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Benefiting from the development of hyperspectral imaging technology, hyperspectral image (HSI) classification has
become a valuable direction in remote sensing image processing. Recently, researchers have found a connection between
convolutional neural networks (CNNs) and Gabor filters. Therefore, some Gabor-based CNN methods have been proposed
for HSI classification. However, most Gabor-based CNN methods still manually generate Gabor filters whose parameters
are empirically set and remain unchanged during the CNN learning process. Moreover, these methods require patch cubes
as network inputs. Such patch cubes may contain interference pixels, which will negatively affect the classification results.
To address these problems, in this paper, we propose a learnable three-dimensional (3D) Gabor convolutional network with
global affinity attention for HSI classification. More precisely, the learnable 3D Gabor convolution kernel is constructed by
the 3D Gabor filter, which can be learned and updated during the training process. Furthermore, spatial and spectral global
affinity attention modules are introduced to capture more discriminative features between spatial locations and spectral
bands in the patch cube, thus alleviating the interfering pixels problem. Experimental results on three well-known HSI
datasets (including two natural crop scenarios and one urban scenario) have demonstrated that the proposed network can
achieve powerful classification performance and outperforms widely used machine-learning-based and deep-learning-based
methods.
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1. Introduction
With the development of hyperspectral sensors, acquiring

hyperspectral images has become more convenient. Hyper-
spectral images (HSIs) have been widely used in various fields,
such as geologic exploration,[1] environmental monitoring,[2]

and urban planning.[3] Classification is one of the important
tasks in analyzing HSIs, which aims at assigning a specific
category to each pixel.[4] However, the complex spectral and
spatial information of HSIs makes this classification task full
of opportunities and challenges.

Various methods have been successfully applied to HSI
classification in the past decades. These HSI classification
methods can be broadly classified into two types: the machine-
learning-based (ML-based) methods and the deep-learning-
based (DL-based) methods.[5] In ML-based methods, the clas-
sification process is divided into two main steps: feature ex-
traction and training classifiers.[6,7] Based on the features,
these methods can be classified into spectral-based and spatial-
spectral-based methods. To fully utilize the abundant spec-
tral features, traditional spectral-based methods directly clas-
sify spectral vectors of each pixel, such as support vector ma-
chine (SVM),[8] k-nearest neighbors (k-NN),[9] and random
forest.[10] However, these methods only concern the features
in the spectral domain, while the correlation between spa-
tial neighborhoods of HSI is unconsciously ignored. Subse-

quently, the researchers proposed a series of spatial-spectral-
based methods that can utilize both spatial and spectral fea-
tures in HSI during the classification process. To utilize spa-
tial features in HSIs, researchers have proposed several spa-
tial feature extraction operations. For example, morphological
profiles,[11] low-rank representations,[12] and two-dimensional
(2D) Gabor filters.[13] Among these methods, the 2D Gabor
filter has attracted great attention due to its ability to extract
discriminative and informative edge and texture features from
HSI at different directions and scales. For instance, Li et al.
used 2D Gabor filters over a set of spectral bands to extract
spatial textural features.[14] Chen et al. first used principal
component analysis (PCA) to downscale the raw hyperspec-
tral data, then used a 2D Gabor filter to extract spatial fea-
tures, and finally connected the two extracted feature cubes
to feed into the classifier.[15] However, these methods extract
spatial and spectral features separately, and thus, the features
of 3D HSIs cannot be fully extracted. To simultaneously ex-
tract the spatial-spectral features of HSIs, many researchers
have extended 2D Gabor filtering to 3D form and achieved
a good classification performance. Specifically, Shen et al.
first attempted to use 3D Gabor filters with different frequen-
cies and orientations for HSI classification.[16] In addition, to
integrate the advantage of both the magnitude and phase fea-
tures of the 3D Gabor filters. Jia et al. proposed a cascade
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super-pixel regularized Gabor feature fusion framework for
HSI classification.[17] In this framework, the Gabor filters with
a single direction and four scales are directly convolved with
the raw HSI. Although these spatial-spectral-based methods
can gain a good classification result, it is hard to automatically
extract deep-level features from many complex scenes, such
as urban and hilly scenes.[18]

In recent years, DL-based methods have been success-
fully applied to the HSI classification, which can automati-
cally extract deep-level feature information without any hu-
man intervention. Specifically, Chen et al. proposed a mul-
tiple stack autoencoder model for HSI classification, the first
attempt to apply the DL model in HSI classification.[19] Com-
pared with the fully connected (FC) neural network, CNN
provides fewer training parameters, making it more adapt-
able to identifying and extracting the best features from the
HSI. To better adapt to the 3D HSI data format, the structure
of CNNs applied in HSI classification has gradually evolved
from one-dimensional (1D) case to 3D case. Hu et al. de-
signed multiple 1D CNN layers followed by one max-pooling
layer and several FC layers to extract the deep level fea-
ture in the spectral dimension of each pixel to perform HSI
classification.[20] At the same time, Yu et al. constructed a 2D
CNN by stacking a multilayer 1×1 convolutional kernel to ex-
tract spatial features, learning a hopeful classification perfor-
mance in a small sample size.[21] Compared to the 3D CNN,
these above-mentioned CNN-based methods may not fully ex-
tract the wealthy spatial-spectral feature from the HSI. There-
fore, Paoletti et al. proposed an improved 3D CNN with five
convolution layers to simultaneously extract all the spatial-
spectral information on the HSI.[22] Furthermore, to further
reduce the computational cost and avoid the overfitting prob-
lem of the 3D CNN, Jia et al. proposed a lightweight 3D CNN
for HSI classification.[23] Considering the advantages of 2D
CNN and 3D CNN, some works combined 3D CNN and 2D
CNN for HSI classification. For example, Ghaderizadeh et al.
used three 3D convolution layers followed by two 2D convo-
lution layers to reduce the number of training parameters and
enhance the model robustness.[24] Ge et al. designed a three
branches CNN, which combines 2D CNN and 3D CNN with
the different convolution kernel sizes in each branch.[25] From
these studies, it can be seen that both the Gabor filter and CNN
can be used as excellent feature extractors for HSI classifica-
tion. Therefore, some researchers have attempted to incorpo-
rate the Gabor filter into CNN structures to refine model ar-
chitectures. The existing Gabor-based CNN methods could
roughly be categorized into two types: those using Gabor fea-
tures and those using Gabor filters. Regarding using Gabor
features, Bhatti et al. used the 2D Gabor filters to generate
spatial tunnel information. Then, the extracted features are
fed into CNNs for HSI classification.[26] Chen et al. combined

2D Gabor filters with 2D CNN for HSI classification with lim-
ited training samples.[27] These methods show that using gen-
erated Gabor features instead of natural features as network
input can help mitigate the negative effects of limited training
samples on CNN. Another trend is to use Gabor filters to ma-
nipulate certain layers or kernels of CNN. Krizhevsky et al.
have shown that many filters in the first convolution layer of
CNN are similar to the Gabor filters.[28] Specifically, Jiang et
al. replace the kernel of the first convolution layer with prede-
fined different orientations and frequencies of Gabor filters.[29]

Luan et al. proposed modulating the original convolution ker-
nel with fixed scales and orientations of Gabor filters, thus
reducing the number of network parameters.[30] Inspired by
Ref. [30], Jia et al. proposed a multilayer and multibranch
3D Gabor convolution network in which predefined 3D Ga-
bor filters of different scales and orientations are used to mod-
ulate the standard convolution kernel.[31] However, most of
the Gabor-based CNN methods mentioned above still manu-
ally generated Gabor filters whose parameters are empirically
set and remain unchanged during the CNN learning process.
The powerful learning capability of CNNs is not fully utilized.
Since the Gabor filters in these CNN-based methods have not
been fully developed, the Gabor-based CNN can be further
improved.

Generally, most CNN-based methods adopt the 3D patch
cube as the input to the network. The patch cube consists of a
labeled center pixel and adjacent pixels. These adjacent pixels
commonly have the same labels as their center pixel. How-
ever, there may be different land covers (named interference
pixels) at the edges of some patch cubes, which may lead to
reduced classification accuracy.[32] In addition, each pixel con-
tains many spectral channels, and different spectral channels
may contribute differently to the classification results. There-
fore, inspired by human visual perception, various CNN mod-
els based on attention mechanisms have been applied to HSI
classification. It enables the classification model to focus on
key features and ignore irrelevant features. Mou et al. applied
the attention mechanism to the spectral dimension, where the
gating mechanism adaptively recalibrates the weights of spec-
tral bands according to the feature content of each spectral
band.[33] In addition, Fang et al. proposed a densely connected
spectral-wise attention mechanism network,[34] in which the
squeeze-and-excitation attention module[35] is applied to re-
calibrate each spectral band contribution. However, these
methods only consider the spectral channel’s attention, and the
attention of the spatial dimension is ignored. Therefore, the
researchers have proposed several models based on spatial-
spectral attention modules to make the models adaptively
enhance and suppress spectral and spatial dimensional fea-
tures. For example, the convolutional block attention module
(CBAM)[36] is introduced to the double-branch multi-attention
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network (DBMA),[37] where spectral and spatial branches are
equipped with an attention module. However, the attention
module in DBMA may have two drawbacks. On the one hand,
its channel-wise attention module directly applies MaxPool-
ing and AvgPooling operations along the spatial dimension,
which will cause much spatial information to be discarded.
On the other hand, its spatial-wise attention module only con-
siders the information of the local area, and the dependencies
of the global scope are ignored. Furthermore, inspired by the
double-attention network (DANet),[38] Li et al. similarly pro-
posed a dual-branch dual-attention network (DBDA) for HSI
classification.[39] Although it captures global contextual infor-
mation, it ignores the affinity (similar) relationship between
each feature point. The affinity relationship between feature
points in each channel or spatial is not well mined.

To solve the problem in Gabor-based CNN and make full
use of global affinity information, we propose a learnable 3D
Gabor convolutional network with global affinity attention for
HSI classification. This network consists of simple hybrid
convolution blocks. First, the spatial-spectral block uses 3D
convolution operations, in which we use a parameterized 3D
Gabor convolutional layer (3D GCL) instead of a 3D regular
convolution layer (3D RCL) to extract the spatial-spectral in-
formation from the HSI adaptively. Then, the spatial block
uses a commonly 2D CNN to furtherly extract spatial infor-
mation and reduce the amount of network computation. The
global affinity attention is embedded after each convolution
block, which will help the subsequent layer learn more dis-
criminative features from the global scope. The main contri-
butions of this paper are highlighted as follows:

(i) To take full advantage of the powerful learning capa-
bilities of CNNs and explore the feature extraction potential
of 3D Gabor filters, a learnable 3D GCL is used instead of the
3D RCL in the proposed network, in which the kernel of 3D
GCL is generated by the 3D Gabor function. The parameters
of 3D GCL could be learned and updated during the training
process, which allows better utilization of the 3D Gabor fil-
ter and CNN. Compared with 3D RCL, 3D GCL can more
purposefully extract spatial-spectral information with differ-
ent scales and orientations in HSIs. Moreover, the shallow 3D
GCL tends to perform poorly in extracting some land covers
with similar textures in the continuous spectral bands. Further-
more, if the 3D GCL is stacked continuously, it will reduce
model efficiency. Therefore, to balance model efficacy against
efficiency, we use 2D CNN to fuse the feature maps extracted
by 3D GCL.

(ii) To reduce the impact of interference pixels on classi-
fication performance, a global affinity attention (GAA) mod-
ule is introduced to extract the affinity relationship between
each feature node from the global scope of the feature map.
Specifically, this attention module has two independent fea-

ture enhancement paths: spatial global affinity attention mod-
ule (S-GAA) and channel global affinity attention module (C-
GAA). The results show that the spatial and spectral informa-
tion recalibrated by the GAA module can effectively mitigate
the effects of interfering pixels and improve the classification
results.

(iii) A series of experiments verify the effectiveness
of the proposed network, and the classification results with
ten comparison methods on three challenging HSI datasets
(i.e., IP, PU, and SA) are reported. For reproducibil-
ity, the code of the proposed network will be available at
https://github.com/HaiZhu-Pan/LTGCN.

The remainder of this paper is structured as follows.
Some closely related works are reviewed in Section 2, includ-
ing the 3D Gabor filter and CNN. In Section 3, our proposed
network is presented in three parts. In Section 4, comparative
experiments and ablation analysis are performed to demon-
strate the effectiveness of the proposed network. Finally, Sec-
tion 5 provides some concluding remarks and suggestions for
future work.

2. Related works
2.1. 3D gabor filters

Hubel et al. argued that the initial layer of visual process-
ing in the human visual system is responsible for perceiving
low-level visual information.[40] The 2D Gabor filter performs
well in detecting low-level texture representations and distin-
guishing spatial connections. It has received a great deal of at-
tention in disciplines such as human emotional recognition[41]

and texture segmentation,[42] and person re-identification.[43]

In terms of HSI feature extraction, it has been extended into
3D formation to reveal the joint spatial-spectral correlations
of the HSI. The 3D Gabor filter is a sinusoidal wave modu-
lated by a 3D Gaussian function. Concretely, for a 3D Gabor
function, G is defined as follows:

G(x,y,z;λ ,θ ,ψ,γ,σ) = exp
(
−

x′2 + γy·y′2 + γz·z′2

2σ2

)
×exp

(
i
(

2π
x′

λ
+ψ

))
. (1)

According to Euler’s formula eix = cosx+ i sinx, it can be ob-
served that the Gabor function G is complex. Thus, the real
part Gre of the 3D Gabor function, it is defined as follows:

Gre (x,y,z;λ ,θ ,ψ,γ,σ) = exp
(
−

x′2 + γy·y′2 + γz·z′2

2σ2

)
×cos

(
2π

x′

λ
+ψ

)
, (2)

where (x,y,z) denotes non-rotated spatial-spectral coordinate,
(x′,y′,z′)T = R× (x,y,z)T denotes the rotated spatial-spectral
coordinate of the 3D Gaussian envelope; R is a rotation ma-
trix, which is defined as Eq. (3); i denotes the imaginary units;
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λ denotes the wavelength of the Gabor filter; θ denotes the
orientation of the normal to the parallel stripes of the Gabor
function; ψ denotes the phase offset; γ denotes the ellipticity
of the support of the Gabor function; σ denotes the standard
deviation of the Gaussian envelope.

R =

 1 0 0
0 cosθ −sinθ

0 sinθ cosθ

×
 cosθ 0 sinθ

0 1 0
−sinθ 0 cosθ


×

 cosθ −sinθ 0
sinθ cosθ 0

0 0 1

 . (3)

2.2. Convolutional neural networks

In recent years, CNNs have been successfully employed
in computer vision, such as image classification,[44] object
detection,[45] super-resolution,[46] and so on. Since its learn-
ing ability is significantly better than the traditional ML meth-
ods, it has become one of the most effective tools for HSI clas-
sification. Some basic convolution layers used in the proposed
network are briefly described in the following.

(i) Convolutional layer: The convolutional (Conv) layers
are the fundamental component of CNN. It carries the majority
of the computational burden on the network. This layer per-
forms dot product operations between the two core matrices.
One matrix is a collection of learnable parameters, generally
referred to as the kernel (weights). The other matrix is the
limited portion of the receptive field. The convolutional layer
uses different kernels to perform elemental dot product on the
input image. The kernel is spatially smaller than the input im-
age but is deeper. This implies that if the input image has three
(RGB) channels, the kernel height and width will be spatially
minimal, but the depth will span all three channels. In this
layer, the output of a single neuron for input x is calculated as
follows:

y = f (w·x+b) , (4)

where w and b are the filter weight and bias parameters, which
are randomly initialized. f (·) denotes the nonlinear activation
function.

(ii) Batch normalization layer: The batch normalization
(BN) is proposed to avoid gradient vanishing and reduce the
covariate shift. It normalizes the distribution of each input
feature map in each layer across each minibatch to Gaussian
distribution with the mean of zero and the variance of one.
Furthermore, it regularizes and speeds the training process in
each Conv layer, even with higher learning rates. For a layer
with n-dimensional input x = (x(1), . . . ,x(n)), we will normal-
ize each dimension x(d) by the following formula:

BN
(

x(d)
)
=

x(d)−Mean
[
x(d)
]

√
Var
[
x(d)
]
+ ε

·ρ +ϑ , (5)

where ρ and ϑ are denoted as learnable parameter vectors,
respectively, and ε is denoted as a parameter for numerical
stability.

(iii) Nonlinearity layer: This layer applies a nonlinear ac-
tivation function on each feature map to learn nonlinear repre-
sentations. The rectified linear units (ReLu) is applied in our
proposed network, which thresholds the negative value as zero
and makes the positive value remain unchanged. The ReLu
formula is denoted as follows:

f (x) = max(0,x). (6)

(iv) Fully connected layer: Typically, the last part of the
network comprises several fully connected layers. Each neu-
ron node of this layer is connected with all neuron nodes of
the previous layer. This layer plays the role of mapping the
learned feature representation to the classifier. In order words,
it integrates all the previous layers extract features and sends
them to the final classifier. The parameters of this layer can
account for about 80% of the whole network parameters.

(v) Dropout layer: This layer is adopted to prevent the
overfitting problem of the network. Some neurons in the hid-
den layer are randomly ignored during the training process,
thus easing the complex co-adaptation relationship between
neurons.

3. Methodology
3.1. Learnable 3D gabor filter

Typically, to generate a set of 3D Gabor convolutional
kernel (3D GCK) with different parameters, we embed all five
fundamental parameters Γ = (λ ,θ ,ψ,γ,σ) in the 3D GCK
construction process. Specifically, let 2k + 1(k ∈ N+) de-
note the kernel size; we set x = [−k,−k+1, . . . ,k−1,k], y =
[−k,−k+1, . . . ,k−1,k], and z = [−k,−k+1, . . . ,k−1,k],
and then the generated 3D GCK is illustrated in Fig. 1.

G↼↩k↪↩k↪↩k↽
real Γ

G↼↩k↪k↪↩k↽
real Γ

G↼k↪↩k↪↩k↽
real Γ

G↼k↪k↪↩k↽
real Γ

...

..
.

..
.

..
.

...

Fig. 1. The 3D GCK with learnable parameters.
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Different from the 3D RCK, all elements in the 3D GCK
are generated from Eq. (2), where the parameters have spe-
cific meanings and are associated with each other. However,
the elements in 3D RCK are randomly generated and are not
associated with each other. Thus, this is the essential differ-
ence between the two convolution kernels. Additionally, the
number of 3D GCK parameters is substantially reduced due to
this layer has only five parameters to learn no matter how the
convolution kernel size changes, whereas a 3D RCK will have
(2k+1)3 parameters to learn. For example, when k= 1, the
number of free parameters of a 3D GCK and a 3D RCK are 5
and 27, respectively. Thus, the learning parameters of the net-
work can be significantly reduced when the convolution kernel
size becomes larger. In the BP process, only five parameters
Γ =(λ ,θ ,ψ,γ,σ) needs to be updated through the chain rule.
The gradient of Γ can be denoted as

∂GreΓ

∂Γ
=

[
∂GreΓ

∂λ
,

∂GreΓ

∂θ
,

∂GreΓ

∂ψ
,

∂GreΓ

∂γ
,

∂GreΓ

∂σ

]T

, (7)

where every element denotes the gradient with respect to the
parameter. From the above equation, it can be seen that we
simply need to calculate the partial derivative of each param-
eter using the chain rule. Take λ and GreΓ in Eq. (2), as an
example, we have

∂GreΓ

∂λ
= ∑

x,y,z

∂GreΓ (x,y,z)
∂λ

, (8)

∂GreΓ (x,y,z)
∂λ

= Gim ·
2πx′

λ 2 , (9)

λt+1 = λt −η
∂L

∂Gre
· ∂Gre

∂λ
, (10)

where L is the loss function; η is the learning rate; Gim is the
imaginary part of the 3D Gabor function, which is defined as
follows:

Gim (x,y,z;λ ,θ ,ψ,γ,σ) = exp
(
−

x′2 + γy · y′2 + γz · z′2

2σ2

)
×sin

(
2π

x′

λ
+ψ

)
. (11)

A similar process can be used to derive the remaining four
parameters. The above formulas demonstrate how to compute
the gradient manually. In our experiments, the high-level neu-
ral networks API, such as PyTorch, is adopted to calculate the
gradients automatically.

3.2. Global affinity attention module

To extract global affinity information from the fea-
ture maps, inspired by the recently published attention
mechanism,[47] we design the GAA module for the proposed
network. The GAA module comprises two sub-modules: S-
GAA and C-GAA. A detailed description of the two attention
modules is given in the following texts.

3.2.1. Spatial-wise global affinity attention module

As illustrated in Fig. 2, the S-GAA module is ab-
stracted into three steps: calculating each feature point affin-
ity information, aggregating affinity feature maps, and gen-
erating attention scores for each feature position. Specif-
ically, given a patch cube X p ∈ RB×Ph×Pw from a CNN
layer, where Ph × Pw is the spatial size, and B is the chan-
nel number. First, we create a set of feature nodes Lspa ={
(xi,x j)|xi,x j ∈ RB; i, j = 1,2, . . . ,Ph×Pw

}
from the spectral

feature vector of each spatial pixel. Then, the pairwise re-
lations ri, j between node xi and node x j is defined as a dot-
product similarity as

ri, j = α (xi)
T

β (x j) , (12)

where α (·) and β (·) are two 1×1 convolution layers followed
by BN and ReLu activation. Similarly, we can get the pair-
wise relations ri, j = α (x j)

T
β (xi). The pair (ri, j,r j,i) is de-

noted by the bi-directional relations between node xi and node
x j. Next, the pairwise relation is presented by a similarity
matrix Sspa ∈ RN×N , where N = Ph×Pw. Then, the horizon-
tal relation cube HSpa

re ∈ RN×Ph×Pw and vertical relation cube
V Spa

re ∈RN×Ph×Pw are obtained from Sspa. For each feature node
xi, its global relation vectors ri =

[
Sspa (i, :) ,Sspa (:, i)

]
∈ R2N ,

where Sspa (i, :) and Sspa (:, i) denotes the horizontal and ver-
tical relation vector, respectively; [., ., ] denotes the deep con-
catenate operation along the channel dimension. Next, the spa-
tial relation yspa

i of the three kinds of the feature map can be
denoted as follows:

yspa
i = [pool(ζ (xi)) ,ς (ri)] , (13)

where ζ (·) and ς (·) operations are two 1×1 convolution lay-
ers followed by BN and ReLu activation; pool(·) denotes the
operation of global average pooling along the channel dimen-
sion, which decreases the dimension to 1. Then, the dimen-
sion of yspa

i is 2N+1. Next, the spatial global attention weight
mask Mspa is learned as follows:

Mspa = Sigmoid(W2 Relu(W1yspa
i )), (14)

where W1 and W2 are two 1×1 convolution layers followed by
BN. Finally, the S-GAA feature map (Yspa) can be obtained by

Yspa = Mspa·X p. (15)

3.2.2. Channel-wise global affinity attention module

We apply a similar strategy to design the C-GAA mod-
ule, which aims to analyze the weight of the various chan-
nels and recalibrate them. Figure 3 shows the architecture
of the C-GAA module. The critical distinction between the
two attention modules is that the pair relations are calculated
channel-wise rather than spatial-wise. Thus, in what follows,
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we briefly overview the fundamental learning process of the
C-GAA module.

First, we create a set of feature nodes Lspe from the spa-
tial map at each spectral band. Similarly, the pairwise re-
lations ri, j and r j,i between node xi and node x j is defined
by Eq. (12). Then, the pairwise relation is presented by a
similarity matrix Sspe ∈ RB×B. The global relation vectors

ri =
[
Sspe (i, :) ,Sspe (:, i)

]
∈ R2N . Following what, for each

feature node, we concatenate the raw feature vector with the

global relation between all the nodes by Eq. (13), along the

spectral dimension. The new generated spectral relation is de-

noted as yspe
i . Finally, the C-GANN module (Yspe) feature map

can be generated by Eqs. (14) and (15).
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Fig. 2. Flowchart of the spatial-wise global affinity attention module.
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3.3. Proposed network architecture

To intuitively understand the proposed network, figure 4

shows the network architecture map using the IP dataset. It can

be seen that the HSI is a 3D data cube. We denote the input

HSI data as H ∈RD×M×N , where D, M, and N represent the

number of spectral bands and the height and width of the spa-

tial dimensions, respectively. First, the raw HSI data are stan-
dardized to the range of 0 to 1 to make the network operation
more stable. Then, the PCA is used to reduce the dimensions
along with the spectral bands due to the raw HSI data contain-
ing hundreds of redundant spectral bands, during which the
spatial dimension remains unchanged. Next, to perform the
pixel-wise HSI classification with CNNs, the HSI data cube
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processed by PCA is divided into a set of 3D patch cubes cen-
tered on the labeled pixels as the network’s input. The size
of input patch cubes is B×Ph×Pw, where B denotes the spec-
tral band number and Ph×Pw denotes the spatial size. After
that, all patch cubes are randomly divided into three collec-
tions sets, including training, validation, and testing sets. We

use the training set to configure the proposed network and its
hyperparameters and test the trained network on the validation
set to find the best-trained network model. Then, the best-
trained network model is applied to obtain evaluation metrics
by testing set. Finally, all pixels except the background are fed
into the network to obtain the final classification map.

Table 1. The implementation details of the proposed network on the IP datasets.

Layer name Input shape Output shape Filer size Configuration

3D GCL 1 (25×25×40,1) (21×21×36,8) (5×5×5,8) stride 1, no padding, BN, ReLu
3D GCL 2 (21×21×36,8) (17×17×32,16) (5×5×5,16) stride 1, no padding, BN, ReLu
3D GCL 3 (17×17×32,16) (13×13×28,32) (5×5×5,32) stride 1, no padding, BN, ReLu
Reshape (13×13×28,32) (13×13×896) – –

GAA module (13×13×896) (13×13×896) – –
2D Conv 1 (13×13×896) (11×11×64) (3×3,64) stride 1, no padding, BN, ReLu
2D Conv 2 (11×11×64) (9×9×128) (3×3,128) stride 1, no padding, BN, ReLu

GAA module (9×9×128) (9×9×128) – –
Flatten (9×9×128) (10368×1) – –
FC 1 (10368×1) (256×1) – ReLu, Dropout
FC 2 (256×1) (128×1) – ReLu, Dropout
FC 3 (128×1) (16×1) – ReLu, Dropout

PCA

⋮

Classification blockClassification map

Standardization

BN Relu FC Dropout

Global affinity
attention module

Reshape

Kernel size: 5Τ5Τ5

Kernel number : 8, 16, 32

Kernel size: 3Τ3
Kernel number : 64, 128
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Input patch cube
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attention module
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3D CNN block

2D CNN block

CΤ1 128Τ1 256Τ1

3D GCL

5Τ5Τ5

2D CNN

3Τ3

Fig. 4. The architecture map of the proposed network.

In terms of the network architecture, the proposed net-
work mainly consists of three blocks. The first is the spatial-
spectral block. It comprises three custom 3D GCLs. Empiri-
cally, the dimension of the 3D GCK is 5×5×5, which means
that the kernel size is 5× 5 in the spatial dimension and 5 in
the depth dimension. Moreover, the number of convolution
kernels (filters) is 8, 16, and 32, respectively, in the subse-
quent first, second, and third convolution layers. As the num-

ber of kernels increases, it can fully use the scalable capabil-
ity of 3D Gabor filters to extract spatial-spectral information
with varying scale and orientation robustness enhancement in
the learning phase. Following that, the collected features from
this block are fed into the GAA module with spatial and spec-
tral attention (see Subsection 3.2) to emphasize the informa-
tive features in the feature map and suppress unnecessary ones.
Generally speaking, it is difficult to achieve sufficient spatial-

120701-7



Chin. Phys. B 31, 120701 (2022)

spectral information using shallow 3D convolution operations,
while using more layers of 3D convolution operations tends
to increase the computational complexity. The second spatial
block is connected behind the GAA module to alleviate this
problem, consisting of two 2D convolution layers. The di-
mension of the 2D convolution kernel is 3×3, and the number
of convolution kernels is 64 and 128 in the subsequent first
and second convolution layers, respectively. Furthermore, the
GAA module is also added after each 2D convolution opera-
tion. Next, by flattening the output of the preceding block, all
of the neurons are linked to the neurons of the classification
block. This block utilizes three fully connected (FC) layers to
classify. The number of nodes in the last FC layer is the same
as the number of classes. The number of nodes in this layer for
the IP dataset is 16. Finally, the classification map is obtained.
It is noted that the BN and ReLu are adopted after each con-
volution layer and the first two FC layers. At the same time,
the dropout layer is also used after the first two FC layers to
avoid overfitting. The implementation details of the proposed
network on the IP datasets are listed in Table 1.

4. Experiments and discussion
In this section, three publicly available real-world HSI

datasets (i.e., IP, PU, and SA) are used to assess the feasibility
and effectiveness of the proposed network. In addition, three
metrics are used to quantify the model classification perfor-
mance, including the overall accuracy (OA), average accuracy
(AA), and kappa coefficient (k). OA is the ratio of correctly la-
beled samples to the total number of labeled samples in the test
samples. AA is the average of all different labeled class clas-
sification accuracy. The k is the consistency index between the
classification result map and the ground truth map. All exper-
iments are performed on a deep learning workstation with 2×
Intel Xeon E5-2680 v4 @ 2.40 GHz CPU, 128 GB of RAM,
8× NVIDIA 2080Ti GPUs, and the deep learning framework
is PyTorch.

4.1. Hyperspectral datasets description
4.1.1. IP dataset

The first hyperspectral dataset was acquired by the air-
borne visible/infrared imaging spectrometer (AVIRIS) sensor
over the agricultural area of North-western Indiana in June
1992, which consists of 145×145 spatial pixels and as many
as 224 spectral bands. The spatial resolution of this dataset
is 20-m per pixel, and the spectral resolution is 10-nm rang-
ing from 0.4 µm to 2.5 µm. Before classification, 20 spec-
tral bands (i.e., 104th–108th, 150th–163th, and 200th) are re-
moved from the data due to noise and water absorption. After
that, the remaining 200 spectral bands are preserved for clas-
sification in this paper. The dataset has 10249 labeled samples
from 16 different ground-truth classes. Most of them are vari-
ous types of crops [see Fig. 5]. The samples number for each
class are exhaustively provided in Table 2.

Table 2. Land cover classes with the number of samples for the IP dataset.

No. Land cover type Train Val. Test

C1 Alfalfa 5 5 36

C2 Corn-Notill 143 143 1142

C3 Corn-Mintill 83 83 664

C4 Corn 24 24 189

C5 Grass-Pasture 48 48 387

C6 Grass-Trees 73 73 584

C7 Grass-Pasture-Mowed 3 3 22

C8 Hay-Windrowed 48 48 382

C9 Oats 2 2 16

C10 Soybean-Notill 97 97 778

C11 Soybean-Mintill 245 245 1965

C12 Soybean-Clean 59 59 475

C13 Wheat 20 20 165

C14 Woods 126 126 1013

C15 Buildings-Grass-Trees-Drives 39 39 308

C16 Stone-Steel-Towers 9 9 75

Total 1024 1024 8201

(a) (b) (c)

Fig. 5. (a) False-color map, (b) ground-truth map, and (c) labels of the IP dataset.
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4.1.2. PU dataset

The second dataset was collected by the reflective optics
system imaging spectrometer (ROSIS) sensor over the Uni-
versity campus at Pavia, Northern Italy, in 2003. It contains
115 spectral bands, with a resolution of 4 nm ranging from
0.43 µm to 0.86 µm, of which 12 bad spectral bands are com-
monly discarded. After discarding, the remaining 103 bands
are kept for classification in this article. The spatial size of the
dataset is 610× 340, and the spatial resolution of 1.3-m per
pixel. The ground truth consists of 9 urban land-cover types
with 42776 labeled samples [see Fig. 6]. The number of sam-
ples for each class is listed in Table 3.

Table 3. Land cover classes with the number of samples for the PU dataset.

No. Land cover type Train Val. Test

C1 Asphalt 663 663 5305
C2 Meadows 1865 1865 14919
C3 Gravel 210 210 1679
C4 Trees 306 306 2452
C5 Painted metal sheets 135 135 1075
C6 Bare Soil 503 503 4023
C7 Bitumen 133 133 1064
C8 Self-Blocking Bricks 368 368 2946
C9 Shadows 95 95 757

Total 4278 4278 34220

(a) (b) (c)

Fig. 6. (a) False-colour map, (b) ground-truth map, and (c) labels of the PU
dataset.

4.1.3. SA dataset

The third dataset was gathered by the AVIRIS sensor over
the area of Salinas scene, California. The spatial size of the
dataset is 512× 217, and the spatial resolution is 18-m per
pixel. It has 224 spectral bands with wavelengths ranging from
0.4 µm to 2.5 µm. This dataset is similar to IP. Twenty water
absorption bands (i.e., 108th–112th, 154th–167th, and 224th)
are discarded. Subsequently, 204 out of the 224 bands are re-
served in this paper. There are 54129 labeled samples in total,
and 16 classes of land covers are considered [see Fig. 7]. The
class name and the sample size are listed in Table 4.

Three hyperspectral datasets have different sizes of la-
beled samples and resolution, which can better verify the uni-
versality of the proposed network. There are 10249 and 42776
labeled samples for the IP and PU datasets. In contrast, the SA
dataset has 54129 labeled samples. Compared with the previ-
ous two datasets, the latter has a relatively massive number of
labeled samples and a more regular ground truth distribution.

Table 4. Land cover classes with the number of samples for the SA dataset.

No. Land cover type Train Val. Test

C1 Brocoli-Green-Weeds 1 201 201 1607
C2 Brocoli-Green-Weeds 2 373 373 2980
C3 Fallow 198 198 1580
C4 Fallow-Rough-Plow 139 139 1116
C5 Fallow-Smooth 268 268 2142
C6 Stubble 396 396 3167
C7 Celery 358 358 2863
C8 Grapes-Untrained 1127 1127 9017
C9 Soil-Vinyard-Develop 620 620 4963

C10 Corn-Senesced-Green-Weeds 328 328 2622
C11 Lettuce-Romaine-4wk 107 107 854
C12 Lettuce-Romaine-5wk 193 193 1541
C13 Lettuce-Romaine-6wk 92 92 732
C14 Lettuce-Romaine-7wk 107 107 856
C15 Vinyard-Untrained 727 727 5814
C16 Vinyard-Vertical-Trellis 181 181 1445

Total 5413 5413 43303

(a) (b) (c)

Fig. 7. (a) False-colour map, (b) ground-truth map, and (c) labels of the SA
dataset.

4.2. Experimental setting

To effectively illustrate and verify the effectiveness of our
proposed network, four classical ML-based and six state-of-
the-art DL-based methods were utilized in our comparison.
All these methods are explained as follows.

(i) Support vector machine with radial basis function
(RBF-SVM): The RBF-SVM is used as a supervised classi-
fier for original HSI data without feature extraction and di-
mensionality reduction. The penalty parameter C and the RBF
kernel width σ are selected by five-fold cross-validation, both
in the range of (10−2,102).[48]
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(ii) K-nearest neighbour (KNN): The k-NN classifier is
applied to the raw HSI data. The parameter of the number of
neighbors in k-NN is set to be 5.

(iii) Support vector machine with 2D Gabor filters (2DG-
SVM): The 2D Gabor filter groups are generated by one fixed
frequency of 0.5 Hz and four orientations (0◦, 45◦, 90◦, and
135◦) with the kernel size of 11× 11. Then, these 2D Gabor
filters are applied to extract the spatial texture features of the
original HSI data. After that, these extracted spatial features
as the input of the SVM classifier for classification.[14]

(iv) Support vector machine with 3D Gabor filters (3DG-
SVM): Latest research in Ref. [17] shows that the 3D Gabor
filter parallel to the spectral direction can adopt more identi-
fying information than other orientations. Thus, only one 3D
Gabor filter with a frequency 0.5 Hz is directly convolved with
the raw HSI data cube to extract spatial-spectral features as in-
put for the SVM classifier in our experiments.

(v) 2D CNN: 2D convolution kernels are used in CNNs,
called the spatial-based classification approach.[21] The net-
work mainly includes four 1× 1 2D convolution layers, two
normalization layers, two drop layers, and one average pool-
ing layer. In addition, the model removes the FC layers to
reduce the number of trainable parameters.

(vi) 3D CNN: 3D convolution kernels are used in CNNs,
which can directly extract the spatial-spectral feature of the
HSI cube without relying on any pre-processing.[49] It is con-
structed with two 3D convolution layers and a logistic regres-
sion layer. A max-pooling layer follows each convolution
layer.

(vii) 3D–2D CNN: To extract more discriminative fea-
tures, 2D CNN and 3D CNN are used together in HSI clas-
sification to fully utilize the spatial-spectral features.[24] The
hybrid CNN model has three 3D convolution layers, two 2D
convolution layers, and two fully connected layers. Each con-
volution layer is followed by a bath normalization (BN) and
an activation layer.

(viii) 2D–3D multibranch CNN (MB-CNN): Three CNN
branches fusion networks are applied to extract deep-level fea-
tures. Each branch has a different kernel size. This model first
uses PCA to reduce the spectral dimension of raw HSI data
before input. After that, they extracted spatial-spectral joint
features through a three-branch network. Finally, four FC lay-
ers and a SoftMax layer for classification.[25]

(ix) 2D Gabor CNN (2DG-CNN): In this model, PCA is
also used on the spectral domain to reduce computation cost
and applied Gabor filters to extract the edge and texture fea-
ture of HSI as the network input.[27] The network architecture
consists of one convolution layer with BN, ReLu, and dropout.
At the end of the model, SoftMax is applied to conclude the
classification result.

(x) Attention CNN (Atten-CNN): The learnable spectral
attention model is inserted into a 2D CNN between the in-
put and the first convolution layer. It is constructed with three
2D convolution blocks with max-pooling and two FC layers.
In 2D CNN blocks, convolution layers are followed by a BN
layer and a ReLu activation function.[33]

For the comparison to be meaningful and fair, the training
set of the proposed method and compared methods adopt the
same experimental setup, including pre-processing steps and
hyperparameter setup. In the proposed network, the Adam
(adaptive motion estimation) optimizer is used to update the
parameters. The learning rate and weight decay of the network
are set to 0.001, respectively. The learning rate is divided by
2 for every 20 training epochs, which can save computational
cost and reduce manual adjustment of the learning rate. The
number of training epochs is set to 100, and the batch size is
set to 128. The dropout with a drop rate of 0.4 is used in the FC
layer. To avoid any bias of random factors, all experiments are
randomly repeated in ten trials. The mean values and variance
of each metric (i.e., OA, AA, and k) are reported.

4.3. Comparison with other methods

In this subsection, to demonstrate the effectiveness of the
proposed network, ten comparison methods, including four
classical ML-based methods and six state-of-the-are DL-based
methods, are used on three different scene datasets. Moreover,
the classification results of the proposed network are reported
quantitatively and visually.

First, we quantitatively evaluate the performance of the
proposed network and the other comparative methods in Ta-
ble 4 on the IP dataset. As can be observed from Table 4,
the proposed network acquired competitive results compared
to the other comparison methods on three metrics. Specifi-
cally, the Gabor-based methods have higher accuracy than the
RBF-SVM or KNN methods. The difference is that the former
uses Gabor filters to extract prior knowledge before the classi-
fication, while the latter does not. It can be seen that the Ga-
bor features have a significant improvement in classification
performance. Compared with those DL-based methods, the
proposed network achieves competitive results. In particular,
from Table 5, it is clear that our proposed network delivers the
best OA (98.3%), AA (96.3%), and k (0.98). It achieves the
accuracy of 7.8%, 2.8%, 4.7%, 3.7%, 3.2%, and 7.1% more
than 2D CNN, 3D CNN, 3D–2D CNN, MB-CNN, 2DG-CNN,
and Atten-CNN, respectively. Because the deep networks have
an inherent hierarchical structure, which can automatically ex-
tract deep-level information from the HSI data. Therefore,
these DL-based methods are commonly superior to classic
ML-based methods. By comparing the Atten-CNN with 2D
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CNN, it can be seen that the attention module improves the
OA of 2D CNN by 0.7%, the AA of 2D CNN by 0.4%, and
the k of 2D CNN by 0.1, which could be attributed to the
spectral-attention module contribution. Besides, since intro-

duced global attention modules utilize both spatial-spectral in-
formation and global scope relation of HSI, the classification
accuracies obtained by the proposed network are higher than
Atten-CNN.

Table 5. Classification results of different methods on the IP dataset.

Class RBF-SVM KNN 2DG-SVM 3DG-SVM 2D CNN 3D CNN 3D–2D CNN MB-CNN 2DG-CNN Atten-CNN Proposed

C1 39.1±0.16 3.9±0.02 99.3±0.01 100.0±0.00 85.4±0.17 72.6±0.17 61.7±0.12 85.9±0.14 67.0±0.12 87.4±0.13 91.5±0.08
C2 65.0±0.05 58.0±0.03 74.8±0.05 83.1±0.05 82.4±0.03 92.3±0.04 93.5±0.04 91.2±0.03 94.4±0.02 88.8±0.15 98.2±0.01
C3 46.4±0.04 35.8±0.04 70.6±0.03 82.1±0.04 87.0±0.05 95.7±0.02 94.2±0.03 94.2±0.02 94.9±0.02 89.8±0.15 98.6±0.01
C4 31.6±0.05 14.3±0.05 89.4±0.06 97.2±0.03 85.8±0.08 85.3±0.07 72.9±0.12 85.5±0.11 85.9±0.11 83.3±0.22 98.9±0.01
C5 86.2±0.03 71.3±0.04 86.0±0.02 92.1±0.04 82.8±0.04 96.6±0.03 91.4±0.05 95.8±0.02 95.9±0.03 86.5±0.20 97.6±0.03
C6 95.4±0.02 94.0±0.03 90.5±0.04 96.4±0.02 98.0±0.01 98.5±0.01 98.4±0.01 98.1±0.01 97.9±0.01 90.9±0.15 99.0±0.00
C7 47.1±0.18 12.1±0.16 100.0±0.00 100.0±0.00 70.0±0.17 67.1±0.15 26.4±0.18 75.4±0.13 63.6±0.21 76.4±0.22 85.0±0.18
C8 97.8±0.01 92.7±0.02 97.8±0.01 99.8±0.00 99.5±0.01 100.0±0.00 100.0±0.00 100.0±0.01 99.9±0.00 98.3±0.04 100.0±0.00
C9 34.0±0.13 11.5±0.10 100.0±0.00 100.0±0.00 80.5±0.18 44.0±0.25 43.5±0.28 65.0±0.23 33.5±0.23 72.5±0.30 90.5±0.15

C10 61.8±0.04 45.2±0.04 70.6±0.07 86.2±0.03 87.7±0.06 95.3±0.03 91.8±0.03 92.4±0.03 93.7±0.03 90.9±0.14 97.7±0.01
C11 79.4±0.02 65.5±0.02 62.6±0.05 75.4±0.07 95.2±0.02 95.9±0.01 96.4±0.02 96.3±0.01 97.9±0.01 95.8±0.04 98.4±0.01
C12 46.2±0.05 17.6±0.04 73.4±0.08 83.8±0.03 73.6±0.04 94.2±0.04 83.6±0.08 88.0±0.07 85.0±0.03 84.1±0.16 95.3±0.02
C13 94.0±0.04 88.4±0.05 96.7±0.02 96.5±0.03 98.5±0.01 98.7±0.01 93.7±0.06 98.5±0.02 93.3±0.06 93.2±0.13 99.1±0.01
C14 95.2±0.01 91.6±0.01 91.9±0.03 96.3±0.04 98.9±0.01 99.0±0.01 99.0±0.01 98.3±0.01 99.6±0.01 92.7±0.16 99.7±0.01
C15 47.8±0.05 17.2±0.02 86.6±0.10 94.6±0.09 92.7±0.04 97.2±0.02 87.9±0.06 95.3±0.02 91.2±0.07 88.5±0.17 99.1±0.01
C16 84.5±0.04 75.8±0.04 98.2±0.02 99.2±0.01 76.0±0.10 85.1±0.07 84.3±0.10 91.0±0.07 86.1±0.06 81.3±0.24 92.4±0.05

OA 73.1±0.01 61.2±0.01 77.5±0.01 86.6±0.02 90.5±0.01 95.5±0.01 93.6±0.01 94.6±0.01 95.1±0.01 91.2±0.12 98.3±0.01
AA 65.7±0.02 49.7±0.01 86.8±0.01 92.7±0.01 87.1±0.02 88.6±0.02 82.4±0.02 90.7±0.01 86.2±0.01 87.5±0.15 96.3±0.01
κ 0.69±0.01 0.55±0.01 0.75±0.01 0.849±0.02 0.89±0.01 0.95±0.01 0.93±0.01 0.94±0.01 0.94±0.01 0.90±0.14 0.98±0.01

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 8. (a) Ground-truth map and classification maps on the IP dataset by (b) RBF-SVM, (c) KNN, (d) 2DG-SVM, (e) 3DG-SVM, (f) 2D CNN, (g) 3D CNN,
(h) 3D–2D CNN, (i) MB-CNN, (j) 2DG-CNN, (k) Atten-CNN, (l) proposed.
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Table 6. Classification results of different methods on the PU dataset..

Class RBF-SVM KNN 2DG-SVM 3DG-SVM 2D CNN 3D CNN 3D–2D CNN MB-CNN 2DG-CNN Atten-CNN Proposed

C1 68.5±0.02 64.6±0.02 61.7±0.03 88.0±0.02 94.2±0.02 79.7±0.06 84.5±0.10 86.6±0.04 90.7±0.03 86.3±0.05 97.6±0.02
C2 61.4±0.06 71.5±0.04 86.4±0.02 89.2±0.02 88.1±0.09 96.8±0.02 93.8±0.09 96.3±0.02 94.3±0.05 94.2±0.05 99.1±0.02
C3 56.4±0.09 71.8±0.03 77.4±0.04 75.3±0.02 95.6±0.03 94.0±0.04 94.2±0.04 94.8±0.06 95.1±0.03 96.1±0.02 99.4±0.01
C4 94.9±0.01 92.4±0.01 79.3±0.03 92.4±0.02 90.8±0.02 92.8±0.04 93.2±0.04 96.2±0.02 89.0±0.02 94.5±0.02 96.5±0.01
C5 99.5±0.01 99.3±0.01 100.0±0.00 99.9±0.01 89.8±0.03 99.8±0.01 95.7±0.13 99.8±0.01 99.1±0.01 98.8±0.02 100.0±0.01
C6 83.0±0.04 80.0±0.06 83.0±0.01 93.8±0.01 93.6±0.08 98.3±0.02 98.6±0.04 96.2±0.03 99.7±0.01 98.9±0.02 100.0±0.01
C7 92.5±0.02 95.2±0.01 82.5±0.03 99.2±0.01 93.1±0.02 99.8±0.01 98.8±0.02 99.1±0.02 99.6±0.01 99.9±0.01 100.0±0.00
C8 85.7±0.05 72.7±0.04 67.4±0.03 84.2±0.02 90.4±0.04 90.1±0.04 80.5±0.19 77.5±0.05 91.9±0.04 89.8±0.06 99.6±0.01
C9 100.0±0.01 100.0±0.00 80.7±0.02 92.6±0.01 87.9±0.04 95.6±0.05 96.1±0.04 99.1±0.01 95.5±0.02 95.2±0.02 99.8±0.01

OA 72.3±0.02 75.3±0.03 79.7±0.01 89.4±0.01 90.7±0.04 93.5±0.01 92.0±0.05 93.4±0.01 94.2±0.02 93.6±0.03 98.9±0.01
AA 82.4±0.01 83.1±0.01 79.8±0.01 90.5±0.01 91.5±0.01 94.1±0.01 92.8±0.03 94.0±0.01 95.0±0.01 94.9±0.02 99.1±0.01
κ 0.66±0.02 0.69±0.02 0.74±0.01 0.86±0.01 0.88±0.04 0.92±0.01 0.90±0.06 0.91±0.01 0.92±0.03 0.92±0.04 0.99±0.01

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 9. (a) Ground-truth map and classification maps on the PU dataset by (b) RBF-SVM, (c) KNN, (d) 2DG-SVM, (e) 3DG-SVM, (f) 2D CNN, (g) 3D
CNN, (h) 3D–2D CNN, (i) MB-CNN, (j) 2DG-CNN, (k) Atten-CNN, (l) proposed.
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Table 7. Classification results of different methods on the SA dataset.

Class RBF-SVM KNN 2DG-SVM 3DG-SVM 2D CNN 3D CNN 3D–2D CNN MB-CNN 2DG-CNN Atten-CNN Proposed

C1 99.5±0.01 98.1±0.01 99.8±0.01 98.4±0.03 99.9±0.01 99.9±0.01 99.3±0.01 99.9±0.01 99.8±0.003 100.0±0.00 100.0±0.00
C2 96.0±0.01 98.2±0.01 99.7±0.02 99.6±0.04 99.3±0.02 100.0±0.00 100.0±0.00 100.0±0.00 99.1±0.016 99.9±0.01 100.0±0.00
C3 32.4±0.01 75.6±0.05 99.4±0.02 87.4±0.02 96.1±0.10 99.8±0.01 100.0±0.01 99.8±0.01 99.9±0.002 99.8±0.01 100.0±0.00
C4 98.0±0.01 97.7±0.01 99.4±0.01 99.0±0.01 98.7±0.02 97.1±0.02 95.2±0.03 99.8±0.02 99.6±0.005 99.9±0.01 99.7±0.00
C5 98.8±0.01 88.7±0.03 98.6±0.01 97.6±0.03 94.1±0.06 94.5±0.02 93.7±0.01 98.7±0.01 98.9±0.008 98.8±0.02 99.5±0.01
C6 98.6±0.001 99.3±0.01 98.8±0.02 100.0±0.00 98.5±0.02 99.7±0.01 99.5±0.01 99.9±0.01 100.0±0.001 99.8±0.01 99.8±0.01
C7 99.3±0.001 99.6±0.01 99.7±0.01 99.8±0.01 99.0±0.02 99.8±0.01 99.8±0.01 99.9±0.02 99.4±0.007 100.0±0.00 99.8±0.01
C8 70.0±0.15 58.1±0.05 71.9±0.05 80.0±0.04 75.8±0.09 84.4±0.06 82.8±0.11 87.4±0.03 88.0±0.056 81.6±0.13 97.4±0.01
C9 97.1±0.02 93.0±0.04 99.8±0.01 96.5±0.01 99.4±0.01 98.8±0.01 99.8±0.01 99.7±0.04 99.9±0.001 99.7±0.04 99.8±0.01
C10 40.5±0.06 82.3±0.05 92.5±0.01 88.9±0.01 96.3±0.02 100.0±0.00 95.7±0.02 99.3±0.01 99.2±0.008 98.9±0.01 98.7±0.01
C11 87.8±0.02 88.6±0.02 94.7±0.06 94.1±0.01 97.8±0.05 98.5±0.02 100.0±0.01 100.0±0.00 99.7±0.004 99.8±0.02 100.0±0.00
C12 97.9±0.02 80.8±0.07 100.0±0.00 99.5±0.01 95.0±0.05 100.0±0.00 99.2±0.01 98.8±0.03 99.6±0.005 98.1±0.03 99.8±0.01
C13 99.0±0.00 98.7±0.01 99.3±0.02 99.9±0.01 95.7±0.07 99.7±0.01 98.8±0.02 99.9±0.001 99.8±0.002 99.6±0.01 99.7±0.01
C14 87.7±0.01 88.7±0.01 96.7±0.01 97.3±0.01 98.2±0.03 99.7±0.01 97.9±0.02 99.9±0.002 99.9±0.001 99.7±0.01 99.9±0.001
C15 60.1±0.20 63.1±0.05 74.6±0.05 75.4±0.03 87.1±0.15 91.7±0.12 88.7±0.10 79.0±0.10 93.1±0.038 89.3±0.12 99.0±0.02
C16 95.6±0.01 96.7±0.01 97.4±0.01 99.3±0.01 97.6±0.03 99.6±0.01 97.0±0.03 99.7±0.01 96.9±0.056 99.6±0.01 99.5±0.01

OA 80.7±0.01 81.4±0.02 89.8±0.01 90.5±0.01 91.8±0.02 95.0±0.01 93.9±0.02 94.3±0.01 96.2±0.013 94.5±0.02 99.1±0.01
AA 84.9±0.01 87.9±0.02 95.2±0.01 94.5±0.01 95.5±0.01 97.6±0.01 96.7±0.01 97.6±0.01 98.3±0.006 97.8±0.01 99.5±0.01
κ 0.79±0.01 0.79±0.02 0.89±0.01 0.90±0.01 0.91±0.02 0.94±0.01 0.93±0.02 0.94±0.01 0.96±0.014 0.94±0.02 0.99±0.01

Figure 8 depicts the ground truth map and classifica-
tion maps of multiple methods in a single experiment on
the IP dataset. Unlike other methods, less salt-and-pepper
noise is shown in the proposed network classification map [see
Fig. 8(l)]. As shown in Fig. 8, the classification map obtained
by Gabor-based CNN is smoother than those obtained from
other methods. In contrast, the classification map of the RBF-
SVM [see Fig. 8(b)] and KNN [see Fig. 8(c)] methods, they
have much salt-and-pepper noise. Meanwhile, it can be seen
from the area marked by the red box in Fig. 8, our proposed
method is more accurate for small ground objects compared
to other comparison methods [see Figs. 8(b)–8(k)]. This is
mainly owing to the inclusion of the global attention module
in our proposed network, which could extract more discrimi-
native global features from tiny ground objects while success-
fully mitigating the impacts of interfering pixels. Moreover,
from Fig. 8, it can be noted that the classification map of our
proposed network has more consistent with the ground-truth
map than other methods. All observations confirm that the
learned 3D GCK and GAA modules play a positive role in the
proposed network.

Second, the detailed classification results on the PU
dataset are listed in Table 6. Compared to the previous dataset,
the spatial resolution of this dataset is large (1.3-m per pixel),
so the classification accuracy of all ML-based methods is im-
proved. For DL-based methods, the classification accuracy
fluctuates in a narrow range due to changes in the dataset,
yet our proposed network still presents the highest accuracy in
most categories. Specifically, our proposed network achieves

maximum OA (98.9%), AA (99.1%), and k (0.99) with mini-
mum standard deviation, which indicates the proposed meth-
ods have strong stability in a different dataset. It delivers over-
all accuracy 26.6%, 23.6%, 19.2%, 9.5%, 8.2%, 5.4%, 6.9%,
5.5%, 4.7%, and 5.3% more than RBF-SVM, KNN, 2DG-
SVM, 3DG-SVM, 2D CNN, 3D CNN, MB-CNN, 2DG-CNN,
and Atten-CNN, respectively. Among the above-mentioned
methods, RBF-SVM acquires not too high classification ac-
curacies since it does not use any feature extraction strat-
egy before classification. Additionally, we can see that the
Gabor-based methods outperform the other ML-based method
in terms of accuracy, which indicate the efficiency of the Ga-
bor feature for the HSI classification. For further visually, the
ground-truth map and the predicted maps obtained by different
methods in a single experiment at PU are provided in Fig. 9. It
should be mentioned that the four classification maps acquired
by the four Gabor-based methods [see Figs. 9(d), 9(e), 9(g),
and 9(l)] display smooth shapes in some categories (such as
the categories in C2 and C6). This phenomenon is mostly ow-
ing to the Gabor filters fusion technique. These observations
indicate that the proposed network can deal with complicated
urban situations.

Finally, in Table 7, we exhibit the classification accura-
cies and three metrics of the proposed network and compara-
tive methods on the SA dataset. It is worth noting that almost
all methods significantly improve classification accuracy. That
is mainly due to the uniform distribution of ground objects
on the Salinas dataset, making classification easier. Never-
theless, the RBF-SVM still provides the worst prediction re-
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sult. In terms of classification accuracy, the proposed network
is 18.4% better than RBF-SVM, 17.7 better than KNN, 9.3%
better than 2DG-SVM, 8.6% better than 3DG-SVM, 7.3% bet-
ter than 2D CNN, 4.1% better than 3D CNN, 5.2% better than
3D–2D CNN, 4.8% better than MB-CNN, 2.9% better than
2DG-CNN, and 4.6% better than Atten-CNN. Similarly, the
classification maps of the ten compared methods are shown
in Fig. 6, and a similar conclusion can be concluded as with

the PU dataset. Moreover, it can be easily observed that from
Figs. 6(b)–6(k), the presence of two categories in this dataset
(i.e., C8 and C15), which are harder to classify and have lower
accuracy than other categories. This is mainly due to the very
similar texture and spectral bands between C8 and C15. The
two categories of objects can be precisely distinguished and
classified in our proposed network due to the specially de-
signed GAA module and learnable 3D GCK.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 10. (a) Ground-truth map and classification maps on the SA dataset by (b) RBF-SVM, (c) KNN, (d) 2DG-SVM, (e) 3DG-SVM, (f) 2D CNN, (g) 3D
CNN, (h) 3D–2D CNN, (i) MB-CNN, (j) 2DG-CNN, (k) Atten-CNN, and (l) proposed.
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4.4. Impact of training proportion

In this subsection, we use a different proportion of train-
ing samples to verify the effectiveness and robustness of the
proposed network. Specifically, the training samples for each
dataset are randomly selected from all samples, five different
proportions (i.e., 1%, 3%, 5%, 7%, 9%) of training samples
are selected for each category, and the rest are used as testing
samples. The OA, AA, and k metrics for the different methods
on the three datasets are shown in Figs. 11–13. As can be ob-
served from the three sets of figures, when compared to other
approaches, our proposed network consistently maintains the
most significant classification accuracy in various proportions
of training data. Furthermore, Table 8 shows the classification
results of the proposed network for three datasets with differ-
ent training samples. From Table 8, it can be seen that the
OA of the proposed method increases with the increased pro-
portion of the training samples. It is indicated that the more
the proportion of training samples, the higher the proportion

of correctly classified samples in the overall test sample. In
terms of AA, a similar conclusion can be obtained as with OA.
Next, the k of our proposed network is almost between 0.9 and
1 on three datasets, which is higher than other methods in most
cases, and thus, our proposed method presents a better degree
of classification consistency. In conclusion, many experiments
show that our proposed network has the same excellent classi-
fication performance under the variation of training samples.

Table 8. Classification results of the proposed network for three datasets
with different training samples.

Training IP PU SA

(%) OA AA k OA AA k OA AA k

1 92.5 79.1 0.91 96.4 97.9 0.95 94.5 97.6 0.94
3 96.2 89.4 0.95 97.2 98.0 0.96 96.3 98.2 0.95
5 97.6 90.3 0.97 97.8 98.6 0.97 97.7 99.0 0.97
7 98.2 93.2 0.98 98.4 98.6 0.97 98.9 99.6 0.98
9 98.3 96.1 0.99 98.9 99.1 0.99 99.1 99.2 0.99
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Fig. 11. Classification accuracy based on different percentages of training samples on the IP dataset: (a) OA (%), (b) AA (%), (c) k.
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Fig. 12. Classification accuracy based on different percentages of training samples on the PU dataset: (a) OA (%), (b) AA (%), (c) k.
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Fig. 13. Classification accuracy based on different percentages of training samples on the SA dataset: (a) OA (%), (b) AA (%), (c) k.
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4.5. Impact of patch size

In this subsection, we explore the effect between the patch
size and the classification accuracy of the proposed network.
In general, if the patch size of the input cube is too small, it
will not be enough to contain rich spatial features. It will cause
some helpful features to be lost, and the classification perfor-
mance will also be decreased. On the other hand, if the patch
size of the input cube is too large, it will contain more mixed
pixels and increase the computation cost. Therefore, an ap-
propriate patch size should be determined by the classification
accuracy. Figure 14 depicts the classification accuracy with
different patch sizes ranging from 11 to 31 with a 2-pixel in-

terval. According to Figs. 14(a) and 14(c), with the increase
of the patch size, the classification accuracy of the IP and SA
datasets gradually increases, and the best classification accu-
racy is acquired when the patch size is 25× 25. However,
the best classification accuracy for the PU dataset is obtained
when the patch size is 21×21 [see Fig. 14(b)]. The patch size
of the PU dataset is slightly reduced compared to the former
two datasets. It is mainly because so many complex and vari-
able urban scenes are included in the PU that the patch size is
reduced. In conclusion, we use 25× 25 as the patch size on
the IP and SA datasets and use 21× 21 on the PU dataset in
the experiments.

(a) (b) (c)

Fig. 14. Visualization of the classification accuracy with different patch sizes on three datasets: (a) IP, (b) PU, and (c) SA.

4.6. Ablation analysis toward the global affinity attention
module

In this subsection, we perform the ablation analysis of the
GAA module on three datasets. To ensure a fair comparison,
all ablation experiments are trained using the identical train-
ing settings as described in Subsection 3.3. The classification
accuracy is reported in Table 9. In Table 9, baseline represents
that the GAA is not used in the proposed network, S-GAA
and C-GAA represent that only spatial and channel GAA are
used in the proposed network, respectively, and GAA repre-
sents that both spatial and channel GAA are used in the pro-
posed network. According to the results, we can observe that
no matter S-GAA or C-GAA effectively improves the classi-
fication accuracy over the baseline. It is worthwhile to note
that even though the classification accuracy of the Baseline
is already very high on the SA dataset, the S-GAA, C-GAA,
and GAA improve the OA by 2.1%, 2.7%, and 3.1%, respec-
tively. More visually, the classification maps of the ablation

experiments on the three datasets are shown in Figs. 15–17.
Experiment results consistently show that compared to using
the S-GAA module alone or the C-GAA module alone, the
GAA module can learn more discriminative features and in-
crease the classification accuracy.

Table 9. Ablation analysis toward the global affinity attention module of the
proposed network on different datasets.

Dataset Accuracy Baseline S-GAA C-GAA GAA

IP
OA (%) 90.6 95.1 95.3 98.3
AA (%) 88.1 94.5 94.1 96.3

κ 0.90 0.94 0.95 0.98

PU
OA (%) 92.2 98.6 98.7 98.9
AA (%) 91.7 98.4 98.2 99.1

κ 0.91 0.97 0.97 0.99

SA
OA (%) 96.2 98.3 98.9 99.1
AA (%) 96.5 99.4 99.6 99.5

κ 0.96 0.98 0.98 0.99

(a) (b) (c) (d)

Fig. 15. Classification results of ablation experiments on the IP dataset: (a) baseline, (b) S-GAA, (c) C-GAA, (d) GAA.
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(a) (b) (c) (d)

Fig. 16. Classification results of ablation experiments on the PU dataset: (a) baseline, (b) S-GAA, (c) C-GAA, (d) GAA.

(a) (b) (c) (d)

Fig. 17. Classification results of ablation experiments on the SA dataset: (a) baseline, (b) S-GAA, (c) C-GAA, (d) GAA.

5. Conclusions

In this paper, we proposed a learnable 3D Gabor convolu-
tional network with global affinity attention for HSI classifica-
tion. In the spatial-spectral block, we combine the 3D Gabor
filter with CNN, in which the 3D RCL is replaced by the 3D
GCL. Therefore, the proposed network not only makes full use
of the powerful learning ability of CNNs but also has the char-
acteristics of 3D Gabor filters. In addition, to balance model
efficacy against efficiency, we use 2D CNN to fuse the feature
maps extracted by 3D GCL. The GAA module is introduced
in the proposed network, which can mine more discriminative
features from the global scope of each feature point and miti-
gate the impact of the interference pixels on the classification
performance.

In terms of the experiment, four ML-based methods and
six DL-based methods are conducted as compared methods.
Three real-world HSI datasets are used to evaluate the classifi-
cation performance of the proposed network, including IP, PU,
and SA. It can be seen from the experimental result that our
proposed network achieves an outstanding classification per-

formance than other state-of-the-art methods. Extensive ab-
lation experiments verify the rationality of the GAA module
of the proposed network. In our future work, we will explore
new types of 3D filters that may be applied to the convolution
layer, which provides a realistic future research route for the
CNN-based HSI classification.
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