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Abstract— Recently, hyperspectral image (HSI) classification
based on deep learning methods has attracted growing attention
and made great progress. Convolutional neural networks based
models, especially the residual networks (ResNets), have become
the architectures of choice for extracting the deep spectral-spatial
features. However, there are generally some interfering pixels in
the neighborhoods of the center pixel, which are unfavorable for
the spectral-spatial feature extraction and will lead to a restraint
classification performance. More important, the existing attention
modules are weak in highlighting the effect of the center pixel for
the spatial attention. To solve this issue, this article proposes a
novel spectral-similarity-based spatial attention module (S3AM) to
emphasize the relevant spatial areas in HSI. The S3AM adopts the
weighted Euclidean and cosine distances to measure the spectral
similarities between the center pixel and its neighborhoods. To alle-
viate the negative influence of the spectral variability, the full-band
convolutional layers are deployed to reweight the bands for the
robust spectral similarities. Both kinds of weighted spectral similar-
ities are then fused adaptively to take their relative importance into
full account. Finally, a scalable Gaussian activation function, which
can suppress the interfering pixels dynamically, is installed to trans-
form the spectral similarities into the appropriate spatial weights.
The S3AM is integrated with the ResNet to build the S3AM-Net
model, which is able to extract the discriminating spectral-spatial
features. Experimental results on four public HSI datasets demon-
strate the effectiveness of the proposed attention module and the
outstanding classification performance of the S3AM-Net model.

Index Terms—Center pixel, hyperspectral image classification,
residual network, spatial attention, spectral similarity.

I. INTRODUCTION

HYPERSPECTRAL image (HSI) is provided with ample
spectral and spatial information and such an incomparable

advantage makes the precise recognition of land-covers possible
[1]. Therefore, HSI classification, which aims at distributing
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an appropriate label for each pixel, has drawn a great many
researchers from various fields, such as agriculture [2], mineral
prospecting [3], and urban planning [4]. However, exploiting the
spectral and spatial information of HSI effectively for excellent
classification accuracy has always been a challenging problem
as the characteristics of high-dimensional and redundancy of
HSI.

In the past decade, an enormous amount of methods have been
proposed to cope with HSI classification, including traditional
methods and deep learning (DL) methods. Traditional models,
such as k-nearest neighbor [5], support vector machine [6],
random forest [7], and so on, are deemed to be the models that
can extract the shallow spectral and spatial features from HSI
merely, which results in the inferior robustness when handling
the complicated scenarios.

As the speedy advances in computing power, DL-based meth-
ods have achieved remarkable progress and have been widely
used in computer vision (CV) tasks [8], [9] and natural language
processing [10]. In the field of HSI classification, DL-based
algorithms have seized the dominant status by means of the
power of extracting the deep spectral and spatial features [11]. In
the early phase, most models finished classification with spectral
features only. For instance, stack autoencoder [12] and deep be-
lief network [13] are used to extract the compressed and invariant
spectral features from raw spectra, respectively. To take the spec-
tral dependency which is the inherent property between spectral
bands into account, recurrent neural networks [14], and long
short-term memory networks [15] were introduced to model the
correlations hidden in the adjacent bands. In addition, the graph
neural networks [16] were coalesced with the multistructure
unified embedding [17] and the sparse manifold correlation [18]
to integrate diverse characteristics and receive quality features.
However, due to the well-known issue of spectral variability,
the classification performances of these spectral feature-based
models are still unsatisfactory. Meanwhile, supplementing the
spatial features for better classification results has been an urgent
motivation.

Recently, with the inimitable advantages of local capture
and parameters sharing, convolutional neural networks (CNNs)
[19], possess the power of feature extraction and have made
tremendous progress in the field of HSI classification. On the
strength of the variability of convolutional kernels, CNN is
capable of extracting the features in different gradations [20].
The early architectures integrated one-dimensional (1-D) CNN
and 2-D CNN in parallel to extract the spectral features and
spatial features, respectively [21]. But these models fuse the
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two kinds of features at the stage of decision merely, which
fail to take the feature associations into full account. Instead of
dealing with both kinds of features separately, 3-D CNN adopts
the cubic convolutional kernels to acquire the spectral-spatial
features effectively from the HSI cube, which is composed of
the center pixel and its neighborhoods [22], [23]. Such archi-
tecture can fuse the spectral features and the spatial features at
the stage of feature extraction, which is favorable for enhanc-
ing the correlations between the spectral and spatial features.
Moreover, these benefits will be enlarged as the depth of the
network increases [24]. However, the deeper the network is, the
more possible the vanishing gradient may happen. To resolve this
issue effectively, a novel network architecture, which is named
residual network (ResNet) [25], introduced the residual blocks
containing the skip connections to deliver the gradient between
the layers directly. Such skill of the residual connection is active
in various types of architectures for HSI classification, such as
convolutional long short-term networks [26], capsule networks
[27], graph neural networks [28], and generative adversarial net-
works [29]. Therefore, a few of related research [30]–[32] reveal
that ResNet has become the popular architecture to express the
deeper spectral-spatial features.

Though the ResNets have reached acceptable performances,
there is an undeniable fact that not all of the pixels and bands in
the HSI cube contribute to the feature extraction and classifica-
tion. The pixels owning the same category as the center pixel play
a key role in enhancing the correlations of features. Thus, these
pixels together with the center pixel form the relevant spatial
area worth focusing well. The same criterion applies to the
spectral dimension. Among the hundreds of bands, only partial
salient bands are beneficial to distinguish the subtle spectral
differences that exist in all types of land covers precisely. To
accomplish the purposes, the attention mechanism, an active
technique in the fields of neural machine translation [33] and
CV [34], was applied to upgrade the capability of a network
to describe the discriminating spectral-spatial features for HSI
classification. The popular structures of the attention modules
in recent literature can be divided into three types mainly as
follows.

1) Self-attention (SA) module [35]. It aims at exploring
the relationship among different elements (e.g., words
of a sentence, pixels of an image) by computing the
dot-product similarity to realize the feature recalibration
[36]. In HSI classification, the SA modules were applied
to take account of the spectral interactions and the spatial
correlations to refine the features [37], [38]. Moreover, the
integration of several SA modules forms the transformer
[39], which is able to model the spectral and spatial rela-
tionships in different representation subspaces [40], [41].
However, due to the abundant spectral bands in HSI and the
massive matrix operations of SA modules, the transformer
often spends lengthy time and excessive memory.

2) Squeeze and excitation (SE) module [42]. On the basis
of a global average pooling layer and a symmetrical mul-
tilayer perceptron, the SE module can collect the global
expressive information and map them to the channel at-
tention. The SE module has made appreciable progress on

reweighting the spectral bands adaptively [43], [44]. Be-
sides, it was extended to make full use of spatial contextual
information [45], [46].

3) Convolutional block attention module (CBAM) [47]. The
CBAM is the comprehensive attention module. The chan-
nel attention, which is the extension of the SE module,
defines “what” is meaningful. The spatial attention uses
the large-scale convolution and the global pooling layers
to locate the meaningful content. With the guidance of the
CBAM, the distinctive bands as well as the useful pixels
in HSI cube were enhanced properly [48]–[50].

It is indisputable that the three kinds of attention modules
have gotten the spectral feature extraction better. However, there
is a common shortage that they are weak in emphasizing the
benefit of the center pixel to the deduction of spatial attention.
Specifically, the dot-product matrix of the SA module, the spatial
squeezing and excitation operations of the SE module, and the
large-scale convolution of the CBAM lack the special treatment
for the center pixel. This may cause spatial attention to deviate
from the relevant spatial areas, which will impair the extraction
of the discriminating features greatly and may result in wrong
predictions. Considering the different spectral characteristics
between the relevant pixels and the interfering pixels, a spectral-
similarity-based spatial attention module (S3AM) is proposed in
this article. Due to the fact that the spectral similarity depended
on a single metric tends to possess weak representation [44], the
S3AM adopts the Euclidean and cosine distances to obtain the
spectral similarity. Nevertheless, the immediate similarities of
the two original measures are often inexact due to the notorious
spectral variability. To solve this deficiency, the S3AM intro-
duces the full-band convolutional (FBC) layer in the calculation
of the original similarities to redistribute a group of proper
weights for all bands. Hence, the weighted Euclidean and cosine
distances (WED and WCD) to obtain robust spectral similarities
are constructed. Both kinds of weighted spectral similarities are
then fused adaptively to take their relative importance into full
account. Finally, a scalable Gaussian (SG) activation function,
which weakens the interfering pixels in different scenarios with a
flexible threshold, is designed to transform the weighted spectral
similarity to the optimal spatial attention mask. Experimental
results on four publicly available HSI datasets, including the
Indian Pines, Pavia University, Loukia, and XiongAn, show that
the S3AM can bring the advantage of the center pixel fully to
concentrate on the relevant spatial areas effectively to further
improve the classification performance. The main contributions
of this article are as follows.

1) A novel S3AM is proposed to capture the relevant spatial
areas effectively in the HSI cube. Specifically, the WED
and WCD submodules, which adopt the FBC layers to
relieve the adverse influence of the spectral variability,
are first applied to improve the robustness of the spectral
similarities. Both weighted spectral similarities are then
integrated adaptively to gain the representative composite
spectral similarity. Finally, an SG activation function is
designed to convert the spectral similarities to the appro-
priate spatial weights flexibly in diverse scenes. The S3AM
excels at emphasizing the spatial areas relevant intensively
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Fig. 1. Architecture of the S3AM. It contains the WED and WCD submodules,
the adaptive aggregation, and the SG activation function.

to the center pixel and preserving these crucial areas even
in a wider HSI cube.

2) An end-to-end S3AM-Net model, which contains the
S3AM and ResNet, is designed to obtain the discrimi-
nating features for HSI classification. With the support of
the functional S3AM, this model is capable of handling
the spatial features as well as the spectral-spatial features
efficiently.

The rest of this article is organized as follows. Section II
illustrates the proposed S3AM in detail. Section III presents
the experiments and analyses on four HSI datasets. Finally,
Section IV concludes this article.

II. SPECTRAL-SIMILARITY-BASED SPATIAL ATTENTION

MODULE

A. Overview of the S3AM

In an HSI cube X ∈ Rc×ω×ω×b, the relevant spatial areas are
composed of the neighborhoods that belong to the same label as
the center pixel, where c, ω , and b denote the number of channels
(i.e., filters), width, and the number of bands, separately. The rel-
evant areas deserve emphasis as the features extracted from these
areas are beneficial to improve the classification performance.
Since there are intense associations between the relevant pixels
and the center pixel in terms of spectral similarity, the S3AM is
therefore proposed to promote the center pixel to contribute more
to the capture of the relevant areas. In particular, to resolve the
inferior representational ability of a single similarity led by the
abundant spectral bands, the S3AM utilizes the WED and WCD
to measure the spectral relevance between the center pixel and
its neighborhoods.

The architecture of the S3AM is shown in Fig. 1. It consists
of the WED sub-module, the WCD submodule, the adaptive
aggregation, and the SG activation function. For an HSI cube
X, the WED and WCD submodules are in charge of computing
the weighted Euclidean and cosine spectral similarities, i.e.,
Se ∈ R1×ω×ω×1 and Sc ∈ R1×ω×ω×1, between the center pixel
and its neighborhoods at first. Both kinds of similarities behave
stronger robustness against the spectral variability due to the
operation of band reweighting. Next, to regulate the magnitudes
of the two types of spectral similarities for spatial attention
rationally, they are merged into the composite spectral similarity
S ∈ R1×ω×ω×1 by adaptive aggregation. Finally, the SG activa-
tion function weakens the interfering pixels by considering the
specifications of different scenarios and transforms the spectral
similarity S into the spatial attention mask M ∈ R1×ω×ω×1.

With the assistance of M, the HSI cube X can be refined by

X′ = M�X (1)

where X′ ∈ Rc×ω×ω×b is the refined output and “�” is the
element-wise multiplication. During the multiplication, the ele-
ments of X are copied along the axes of channel and band.

B. WED and WCD

1) Weighted Euclidean and Distance: The WED submodule
aims to obtain the robust weighted spectral similarity based on
the Euclidean distance. The Euclidean distance is the standard
metric to measure the difference of amplitude between two
spectra in Euclidean space. The smaller the distance is, the higher
the similarity is. The original formula of the Euclidean distance
S′e is defined as

S′e =

√∑N

i
(pi

c −Xi
1)

2 (2)

where pc ∈ R1×1×1×band X1 ∈ R1×1×1×b represent the center
pixel and its first neighborhood, respectively. pi

c is the ith band
of the center pixel.

However, due to the notorious spectral variability, the partial
bands of spectra often fluctuate in the wide range. Thus, the spec-
tral similarity computed by the original formula will represent
some deviations, which may amplify the similarity of intraclass
and narrow the similarity of interclass.

To resolve this problem, the WED submodule introduces
the FBC layer, which contains a convolutional kernel w ∈
R1×1×1×b with the same size as the bands of the HSI cube, to
distribute a group of apposite weights for all bands. Specifically,
for the relevant pixels, the FBC layer assigns smaller weights
for the bands behaving unstable spectral energy to promote
the cohesion of the spectral similarity. On the contrary, larger
weights are allocated to those bands for the interfering pixels.
Consequently, the WED sub-module can obtain the spectral
similarity that is stable and reliable in the scene with intense
spectral variation.

The weighted Euclidean spectral similarity S1e between the
center pixel pc and its first neighborhood X1 can be defined as

S1e =

√∑b

i
wi · (pi

c −Xi
1)

2 (3)

where wi is the ith weight of the convolutional kernel w of the
FBC layer, pi

c denotes the ith band of the center pixel, and Xi
1

denotes the ith band of the first neighborhood of the center pixel.
The architecture of the WED submodule is shown in Fig. 2.

First, the center pixel extracted from the HSI cube X is copied
ω2 times to form the center cube Xc ∈ R1×ω×ω×b. Next, the
differences,D ∈ R1×ω×ω×b, of all bands betweenXc andX are
computed by the element-wise subtraction and multiplication

D = (Xc �X)� (Xc �X). (4)

To accomplish the redistribution of the importance of all
bands, the FBC layer should be placed after the multiplication. If
the FBC layer is installed before the multiplication, the weights
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Fig. 2. Architecture of the WED submodule. Where “�” and “�” denote the
elementwise subtraction and the elementwise square root, respectively.

of the layer will be limited in the non-negative range due to the
subsequent square operation. This may inactivate some weights
and lower the efficiency of optimization. More important, an-
other benefit of installing the FBC layer after the multiplication
is that it can sum all bands automatically after the weighting
operation. This process can be described as follow:

D′ = w ∗D =

b∑
i

wi · ((Xi
c �Xi)� (Xi

c �Xi)) (5)

where D′ ∈ R1×ω×ω×1 is the summation of the weighted dif-
ference along the axis of band and “�” denotes the operation of
convolution.

Finally, by solving the square root of this summation, the
spectral similarity Se based on the WED is gained

Se =
√
D′ =

√∑b

i
wi · ((Xi

c �Xi)� (Xi
c �Xi)) . (6)

2) Weighted Cosine Distance: The WCD submodule aims
to acquire the robust weighted spectral similarity based on the
cosine distance. The cosine distance, as the core theory of
spectral angle mapping [51], is also a popular measurement to
calculate the directional similarity between two spectra. The
closer to one the distance is, the higher the similarity is. The
original formula of the cosine distance S′c between the center
pixel pc and its first neighborhood X1 is defined as

S′c = 1−
∑N

i pi
c ·Xi

1√∑N
i pi

c
2 ·

√∑N
i Xi

1
2
. (7)

Similar to the Euclidean distance, the spectral variability also
exerts the negative effects on the cosine distance. Therefore, the
FBC layer is also applied in the WCD submodule to obtain the
weighted cosine spectral similarity S1c

S1c =

∑b
i w

i · (pi
c ·Xi

1)√∑b
i w

i · pi
c
2 ·

√∑b
i w

i ·Xi
1
2
. (8)

The architecture of the WCD submodule is shown in Fig. 3.
First, the center cube Xc is constructed with the actions of ex-
tracting and copying. Unlike the Euclidean distance, the cosine
distance owns three basic summation units, as shown in (7).
Thus, the differences are computed in three routes

Dxx = X�X (9a)

Dcx = Xc �X (9b)

Fig. 3. Architecture of the WCD submodule. Where “�” denotes the elemen-
twise division.

Dcc = Xc �Xc (9c)

where the shapes of the prototypes of the three basic summation
units Dxx, Dcx, and Dcc are the same as that of the input X.

Following the analysis in the previous section, the FBC layer
is installed after the three elementwise multiplications. In partic-
ular, Dxx, Dcx, and Dcc share the identical FBC layer, which
not only remains the consistency of the weight of each band but
also decreases the number of parameters. The three weighting
processes can be described as

D′
xx = w ∗ Dxx =

b∑
i

wi · (Xi �Xi) (10a)

D′
cx = w ∗ Dcx =

b∑
i

wi · (Xi
c �Xi) (10b)

D′
cc = w ∗ Dcc =

b∑
i

wi · (Xi
c �Xi

c) (10c)

where D′
xx ∈ R1×ω×ω×1, D′

cx ∈ R1×ω×ω×1, and D′
cc ∈

R1×ω×ω×1 are the three basic summation units.
Finally, to get the spectral similarity Sc based on the WCD,

D′
cx is divided by the product of the square roots of D′

xx and
D′

cc

Sc =
D′

cx√
D′

cc �
√

D′
xx

=

∑b
i w

i · (Xi
c �Xi)√∑b

i w
i · (Xi

c �Xi
c)�

√∑b
i w

i · (Xi �Xi)
. (11)

C. Adaptive Aggregation

The WED tends to reflect the differences in terms of the
amplitudes of both spectra, whereas the WCD mainly reveals the
discrepancy of the angles between two spectra. The two kinds
of spectral similarities generally make unequal contributions
for judging whether two spectra belonged to the same label
indeed [52]. To take fully advantage of the two kinds of spectral
similarities, the adaptive aggregation, which equips a learnable
contribution coefficient α, is built to integrate Se and Sc to the
composite spectral similarity S

S = α · Se ⊕ (1− α) · (1− Sc) (12)
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Fig. 4. SG activation function. Where s and w indicate the spectral similarity
and spatial weight, respectively.

where “�” denotes the elementwise addition. The values of
Sc are subtracted by one to ensure that the monotonicity of
similarity with respect to distance between Sc and Se is equal.

During the training procedure, the value of α gets gradually
close to the optimal value. The contributions of the spectral
similarities based on the WED and the WCD are represented
as α and (1− α), separately. With this configuration, the rel-
ative importance of Se and Sc is adjusted rationally and the
representative composite spectral similarity S is attained.

D. SG Activation Function

In the composite spectral similarity S, the similarities of the
pixels in the relevant areas are little. In particular, the similarity
of the center pixel is equal to zero. On the contrary, the similari-
ties of the interfering pixels are great. In addition, the threshold
used to distinguish the interfering pixels is usually not fixed
in different scenes [52]. Therefore, to transform the spectral
similarity into the proper spatial attention mask, an activation
function with the following properties is demanded.

1) The smaller the spectral similarity is, the bigger the spatial
weight is, and vice versa.

2) The pixels with the zero spectral similarity, e.g., the center
pixel, should be assigned the max spatial weight, i.e., one.

3) The capability of this activation function to suppress the
interfering pixels should be stable even in various scenes.

To satisfy the three criteria, the SG activation function is
designed. Mathematically, it is written as

M = e−β·S2

(13)

where β is the learnable scaling parameter and M is the spatial
attention mask. The range of the values in M is [0, 1].

As shown in Fig. 4, the SG activation function remains the
monotonicity and the range of the original Gaussian function.
With the help of this specific, the relevant pixels, which own
the little similarities are assigned the greater spatial weights
whereas the interfering pixels are allocated the smaller spatial
weights. The spatial weight of the center pixel is equal to one,
which ensures the vital status of it in the relevant spatial areas.
More important, the response of the SG activation function is
mutable under the influence of the learnable scaling parameter
β. The bigger the value of β is, the steeper the curves, the
more interfering pixels are weakened. This means that the SG
activation function can suppress the interfering pixels in M
dynamically even in different scenes. Therefore, the relevant
spatial areas in HSI cube X can be emphasized effectively.

Fig. 5. S3AM-Net model. The S3AM is embedded between the HSI cube and
the 3-D ResNet. Where “�” denotes the elementwise addition.

E. Instantiation

In this article, 3-D ResNet, which introduce the resid-
ual blocks to relieve the vanishing gradients, is adopted as
the baseline. By integrating it with the proposed S3AM, the
S3AM-Net model is able to enhance the relevant areas to improve
the distinction of the spectral-spatial features for classification.
The overview of the S3AM-Net model is shown in the upper
part of Fig. 5. Considering the characteristic of the S3AM, it is
embedded between the inputX and the 3-D ResNet. This ensures
the spectral similarities computed from the original HSI cube
have higher credibility. Effects of different embedding strategies
will be presented in Section III-C-(5).

As shown in the lower part of Fig. 5, the input and output are
the refined HSI cube X′ and the discriminating spectral-spatial
features F ∈ R32×ω′×ω′×b/8, respectively. Where ω′ denotes the
width of the output of the last residual block. The 3-D ResNet
contains three residual blocks. In each residual block, two 3-D
convolutional layers, which are equipped with the kernels of
3×3×7 and the rectified linear unit [53] activation function,
aim to extract the nonlinear spectral-spatial features. Before the
output of each residual block, a residual connection is applied to
realize the immediate mapping of gradients via a convolutional
layer of 1×1×1. The numbers of the kernels k in the three
residual blocks are set to {8, 16, 32}, respectively. Following the
former two residual blocks, the max-pooling layers are utilized
to compress the dominant features, while the average pooling
(AP) layer is used after the last residual block to reserve more se-
mantic features [24]. The pooling sizes and strides of all pooling
layers are set to 1×1×2. Finally, a fully connected layer predicts
the most possible label y′ ∈ R1×C , where C is the number of
categories.

III. EXPERIMENTS AND ANALYSES

In this section, four public HSI datasets as well as the im-
plementation details are first described. The ablation studies,
classification experiments, parameter analysis, and attention
visualization are then presented to demonstrate the structural
rationality and effectiveness of the S3AM-Net model.
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Fig. 6. FC images and GT maps. (a) and (b) Indian Pines. (c) and (d) Pavia
University. (e) and (g) Loukia. (f) and (h) XiongAn.

A. Datasets and Evaluation Metrics

Indian Pines: This dataset was collected by the airborne visi-
ble/infrared imaging spectrometer sensor over Indian Pines test
site in Northwestern Indiana in 1992 [54]. It contains 145×145
pixels and 200 valid spectral bands.

Pavia University: This dataset was collected by the reflective
optics spectrometer imaging system sensor over during a flight
campaign over Pavia, North Italy in 2002 [54]. It contains
610×340 pixels and 103 valid spectral bands.

Loukia: This dataset was gathered by the Hyperion sensor
mounted on the Earth Observing-1 satellite. It is one of the
HyRANK benchmark datasets, which have been developed in
the framework of the ISPRS Scientific Initiatives in 2018 [55].
It contains 945×249 pixels and 176 valid spectral bands.

XiongAn: This dataset was acquired by the visible and near-
infrared imaging spectrometer designed by Shanghai Institute
of Technical Physics, Chinese Academy of Sciences in Xiongan
New Area in 2017 [56]. It contains 400×220 pixels and 250
valid spectral bands.

The false-color (FC) images and ground-truth (GT) maps
of the four datasets are shown in Fig. 6. As shown in Tables
I–IV, {5%, 5%, 90%}, {2%, 5%, 93%}, {5%, 5%, 90%}, and
{1%, 5%, 94%} of the samples from each category of the four
datasets are selected randomly as the training, validation, and
test sets, respectively. The training set is used for training the
proposed model and the comparison methods. The validation
set is used for evaluating the fitting states of models during
training procedures merely. The test set is used for verifying
the classification performance of the models.

In this article, the overall accuracy (OA), average accuracy
(AA), and kappa coefficient (κ) are employed to quantify the
classification performances of the S3AM-Net model on the three
datasets. The higher the scores of the three metrics, the better
performance the model receives. To alleviate the influence of the
random initialized parameters, all experiments are performed ten
times and the average results are reported.

TABLE I
SAMPLES OF THE INDIAN PINES DATASET

TABLE II
SAMPLES OF THE PAVIA UNIVERSITY DATASET

TABLE III
SAMPLES OF THE LOUKIA DATASET

TABLE IV
SAMPLES OF THE XIONGAN DATASET
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B. Implementation Details

In the preprocessing and initialization phases, the values of
each dataset are normalized into the range from 0 to 1. The
normal distribution with unit mean and 0.1 standard deviation
are utilized to initialize the FBC layers in the WED and WCD
submodules. The contribution coefficient α of the adaptive ag-
gregation is initialized to 0.5 and the scaling parameter β of
the SG activation function is set to 1.0 at first. During the back
propagation, the ranges of the values of α and β are [0, 1].
Besides, the Xavier normal distribution [57] is used to initialize
all layers of baseline. The batch size bs is set to 32 and the total
number of training iteration is 200.

During the training procedure, the errorL between the true la-
bels Y ∈ Rbs×C and the predicted labels Y′ ∈ Rbs×C in a mini
batch are assessed by the famous cross-entropy loss function

L = − 1

bs

bs∑
i = 1

C∑
j = 1

Yi, jlog(Y
′
i, j). (14)

While training the model, the RMSprop [58] optimizer is
adopted to optimize the whole network, where the values of
(learning rate, beta1, beta2) are set to (0.001, 0.9, 0.999).

All experiments are performed on a computer with an AMD
Ryzen 3600 at 4.07 GHz × 6 with 32-GB RAM and an NVIDIA
GeForce GTX 1080Ti graphical processing unit with 12-GB
RAM. The operating system is the Ubuntu 16.01. The DL
framework is the Keras 2.3.1.

C. Ablation Studies

1) Different Measures of the Spectral Similarities: In this
section, to demonstrate the advantage of the combination of the
WCD and WED, different measures of the spectral similarities
are installed into the S3AM. Besides the adopted WED and
WCD, other three measures including the weighted Manhattan
distance (WMD), the weighted Chebyshev distance (WCheD),
and the weighted Tonimoto coefficient distance (WTD). The
spectral similarities, S1m, S1che, and S1t , between the center pixel
and its first neighborhood using the three distances are as follow:

S1m =

b∑
i

wi · ∣∣pi
c −Xi

1

∣∣ (15)

S1che = max(wi · ∣∣pi
c −Xi

1

∣∣ ) (16)

S1t =

∑b
i w

i · (pi
c ·Xi

1)√∑b
i w

i · pi
c
2+

√∑b
i w

i ·Xi
1
2−∑b

i w
i · (pi

c ·Xi
1)

.

(17)

The OAs of the proposed model using the five measures on
four datasets are reported in Table V. The numbers presented
in bold-type denote the best results. From the upper half of the
table, the WED and WCD win the top two OAs on four datasets.
The WCheD receives the worst performances, which are lower
than those of the baseline. It is because the WCheD chooses
the max discrepancy of certain band immediately as the spectral
similarity, which is likely to lose the important information hid
in other bands. The WMD takes the summation of the absolute

TABLE V
OAS (%) OF THE S3AM-NET MODEL USING DIFFERENT MEASURES

(COMBINATIONS) OF THE SPECTRAL SIMILARITY

TABLE VI
OAS (%) OF THE S3AM-NET MODELS WITH OR WITHOUT (W/O) THE FBC

LAYERS ON FOUR DATASETS

differences in all bands. The stability of it to handle the bands
express large disparity is weaker than WED, so the OAs of it are
lower. The WTD, which is the extension of the WCD, obtains
the spectral similarity via the intersection and distribution of the
spectra. But there are still visible gaps between the performances
of the WTD and WCD. It may be the redundant bands that the
computation of spectral similarity has a little deviation.

Therefore, the WED and WCD, which achieve the top two
ranks on four datasets, are integrated with other two measures,
WMD and WTD, to explore the optimal combination of the
spectral similarity, separately. As for the WCheD, it is not con-
sidered to conduct this study due to its lowest accuracy. From the
lower half of Table V, there is an additional promotion for each
combination comparing with the cases using single measure.
More inspiring, the combination “WED + WCD” reaches the
highest OAs on three datasets.

2) Role of the FBC Layer

As the essential parts of the WED and WCD submodules, the
FBC layer aims to redistribute a special weight for each band.
Thus, the weighted spectral similarities behave good robustness
in the scenes with intense spectral variability. To prove this role,
the FBC layers in the WED and WCD submodules are removed
during the training procedure, which means the weights of all
bands are equal.

As shown in Table VI, once the FBC layer is installed, the
promotions of the OAs of the S3AM-Net model on the four data
sets are no less than 1.6%, 1.0%, 1.1%, and 1.5%, respectively.
These discrepancies, which cannot be ignored, show that the
band reweighting operation of the FBC layer can weaken the
negative effects of the spectral variability to improve the classi-
fication performance.

3) Impact of the Adaptive Aggregation: The adaptive aggre-
gation is designed to adjust the relative magnitude of the WED
and WCD submodules via the contribution coefficient α.
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TABLE VII
OAS (%) OF THE TWO SCHEMES ON FOUR DATA SETS AND THE OPTIMAL

CONTRIBUTION COEFFICIENTS OF THE SCHEME “ADAPTIVE”

TABLE VIII
OAS (%)THE S3AM-NET MODELS WITH THE GAUSSIAN OR SG ACTIVATION

FUNCTIONS ON FOUR DATA SETS AND THE OPTIMAL SCALING PARAMETERS

For the sake of interpreting the necessity, two kind of schemes
using the equal and adaptive aggregations are carried out.

The comparison of the two schemes on four datasets is shown
in Table VII. When the equal aggregation is utilized, the value
of the contribution coefficient α is fixed as 0.5, which causes the
equal contribution between the WED and WCD submodules.
Consequently, the OAs of this scheme decline a little on three
datasets comparing with the scheme “adaptive”. The optimal
contribution coefficients of the scheme “adaptive” are shown in
the last column of Table VII. From these optimized values, the
WCD submodule makes more contributions for the classification
on the Indian Pines, Loukia, and XiongAn datasets while the
WED submodule is valued on the Pavia University dataset.
The similar conclusion can be discovered from comparison of
the third and fourth rows in Table V. These results reveal that the
adaptive aggregation can regulate the relative importance of the
WED and WCD submodules for better performance in different
scenarios.

4) Impact of the SG Activation Function: The SG activation
function takes charge of the conversion from the composite
spectral similarity S to the spatial attention mask M. With the
assistance of its learnable scaling parameter β, the interfering
pixels can be well restrained even though in diverse scenes. To
exploring the influence of this parameter on the classification
performance, besides the SG activation function, the original
Gaussian activation function is also introduced for comparison.

The OAs of the two schemes on four datasets are shown in
the second and third rows of Table VIII. It can be observed that
the OAs of the model using the SG activation function gains the
slight increase comparing with the model with the Gaussian
activation function. This is because the scaling parameter β
enables the SG activation function represents the flexible at-
titudes to suppress the interfering pixels as precisely as possible
in different scenarios. Moreover, from the last row of Table VIII,
the optimal values of the scaling parameters of the Indian Pines,
Pavia University and XiongAn datasets are larger than that of
the Loukia data set, which shows the thresholds used to weaken
the interfering pixels of the Indian Pines, Pavia University, and
XiongAn datasets are higher. It is the SG activation function that
notices these essential specifics for upgrading the classification
accuracy.

TABLE IX
OAS (%) OF THE BASELINE AND FOUR NETWORKS WITH DIFFERENT

INTEGRATION STRATEGIES ON FOUR DATASETS

5) Integration Strategies of the S3AM: The purpose of the
S3AM is to extract the relevant spatial areas in HSI cube. There
are many ways to integrate the S3AM with the baseline, i.e.,
3-D ResNet. To seek the best solution, four networks built with
various integration strategies are analyzed as follows.

1) Net_1: Embedding the S3AM into the residual blocks of
the baseline (Before each residual connection).

2) Net_2: Embedding the S3AM between the residual blocks.
3) Net_3: Embedding the S3AM after the baseline.
4) Net_4: the S3AM-Net model.
As shown in Table IX, Net_4 outperforms other three net-

works along with the baseline on four datasets slightly. The
OAs of the baseline, which does not introduce the S3AM are
tolerable. Net_1 aims to adjust the deep features extracted by
the convolutional layers inside the residual blocks while Net_2
oversees refining the deep residual features extracted by the
residual blocks. However, the OAs of Net_2 are higher than
those of Net_1, which may because the residual features create
a shortcut path between the HSI cube and the S3AM to preserve
the effect of spatial attention masks. Net_3 places the S3AM
after the baseline to refine the spectral-spatial features with
the spatial attention mask. But OAs of it on four datasets are
unsatisfactory comparing with the other networks apart from the
baseline. This gap indicates that executing the refinement in the
final stage of feature extraction may not be the optimal option.
By embedding the S3AM between the input and the baseline,
Net_4 can generate the more expressive spatial attention mask
from HSI cube directly. Therefore, the network extracts the
discriminating spectral-spatial features from the relevant areas
for the superior classification accuracy.

D. Comparison With the State-of-the-Arts

To verify the effectiveness of the proposed S3AM-Net model,
the 2- and 3-D ResNets, seven attention-based methods, in-
cluding spectral spatial self-attention network (SSSAN) [38],
spectral former (patchwise) (SFP) [40], spectral spatial feature
tokenization transformer (SSFTT) [41], compact band weight-
ing module (CBW) [43], densely connected multiscale attention
network (DMSAN) [46], double-branch multiattention network
(DBMA) [48], and residual spectral spatial attention network
(RSSAN) [49], as well as the 2-D version of the proposed
model, are reimplemented for comparison. For each method,
the architecture from the original article is adopted. During
the training, validation, and testing procedures, all methods
share the same training, validation, and testing sets listed in
Tables I–IV.
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TABLE X
CLASSIFICATION RESULTS (%) FOR THE INDIAN PINES TESTING SET USING 5% OF THE AVAILABLE LABELED DATA

TABLE XI
CLASSIFICATION RESULTS (%) FOR THE PAVIA UNIVERSITY TESTING SET USING 2% OF THE AVAILABLE LABELED DATA

1) Quantitative Comparisons: The quantitative evaluations,
including the recall of each category, OA, AA, and κ, of each
method on the Indian Pines, Pavia University, Loukia, and
XiongAn test sets are reported in Tables X–XIII. From these
results, the following conclusions can be drawn. First, the 2-
and 3-D ResNets, as the methods without adopting any attention
module, gain the tolerable classification results. After the S3AM
are integrated with them, the classification performances of the
2- and 3-D S3AM-Net models all gain appreciable promotion.
Second, among the attention-based methods, DBMA achieves
the highest classification performances on the Pavia University
dataset while SFP is the most excellent model for another three
datasets. SFP uses the transformers to yield the groupwise spec-
tral embedding for extracting the local spectral sequence fea-
tures. DBMA combines the CBAM with the densely connected
network. Both are helpful to enhance the useful spectral-spatial
features. SSSAN employs the spectral and spatial SA modules
to refine the bands and pixels, which causes the slight lower
performances than DBMA. This indicates the CBAM possesses
stronger ability to reweight features than the SA module to
some extent. SSFTT utilizes the transformers to model the
high-level semantic features and receives the commendable
classification performances closed to those of SFP. CBW applies

the SE module to generate the spectral attention mask for band
selection merely, which causes its OAs lower than those of
3-D ResNet on the last three datasets (marked with rectangles
in Tables XI–XIII). Similarly, DMSAN, which extends the
SE module to spectral and spatial dimensions, acquires the
unsatisfied classification performance on the Indian Pines and
Loukia datasets (marked with rectangles in Tables X and XII).
Both classification results of CBW and DMSAN reveal that
the SE module may behaves inferior capability for capturing
the relevant areas comparing with the SA module and CBAM.
RSSAN, which integrates the CBAM and 2-D residual blocks,
gains the mediocre accuracy. In particular, the OA of RSSAN on
the Pavia University dataset is less than that of ResNet (marked
with rectangles in Table XI). The most likely reason is that the
2-D residual blocks of RSSAN cause the loss of the spectral
information, which is important for HSI classification. Last but
not least, though the proposed S3AM-Net model introduces the
spatial attention merely, the number of the highest recall and
the OA, AA, and κ of it on four datasets still reaches the best
standard. Different from other types of attention modules, the
special generation solution of the S3AM takes the center pixel
into fully account, which enables it to weaken the interfering
pixels and infer the relevant spatial areas effectively. Therefore,
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TABLE XII
CLASSIFICATION RESULTS (%) FOR THE LOUKIA TESTING SET USING 5% OF THE AVAILABLE LABELED DATA

TABLE XIII
CLASSIFICATION RESULTS (%) FOR THE XIONGAN TESTING SET USING 1% OF THE AVAILABLE LABELED DATA

the S3AM-Net model obtains the preferable classification per-
formances.

2) Qualitative Comparison: The qualitative evaluations of
different methods on four datasets are shown in Figs. 7–10.
After installing the S3AM, the proposed model corrects many
misclassified pixels which are predicted by 2-D ResNet. Com-
paring with other methods, the proposed 3-D S3AM-Net model
gains the more accurate and smoother classification maps. For
instance, almost all pixels of the categories of the “Grass-
pasture-mowed” and “Oats” (C7 and C9) of the Indian Pines
dataset are recognized accurately. Most pixels of the categories
of the “Bare Soil” and “Bitumen” (C6 and C7, marked with
white ellipses) of the Pavia University dataset are recognized
by the proposed 3-D S3AM-Net model correctly, which are
close to the corresponding GT map. For the categories “Dense
urban fabric” and “Sparsely vegetated area” (C1 and C11) of the
Loukia dataset, the proposed model receives the better results.
Similarly, the regions of the categories “Chinese scholartree”
and “Peach” (C1 and C8) in the right part of Fig. 10(j) are purer
than those of most other methods. In summary, benefits from the
particular S3AM, the proposed model elevates the classification
accuracy on four datasets, especially in the boundaries between
different land-covers.

3) Time Consumption: The training time has an inextrica-
ble link with the complexity of the network and the size of

the training data. The testing time is the intuitive metric of
the real-time of algorithm in real application. To evaluate the
efficiency of the proposed S3AM-Net model, the training and
testing times of it and other compared methods on four datasets
are presented in Table XIV. From this table, it is obvious that
the 2-D ResNet spends the least time on accomplishing the
training and testing procedures. As the 2-D CNN based models,
the time consumptions of CBW, RSSAN, and 2-D S3AM-Net
models are less than other methods evidently. Among the 3-D
CNN based models, three models based on the SA modules,
i.e., SSSAN, SFP, and SSFTT, cost considerable much time
to finish the optimization and testing since their SA modules
which generally possess a great amount of matrix operations
for attention generation. By contrast, the proposed S3AM-Net
model introduces few parameters to produce the spatial attention
mask, which ensures its higher efficiency.

E. Analysis of the Width of HSI Cube

It is well known that the width of the HSI cube has an
important effect on the classification performance. As shown
in Fig. 11, the larger the width is, the higher is the OA. When
the width is set to 3, the OAs on four datasets all keep the
lowest level. The OAs reach the highest level and maintain
stable when the widths are set to 11, 5, 7, and 5 for the four
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Fig. 7. Classification maps of different methods on the Indian Pines data set. Where “Cn” represents the nth category. (a) GT. (b) ResNet (2-D | 3-D). (c) SSSAN.
(d) SFP. (e) SSFTT. (f) CBW. (g) DMSAN. (h) DBMA. (i) RSSAN. (j) S3AM-Net (2-D | 3-D).

Fig. 8. Classification maps of different methods on the Pavia University dataset. (a) GT. (b) ResNet (2-D | 3-D). (c) SSSAN. (d) SFP. (e) SSFTT. (f) CBW. (g)
DMSAN. (h) DBMA. (i) RSSAN. (j) S3AM-Net (2-D | 3-D).

TABLE XIV
TRAINING/TESTING TIMES (SECONDS) OF DIFFERENT METHODS ON FOUR DATASETS

datasets, respectively. Even though the HSI cube with larger
width may introduce more interfering pixels, the proposed
S3AM-Net model still obtains the growing OAs. This is because
of the characteristic of the S3AM to extract the spatial attention
using the spectral similarities between the center pixel and its
neighborhoods, which implies that the relevant spatial areas are
still well preserved even in wider HSI cubes.

F. Analysis of the Training Samples Proportion

The influence of the training samples proportion on the clas-
sification performance also cannot be neglected. As shown in
Fig. 12, there are limited samples for some categories of the
Indian Pines and Loukia dataset, the OAs are lower when the
training proportion is less than 5%. On the contrary, the issue of
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Fig. 9. Classification maps of different methods on the Loukia dataset. (a) GT. (b) ResNet (2-D | 3-D). (c) SSSAN. (d) SFP. (e) SSFTT. (f) CBW. (g) DMSAN.
(h) DBMA. (i) RSSAN. (j) S3AM-Net (2-D | 3-D).

Fig. 10. Classification maps of different methods on the XiongAn dataset. (a) GT. (b) ResNet (2-D | 3-D). (c) SSSAN. (d) SFP. (e) SSFTT. (f) CBW. (g) DMSAN.
(h) DBMA. (i) RSSAN. (j) S3AM-Net (2-D | 3-D).

Fig. 11. OAs (%) of the proposed model using different widths on four
datasets. Where the solid data markers mean the optimal configurations.

the limited samples is relieved in other two datasets. Hence, the
OAs of them have attained the accuracy of no less than 95% and
85% when there are one percent samples for training merely.
To acquire better classification performances and expend less
training time, the points where the curves tend to be steady,
i.e., 5%, 2%, 5%, and 1%, are selected as the training samples
proportions of the Indian Pines, Pavia University, Loukia, and
XiongAn datasets, respectively.

Fig. 12. OAs (%) of the proposed model with different training samples
proportions on four datasets.

G. Comparison Between Different Attention Modules

In this part, so as to interpret the validity of the S3AM, it is
replaced with other three kinds of common attention modules,
including the SA module [35], the SE module [42], and the
CBAM [47], to construct the SA-Net, SE-Net, and CBAM-Net
models. From Table XV, it can be observed that the OAs of
other three kinds of attention networks on four datasets are lower
than those of the proposed S3AM-Net model. The SA module
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Fig. 13. Visualization of the spatial attention masks generated by the proposed
S3AM and other three kinds of attention modules. The relevant spatial areas are
marked with red solid polygons. Where P indicates the softmax score of each
network for the corresponding category.

TABLE XV
OAS (%) OF THE DIFFERENT ATTENTION NETWORKS ON FOUR DATASETS

explores the correlation between pixels. The SE module adopts
the spatial gather and excitation to model the dependency ex-
isting in different pixels. The CBAM employs the large-scale
convolution to describe the meaningful spatial positions. How-
ever, owing to the deficiency of the special operation for the
center pixel, the procedures of the three attention modules may
be affected by the interfering pixels. Therefore, they are weak
in locating the relevant pixels, which are advantageous to clas-
sification exactly. Extraordinarily, the S3AM infers the relevant
areas via the spectral similarities between the center pixel and its
neighborhoods, which facilitates the representation of the pivotal
features thereby ensuring better classification performances.

H. Attention Visualization

To clearly illustrate the advantage of the proposed S3AM
comparing with other attention modules, including the SA
module [38], the SE module [46], and the CBAM [49], their
spatial attention masks extracted from several testing samples
are visualized in Fig. 13. It shows the FC image, the GT map,
and the spatial attention masks of each sample. From this figure,
it can be observed that the spatial attention masks generated
by the S3AM can assign the highest spatial weights to the
center pixels and describe the relevant spatial areas, which are
marked in the corresponding GT maps more exactly. This leads

to the high softmax scores P predicted by the S3AM-Net model.
In contrast, other attention modules, which extract the spatial
attention via the dot-product operations, the feature squeezing
and excitation, and the large-scale convolution, tend to mistake
the interfering pixels for the relevant pixels or even suppress
the center pixels. This may cause incorrect predictions with
low softmax score P (marked in red). Therefore, the S3AM
does better in enhancing the relevant areas and improving the
extraction of the discriminating spectral-spatial features.

IV. CONCLUSION

In this article, a novel S3AM is proposed to emphasize the
center pixel and capture the relevant spatial areas, which are ben-
eficial to the classification. The S3AM is composed of the WED
submodule, the WCD submodule, the adaptive aggregation,
and the SG activation function. First, the WED and WCD are
exploited to obtain robust spectral similarities between the center
pixel and its neighborhoods. In particular, they all employ the
FBC layers to recalibrate each band to weaken the influence of
the spectral variability. Next, the adaptive aggregation fuses the
two kinds of spectral similarities into a comprehensive spectral
similarity by considering their relative importance. Finally, the
SG activation function, which can weaken the interfering pixels
according to the specificity of different scenes, takes charge of
converting the spectral similarity into the proper spatial weights.
The S3AM is good at emphasizing the spatial areas relevant to
the center pixel and maintaining these areas even in wider HSI
cubes. As a flexible component, the S3AM is integrated with the
3-D ResNet to build the S3AM-Net model, which can extract the
discriminating spectral-spatial features from the relevant spatial
areas of HSI cubes. Experimental results on four public datasets
demonstrate the rationality and effectiveness of the S3AM and
the superior classification performances of the S3AM-Net model
compared with other state-of-the-arts.

REFERENCES

[1] P. Ghamisi, J. Plaza, Y. Chen, J. Li, and A. J. Plaza, “Advanced spectral
classifiers for hyperspectral images: A review,” IEEE Geosci. Remote Sens.
Mag., vol. 5, no. 1, pp. 8–32, Mar. 2017.

[2] X. Zhang, Y. Sun, K. Shang, L. Zhang, and S. Wang, “Crop classification
based on feature band set construction and object-oriented approach using
hyperspectral images,” IEEE J. Sel. Topics Appl. Earth Observ. Remote
Sens., vol. 9, no. 9, pp. 4117–4128, Sep. 2016.

[3] G. Notesco, Y. Ogen, and E. Ben-Dor, “Mineral classification of makhtesh
roman in Israel using hyperspectral long-wave infrared (LWIR) remote
sensing data,” Remote sens, vol. 7, no. 9, pp. 12282–12296, Sep. 2015.

[4] R. Anand, S. Veni, and J. Aravinth, “Big data challenges in airborne
hyperspectral image for urban landuse classification,” in Proc. Int. Conf.
Adv. Comp., Com. Inf., 2017, pp. 1808–1814.

[5] L. Ma, M. M. Crawford, and J. Tian, “Local manifold learning-based
k-nearest-neighbor for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 48, no. 11, pp. 4099–4109, Nov. 2010.

[6] M. Khodadadzadeh, J. Li, A. Plaza, and J. M. Bioucas-Dias, “A subspace-
based multinomial logistic regression for hyperspectral image classifica-
tion,” IEEE Geosci. Remote Sens. Lett., vol. 11, no. 12, pp. 2105–2109,
Dec. 2014.

[7] Y. Zhang, G. Cao, X. Li, and B. Wang, “Cascaded random forest for hy-
perspectral image classification,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 11, no. 4, pp. 1082–1094, Apr. 2018.

[8] C. Szegedy et al., “Going deeper with convolutions,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2015, pp. 1–9.

[9] R. Girshick, “Fast R-CNN,” in Proc. IEEE Int. Conf. Comp. Vis., 2015,
pp. 1440–1448.



LI et al.: S3AM: A SPECTRAL-SIMILARITY-BASED SPATIAL ATTENTION MODULE 5997

[10] A. Bordes, X. Glorot, J. Weston, and Y. Bengio, “Joint learning of words
and meaning representations for open-text semantic parsing,” in Proc. 15th
Int. Conf. Art. Intell. Statist., 2012, pp. 127–135.

[11] S. Li, W. Song, L. Fang, Y. Chen, P. Ghamisi, and J. A. Benediktsson, “Deep
learning for hyperspectral image classification: An overview,” IEEE Trans.
Geosci. Remote Sens., vol. 57, no. 9, pp. 6690–6709, Sep. 2019.

[12] Y. Chen, Z. Lin, X. Zhao, G. Wang, and Y. Gu, “Deep learning-based
classification of hyperspectral data,” IEEE J. Sel. Topics Appl. Earth
Observ. Remote Sens., vol. 7, no. 6, pp. 2094–2107, Jun. 2014.

[13] Y. Chen, X. Zhao, and X. Jia, “Spectral-spatial classification of hyperspec-
tral data based on deep belief network,” IEEE J. Sel. Topics Appl. Earth
Observ. Remote Sens., vol. 8, no. 6, pp. 2381–2392, Jun. 2015.

[14] L. Mou, P. Ghamisi, and X. X. Zhu, “Deep recurrent neural networks for
hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 55, no. 7, pp. 3639–3655, Jul. 2017.

[15] Y. Xu, L. Zhang, B. Du, and F. Zhang, “Spectral-spatial unified networks
for hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 56, no. 10, pp. 5893–5909, Oct. 2018.

[16] F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini,
“The graph neural network model,” IEEE Trans. Neur. Netw., vol. 20, no. 1,
pp. 61–80, Jan. 2009.

[17] Y. Duan, H. Huang, and T. Wang, “Semisupervised feature extraction of
hyperspectral image using nonlinear geodesic sparse hypergraphs,” IEEE
Trans. Geosci. Remote Sens., vol. 60, 2022, Art. no. 5515115.

[18] F. Luo, Z. Zou, J. Liu, and Z. Lin, “Dimensionality reduction and
classification of hyperspectral image via multistructure unified discrim-
inative embedding,” IEEE Trans. Geosci. Remote Sens., vol. 60, 2022,
Art. no. 5517916.

[19] A. Krizhevsky et al., “ImageNet classification with deep convolu-
tional neural networks,” in Proc. Adv. Neur. Inf. Process. Syst., 2012,
pp. 1097–1105.

[20] N. Li and Z. Wang, “Hyperspectral image ship detection based upon two-
channel convolutional neural network and transfer learning,” in Proc. IEEE
5th Int. Conf. Signal Image Process., 2020, pp. 88–92.

[21] J. Yang, Y. Zhao, and J. C. Chan, “Learning and transferring deep joint
spectral-spatial features for hyperspectral classification,” IEEE Trans.
Geosci. Remote Sens., vol. 55, no. 8, pp. 4729–4742, Aug. 2017.

[22] Y. Chen, H. Jiang, C. Li, X. Jia, and P. Ghamisi, “Deep feature extrac-
tion and classification of hyperspectral images based on convolutional
neural networks,” IEEE Trans. Geosci. Remote Sens., vol. 54, no. 10,
pp. 6232–6251, Oct. 2016.

[23] M. Ahmad, A. M. Khan, M. Mazzara, S. Distefano, M. Ali, and M. S.
Sarfraz, “A fast and compact 3-D CNN for hyperspectral image classifi-
cation,” IEEE Geosci. Remote Sens. Lett., vol. 19, 2022, Art no. 5502205.

[24] H. Lee and H. Kwon, “Going deeper with contextual CNN for hyperspec-
tral image classification,” IEEE Trans. Image Process., vol. 26, no. 10,
pp. 4843–4855, Oct. 2017.

[25] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 770–778.

[26] W. -S. Hu, H. -C. Li, Y. -J. Deng, X. Sun, Q. Du, and A. Plaza, “Lightweight
tensor attention-driven ConvLSTM neural network for hyperspectral im-
age classification,” IEEE J. Sel. Topics Signal Process., vol. 15, no. 3,
pp. 734–745, Apr. 2021.

[27] Z. Mei, Z. Yin, X. Kong, L. Wang, and H. Ren, “Cascade residual capsule
network for hyperspectral image classification,” IEEE J. Sel. Topics Appl.
Earth Observ. Remote Sens., vol. 15, pp. 3089–3106, 2022.

[28] B. Yang, F. Cao, and H. Ye, “A novel method for hyperspec-
tral image classification: Deep network with adaptive graph struc-
ture integration,” IEEE Trans. Geosci. Remote Sens., vol. 60, 2022,
Art. no. 5523512.

[29] T. Jiang, Y. Li, W. Xie, and Q. Du, “Discriminative reconstruction con-
strained generative adversarial network for hyperspectral anomaly detec-
tion,” IEEE Trans. Geosci. Remote Sens., vol. 58, no. 7, pp. 4666–4679,
Jul. 2020.

[30] Z. Zhong, J. Li, Z. Luo, and M. Chapman, “Spectral-spatial residual
network for hyperspectral image classification: A 3-D deep learning frame-
work,” IEEE Trans. Geosci. Remote Sens., vol. 56, no. 2, pp. 847–858,
Feb. 2018.

[31] X. Zhang et al., “Spectral-spatial fractal residual convolutional neural
network with data balance augmentation for hyperspectral classification,”
IEEE Trans. Geosci. Remote Sens., vol. 59, no. 12, pp. 10473–10487,
Dec. 2021.

[32] W. Song, S. Li, L. Fang, and T. Lu, “Hyperspectral image classification
with deep feature fusion network,” IEEE Trans. Geosci. Remote Sens.,
vol. 56, no. 6, pp. 3173–3184, Jun. 2018.

[33] D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine translation by
jointly learning to align and translate,” in Proc. Int. Conf. Learn. Repre-
sent., 2015, pp. 1–9.

[34] F. Wang et al., “Residual attention network for image classification,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 6450–6458.

[35] Z. Lin et al., “A structured self-attentive sentence embedding,” in Proc.
Int. Conf. Learn. Represent., 2017, pp. 1–15.

[36] X. Wang, R. Girshick, A. Gupta, and K. He, “Non-local neural networks,”
in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2018, pp. 7794–7803.

[37] Z. Zhao, D. Hu, H. Wang, and X. Yu, “Center attention network for hy-
perspectral image classification,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 14, pp. 3415–3425, 2021.

[38] X. Zhang et al., “Spectral-spatial self-attention networks for hyperspectral
image classification,” IEEE Trans. Geosci. Remote Sens., vol. 60, 2022,
Art. no. 5512115.

[39] A. Vaswani et al., “Attention is all you need,” in Proc. Adv. Neur. Inf.
Process. Syst., 2017, pp. 5998–6008.

[40] D. Hong et al., “SpectralFormer: Rethinking hyperspectral image classi-
fication with transformers,” IEEE Trans. Geosci. Remote Sens., vol. 60,
2022, Art no. 5518615.

[41] L. Sun, G. Zhao, Y. Zheng, and Z. Wu, “Spectral-spatial feature tok-
enization transformer for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 60, 2022, Art. no. 5522214.

[42] J. Hu, L. Shen, S. Albanie, G. Sun, and E. Wu, “Squeeze-and-excitation
networks,” in Proc. IEEE Conf. Comp. Vis. Pattern Recognit., 2018,
pp. 7132–7141.

[43] L. Zhao, J. Yi, X. Li, W. Hu, J. Wu, and G. Zhang, “Compact band weight-
ing module based on attention-driven for hyperspectral image classifica-
tion,” IEEE Trans. Geosci. Remote Sens., vol. 59, no. 11, pp. 9540–9552,
Nov. 2021.

[44] N. Li and Z. Wang, “Spatial attention guided residual attention network for
hyperspectral image classification,” IEEE Access, vol. 10, pp. 9830–9847,
2022.

[45] J. Hu et al., “Gather-excite: Exploiting feature context in convolu-
tional neural network,” in Proc. Adv. Neur. Inf. Process. Syst., 2018,
pp. 1–11.

[46] H. Gao, Y. Miao, X. Cao, and C. Li, “Densely connected multiscale
attention network for hyperspectral image classification,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 14, pp. 2563–2576,
2021.

[47] S. Woo, J. Park, J. -Y. Lee, and I. S. Kweon, “CBAM: Convolutional block
attention module,” in Proc. Eur. Conf. Comp. Vis., 2018, pp. 3–19.

[48] W. Ma, Q. Yang, Y. Wu, W. Zhao, and X. Zhang, “Double-branch multi-
attention mechanism network for hyperspectral image classification,” Re-
mote Sens., vol. 11, no. 6, pp. 1307–1329, Jun. 2019.

[49] M. Zhu, L. Jiao, F. Liu, S. Yang, and J. Wang, “Residual spectral-spatial
attention network for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 59, no. 1, pp. 449–462, Jan. 2021.

[50] W. Guo, H. Ye, and F. Cao, “Feature-grouped network with spectral-spatial
connected attention for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 60, 2022, Art. no. 5500413.

[51] M. A. Cho, P. Debba, R. Mathieu, L. Naidoo, J. van Aardt, and G.
P. Asner, “Improving discrimination of savanna tree species through a
multiple-endmember spectral angle mapper approach: Canopy-level anal-
ysis,” IEEE Trans. Geosci. Remote Sens., vol. 48, no. 11, pp. 4133–4142,
Nov. 2010.

[52] C. Zhao, M. Tian, and J. Li, “Research progress on spectral similarity
metrics,” J. Harbin Eng. Univ., vol. 38, no. 8, pp. 1179–1189, Aug. 2017.

[53] X. Glorot, A. Bordes, and Y. Bengio, “Deep sparse rectified neural
networks,” in Proc. 14th Int. Conf. Art. Intell. Stat., Jan. 2011, vol. 15,
pp. 315–323.

[54] “Hyperspectral remote sensing scenes - Grupo de inteligencia
computacional (GIC).” Accessed: Nov. 28, 2021. [Online]. Available:
http://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_
Sensing_Scenes

[55] K. Karantzalos, C. Karakizi, Z. Kandylakis, and G. Antoniou, HyRANK
Hyperspectral Satellite Dataset I. (Version V001) [data set], Apr. 2018.

[56] Y. Cen et al., “Aerial hyperspectral remote sensing classification dataset
of Xiongan new area (Matiwan village),” J. Remote Sens. (Chin.), vol. 24,
no. 11, pp. 1299–1306, Nov. 2020.

[57] X. Glorot and Y. Bengio, “Understanding the difficulty of training deep
feedforward neural network,” in Proc. 13th Int. Conf. Art. Intell. Statist.,
2010, pp. 249–256.

[58] T. Tieleman and G. Hinton, “Lecture 6.5-rmsprop: Divide the gradient by a
running average of its recent magnitude,” COURSERA: Neural Net. Mach.
Learn, vol. 4, no. 2, pp. 26–31, 2012.

http://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes
http://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes


5998 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Ningyang Li received the B.S. degree in remote
sensing science and technology from Henan Poly-
technic University, Jiaozuo, China, in 2019. He is
currently working toward the M.S. degree in software
engineering with the School of Computer Science and
Technology, Hainan University, Haikou, China.

His research interests include hyperspectral image
processing and analysis, and deep learning.

Zhaohui Wang received the M.S. degree in image
processing from the University of Derby, Derby,
U.K., in 2004, and the Ph.D. degree in color and
imaging science from the University of Leeds, Leeds,
U.K., in 2008.

He was with the Norwegian Colour and Visual
Computing Laboratory, Gjøvik, Norway, to work
on visual computing, multispectral color imaging
research projects. He was with Hainan University,
China, in 2013. He is currently a Professor of com-
puter science with the Faculty of Computer Science

and Technology. His current research interests include hyperspectral image
processing and analysis, remote sensing image processing and its applications,
computer vision, and deep learning.

Dr. Wang professional memberships include IS&T, SPIE, IEEE, and CCF.

Faouzi Alaya Cheikh (Senior Member, IEEE) re-
ceived a B.Sc. degree in electronics from l’Ecole Na-
tionale d’Ingenieurs de Tunis, Tunis, Tunisia, in 1992,
the M.Sc. degree in signal processing, and the Ph.D.
degree in information technology from the Tampere
University of Technology, Tampere, Finland, in 1997
and April 2004, respectively.

Since 1994, he has been a Researcher with the
Signal Processing Algorithm Group, Tampere Uni-
versity of Technology, Tampere, Finland. Since 2006,
he has also been with the Department of Computer

Science and Media Technology, Gjøvik University College, Gjøvik, Norway, as
an Associate Professor. Since January 2016, he has also been with the Norwegian
University of Science and Technology (NTNU), Trondheim, Norway. He teaches
courses on image and video processing and analysis, and media security. He
is currently the cosupervisor of nine Ph.D. students. He has been involved in
several European and national projects among them ESPRIT, NOBLESS, COST
211Quat, HyPerCept, IQ-Med, and H2020 ITN HiPerNav. He has authored and
coauthored more than 150 peer-reviewed journal and conference articles, and
supervised four postdoctoral researchers, nine Ph.D. and a number of M.Sc.
thesis projects on the topics of his research interests, which include e-Learning,
3-D imaging, image and video processing and analysis, video-based navigation,
biometrics, pattern recognition, embedded systems, and content-based image
retrieval.

Prof. Cheikh is a member of NOBIM and Forskerforbundet (The Norwegian
Association of Researchers-NAR). He is on the Editorial Board of the IET
Image Processing Journal and the Editorial Board of the Journal of Advanced
Robotics and Automation, and the technical committees of several international
conferences. He is an expert reviewer to a number of scientific journals and
conferences related to the field of his research.

Mohib Ullah (Member, IEEE) received the bache-
lor’s degree in electronic and computer engineering
from the Politecnico di Torino, Torino, Italy, in 2012,
the master’s degree in telecommunication engineer-
ing from the University of Trento, Italy, in 2015,
and the Ph.D. degree in computer science from the
Norwegian University of Science and Technology
(NTNU), Trondheim, Norway, in 2019.

He is currently a Postdoctoral Research Fellow
with NTNU, where he is involved in research, man-
agement, teaching, and industrial projects. He has au-

thored and coauthored several high-impact peer-reviewed journals, conferences,
and workshop articles on the topics of his research interests, which include
medical imaging, crowd analysis, object segmentation, behavior classification,
and tracking.

Dr. Ullah was a Program Committee Member for the International Workshop
on Computer Vision in Sports. He was a Chair for the Technical Program at
the European Workshop on Visual Information Processing. He is the Guest
Editor of the applied sciences journal. He is the Reviewer of many conferences
and journals (Neurocomputing (Elsevier), Neural Computing and Applications
(Elsevier), Multimedia Tools and Applications (Springer), IEEE ACCESS, the
Journal of Imaging, IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops, IEEE International Conference on Image Processing,
and IEEE International Conference on Advanced Video and Signal-Based
Surveillance).



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


