial–spectral hybrid transformer (SSHT) module is designed
to generate the tokens from the spectral and spatial dimensions,
which can model long-range dependencies in the spatial and
spectral spaces separately. The proposed SSHT module splits
the original patches into smaller patches and then feeds them
into MHSA. Therefore, it overcomes the limitation of MHSA that
cannot effectively extract local information.

3. We design a simple yet powerful SLCB module to exploit local
spectral information and partially preserve the spatial infor-
mation of HSIs, simultaneously. The proposed SLCB module
can convey original spatial information from shallow to deep
layers, resulting in a significant improvement in classification
performance.

4. Extensive experiments on various HSI datasets are conducted to
verify the effectiveness of the DATN method in HSIC problems.
Besides, several ablation experiments are carried out to con-
firm the usefulness and necessity of each module in our DATN

method.
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The remainder of this paper is organized as follows: In Section 2,
we briefly review the relative works. In Section 3, we give the detailed
structure of our designed network. Section 4 presents the experimental
results of the proposed method on three benchmark datasets. Finally,
we draw the conclusions in Section 5.

2. Related work

2.1. CNN-based HSIC methods

Over the past decade, various CNNs have been proposed to cope
with classification tasks in remote sensing and can achieve remarkable
performances in many cases. In general, the simple 1D CNN only
focuses on the individual pixel information of HSIs, thereby ignoring
a large amount of useful spatial and positional information. Besides,
2D CNN tends to pay more attention to the extraction of spatial infor-
mation without concerning the spectral information of HSIs. Compared
to these two methods, 3D CNN are better equipped to handle the 3D
structure of HSIs. Nevertheless, the simple stacking of 3D CNN blocks
may lead to extremely high computational costs. To address the afore-
mentioned issues, an octave 3D CNN (Xu et al., 2020) was proposed
to decompose the mixed feature map by their frequency, which can
effectively reduce the parameter number of the network. In Cui et al.
(2021), the authors proposed a 3D CNN-based lightweight network
that replaces the convolution operation into point-wise and depth-
wise convolution. This approach has achieved remarkable classification
performance while maintaining network efficiency. To learn the direct
spectral continuity information of HSIs, a long short-term memory
network (LSTM) based on band grouping was designed in Graves
and Graves (2012). It can extract the spatial features from HSIs by
integrating a CNN sub-network. Due to the complex acquisition process
of HSIs, there is limited availability of large-scale publicly accessible
HSI datasets, making it challenging to obtain a sufficient number of
labeled samples. To address this limitation, Cao et al. (2020) designed a
classification framework based on autonomous learning (AL) and CNN,
in which a limited number of samples were required to train CNN. The
deep cross-domain few-sample method (Li et al., 2022) was put forward
to solve the few-sample cross-domain HSIC task with few labeled pixels.

Until now, various CNN models have been utilized for extracting
spatial–spectral features from HSIs and can achieve encouraging results
in HSIC problems. However, the limited receptive field of CNNs restricts
the modeling ability of long-range dependencies, thus hindering further
improvements in classification performance.

2.2. Attention mechanism model

The attention mechanism is considered as a signal-processing tech-
nology and has recently played an important role in deep learning.
It aims at assigning different weights to various parts of the input
data, allowing the network to focus more effectively on critical compo-
nents. Many studies have shown that the attention mechanism not only
effectively enhances model performance, but also provides stronger
interpretability for the decision-making process. Hu et al. proposed (Hu
et al., 2018) a squeeze-and-excitation network (SENet) to focus on
the channel relationships of feature maps. It operates on the fea-
ture maps to obtain the attention parameters, and then fuses these
parameters with the original feature maps. In Woo et al. (2018), a
convolutional block attention module (CBAMBlock) was designed by
combining spatial attention and channel attention. In this method, the
attention module incorporates multiple stacked max or average pooling
operations instead of a single operation. Moreover, the aforementioned
methods can improve classification performance without significantly
increasing computational complexity. Zhu et al. (2020b) proposed
an end-to-end residual spatial–spectral attention network (RSSAN) by
3

applying spatial–spectral attention to HSIC. Mei et al. (2019) further
developed a novel spectral–spatial attention block based on SSRN to
enhance classification performance.

The attention mechanism is mainly used to calculate an attention
weight separately for each part in a set of input data. It usually requires
additional reference information to calculate the attention weights,
such as context vector, query vector, etc. Self-attention is a variant of
the attention mechanism that operates on the feature vectors of each
position in an input sequence, rather than the elements in the sequence.
As a result, the self-attention mechanism is more adept at quickly
capturing internal correlations within a sequence (Sun et al., 2023).
Based on the non-local mean filtering operation, a non-local neural net-
work (Wang et al., 2018) was developed by incorporating self-attention
into the computer vision domain. Therefore, it can effectively model
long-range dependencies. Compared to continuously stacking CNNs, the
non-local operation achieves a more efficient optimization procedure.
The transformer network (Vaswani et al., 2017) was designed with a
large amount of self-attention mechanisms, in which the self-attention
model is used as a standalone structure without adding convolutional
layers to extract the features.

2.3. Transformer-based HSIC methods

As a network structure composed of self-attention mechanisms, the
transformer network has swept the natural language processing (NLP)
field with powerful learning long-range dependencies. Recently, the
vision transformer (ViT) model has achieved superior results in image
classification tasks in comparison to CNN-based models[(Xian et al.,
2022b)-(Long et al., 2023)]. In recent years, various variants of trans-
former have also emerged for HSIC applications (Qi et al., 2023). Bai
et al. (2022) designed a multi-branch transformer structure by taking
into account both spatial and spectral attentions, and designed a mask
prediction (MP) model that can run in parallel with the classification
prediction branch. Therefore, this network focuses on all pixel cate-
gories in hyperspectral images. Xu et al. (2022) designed a dual-branch
network comprising a grouped bidirectional long short-term memory
(GBiLSTM) network and a multi-stage fusion convolutional transformer
(MFCT). The GBiLSTM network segments the input feature vector into
groups and integrates the spectral features extracted from each group.
The MFCT module designs a convolutional visual transformer block
and uses a residual approach to fuse multi-layers of features together.
In order to leverage the spatial–spectral information of HSIs, Wang
et al. (2022) developed a bilateral classification network referred to
as an efficient spatial–spectral transformer. In this approach, a dual-
branch architecture is implemented in the transformer network. Tang
et al. (2023) presented an approach that considers both global spectral
information and local spatial information, and uses a cross-layer CLS
token fusion scheme to fuse multilayer features. Yang et al. (2022)
adopted both series and parallel methods to fuse CNN and transformer
to achieve better HSI classification performance. Xue et al. (2022)
developed a novel HSIC model by combining the neural architecture
search (NAS) algorithm with the transformer for the first time. Dang
et al. (2023) adopted two-branch transformer structure to extract global
spatial–spectral information separately. Pan et al. (2023) captured
shallow-to-deep HSI features by fusing the two transformer subnet-
works. Unlike the aforementioned methods, our work aims at designing
a spatial–spectral transformer module that can effectively explore the
global spatial–spectral information of HSIs.

3. Proposed method

A comprehensive introduction to the proposed DATN model is
presented in this section. Fig. 1 illustrates the overall architecture of the
DATN model. This architecture adopts a four-stage hierarchical frame-
work as the main branch, where the squeeze-excitation-convolutional
(SE-Conv) block and the spatial–spectral hybrid transformer (SSHT)

are concatenated in each stage. Additionally, the proposed spectral
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Fig. 1. The framework structure of the proposed DATN method.
Fig. 2. SE Block.

local-convolutional block (SLCB) module is integrated into the main
branch in a skip connections manner, and the feature maps extracted
from stages 2 and 4 are fused with the output of SLCB, respectively.
Finally, we compress the spatial information by performing a global
average pooling operation. Subsequently, a linear classifier is employed
to classify the pixels, and the classification information can be obtained.

3.1. SE-Conv block

To control the number of feature map channels and carry out initial
feature map processing before the SSHT module, a SE-conv block is
incorporated before each SSHT module. The SE-Conv block consists of
a 2D CNN with simple 1 × 1 convolution and a SE module. Fig. 2 depicts
the structure of the SE module. The HSI data is denoted 𝑋 ∈ R𝐻×𝑊 ×𝐶 ,
where 𝐻 and 𝑊 represent spatial dimensions, respectively, and 𝐶 is
the number of spectral bands. The model input is a 𝑃 × 𝑃 × 𝐶 patch
block split from the original image, where 𝑃 is the patch size. To reduce
the parameter number and computational cost, we change the channel
number in the feature maps by feature mapping, and adopt a bottleneck
structure for the input channels of these four SSHT modules. The
feature map sizes input for these four layers are 𝑃 × 𝑃 ×𝐷1, 𝑃 × 𝑃 ×𝐷2,
𝑃 × 𝑃 ×𝐷1 and 𝑃 × 𝑃 ×𝐷2, respectively. Meanwhile, the SE module
can preliminarily emphasize the channels in the feature maps that
are useful for classification. Due to the relatively smaller size of HSI
compared to traditional images, we adopt pixel embedding instead of
image patches. After the SE module is performed on the feature map,
we split the patches of HSIs into smaller patches, and then feed them
into the SSHT module as tokens.
4

3.2. Spatial–spectral hybrid transformer

It is crucial to extract global contextual information for many com-
puter vision tasks. Recently, the transformer structure is used to con-
struct long-range spatial dependencies by using the self-attention mech-
anism, rather than relying solely on the multi-layer down-sampling
in CNNs to obtain a global receptive field. Dosovitskiy et al. (2021)
directly applied a pure transformer to sequences of image patches and
performed very well on image classification tasks. It splits an image into
fixed-size patches and feeds them to a standard Transformer encoder.
The transformer encode can be represented by the following steps.

Assuming that the sequence of tokens is split by the SE-conv block
is 𝑋 =

{

𝑋1, 𝑋2,… , 𝑋𝑠
}

, where the dimension of each token is 𝑑, and
𝑠 is the number of tokens. In the original transformer encode block,
𝑋 needs to be multiplied by three different learnable weights matrices
𝑊 𝑄, 𝑊 𝐾 , 𝑊 𝑉 to obtain three different vectors 𝑄, 𝐾 and 𝑉 . Then 𝑄, 𝐾,
and 𝑉 are respectively divided into 𝑛 parts along the channel dimension
as follows:

𝑄 = {𝑄1, 𝑄2,… , 𝑄𝑖,… , 𝑄𝑛}

𝐾 = {𝐾1, 𝐾2,… , 𝐾𝑖,… , 𝐾𝑛}

𝑉 = {𝑉1, 𝑉2,… , 𝑉𝑖,… , 𝑉𝑛} (1)

where 𝑛 is the number of heads in multi-head attention. Next, we use
the dot product operation between each 𝑄𝑖 and the transpose of each
𝐾𝑖 to calculate the attention, which represents the similarity between
𝑄𝑖 and 𝐾𝑖. Since the value of 𝑄𝑖 ×𝐾𝑖 increases with the increase of
the dimension 𝑑 of 𝑄𝑖 and 𝐾𝑖, we need to divide by

√

𝑑𝑘 to control
the problem of gradient disappearance. The attention matrix can be
normalized by using the softmax function. Finally, we multiply the
attention matrix by 𝑉𝑖 to obtain the output of a single head as follows:

ℎ𝑖 = Attention(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) = sof tmax

(

𝑄𝑖𝐾𝑖
𝑇

√

𝑑𝑘

)

𝑉𝑖 (2)

Finally, the output of multiple heads is concatenated to obtain the
output of MHSA as follows:

Attention(𝑄,𝐾, 𝑉 ) = Concat(ℎ1, ℎ2,… , ℎ𝑛)𝑊 𝑜 (3)

where 𝑊 𝑜 is the output projection matrix. Following the MHSA module
in the transformer encoder, a MLP block is added to extract feature
information. It consists of two fully connected layers implemented as
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Fig. 3. The overall structure of the proposed SSHT module.
linear projection layer (FC) and a Gaussian error linear unit (GELU).
ere, the MLP layer can be represented as follows:

LP(𝑋) = FC2

(

GELU
(

FC1(𝑋)
)

)

(4)

In addition, the LayerNorm operation is performed before the MHSA
module and the MLP layers, and the residual connection is applied
between the two modules. The transformer encoder can be expressed
as follows:

𝑋̃ = MHSA
(

LayerNorm(𝑋)
)

+𝑋 (5)

𝑂 = MLP
(

LayerNorm
(

𝑋̃
))

+ 𝑋̃ (6)

where 𝑋̃ and 𝑂 represent the output features of the MHSA module and
MLP layer, respectively.

However, most of the existing image-based MHSA mechanisms can-
not effectively cope with the 3D structure of HSIs, thereby losing a
significant amount of spectral information. To address this issue, we
seek to improve the existing MHSA based on the characteristics of
HSIs. Considering the ‘‘spatial tokens’’ commonly used to define image
patches, we introduce the spectral tokens by utilizing self-attention
in the spectral dimension. For spatial tokens, the spatial dimension
limits the range of tokens and the spectral dimension represents the
dimension of token feature. For spectral tokens, there is a opposite sit-
uation: the spectral dimension limits the range of tokens and the spatial
dimension represents the dimension of token feature. Consequently,
each spectral token is global in the spatial dimension and contains
an abstract representation of the entire HSI patches. Compared to
traditional self-attention methods that model long-range dependencies
based on local patches, spectral attention takes all spatial positions into
account while calculating spectral global attention based on spectral
tokens. Therefore, spectral self-attention can be regarded as a dynamic
feature fusion across a sequence of spatial abstract representations of
the entire patches.

In addition, we also modify the self-attention based on spatial
tokens to focus on local spatial information interaction. Due to the
excellent extraction of global spatial information using the aforemen-
tioned spectral self-attention, we construct a SSHT module based on
spectral self-attention and spatial self-attention to effectively explore
5

global spatial–spectral feature information of HSIs and local spatial
information of HSI patches. Specifically, spectral attention not only
extracts attention information between bands by calculating across
global spectral tokens, but also provides a global receptive field in
the spatial dimension. The spatial attention refines the local spatial
fine-grained information by chunking the input. Therefore, it is clear
to know that these two self-attentions complement each other. The
structure of our SSHT module is depicted in Fig. 3. Here, we provide a
detailed introduction to two distinct self-attention mechanisms.

3.2.1. Spatial self-attention
In traditional transformer-based HSIC methods, all pixel tokens in

HSI patches are fed into the transformer block together to extract
global spatial features. However, this extraction approach fails to fully
incorporate local spatial information and the positional relationship
between pixels. Actually, the close pixels are always more relevant
and the adjacent pixels in homogeneous regions usually convey similar
semantic information. Therefore, we uniformly divide each HSI patch
into non-overlapping blocks instead of feeding all pixels into MHSA.
Supposing there are 𝑁𝑑 different blocks with each block containing 𝑃𝑑
pixels, the number of pixels in the original patches is 𝑃 = 𝑁𝑑 ∗ 𝑃𝑑 . If
the block size cannot be evenly divided into the patches, we perform
the padding operations before division. Thus, the spatial self-attention
can be represented as follows:

𝐴𝑠𝑝𝑎𝑡𝑖𝑎𝑙(𝑄,𝐾, 𝑉 ) = {Attention(𝑄𝑖, 𝐾𝑖, 𝑉𝑖)}
𝑁𝑑
𝑖=0 (7)

where 𝑄𝑖, 𝐾𝑖, 𝑉𝑖 ∈ R𝑃𝑑×𝐷𝑠 are the queries, keys, and values of the local
block. The structure of spatial self-attention is illustrated in Fig. 3(c).
Although the feature map obtained in this manner preserves the local
spatial information and positional information of HSIs, the partial
global modeling ability may be lost by performing self-attention on the
local blocks. Therefore, we proposed spectral self-attention to address
this issue of global spatial information loss.

3.2.2. Spectral self-attention
Due to the inherent structural characteristics of HSIs, we design a

spectral self-attention in the SSHT module. Assume that the segmented
feature map 𝑋 ∈ R𝑁×𝐶 after splitting pixels by SE-conv block. Here,
𝑁 = 𝑃 × 𝑃 is the number of pixels in each patch, where 𝑃 denotes
patch spatial size. After performing the 2D CNN layer, the feature map
contains 𝐶 channels. To derive the spectral token, the feature map is
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Fig. 4. The framework structure of the proposed SLCB module.
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f the spectral tokens. When the number of heads in the self-attention
odule is set to 1, each spectral token contains the global spatial

nformation. Therefore, the spectral self-attention can be expressed as
ollows:

𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙(𝑄,𝐾, 𝑉 ) = Attention(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) (8)

here 𝑄𝑖, 𝐾𝑖, 𝑉𝑖 ∈ R𝐶×𝑁 are the queries, keys, and values of the trans-
osed spectral-wise feature maps. Since we switch the tokens in the
elf-attention, the scaling factor

√

𝑑𝑘 and the projection matrix 𝑊 𝑜 are
lso calculated based on the spatial dimension 𝑁 . By setting the number
f heads to 1, we eliminate the concern of spatial pixel count being
ndivisible by the number of attention heads. The proposed spectral
elf-attention module can be easily integrated into other models based
n different patch sizes. Fig. 3(a) describes the structure of spectral
elf-attention.

In our model, we design a spatial self-attention and a spectral self-
ttention instead of using the MHSA in the transformer, and then
ombine them to further construct a SSHT block. It enables the two
ttention mechanisms to work alternately for better extracting global
patial–spectral features and fine-grained local spatial features. The
etailed algorithm flow is shown in Algorithm 1.
Algorithm 1: The Proposed Spatial-Spectral Hybrid Transformer
Method

Input: Input feature map 𝑋 ∈ R𝑁×𝐶 ; Number of heads ℎ; size
of the divided block 𝑠

1 Transpose feature map from R𝑁×𝐶 to R𝐶×𝑁 ;
2 Perform a Spectral Self-Attention by Eq.(8);
3 Transpose feature map from R𝐶×𝑁 to R𝑁×𝐶 ;
4 Perform a skip connect by Eq.(5);
5 Perform a Multi-Layer Perceptron by Eq.(4);
6 Calculate the feature map by Eq.(6);
7 while 𝑠 cannot divide the feature map evenly do
8 perform the padding operations before division;
9 Divide feature map from R𝑁×𝐶 to R𝑁𝑑×𝑃𝑑×𝐶 ;
10 Perform a Spatial Self-Attention by Eq.(7);
11 Merge divided feature map from R𝑁𝑑×𝑃𝑑×𝐶 to R𝑁×𝐶 ;
12 Perform a skip connect by Eq.(5);
13 Perform a Multi-Layer Perceptron by Eq.(4);
14 Calculate the feature map by Eq.(6);
Output: Output feature map 𝑋 ∈ R𝑁×𝐶

3.3. Spectral local-convolutional block

Although the SSHT module can model the long-range dependencies
in both spatial and spectral dimensions and preserve local spatial
information and positional information, simultaneously, it still ignores
the local spectral information of HSIs. Therefore, the accuracy of clas-
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sification results may be significantly harmed by neglecting this vital i
inter-band information in HSIs. To resolve this problem effectively,
we integrate the spectral local-convolutional block (SLCB) into the
proposed framework to preserve the local spectral information.

The SLCB includes two 2D CNN blocks and three 3D CNN blocks.
After each CNN layer, we adopt a batch normalization (BN) layer and
a rectified linear unit (ReLU) activation function to process the feature
map. The overall structure of the proposed SLCB module is illustrated
in Fig. 4. Assuming that the input patch block is 𝑋 ∈ R𝑃×𝑃×𝐶 , where
𝑃 denotes the patch size and 𝐶 represents the original band number
of HSIs. To process the input patch block, we first use a 2D CNN
with a 1 × 1 convolution kernel to extract the spectral information and
increase the dimensionality of the feature map. The extracted feature is
reshaped to 𝑋 ∈ R𝑃×𝑃×𝐷, where 𝐷 is the number of convolution kernels
of 2D CNN. The activation value at the spatial position (𝑥, 𝑦) in the 𝑗th
feature map of the 𝑖th layer is represented as 𝑣𝑥,𝑦𝑖.𝑗 in 2D convolution.
Therefore, we have

𝑣𝑥,𝑦𝑖,𝑗 = 𝑓

(

𝑏𝑖,𝑗 +
𝑑𝑙−1
∑

𝜏=1

𝛾
∑

𝜌=−𝛾

𝛿
∑

𝜎=−𝛿
𝑤𝜎,𝜌

𝑖,𝑗,𝜏 × 𝑣𝑥+𝜎,𝑦+𝜌𝑖−1,𝜏

)

(9)

where 𝑓 (.) is the activation function. The bias parameter for the 𝑗th
feature map in the 𝑖th layer is denoted as 𝑏𝑖,𝑗 . The number of feature
map in (𝑙−1)-th layer is represented as 𝑑𝑙−1, and 𝑑𝑙−1 is also the depth of
ernel 𝑤𝑖,𝑗 for the 𝑗th feature map of the 𝑖th layer. The width and height
f kernel are denoted as 2𝛾 + 1 and 2𝛿 + 1, respectively, where 𝑤𝑖,𝑗
tands for the weight parameter value for the 𝑗th feature map of the 𝑖th
ayer. Then the feature map is convolved with a set of 3D convolutional
ernels with two 1 × 1 × 3 and a 1 × 1 × 7 3D convolution kernels used
lternately to extract local spectral information with different receptive
ields. We perform the stride and padding operations in the 3D CNN to
aintain the dimensionality of the data. In 3D convolution, 𝑣𝑥,𝑦,𝑧𝑖.𝑗 is the

ctivation value at spatial position (𝑥, 𝑦, 𝑧) in the 𝑗th feature map of the
th layer. Therefore, we have

𝑥,𝑦,𝑧
𝑖,𝑗 = 𝑓

(

𝑏𝑖,𝑗 +
𝑑𝑙−1
∑

𝜏=1

𝜂
∑

𝜆=−𝜂

𝛾
∑

𝜌=−𝛾

𝛿
∑

𝜎=−𝛿
𝑤𝜎,𝜌,𝛾

𝑖,𝑗,𝜏 × 𝑣𝑥+𝜎,𝑦+𝜌,𝑧+𝜆𝑖−1,𝜏

)

(10)

ere, the depth of the kernel along the spectral dimension is set to
𝜂 + 1, and the other parameters remain the same setting as in (9).
inally, we adjust the number of channels to match the attention branch
sing a 2D CNN with 1 × 1 convolutional kernel, so that the final feature
ap is represented as 𝑋 ∈ R𝑃×𝑃×𝐷. In the overall model, we add two

LCBs to capture local spectral features in different layers, and then
use the extracted features with the main branch. By setting the size
f 3D convolutional kernel to 1 in the spatial dimension, the kernel
nly slides along the spectral dimension, which can effectively preserve
he initial spatial features of the input feature map. Subsequently, the
eatures that have been processed by SSHT are combined with local
pectral features in a skip connection fashion, and the final feature map

s employed for classification purposes.
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Table 1
Sample division of the Indian Pines (IP) dataset.
No. Name Training Validation Test

1 Alfalfa 5 5 36
2 Corn-notill 25 25 1378
3 Corn-mintill 25 25 780
4 Corn 25 25 187
5 Grass-pasture 25 25 433
6 Grass-trees 25 25 680
7 Grass-pasture-mowed 5 5 18
8 Hay-windrowed 25 25 428
9 Oats 5 5 10
10 Soybean-notill 25 25 922
11 Soybean-mintill 25 25 2405
12 Soybean-clean 25 25 543
13 Wheat 25 25 155
14 Woods 25 25 1215
15 Building-Grass-Trees-Drives 25 25 336
16 Stone-Steel-Towers 10 10 73

Total 325 325 9599

Table 2
Sample division of the Houston 2013 (HU) dataset.
No. Name Training Validation Test

1 Healthy grass 40 40 1171
2 Stressed grass 40 40 1174
3 Synthetic grass 10 10 677
4 Tree 40 40 1164
5 Soil 40 40 1162
6 Water 10 10 305
7 Residential 40 40 1188
8 Commercial 40 40 1164
9 Road 40 40 1172
10 Highway 40 40 1147
11 Railway 40 40 1155
12 Parking lot1 40 40 1153
13 Parking lot2 10 10 449
14 Tennis court 10 10 408
15 Running track 10 10 640

Total 450 450 14 129

Table 3
Sample division of the Salinas Valley (SV) dataset.
No. Name Training Validation Test

1 Brocoli_green_weeds_1 40 40 1929
2 Brocoli_green_weeds_2 60 60 3606
3 Fallow 40 40 1896
4 Fallow_rough_plow 20 20 1354
5 Fallow_smooth 50 50 2578
6 Stubble 60 60 3839
7 Celery 60 60 3459
8 Grapes_untrained 60 60 11 151
9 Soil_vinyard_develop 40 40 6123
10 Corn_senesced_green_weeds 20 20 3238
11 Lettuce_romaine_4wk 10 10 1048
12 Lettuce_romaine_5wk 10 10 1907
13 Lettuce_romaine_6wk 10 10 896
14 Lettuce_romaine_7wk 20 20 1030
15 Vinyard_untrained 10 10 7248
16 Vinyard_vertical_trellis 20 20 1767

Total 580 580 52 969

4. Experiments

To validate the effectiveness of the proposed approach, we con-
ducted comprehensive evaluation experiments on three widely used
multi-view datasets by comparing several state-of-the-art MVC meth-
ods.
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4.1. Datasets description

(1) Indian Pines (IP): Indian Pines is a relatively early HSI dataset,
which was acquired in June 1992 in Indiana, USA. It consists of a
145 × 145-pixel area that was selected and annotated from images cap-
tured by the airborne visible/infrared imaging spectrometer (AVIRIS).
Its wavelength range spans from 400 to 2500 nm with a spatial reso-
lution of approximately 20 meters and 220 contiguous spectral bands.
Twenty water absorption bands were removed, and 200 bands were left
for training. The IP dataset includes 16 land cover types, such as Corn,
Oats, Wheat, Woods, etc.

(2) Houston 2013 (HU): The Houston dataset was obtained using the
ITERS CASI-1500 sensor in June 2012 in Houston, Texas. Its spatial
resolution is 2.5 meters and the size is 349 × 1905 pixels with 144
spectral bands ranging from 364–1046 nm. There are 15 and-cover
classes in the Houston dataset, which have been widely utilized to
evaluate the effectiveness of HSIC methods.

(3) Salinas Valley (SV): The Salinas dataset was acquired by the
AVIRIS sensor in 1998 covering the Salinas Valley region of California.
This dataset contains 224 contiguous spectral bands with a spatial
resolution of 512 × 217 pixels and its spatial resolution is 3.7 m. We
removed twenty water absorption bands, thereby reducing the number
of bands to 204. In this dataset, there are 16 different land cover classes.

4.2. Experimental settings

To ensure the fairness in comparison, all HSIC methods were run in
the same configuration environment. The operating system is Ubuntu
20.04.5 LTS, and the configured virtual environment includes Python
3.9.16, PyTorch 1.13.1, CUDA 11.6, etc. The hardware configuration
includes a 12th Gen Intel(R) Core(TM) i9-12900KF CPU and an NVIDIA
GeForce RTX 3090 GPU with 24 GB of memory.

The available pixels were randomly divided into training, valida-
tion, and testing sets. Different proportions of training samples on
different datasets were chosen to train the algorithm. It is worth
noting that the proportion setting of the selected training set and the
validation set is consistent. Tables 1–3 present the sample sizes of the
training, validation, and testing sets of three HSI datasets. The training
proportions of the IP, HU, and SV datasets were set to approximately
3%, 3%, and 1%, respectively.

The performance evaluation of various HSIC methods was quanti-
fied using the following metrics: overall accuracy (OA), average ac-
curacy (AA), and kappa coefficient (KAPPA). In general, the values of
these three metrics are close to 1, indicating better classification perfor-
mance. All HSIC algorithms were trained independently for 100 epochs
in each trial. The model with the highest OA on the validation set
was selected for testing. Then the OA, AA, and KAPPA were obtained
on the testing set as the experimental results. Each experiment was
repeated ten times for each model, and the highest OA was selected as
the final classification performance of the model. Finally, we generated
the classification maps of these methods accordingly.

4.3. Experiment parameter tuning

The classification performances of DNNs are closely related to the
hyperparameters setting experimentally, and thus tuning the parame-
ters is an essential step in achieving optimal model performance. The
learning rate is a crucial hyperparameter in deep learning networks,
and its role is to control the step size in each iteration and enable
the loss function to converge toward its minimum value. A larger or
smaller learning rate may affect the classification performance of DNNs.
Fig. 8 shows the classification results of the proposed model on the
three datasets with different learning rates. The results demonstrate
that our model achieves the best performance on three datasets when
the learning rate is set to 0.008. Therefore, we set a fixed learning rate
of 0.008 for all experiments.
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Fig. 5. Classification maps of different models on the IP dataset.
The patch size setting can also affect the experimental results.
Generally, a patch with a larger size can encompass more information.
The proposed spatial self-attention partitions the patches in the spatial
dimension. It is worth noting that this operation cannot be performed
by setting a small patch size, and the effectiveness of the module is
also affected if the pixel information in each block is too small. On the
other hand, by setting a larger patch size, it may contain rich spatial
8

information. However, these edge pixels also affect the classification
performance of the central pixel to a certain extent. The powerful local
information extraction ability of spatial self-attention further amplifies
this effect. Thus, we set the patch size to 11 × 11 in our experiments.
We also established a batch size of 64 and conducted 100 epochs with
a momentum of 0.9 and a weight decay of 0.0001.
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Fig. 6. Classification maps of different models on the HU dataset.
4.4. Parameter analysis

The SSHT module proposed in this study involves two crucial hy-
perparameters: the block size and the number of heads. To investigate
the effects of these parameters on performance across different HSI
datasets, we conducted two experiments in this subsection.

In the experiments, the embedding dimensions of the SSHT module
in four stages were set to 64, 256, 64, and 256, respectively. To test the
influence of different sizes of the division block, we correspondingly
fixed the number of heads to 8 and 4, when the embedding dimensions
were set to 256 and 64, respectively. We experimented with different
sizes of the division block, ranging from 2 to 6, to find the optimal size
for each dataset. Fig. 9 illustrates the classification results of our DATN
approach across three datasets. On the HU and SV datasets, the optimal
9

division size was set to 3. On the IP dataset, the optimal division size
was set to 4.

Then, we fixed the optimal size of the dividing block and ex-
perimented with different numbers of heads. In addition, when the
embedding dimension was 256, the number of heads was set to 4, 8, and
16, respectively. When the embedding dimension was 64, the number
of heads was set to 2, 4, and 8, respectively. Fig. 10 shows the classi-
fication performances of different head numbers when the embedding
dimensions are 256 and 64, respectively. We notice that the proposed
method is notably influenced by the block size and the number of
heads on the IP dataset. This is because the pixel distribution in the
IP dataset is less smooth compared to the HU and SV datasets and the
value change between adjacent pixels is to some extent discontinuous.



Engineering Applications of Artificial Intelligence 127 (2024) 107351Z. Shu et al.
Fig. 7. Classification maps of different models on the SV dataset.
Table 4
Classification results of different models on the IP dataset.

No. 2D CNN 3D CNN DFFN HybridSN SSAN S3ARN spectralformer GAHT SSFTT CTMixer DATN

1 41.18 100.00 91.89 87.50 82.76 100.00 65.62 91.43 83.33 100.00 100.00
2 62.52 68.75 56.38 62.09 82.52 92.96 75.25 83.99 87.07 91.19 94.73
3 71.56 73.33 59.94 53.52 72.82 88.12 59.29 79.53 85.84 92.49 98.24
4 60.44 64.94 34.33 65.76 68.63 88.32 44.12 64.52 74.48 91.46 91.92
5 45.09 86.90 70.26 83.30 70.29 99.06 76.96 88.98 90.22 98.38 98.60
6 77.25 97.92 89.98 98.25 87.38 98.10 93.95 96.30 95.14 95.30 97.37
7 00.00 51.43 100.00 100.00 33.33 100.00 58.62 94.74 69.23 94.74 94.12
8 85.48 98.83 84.51 96.79 98.20 98.83 95.96 97.90 92.95 97.24 98.84
9 45.45 45.45 22.22 75.00 16.39 100.00 31.25 47.62 58.82 90.91 71.43
10 71.51 61.93 52.92 55.95 86.14 82.91 58.36 77.47 77.81 82.17 94.38
11 79.64 78.79 68.64 77.11 92.30 94.59 77.76 88.08 91.91 96.32 96.09
12 45.21 68.68 47.49 42.54 55.09 76.18 41.89 67.90 70.16 94.56 90.96
13 71.23 96.20 89.53 93.94 86.29 94.48 76.50 91.18 93.33 96.27 97.48
14 86.69 99.54 98.19 98.55 96.26 99.48 98.96 99.81 98.62 98.98 98.74
15 70.03 74.04 72.46 83.08 68.47 80.34 73.01 72.51 80.24 87.01 86.75
16 58.97 77.42 65.77 75.00 57.60 75.00 59.17 57.26 75.26 82.76 84.71

OA(%) 70.52 78.83 67.36 72.65 81.99 91.64 72.78 84.96 87.47 93.42 95.69
AA(%) 60.76 77.76 69.03 78.02 72.15 91.77 67.91 81.20 82.77 93.11 93.39
KAPPA(%) 66.59 75.98 62.97 69.14 79.53 90.45 69.22 82.85 85.76 92.48 95.05
s

4.5. Experimental results

In this subsection, extensive experiments on three benchmark dataset
were conducted to evaluate the efficacy of our proposed DATN method
against several state-of-the-art approaches, such as 2D CNN (Chen
et al., 2016), 3D CNN (Li et al., 2017), deep feature fusion network
(DFFN) (Song et al., 2018), HybridSN (Roy et al., 2019), spatial–
spectral attention networks (SSAN) (Mei et al., 2019), S3ARN (Shu
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et al., 2022), spectralformer (Hong et al., 2021), group-aware hi-
erarchical transformer (GAHT) (Mei et al., 2022), spatial–spectral
feature tokenization transformer (SSFTT) (Sun et al., 2022), and CT-
mixer (Zhang et al., 2022). Tables 4–6 present the classification results
of these methods on the three benchmark datasets.

(1) Quantitative Evaluation: It can be seen that the OA, AA, and
KAPPA of 2D CNN are 71.53%, 77.50%, and 69.14% on the HU
dataset, respectively. Therefore, it obtains the worst results among all
HSIC methods. The main reason is that it ignored the information
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Table 5
Classification results of different models on the HU dataset.

No. 2D CNN 3D CNN DFFN HybridSN SSAN S3ARN spectralformer GAHT SSFTT CTMixer DATN

1 92.46 93.12 92.79 95.89 90.17 92.46 95.90 91.89 94.36 93.33 91.31
2 71.92 90.89 86.39 91.33 90.49 96.68 85.45 98.39 91.09 90.25 97.79
3 100.00 100.00 97.35 99.70 94.36 98.39 97.19 100.00 99.55 100.00 100.00
4 85.46 98.00 96.21 98.82 96.69 98.19 95.30 98.53 98.27 98.90 97.97
5 76.00 97.73 96.42 97.75 97.61 99.31 92.26 97.96 99.22 99.31 100.00
6 93.85 98.35 100.00 99.15 9245 100.00 87.63 88.67 92.83 100.00 99.64
7 74.77 92.60 82.95 90.93 86.96 96.82 92.08 95.51 94.99 95.05 97.48
8 71.56 96.44 81.16 94.69 97.18 98.13 88.66 98.59 93.84 98.51 99.81
9 65.61 81.68 85.63 89.68 89.51 90.21 85.37 88.14 88.08 91.80 94.41
10 49.83 84.04 95.32 89.74 89.96 96.09 85.44 91.05 95.53 92.37 94.77
11 59.75 77.12 78.62 92.63 82.68 96.73 87.19 93.77 94.61 98.58 94.37
12 48.81 79.06 68.36 86.22 93.11 88.17 78.42 91.74 86.04 98.84 95.69
13 91.89 91.67 75.00 93.04 85.81 94.73 92.09 92.72 93.41 92.94 91.76
14 92.36 97.60 76.98 95.75 99.51 96.17 88.12 96.42 95.59 100.00 96.22
15 88.35 92.85 93.03 93.66 95.15 96.37 94.39 97.11 96.96 94.53 97.25

OA(%) 71.53 89.82 86.15 93.25 91.64 95.46 88.99 94.72 93.90 95.83 96.41
AA(%) 77.50 91.40 87.08 93.93 92.10 95.89 89.69 94.70 94.29 96.29 96.56
KAPPA(%) 69.14 89.00 85.01 92.71 90.96 95.09 88.08 94.29 93.41 95.50 96.12
Table 6
Classification results of different models on the SV dataset.

No. 2D CNN 3D CNN DFFN HybridSN SSAN S3ARN spectralformer GAHT SSFTT CTMixer DATN

1 82.90 99.84 99.53 100.00 100.00 100.00 100.00 100.00 99.43 100.00 100.00
2 98.98 100.00 99.75 99.94 100.00 100.00 98.73 100.00 99.59 100.00 100.00
3 44.70 88.74 93.67 95.80 96.13 99.36 94.59 98.68 97.51 96.42 96.01
4 91.59 99.63 97.69 98.62 98.10 98.98 97.97 99.41 94.36 98.61 98.54
5 84.64 95.37 93.24 96.48 99.84 98.27 93.14 99.61 99.72 99.65 99.15
6 97.52 99.97 99.97 100.00 99.95 100.00 99.74 99.95 99.58 100.00 100.00
7 89.48 95.57 92.10 97.54 94.35 96.21 95.93 97.57 97.07 99.91 100.00
8 86.42 90.48 93.25 91.08 97.43 98.12 92.97 97.31 97.04 98.40 98.34
9 78.26 96.18 98.23 98.36 99.87 99.46 96.85 99.61 99.38 99.25 99.71
10 82.45 89.89 87.75 94.27 97.53 99.52 97.17 99.37 94.02 99.74 99.84
11 88.61 80.61 88.42 90.11 95.53 92.83 65.19 95.94 94.76 93.63 94.37
12 00.00 98.04 97.24 96.70 95.43 92.65 97.62 91.89 94.23 99.74 99.32
13 98.75 95.62 97.08 99.22 98.28 99.34 88.09 99.73 88.97 99.89 100.00
14 94.91 98.51 97.39 98.16 98.73 99.13 99.70 99.42 98.65 99.04 99.61
15 62.71 71.83 82.62 76.64 84.72 87.11 74.13 81.87 81.94 88.38 91.78
16 96.68 100.00 97.14 98.36 98.27 99.82 97.19 99.07 98.94 100.00 100.00

OA(%) 80.36 91.10 93.39 93.16 96.02 96.74 91.71 95.84 95.06 97.49 98.07
AA(%) 79.91 93.76 94.69 95.70 97.13 97.54 93.06 97.46 95.94 98.29 98.54
KAPPA(%) 78.14 90.11 92.65 92.40 95.57 96.37 90.79 95.38 94.51 97.21 97.84
Fig. 8. The classification performance of the proposed DATN method under different
learning rate.

contained in the large number of bands in HSIs. Although 3D CNN can
achieve better classification performance (89.82%, 91.40%, and 89%)
on this dataset than 2D CNN, the sole stacking of 3D convolutional
blocks causes a significant redundancy of spectral information, and thus
11
Fig. 9. The classification performance of the proposed DATN method under different
size of division block.

cannot achieve satisfactory classification performance. It is noteworthy
that the HybridSN method obtains significant performance improve-
ment by integrating 2D CNN and 3D CNN. Compared to 3D CNN,
the OA of HybridSN increased by 3.43% and 2.06% on the HU and
SV datasets, respectively. It indicates that the reasonable integration
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Fig. 10. The classification performance of the proposed DATN method under different number of heads.
of 2D CNN and 3D CNN can leverage the local contextual informa-
tion extraction capabilities of CNNs in HSIC problems. Both SSAN
and S3ARN integrate the attention mechanism into CNN to further
improve the performance. Especially for S3ARN, the OA values of the
classification results reach 91.64%, 95.46%, and 96.74% on the IP, HU,
and SV datasets, respectively. The results demonstrate that the effective
utilization of the attention mechanism can enhance the classification
performance of HSIC methods.

In general, the transformer aims at modeling global dependencies
and thus achieves excellent performance. However, it can be seen
that the spectralformer model cannot outperform the CNN-based HSIC
methods on three datasets in some cases. This is because it captures the
feature information solely through self-attention without considering
the local contextual information in CNNs, and the lack of inductive
biases built-in CNNs makes it difficult for spectralformer to deal with
the position relationships between pixels in HSIs. Compared to spec-
tralformer, the classification performances of both SSFTT and GAHT
have been significantly improved on different datasets. In addition,
the experimental results reveal that CTmixer achieves the second-
best classification performance among transformer-based methods on
the three datasets. This is because these HSIC methods leverage the
advantages of both CNN and self-attention and thus effectively extract
the global and local feature information from HSIs.

Notably, our proposed DATN approach outperforms other CNN-
based and transformer-based HSIC methods on all three datasets. For
OA evaluation indicators, our DATN method achieves 96.41% on the
HU dataset, outperforming 2D CNN, 3D CNN, DFFN, HybridSN, SSAN,
S3ARN, spectralformer, GAHT, SSFTT, and CTMixer by 24.88%, 6.59%,
10.26%, 3.16%, 4.77%, 0.95%, 7.42%, 1.69%, 2.51% and 0.58%,
respectively. Since the HU dataset contains a large number of unlabeled
pixels, the pixels available for classification are mostly discrete. Nev-
ertheless, our method still achieves considerable classification results,
especially in the categories ‘‘Soil’’ and ‘‘Commercial’’. This is because
the SSHT module in DATN not only effectively extracts both global
spatial and spectral information of HSIs but also utilizes chunked spatial
tokens as the input to obtain local spatial contextual information.
Moreover, the SLCB module is further integrated into our framework
to preserve the local spectral information of HSIs. Therefore, our pro-
posed DATN approach exhibits superior performance in extracting both
global and local spatial–spectral feature information compared to other
competitors.

It is worth noting that the performances of most HSCI methods
significantly decrease on the IP dataset due to the insufficient number
of training samples, especially 3D CNN-based and pure ViT methods
that require a large number of training samples. However, even with
a limited number of training samples, the proposed DATN method
can achieve satisfactory classification performance with the highest OA
(95.69%), AA (93.39%), and Kappa (95.05%), improving the OA values
12
by 2.27% (ctmixer), 8.22% (SSFTT), 10.73% (GAHT), and 22.91%
(spectralformer), 25.17% (2DCNN), 16.86% (3D CNN), 13.70% (SSAN),
23.04% (HybridSN), and 4.05% (S3ARN). It can be seen that the
proposed method possesses excellent generalization ability and requires
less training data to fully learn the feature distribution of HSIs. Since
there are sufficient samples to train the models on the HU and SV
datasets, the performance improvement of our model on these two
datasets is relatively less significant compared to the IP dataset. Never-
theless, our proposed DATN method still achieves the best classification
performance on larger datasets.

(2) Visual Evaluation: Figs. 5–7 present the visualization classifica-
tion results of various HSIC methods on the three datasets. The results
clearly demonstrate that our proposed method has the fewest misclassi-
fied pixels and achieves the best classification performance. Note that,
the HU dataset contains fewer bands, and the pixel distribution is more
scattered. Most methods exhibit more classification errors in the ‘‘Soil’’
category, while the proposed method still maintains a lower level of
noise in the classification map. Additionally, due to the relatively un-
smooth pixel distribution on the IP dataset, CNN-based HSIC methods
achieve poor performance in classifying edge pixels. By fusing global–
local features, the networks combining CNN and transformer obtain
better edge pixel classification results. Especially, our proposed DATN
method still exhibits stronger classification ability than other methods.

4.6. Ablation study

To validate the efficacy of each module in our proposed model,
we conducted four ablation experiments with the optimal parameters
obtained from the previous experiments. The ablation results of our
proposed approach are reported in Table 7.

In the first experiment, we connected the four layers of MHSA and
aimed to verify the superiority of the proposed module.

In the second experiment, we aimed to verify the contribution of
the SSHT module in HSIC. Specifically, we removed this module from
the proposed network and connected the remaining two spectral local-
conv blocks. It aims to verify the impact of the global modeling ability
using the SSHT module on the classification results. We can know that
the performance degradation of the algorithm can be caused by the
abandonment of the SSHT module.

In the third experiment, we removed the SLCB module from the
proposed model to verify whether the SSHT module without the local
information extraction module could achieve the same classification
performance. It can be observed that the proposed DATN method
outperforms this variant without the SLCB module on three datasets.
This demonstrates the effectiveness of the SLCB module in extracting
local information and its contribution to the overall classification per-
formance. Meanwhile, it highlights the significance of integrating local
and global information to enhance the accuracy of HSIC applications.
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Fig. 11. The results of all models under different training set ratios. (a) IP (b) HU (c) SV.
Table 7
Ablation results of the proposed model on three datasets.

Case Component IP HU SV

SSHT SLCB Attention
branch

OA(%) AA(%) KAPPA(%) OA(%) AA(%) KAPPA(%) OA(%) AA(%) KAPPA(%)

1 × × ✓ 86.53 81.42 84.67 94.19 94.97 93.72 95.72 96.90 95.23
2 × ✓ × 95.20 93.19 94.50 96.05 96.37 97.67 97.67 98.22 97.41
3 ✓ × ✓ 95.00 94.23 94.27 96.04 96.23 95.72 97.20 97.95 96.89
4 × ✓ ✓ 91.84 86.31 90.67 95.57 95.83 95.21 97.10 97.85 96.78
5 ✓ ✓ ✓ 95.69 93.39 95.05 96.41 96.56 96.12 98.07 98.54 97.84
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In the fourth experiment, we evaluated the contribution of the pro-
osed SSHT module in our proposed framework. Therefore, one SSHT
odule was replaced by two MHSA modules. For a fair comparison,
e set the number of heads to be consistent. The experiments on

hree HSI datasets have demonstrated that the proposed method using
he SSHT module outperforms the method using the MHSA block in
erms of classification performance. This is because the proposed SSHT
an more effectively utilize the spatial–spectral information of HSIs,
hereby improving classification performances.

Overall, the ablation results in Table 7 consistently demonstrate
hat our proposed method achieves better performance than these three
ariants on different HSI datasets. It indicates that each module of our
roposed approach makes a substantial contribution to enhancing the
erformance of HSIC tasks.

.7. Influence of training set size

To assess the generalization performance of the proposed network,
e conducted classification experiments using different training set

atios. Specifically, we randomly selected 0.5%, 1.5%, 3%, 5% and 10%
he samples from the IP and HU datasets, and 0.1%, 0.5%, 1%, 3% and
% samples for the SV dataset as the training set, respectively. In ad-
ition, the same number of samples was also selected as the validation
et for each experiment. Under the same experimental configuration,
e also run ten experiments for each method and took the best OA
s the classification result. The classification performances of different
ethods are shown in Fig. 11.

Fig. 11 illustrates that the proposed method achieves superior per-
ormance compared to other HSIC methods across different ratios of
raining samples. Besides, we can see that the performance of all HSIC
ethods steadily improves as the number of training samples increases.
otably, our proposed model exhibits significant superiority over other
lgorithms, particularly when the training set ratio is relatively small.

. Conclusion

In this paper, we propose a novel HSIC method, namely dual
ttention transformer network (DATN), which mainly consists of four
SHT modules and two SLCB modules. Specifically, the self-attention
13
echanism is applied to both spectral and spatial dimensions of HSIs
n our proposed SSHT module, thereby allowing the network to de-
cribe the long-range dependencies of both spatial and spectral features
eparately. Moreover, it also effectively learns the local spatial and po-
ition information from HSIs. Additionally, the proposed SLCB module
s used to explore the local spectral information and can effectively
ompensate for the shortcomings of feature maps extracted by multi-
ayer SSHT. Finally, the learned features are fused and then fed into
he classifier, and the classification results of HSIs can be obtained. The
xperimental results obtained from three mainstream HSI datasets have
emonstrated that our DATN approach surpasses several state-of-the-
rt HSIC methods. However, although applying MHSA to the spectral
imension is a good way to model global information, its remarkable
erformance comes with heavy computational costs and a huge amount
f parameters. In the future, we will design a lightweight network to
educe the parameters and complexity of the model.
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