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Spatial–Spectral Split Attention Residual Network
for Hyperspectral Image Classification

Zhenqiu Shu , Zigao Liu , Jun Zhou , Songze Tang, Zhengtao Yu , and Xiao-Jun Wu

Abstract—In the past few years, many convolutional neural net-
works (CNNs) have been applied to hyperspectral image (HSI) clas-
sification. However, many of them have the following drawbacks:
they do not fully consider the abundant band spectral information
and insufficiently extract the spatial information of HSI; all bands
and neighboring pixels are treated equally, so CNNs may learn
features from redundant or useless bands/pixels; and a significant
amount of hidden semantic information is lost when a single-scale
convolution kernel is used in CNNs. To alleviate these problems,
we propose a spatial–spectral split attention residual networks
(S3ARN) for HSI classification. In S3ARN, a split attention strategy
is used to fuse the features extracted from multireceptive fields,
in which both spectral and spatial split attention modules are
composed of bottleneck residual blocks. Thanks to the bottleneck
structure, the proposed method can effectively prevent overfitting,
speeds up the model training, and reduces the network parameters.
Moreover, the spectral and spatial attention residual branches aim
to generate the attention masks, which can simultaneously empha-
size useful bands and neighbor pixels and suppress useless ones.
Experimental results on three benchmark datasets demonstrate
the effectiveness of the proposed model for HSI classification.

Index Terms—Attention masks, bottleneck residual, channel
attention, hyperspectral image classification (HSIC), spatial
attention, split attention.

I. INTRODUCTION

THE development of sensor technology has enabled the
collection of abundant spectral information in images. The

resulting hyperspectral image (HSI) can be represented as a 3-D
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tensor with high number of spectral bands, which can be used
to predict the class of ground objects. HSI classification (HSIC)
aims at predicting the class label for each pixel in the image.
It has been widely used in remote sensing applications, such
as agricultural monitoring, meteorological analysis, and data
mining [1], [2], [3], [4], [5].

In the past few decades, many spectral-based classification
approaches have been proposed for HSI. In traditional HSIC ap-
proaches, such as support vector machines (SVMs) [6], random
forest (RF) [7], and K-nearest neighbors (KNN) [8], the spectral
data are directly used as the input to the classifiers. More recent,
deep neural networks have been developed for HSIC due to their
effectiveness in image classification. They can automatically
extract the high-level semantic features of each pixel from the
spectral information. Some classic spectral-based deep neural
network models, such as recurrent neural networks (RNN) [9],
stacked autoencoders (SAE) [10], 1-D convolutional neural
networks (CNN) [11], and deep belief network (DBN) [12] have
been applied for HSIC. However, all of these methods only
utilize the spectral information of HSI and missed the spatial
information.

To address this problem, spectral–spatial CNNs have been
developed for HSIC, which can effectively extract both spectral
and spatial features from HSI. However, given the central pixels,
some pixels in the neighborhood may be useless or even reduce
the classification performance in some cases [13]. Therefore,
the neighboring pixels in the patch should be assigned different
weights to improve the classification performance. Although
CNNs can automatically learn the contribution of neighboring
pixels with the convolution kernels [14], the convolution kernel
may not sufficiently learn the spatial information due to limited
receptive fields. A consensus is to use multilayer convolution
to learn the spatial features. Therefore, several 2-D and 3-D
CNNs have been proposed [15], [16], [17], [18], [19], [20],
[21], which process 3-D image patches directly and extract the
spatial context information more effectively. Feng et al. [22]
introduced self-supervised learning into generative adversarial
network to exploit the rich information in unlabeled samples.
Besides, multibranch generators and discriminators alleviate the
pattern collapse problem and improve its classification ability.
Recently, the spatial–spectral CNNs show a powerful ability in
HSI feature extraction and have been widely applied to HSIC.
Some studies [23], [24] show that the classification performance
of the neural network can be improved by adopting the metric
learning and expanding its depth. In general, the classifica-
tion results become better with an increase level of semantic
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information in CNNs [25]. However, the semantic information
hidden in HSI may still be distorted with the increase of stacking
layers, resulting in the loss of detailed information on target
objects. Moreover, the training of the deep network is very com-
putationally intensive and leads to network degradation [26],
[27]. To address these issues, He et al. [28] introduced the
residual network (ResNet) framework, which brings the network
to an unprecedented depth while avoiding network degrada-
tion. In the past few years, Some variants of the ResNet [29],
[30], [31] have been proposed to deal with the classification of
HSI.

The aforementioned methods believe that features from dif-
ferent spatial coordinates and different bands make the same
contribution to the classification task in HSIC. Motivated by the
human visual theory, the attention mechanism was proposed to
selectively learn significant targets in image sample [32], [33].
In HSIC tasks, it selects the spectral and spatial information
that is useful for classification and discards the unnecessary
parts. Recently, Xiang et al. [34] designed a coordinate attention
mechanism, in which the generated mask is encoded separately
into a pair of horizontal-wise and vertical-wise attention vectors
that represent the weights of the corresponding positions. Yu
et al. [35] produced the attention map in a feedback manner.
The squeeze-and-excitation (SE) module [36], [37] introduced
the global pooling to derive the channel descriptors of a feature
map, and then, added the nonlinear information between those
features, which better accommodated the complex correlation
between channels. In the spectral grouping and the integration
module, the spectral attention mask aimed to integrate the group
features [38]. Unlike attention mechanisms, Zhang et al. [39]
proposed the domain feature enhancement network (DFENet),
which builds the dependencies between channels and spaces
to calibrate global and local features using a dynamic self-
gating mechanism. Feng et al. [40] proposed an end-to-end
CNN framework based on bandwise-independent convolution
and hard thresholding for band selection of HSIs.

Previous studies show that the features extracted by convolu-
tion operations with different receptive fields are usually com-
plementary to each other [41]. Inception combines the results of
several convolutional operations to achieve excellent accuracy in
image classification [42], [43]. To extract the spatial information
from the multireceptive fields, Li et al. [44] proposed a hybrid
dilated convolution stacked with various dilation rates. Gao
et al. [31] introduced a multiscale residual network (MSRN)
method to extract multiscale spatial features. Tan et al. [45]
combined multisize kernels into a single convolutional operation
using mixed depth-wise convolution operations. However, these
methods add the features of multiple receptive fields directly,
rather than integrate them selectively. Split-attention network
(ResNeSt) [46] was developed to adaptively select different net-
work branch features using channel-wise attention. It explored
the cross-channel feature correlations and learned diverse rep-
resentations, and demonstrated potential for neural architecture
search and classification.

In this article, we propose a novel spatial–spectral split atten-
tion residual network (S3ARN) for HSIC. By integrating the split
attention mechanism (SAM), our S3ARN model can adaptively
select and fuse the features extracted by the kernels with different

receptive fields. The main contributions of this article can be
summarized as follows.

1) We propose a two-branch spectral–spatial attention net-
work for HSIC. Compared with the existing CNNs, our
S3ARN model adopts three attention mechanisms, such as
split attention, spectral attention, and spatial attention, to
effectively capture the spatial–spectral feature information
of HSI.

2) The proposed S3ARN model integrates the spatial and
spectral split attention residual blocks (spatial block and
spectral block) to comprehensively learn the feature in-
formation by incorporating SAM into each bottleneck
residual unit. It can extract the high-level semantic fea-
tures accurately by combining different receptive field
features, and can effectively improve the classification
performance. Compared to the existing selective kernel
attention modules, our spatial and spectral split atten-
tion residual block can effectively capture the difference
between feature channels, and thus, models multiscale
spatial–spectral features at a finer level.

3) Two attention residual branches integrate the spatial coor-
dinate attention mechanism and the spectral channels at-
tention mechanism, respectively, which makes it concen-
trate on the spectral and spatial information that are ben-
eficial to the classification task and suppress other unnec-
essary parts, simultaneously. An adaptive weight method
is used to merge the results from two branches during the
fusion phase. Unlike the existing spatial–spectral atten-
tion structures, the proposed attention residual branches
recalibrate the data and can link back to the trunk in a
conservative residual approach, which is beneficial for
preserving intrinsic properties of trunk information.

4) We conducted experiments on three benchmark datasets to
compare the proposed S3ARN method with several state-
of-the-art methods. The results show the advantages of our
method over the alternatives.

The remainder of this article is organized as follows. In
Section II, we overview the relative works. Section III illustrates
the details of the proposed method. Experiment results are shown
in Section IV. Finally, Section V concludes this article.

II. RELATED WORKS

A. Residual Network (ResNet)

The ResNet [28] was proposed to address the network degra-
dation issue with the increase of network depth [47]. The
ResNet introduces an identity shortcut connection in a deep
neural network and allows the deep network to learn improved
feature representations. The idea of the ResNet makes the neural
network deeper and more efficient. Fig. 1 shows the residual
unit and the bottleneck residual unit, which are the two most
representative components in residual networks.

The output feature map of the residual unit can be obtained
by the following formula:

y = f(x) + x (1)

where x and y represent the input and the output of the resid-
ual unit, respectively. The mapping pattern of the shortcut
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Fig. 1. Structures of residual unit and bottleneck residual unit. (a) Residual
Unit. (b) Bottleneck Residual Unit.

connection is identity mapping, which directly transports the
features learned in the shallower network. f(x) denotes the
residual mapping learning operation, which reflects the residuals
information between the truth and x. Using residual learning,
we may learn features that have not been extracted by the
shallow network. Obviously, we can obtain the feature map y by
adding the elements of both the residual features and the shortcut
connection. Therefore, we can construct a deeper network than
traditional deep networks by explicitly constructing the identity
connection.

In the ResNet, the main parts are composed of residual convo-
lution units, pooling layers, and fully connected layers. A series
of experimental results have shown that the addition of residual
connections can accelerate the convergence of the model and
delay the network degradation. With the depth growth of the
ResNet, its classification accuracy can be also improved in most
cases. However, the ResNet needs to become larger in terms
of the number of feature channels to learn more data patterns.
Therefore, the computational complexity of the ResNet also
increases exponentially with the increase of feature channels.
Fig. 1(b) shows the bottleneck residual unit, which significantly
reduces the number of parameters without the performance loss.
This setting of the bottleneck residual unit includes the following
three steps:

1) downscale the features of samples;
2) perform feature extraction;
3) project the features back into the original dimension.
As a result, the number of large convolution kernels can be

reduced significantly, resulting in a lightweight unit. Therefore,
the ResNet can construct a network structure with more than
1000 layers based on the bottleneck residual units [28].

B. HSIC Based on the ResNet

In the past few years, the ResNet has been widely applied
to various HSI tasks since its residual structure can effectively
reduce overfitting and speed up network training [48]. To reduce
overfitting in HSIC, Cao et al. [49] introduced a multiresidual
network embedding within the 3-D–2-D framework that suc-
cessfully reduces overfitting and achieves superior classification
results. Another advantage of the ResNet is that the residual
connections can enhance the network information flow and pre-
vent network degradation. Therefore, Zhong et al. [50] proposed

to add the residual connection into each 3-D feature module,
which makes the gradient backpropagation process smoother
and alleviate accuracy degradation, simultaneously. Similarly,
Huang et al. [51] designed an adaptive residual convolutional
neural network (ARCNN) for HSIC. It successfully mitigates
the network degradation by connecting each convolutional layer
with a residual connection. To deal with the “small-sample
problem,” Feng et al. [52] proposed a residual HybridSN (R-
HybridSN) method for HSIC. In R-HybridSN, the deep hierar-
chical spatial–spectral features can be effectively captured by
using the limited training samples. Zhang et al. [53] established
a deep feature residual network (DFRN) model. It aggregates the
features by the summation operation and achieves satisfactory
performances when the training samples are limited. As you
know, the lower level features have more detailed information
and the higher level features are quite abstract. For aggregating
more semantic information, Song et al. [54] proposed a deep
feature fusion network (DFFN) model to greatly expand the
depth of the network and reflect the correlation of the features
between different residual layers. Li et al. [55] further used
the fused features for HSIC by adaptively learning the channel
weights of the features from different residual layers. To con-
struct more economical residual structures, Paoletti et al. [56]
adopted the bottleneck residual unit to balance the workload
between different units while maintaining the time complexity
of each layer.

III. PROPOSED METHOD

In this section, we introduce our proposed S3ARN model in
detail. Specifically, we first present the overall framework of our
proposed model, and then, describe the spectral block and the
spatial block, respectively. Finally, the spectral attention residual
branch and the spatial attention residual branch are introduced,
respectively.

A. Overall Framework of Our S3ARN Model

Fig. 2 shows the framework structure of the proposed S3ARN
model. It mainly consists of a trunk branch and two attention
mask branch. The former consists of three 3-D spectral split
attention blocks and three 2-D spatial split convolution attention
blocks for semantic features extraction. In addition, to introduce
the attention mechanism into features extracted at the spatial and
spectral levels, the S3ARN contains a spectral attention residual
branch and a spatial attention residual branch. Moreover, we
design an end-to-end learning framework to effectively extract
the feature of HSI, in which the spatial and spectral blocks are
applied directly to the original HSI cube.

Instead of the more aggressive direct element-wise multi-
plication of the attention masks and the features, we adopt a
conservative residual learning approach, so the mask branches
ensure that the performance degradation of the proposed model
can be avoided. LetX ∈ RS×S×B be the original patches of HSI,
where S × S is the spatial dimensionality of the patches and B
is the number of bands in HSI. The spectral attention residual
branch connects the original patches and the first spectral block
to generate the spectral attention vector mask. Assume that Hk

spc
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Fig. 2. Framework structure of the proposed S3ARN method.

andHk
spa represent the output of the kth spectral block and spatial

block, respectively. The input of the first spectral block Ĥ1
spc is

given as follows:

Ĥ1
spc = (1 +M)⊗X (2)

where ⊗ denotes the elementwise multiplication and M ∈
R1×1×B stands for the output vector mask of the spectral bands
attention branch. Similarly, the spatial attention residual branch
connects the original patches and the first spatial blocks to
generate the spatial attention tensor mask. Therefore, the input
of the first spatial block Ĥ1

spa is represented as follows:

Ĥ1
spa = (1 + T )⊗H3

spc (3)

where T ∈ RS×S×1 denotes the spatial attention tensor mask.
The output of the last spatial module is fed into a classifier com-
posed of two fully connected layers to obtain the classification
result.

B. Spectral Split Attention Residual Block (Spectral Block)

Previous studies demonstrated that bottleneck residual units
need far fewer parameters than the normal residual units [28].
In addition, convolutional kernel attention has been success-
fully explored in selective kernel networks [57]. Based on the
successful implementation of the aforementioned structures,
we integrate bottleneck residual unit, SAM, and 3-DCNN to
construct our spectral block. The spectral block is intended to

extract and integrate the spectral features from kernels with
the different receptive fields, which consists of convolutional
branches and split attention structure. Fig. 2 plots an overview of
a spectral block. Unlike the bottleneck residual unit, the feature
map U ∈ Rw×w×C obtained from the first 1× 1 convolution
layer is split into several cardinal groups Uk ∈ Rw×w×C/K ,
where w × w and C are the spatial dimensionality and the
channel number of U , respectively. Hyperparameter K repre-
sents the number of the cardinal groups. In general, each radix
within a cardinal group has a unique receptive field size, and
thus, can only extract one kind of receptive field features. To
integrate different receptive field features into a cardinal group,
each cardinal group is split into R radix groups, in which each
radix group contains a convolutional branch. Therefore, R kinds
of receptive field features extracted from R radix groups can
be integrated within a cardinal group. Thus, it can be see that
the total number of the radix groups is G = KR. By grouping
the feature mappings, we can obtain more discriminative fusion
features. Additionally, we append the BN function [58] to each
convolution kernel to improve the classification performance
and try to regularize the training process.

For each radix group, there is a separate 3-D convolutional
operation F k

r , where r ∈ {1, . . . , R} and k ∈ {1, . . . ,K} are
the index numbers of the radix groups and cardinal groups,
respectively. To unify the dimensionality of the feature within
the spectral block, we sum the output of each convolution kernel
in each F k

r using elementwise summation. Here, the output of
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the kth radix group within the rth cardinal group is calculated
as follows:

Uk
r = F k

r

(
Uk
)

(4)

where Uk
r ∈ Rw×w×C/K . Afterwards, we fuse the feature maps

within cardinal group using elementwise summation. Then, a
global average-pooling layer (GAP) and two 1-D fully con-
nection layers (FC) are employed to generate the channel-wise
weight vector mask S ∈ RC/K , which is used to adaptively se-
lect the features from different radix groups. The aforementioned
operations produce a mask S for each radix group. Therefore,
the optimization process is expressed as follows:

Sk
r = FCk

r

(
δ

(
FCk

(
GAP

(
R∑

r=1

Uk
r

))))
(5)

where Sk
r and FCk

r denote the vector mask and FC operation
corresponding to the rth radix group within kth cardinal group,
respectively. δ denote the ReLU function. Within a cardinal
group, the cross-vector softmax is used to balance the value
of the corresponding position of the mask. The cth component
of Sk

r can be updated by the following formula:

Sk
rc

=
exp

(
Sk
rc

)
∑R

r=1 exp
(
Sk
rc

) . (6)

The kth cardinal reorganized feature map V k is obtained by
the weighted sum of each split feature. Then, the cth channel of
V k is calculated as follows:

V k
c =

R∑
r=1

Sk
rc

· Uk
rc
. (7)

The calculation process of (5)–(7) is referred to SAM. By
adopting the SAM, the features of different scales are reweighted
and reorganized. For convenience, the operations of SAM are
described as follows:

V k = FSAM

(
Uk
1 , U

k
2 , . . . , U

k
R

)
. (8)

Finally, the features of the cardinal groups are concatenated
along the channel dimension. Therefore, the output of the spec-
tral blocks is given as follows:

Hspc = conv3
(
concat

(
V 1, V 2, . . . , V K

))
+ Ispc (9)

where conv3(.) represents the 1× 1 convolution of the third
layer within the spectral block, and Ispc is the identity mapping
of spectral block. It is noted that the kernel number of each layer
in the spectral block needs to meet the setting of the bottleneck
structure. In this article, we set the values of both radix and
cardinal to 2. Convolutional receptive fields in the two branches
are set to 1× 1× 5 and 1× 1× 7, respectively.

C. Spatial Split Attention Residual Block (Spatial Block)

Similar to the spectral block, the spatial block can filter the
spatial features from different receptive fields, because it adopts
the same structure as the spectral block. Fig. 2 gives an overview
of a spatial block. Unlike the spectral block, the spatial block
employs pure 2-D convolutional operation Ḟ k

r in each radix

Fig. 3. Spectral attention residual branch.

group to extract the spatial features. The split result of the first
1× 1 convolutional layer is the input U̇k of each cardinal group.
Thus, the output of the rth radix group within kth cardinal is
given as follows:

U̇k
r = Ḟ k

r

(
U̇k
)
. (10)

In the spatial block, each cardinal grouping employs the
separate SAM to explore the correlations between the features
with different receptive fields in different channels. Therefore,
the output of the kth cardinal group is expressed as follows:

V̇ k = FSAM

(
U̇k
1 , U̇

k
2 , . . . , U̇

k
R

)
. (11)

Following the concatenation of the output in each cardinal
group, the result is then passed through the residual structure of
the spatial block. Thus, the output of the spatial block is given
as follows:

Hspa = ˙conv3
(
φ
(
concat

(
V̇ 1, V̇ 2, . . . , V̇ K

)))
+ Ispa (12)

where ˙conv3(.) and Ispa represents 1× 1 convolution within
the third layer and the identity mapping of the spatial block,
respectively, andφ denotes the maximum pooling operation. The
radix and cardinal of the spatial block are set as the same as the
spectral block in our experiments. The convolutional receptive
fields of the radix are set to 5× 5 and 3× 3, respectively.

D. Spectral Attention Residual Branch

Recently, some advanced network models have incorporated
the soft-attention-masked branch [59]. The spectral attention
residual branch aims to generate a weight vector, which reflects
the discriminative ability of different spectral bands. In addition,
it improves the robustness of the model by suppressing useless
features and enhancing discriminative ones, which can prevent
the classification features from being contaminated by mixed
pixels and noise. Fig. 3 provides the structure of the spectral
attention residual branch.

To generate spectral-wise summary statistics, the global aver-
age pooling is a cross-spatial operation of each spectral feature.
Then, two fully connected layersFC2 andFC1 are used to learn
the correlations between different spectral bands. The channels
attention mask M can be formulated as follows:

M = σ
(
FC2

(
δ
(
FC1 (GAP(X))

)))
(13)

where σ denote the sigmoid function.

E. Spatial Attention Residual Branch

The spatial attention branch aims to generate a spatial atten-
tion tensor mask that represents the weights of the features with
different coordinates. The spatial features recalibrated by this
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Fig. 4. Spatial attention residual branch.

spatial coordinate attention mechanism can also effectively im-
prove the classification results. Fig. 4 shows the spatial attention
residual branch. We can see that three convolutions operations
and two deconvolution operations are applied to encode the
correlation between pixels at different coordinates. Moreover,
the interspersed maximum pooling and maximum antipooling
operations enhance the robustness of the model. Then a single
kernel convolution operation summarizes the spatial relation-
ships in the patch data.

Therefore, the spatial attention mask tensor T can be ex-
pressed as follows:

T = conv4(deconv2(ϕ(deconv1(conv3(φ

(conv2(conv1(X)))))))) (14)

where convi(. ) and deconvj(. ) represents the convolution and
deconvolution operation, for i ∈ {1, . . . , 4} and j ∈ {1, . . . , 2}.
ϕ denote the maximum anti-pooling operation. In particular,
except for conv1(. ) and conv4(. ), the other convolution and
deconvolution operations in the branch adopt the RELU and BN
functions.

IV. EXPERIMENTS AND RESULTS

In this section, we report some classification experiments on
different HSI datasets, and then, provide a detailed analysis of
the experimental results.

A. Experimental Datasets

In this experiment, three benchmark HSI datasets were used
to verify the performance of our proposed S3ARN model.

The Indian Pines dataset was gathered by the AVIRIS sensor
over the Indian Pines test site in North-Western Indiana and
consists of 145 × 145 pixels. There are 16 classes of ground
truth available and they are not mutually exclusive. By removing
bands covering the water absorption region, the number of bands
is reduced to 200.

The Loukia dataset is a subdataset of the HyRANK hyper-
spectral dataset, which has been developed in the framework
of the ISPRS Scientific Initiatives [60]. The HyRANK dataset
contains satellite hyperspectral data from the Hyperion sensor
(EO-1 and USGS). The spatial size of the Loukia dataset is
249 × 945 pixels, which contains 176 spectral channels. There
are 16 different land cover classes in the HyRANK benchmark
datasets, and the selected Loukia dataset covers 14 classes.

The Houston 2013 dataset was collected by the ITRES CASI-
1500 sensor in June 2012, which was provided by IEEE GRSS
Data Fusion Competition 2013. [61]. Houston 2013 has 144
spectral bands with a spatial resolution of 349 × 1905 pixels.
There are 15 land-cover classes in the Houston 2013 dataset.

TABLE I
SAMPLE SIZE OF THE INDIAN PINES DATASET

TABLE II
SAMPLE SIZE OF THE LOUKIA DATASET

B. Experimental Settings and Evaluation Metrics

We first eliminated unlabelled pixels from the processed
dataset. Then, all available labeled pixels were randomly divided
into training, validation, and testing sets. To avoid the overlap of
test samples and training samples, fewer samples were utilized as
the training and validation sets, and more samples were divided
into the testing set. Tables I–III report the details of three HSI
datasets.

The hardware configuration for the experiment was as fol-
lows: Nvidia GeForce RTX 3090 GPU, Intel i7-12700kf CPU,
and 64-GB DRAM. In addition, the software configuration
included Windows 11, Python 3.7, Pytorch 1.11.0, Scikit-learn
1.0.2, and Cuda 11.3.

The size of the input patches was empirically set to 15 × 15,
and the batch size of all datasets was set to 64. In addition, the
maximal training epoch was set to 100. We utilized the momen-
tum optimizer and learning rate decay strategy to accelerate the
convergence. Specifically, the initial learning rate was set to 0.01
and the decay rate was set to 0.2. The values of the momentum
and the weight decay in S3ARN were empirically set to 0.9 and
0.0001, respectively.
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TABLE III
SAMPLE SIZE OF THE HOUSTON 2013 DATASET

Some well-known evaluation metrics, such as overall ac-
curacy (OA), average accuracy (AA), and Kappa coefficient
(Kappa) were used to evaluate the performances of different
methods. In general, the higher the value of these three indica-
tors, the better the classification performance of the model. Each
model was run 100 epochs, and the one with the largest OA value
on the validation set was chosen as the best-trained model. Then,
we tested the generalization ability of the best-trained model on
the testing set. Finally, we predicted the labels of all pixels using
our best-trained model to create a feature map.

C. Classification Performance

For a fair comparison, some well-known neural network mod-
els (e.g., 2D-CNN [15], 3D-CNN [20], DFFN [54], SSRN [50],
RSSAN [48], SSAN [62], MLNet-A [63], and MLNet-B [63])
were used as the comparison methods. In addition, all models
adopted the same training dataset and test dataset. Tables IV–VI
recorded the classification results of both our S3ARN model
and the comparison models on the Indian Pines, Loukia, and
Houston 2013 datasets.

From the classification results, we can obtain the following
observations.

1) It can be found that the proposed S3ARN model achieves
the highest classification accuracy among all models on
all datasets. As shown in Table IV, our proposed S3ARN
achieves the highest OA (89.51%) and AA (88.98%) and
kappa (87.95%) among all experimental models. Specif-
ically, the OA values of the proposed S3ARN model im-
proves by 37.31% (2DCNN), 20.33% (3DCNN), 18.23%
(DFFN), 19.39% (RSSAN), 5.07% (SSRN), 13.69%
(SSAN), 3.72% (MLNet-A), and 5.99% (MLNet-B) on the
Indian Pines datasets. Table V displays the performances
of different models on Loukia dataset, it is easy to see that
our S3ARN model achieves the highest OA (78.47%), AA
(77.87%) and Kappa (74.62%), and the improvement of
OA values obtained by the proposed S3ARN modal are
20.31% (2DCNN), 16.13% (3DCNN), 7.55% (DFFN),
5.90% (RSSAN), 6.19% (SSRN), 16.64% (SSAN), 8.45%
(MLNet-A), and 9.61% (MLNet-B). Table VI shows the
classification results of different methods on the Houston

2013 dataset. Our S3ARN model achieves the highest
OA (95.16%), AA (95.78%), and Kappa (94.76%) on
Houston 2013 dataset. In terms of OA metric, our pro-
posed S3ARN model has increased by 34.84% (2DCNN),
28.73% (3DCNN), 12.01% (DFFN), 10.27% (RSSAN),
8.12% (SSRN),20.78% (SSAN), 2.72% (MLNet-A), and
1.77% (MLNet-B).

2) Notably, proposed S3ARN approach achieves superior
performance in classifying small sample datasets. The
main reason is that our proposed S3ARN model has pow-
erful multireceptive field feature extraction capability.

3) Figs. 5–7 show the classification maps obtained by dif-
ferent models on three HSI datasets. The classification
maps is consistent with the results reported in Tables
IV–VI. Specifically, the classification maps of the 2DCNN
and 3DCNN models mix with a lot of noise and a large
proportion of edge pixel misclassification. The other com-
parison models produce smoother edges, but there are
still some noises in some categories. The classification
map of our S3ARN model not only contains less noise
than other methods but also detects more accurate edges.
Therefore, these experimental results further demonstrate
the superiority of our proposed S3ARN model.

D. Ablation Study

To analyze the influence of each component of S3ARN, we
constructed some variants of S3ARN with different settings. The
first variant is called S3ARN-WSAM, which does not activate
split attention mechanism. The remaining two variants are called
S3ARN-WSPC and S3ARN-WSPA, which remove the spectral
attention branch and the spatial attention branch, respectively.
Table VII illustrates the classification performances of these
three variants on the three HSI datasets. It is clear to see that
S3ARN can achieve the more performances than its variants,
which demonstrates the effectiveness of each component of our
proposed method.

E. Effectiveness Analysis of the Bottleneck Stucture

To verify the effectiveness of bottleneck structure in the
proposed model, a variant of S3ARN, named S3ARN-WBS,
is constructed by removing the bottleneck structure of S3ARN.
The results are shown in Table VIII. It can be seen that the
OA values, the number of parameters and the training time are
greatly improved by embedding the bottleneck structure. It also
demonstrates the effectiveness of our proposed method.

F. Analysis of Cardinal and Radix

The radix indicates the number of receptive fields in the
spectral and spatial blocks within S3ARN, and the cardinal
represents the degree to which the feature extraction operation
is split along the channel dimension. Here, we investigated the
performances of S3ARN varied with different radix and cardinal
to determine the optimal settings for various datasets. Figs. 8 and
9 shows the performances of S3ARN with different values of the
cardinal and radix.
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TABLE IV
CLASSIFICATION RESULTS OF DIFFERENT MODELS ON THE INDIAN PINES DATASET

TABLE V
CLASSIFICATION RESULTS OF DIFFERENT MODELS ON THE LOUKIA DATASET

TABLE VI
CLASSIFICATION RESULTS OF DIFFERENT MODELS ON THE HOUSTON 2013 DATASET
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Fig. 5. Classification maps of different models on the Indian Pines dataset. (a) RGB. (b) GT. (c) 2DCNN. (d) 3DCNN. (e) DFFN. (f) RSSAN. (g) SSRN.
(h) SSAN. (i) MLNet-A. (j) MLNet-B. (k) S3ARN.

Fig. 6. Classification maps of different models on the Loukia dataset. (a) RGB. (b) GT. (c) 2DCNN. (d) 3DCNN. (e) DFFN. (f) RSSAN. (g) SSRN. (h) SSAN.
(i) MLNet-A. (j) MLNet-B. (k) S3ARN.

TABLE VII
THE ABLATION STUDY OF EACH ATTENTION MECHANISM

On the Indian Pines dataset, our proposed model achieves the
highest performance in the OA metric when the cardinal and the
radix were set to 2 and 4, respectively. On the Loukia dataset,
the proposed model can obtain the best OA value by setting the
cardinal and the radix to 2 and 2, respectively. On the Houston
2013 dataset, the highest OA of our proposed method occurs
when the cardinal and the radix are equal to 2 and 4, respectively.

TABLE VIII
THE RESULTS OF S3ARN AND S3ARN-WBS

It can be noticed that the optimal values of radix and cardinal
are different on different datasets due to the differences in data
distribution and sample size.
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Fig. 7. Classification maps of different models on the Houston 2013 dataset. (a) RGB. (b) GT. (c) 2DCNN. (d) 3DCNN. (e) DFFN. (f) RSSAN. (g) SSRN. (h)
SSAN. (i) MLNet-A. (j) MLNet-B. (k) S3ARN.

Fig. 8. Classification performances of S3ARN with different settings on three HSI datasets.

Fig. 9. Test time of S3ARN with different settings on thee HSI datasets.

Noteworthy, as the radix increases, the test time of our pro-
posed S3ARN model rises dramatically. On the one hand, the
increase of radix leads to the increase in convolutional branches.
On the other hand, the increase of radix also leads to the increase
in the number of fully connected layers. Additionally, as the
cardinal increases, the number of convolution kernels of each
radix group will decrease, but the number of radix groups will
increase significantly. Therefore, the test time increases with the
increase of the cardinal.

V. CONCLUSION

In this article, we have introduced a novel S3ARN model
for HSIC. Our proposed S3ARN model integrates three at-
tention mechanisms, including split attention, spatial attention,
and spectral attention. Using the split attention, the proposed
S3ARN model seeks to extract multireceptive fields cross fea-
tures information from HSIs. In addition, our proposed model is
constructed based on the framework of the ResNet, in which the
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two attention branches focus on extracting more discriminative
spectral–spatial features based on the attention masks, making it
more suitable for HSIC. Experimental results on three datasets
have demonstrated the superiority of our proposed S3ARN
approach.
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