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Abstract— Hyperspectral images (HSIs) provide rich
spectral–spatial information with stacked hundreds of contiguous
narrowbands. Due to the existence of noise and band correlation,
the selection of informative spectral–spatial kernel features
poses a challenge. This is often addressed by using convolutional
neural networks (CNNs) with receptive field (RF) having
fixed sizes. However, these solutions cannot enable neurons
to effectively adjust RF sizes and cross-channel dependencies
when forward and backward propagations are used to optimize
the network. In this article, we present an attention-based
adaptive spectral–spatial kernel improved residual network
(A2S2K-ResNet) with spectral attention to capture
discriminative spectral–spatial features for HSI classification
in an end-to-end training fashion. In particular, the proposed
network learns selective 3-D convolutional kernels to jointly
extract spectral–spatial features using improved 3-D ResBlocks
and adopts an efficient feature recalibration (EFR) mechanism to
boost the classification performance. Extensive experiments are
performed on three well-known hyperspectral data sets, i.e., IP,
KSC, and UP, and the proposed A2S2K-ResNet can provide
better classification results in terms of overall accuracy (OA),
average accuracy (AA), and Kappa compared with the existing
methods investigated. The source code will be made available at
https://github.com/suvojit-0 × 55aa/A2S2K-ResNet.

Index Terms— Channel attention, convolutional neural net-
works (CNNs), hyperspectral images (HSIs), image classification,
receptive field (RF), residual network (ResNet).

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) contain rich
spectral–spatial information that is encoded in many

narrow and contiguous spectral bands. HSI analysis has been
applied in several fields related to Earth observation, such
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as greenery detection, urbanization analysis, and crop area
analysis [1]–[4]. Due to the large number of spectral bands,
feature redundancy and the curse of dimensionality should
be addressed in remote sensing HSI analysis. To tackle
the abovementioned challenges, dimentionality reduction
techniques, such as band selection [5], [6] and subspace
learning [7], have been widely used for HSI classification [8],
[9] and denoising [10].

The conventional approaches using handcrafted features
[11]–[13] cannot effectively extract discriminative yet robust
information for HSI classification. In the last decade, deep
learning-based methods have proved very effective [14]–[16].
In this context, convolutional neural network (CNN) acts as
an automatic kernelized feature extractor via deploying a
series of hierarchical filtering layers. The 2-D CNN stacked
autoencoder [17] is the first attempt to extract deep features
from its compressed latent space to classify hyperspectral data.
Zhao et al. [18] exploited a multiscale sparse deep spatial
feature representation for HSI classification from the latent
space of stacked sparse autoencoder (SSAE). Li et al. [19]
introduced a deep belief network to jointly extract deep and
abstract features for HSI classification with increased compu-
tation cost. Makantasis et al. [20] designed a 2-D CNN model
to extract the spatial information and successfully classify
the raw HSI cubes in a supervised manner. The layer-wise
feature fusion without attention [21], the multibranch selective
kernel (SK) network with attention [22], and the data augmen-
tation strategy [23], [24] were employed to deal with gradient
vanishing and overfitting problems.

The use of spectral information alone is difficult to
recognize the structure types of surface materials in urban
analysis [25]. To achieve better classification results, it is desir-
able to extract spatial–spectral features jointly from raw HSI.
Multiple kernel learning (MKL) [26] has been used to effec-
tively handle the heterogeneous kernels in both spectral–spatial
direction for HSI classification. Recently, the encoding of
spatial–spectral features through CNN has gained a lot of
attention for HSI classification. The 3-D CNN simultane-
ously extracts spectral–spatial features and thus significantly
improves the accuracy [27]. Yang et al. [28] proposed a
two-branch architecture to extract the joint spectral–spatial
features for classification. Hamida et al. [29] presented
a 3-D deep learning architecture, which takes a 3-D volume
as input to extract joint spatial–spectral features. The perfor-
mance of this model can be further improved by considering
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multiscale information [30]. Lee and Kwon [31] created
multiscale spatiospectral relationships using 3-D CNN and
fused the features using 2-D CNN. Song et al. [21] proposed
a deep feature fusion strategy by considering the correlated
information among different layers and using residual learn-
ing to reduce network overfitting and gradient vanishing.
Zhong et al. [32] introduced a supervised spectral–spatial
ResNet (SSRN) that uses a series of 3-D convolutions in
the respective residual blocks to extract discriminative joint
representation. Recently, Zhu et al. [33] proposed RSSAN by
introducing a spectral–spatial attention layer to SSRN. In our
prior work [34], we proposed HybridSN using the sequential
arrangement of 3-D and 2-D CNNs to extract more robust
representation of spectral–spatial information. The attention
mechanism has been widely explored in vision community
for channel weighting [35]–[38] and has also been recently
adopted in the HSI domain. To improve the performance of
squeeze-and-excitation network (SENet) [36] for HSI clas-
sification, we proposed FuSENet [39] using two bilinear
SENets with different squeezing strategies, i.e., global average
pooling (GAP) and global max pooling (GMP). We also
proposed S3ResBoF [40] to reduce the trainable parameters by
introducing a bag-of-features encoding layer before the fully
connected layer. Yu et al. [41] proposed a CNN model with
three convolutions and fused layer-wise features to gain better
classification accuracy. Han et al. [42] utilized a two-stream
CNN to learn the spatial–spectral features at different scales.
Zhou et al. [43] introduced a compact and discriminative
autoencoder to progressively learn a low-dimensional feature
mapping and an effective classifier. Kang et al. [44] defined
a dual-path network by combining ResNet and DenseNet
to learn joint features extracted from the bottleneck layer.
Fang et al. [45] introduced a deep hashing neural network
for hyperspectral image (HSI) feature extraction and fast
classification. Paoletti et al. [46] developed a deep pyramidal
residual network (ResNet) (DPyResNet) and a CNN architec-
ture based on Hinton’s CapsNets [47] for fast and accurate HSI
classification. Ding et al. [48] introduced LANet using local
attention embedding to improve semantic segmentation of
remotely sensed images. Recently, Hong et al. [49] introduced
graph convolution network (GCN) to model relations between
samples for HSI classification. They also investigated different
strategies to fuse GCNs and CNNs to make them more suitable
for HS image classification.

The receptive field (RF) or kernel size, which is the region
that directly affects the convolution operation, plays a key
role in deep CNN models [22], [50]–[52]. To the best of our
knowledge, most of the existing CNN models for HSI analysis
use the fixed size of RFs for feature extraction. This restricts
the model to learn weights without addressing the problem of
selecting RFs during model training. In general, larger RFs
cannot capture fine-grained structures, whereas too small RFs
tend to eliminate coarse-grained image structures [52], [53].
In this article, we explore A2S2K-ResNet, an attention-based
adaptive spectral–spatial kernel improved ResNet for HSI
classification. In A2S2K-ResNet, the RF size of neurons is
automatically adjusted and cross-channel relationships among
features are strengthened by introducing an efficient feature

TABLE I

DESCRIPTION OF THE SYMBOLS USED THROUGHOUT THIS ARTICLE

recalibration (EFR) mechanism into modified ResBlocks, thus
boosting the classification accuracy. The contributions of this
article are summarized as follows.

1) An attention-based adaptive spectral–spatial kernel mod-
ule is introduced for the first time to learn selective 3-D
convolutional kernels for HSI classification.

2) An improved spectral–spatial ResNet is designed to
extract the joint spectral–spatial features. Meanwhile,
an EFR mechanism is adopted to better capture nonlin-
ear cross-channel interdependencies of the transformed
feature maps.

3) The proposed network architecture improves the feature
representation ability and achieves the state-of-the-art
classification accuracy on three benchmark data sets
(i.e., IP, KSC, and UP) using limited training samples.

The rest of this article is organized as follows.
Section II introduces the proposed network architecture of
A2S2K-ResNet. Section III reports the classification results.
Finally, Section IV draws the conclusion.

II. PROPOSED METHOD

Let Xorig ∈ RH×W×B be a spectral–spatial 3-D HSI with
height H , width W , and B spectral channels. All the pixels
xi, j ∈ Xorig, where i = 1, . . . W and j = 1, . . . H , are grouped
into Lc land-cover classes represented by Y = y1, y2, . . . yLc .
The joint spectral and spatial information is used by consider-
ing the regions of size S × S centered at pixel (i, j) and stack-
ing them into X, which can be defined as a spectral–spatial
vector Xi, j = [xi, j,1, . . . xi, j,B] ∈ RS×S×B . The proposed HSI
classification framework is composed of three main steps:
1) selection of spectral–spatial kernel attention feature maps;
2) recalibration of the spectral–spatial feature maps in the
spectral dimension using spectral attention based improved
ResNet; and 3) classification using a so f tmax-based fully
connected layer. Table I lists the used symbols throughout
this article. Fig. 1 shows the framework of the proposed
A2S2K-ResNet network, which is detailed in the following
sections.
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Fig. 1. Framework of the proposed network for HSI classification. Given a raw 3-D input patch of size S × S × B , where B is the number of spectral bands,
the input is first passed through FA2 S2 K (·) to learn the selection of spectral–spatial kernel among different RFs. Then, discriminative features are extracted
through Fres(·) and recalibrated through the spectral–spatial channel attention FEFR(·). Finally, the classification is performed using the so f tmax layer.

Fig. 2. Adaptive spectral–spatial kernel attention module.

A. Attention-Based Adaptive Spectral–Spatial Kernel Module

To gain robust performance for HSI classification, it is
required to address the challenging task of jointly extracting
spectral–spatial feature maps while automatically adjusting the
RFs of the network. This can be achieved by properly select-
ing convolutional kernels from different sizes of RFs [52].
Fig. 2 show the attention-based adaptive spectral–spatial ker-
nel (A2S2K) module that consists of three main operations,
i.e., kernel split, fusion, and selection. The whole module takes
HSI cube X ∈ RS×S×B as input and produces an adaptive
spectral–spatial kernel feature map V ∈ RS×S×B as output

V = FA2S2K(X; θa) (1)

where θa denotes trainable parameters in A2S2K. The details
of this module are introduced as follows.

Kernel Split: Let X ∈ RS×S×B be the input HSI cube and�F (l+1)
spectral : Xl → �U (l+1) ∈ RS×S×B and �F (l+1)

spatial : Xl → �U (l+1) ∈
RS×S×B the (l + 1)th layer transformations, where Xl is the
input to spectral and spatial kernel selection transformation
in the (l + 1)th layer. Zero padding is used for the sake of
dimensionality constraint during convolution operations. Two
output feature maps �U (l+1) and �U (l+1) are defined as

�U (l+1) = �F (l+1)
spectral(Xl) = Xl ∗ W (l+1)

(1×1×7) + b(l+1)

�U (l+1) = �F (l+1)
spatial(Xl) = Xl ∗ W (l+1)

(3×3×7) + b(l+1) (2)

where ∗ denotes the 3-D convolution operation, W l+1 and
b(l+1) are weights and biases of the (l + 1)th convolutional

layer, respectively, and two 3-D convolutional kernels having
RF sizes (1 × 1×7) and (3 × 3×7) are used to extract
spectral and spatial feature maps. The transformation �Fspectral

extracts the spectral features, whereas �Fspatial is associated
with the spatial features. The 3-D convolution in the (l + 1)th
layer processes the j th raw of the HSI cube Xl

j ∈ RS×S×B

as input. The layer contains x (l+1) trainable filters of size
kl+1 × kl+1 × dl+1 with a stride size (s1, s1, s2) in the height,
width, and spectral depth dimensions. The size of the output
feature map in the (l + 1)th 3-D convolutional layer is Sl+1 ×
Sl+1 × Bl+1, where height, width, and spectral depth values
are determined as Sl+1 = �1 + (Sl − kl+1)/s1� and Bl+1 =
�1+(Bl−dl+1)/s2�, respectively. The output of the αth feature
map in the (l + 1)th layer through 3-D convolution+batch
normalization (Conv B N) can be mathematically defined as

Xl+1
α = ReLU

⎛
⎝ xl�

j=1

Fbn
�

Xl
j

� ∗ W l+1
α + bl+1

α

⎞
⎠

Fbn
�

Xl
j

� = Xl
j − μ

�
Xl

j

�
�

σ 2
�

Xl
j

� + �
.γ + β (3)

where ReLU is an activation function [54] and Fbn(Xl
j) is

the BN for the lth layer of the j th feature Xl and μ(·) and
σ 2(·) are the batch-wise mean and variance of the input feature
maps, respectively. W l+1

α and bl+1
α are kernel parameters and

bias of the αth filter bank in the (l + 1)th layer, while γ and
β are learnable vector parameters.

Fusion: The goal of A2S2K is to enable neurons to jointly
learn spectral–spatial features by automatically adjusting their
RF sizes and to amplify the flow of multiscale information in
the next layers of neurons. To fulfill the goal, similar to [52],
the output feature maps, i.e., the transformations �Fspectral and�Fspatial, are fused via an element-wise addition (⊕) between
ûi, j,c ∈ �U (l+1) and ũi, j,c ∈ �U (l+1) to produce an output
U (l+1) ∈ RS×S×B given by

U (l+1) = �U (l+1) ⊕ �U (l+1) (4)

where S is the height and width of the feature maps and B
is the total number of channel feature maps in the volume
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Fig. 3. Illustrating the adaptive spectral–spatial kernel attention as shown in bottom row [(f)–(j)] on some example images given in top row [(a)–(e)] taken
from UC Merced Land Use Data set (http://weegee.vision.ucmerced.edu/data sets/landuse).

�U (l+1), �U (l+1) ∈ RS×S×B . In order to exploit the feature
dependencies obtained from various sizes of RFs, the channel-
wise descriptor sl+1

b is computed by simply performing GAP
on the feature maps, U (l+1) ∈ RS×S×B to squeeze the spatial
dimension of U (l+1) to sl+1

b ∈ R1×1×B along the direction of
the bth feature map

sl+1
b = 1

S × S

S�
i=1

S�
j=1

u(l+1)
i, j,b . (5)

To learn compact representations and capture nonlinear
cross-channel interactions, the channel descriptor sl+1

b is fed
into a fully connected (FC) layer with an associated weight
matrix W(l+1) ∈ Rd×B followed by an activation function
ReLU [54]. The compact representation of the channel descrip-
tor can be computed as

z(l+1) = F f c
�
sl+1

b

� = ReLU
�
W(l+1) · sl+1

b

�
(6)

where z(l+1) ∈ Rd×1 plays an important role in supervising
the adaptive selection of spectral–spatial kernels based on the
channel-wise statistics. The key parameter d = max(B/r, L)
is used to achieve model convergence, where r is a reduction
ratio of z(l+1) that helps to compress the dimension and L is
the minimum value of d experimentally set to 32 [52].

Selection: The automatic selection of discriminative
spectral–spatial kernel feature maps is guided by the compact
representation of channel descriptor z(l+1) with adaptive RF
sizes. Specifically, z(l+1) is applied to a sof tmax function to
calculate the spectral–spatial kernel attention vector (S2KAV)

ml+1
spectral = eM(l+1)

b z(l+1)

eM(l+1)
b z(l+1) + eN(l+1)

b z(l+1)
(7a)

nl+1
spatial = eN(l+1)

b z(l+1)

eM(l+1)
b z(l+1) + eN(l+1)

b z(l+1)
(7b)

where ml+1
spectral and nl+1

spatial denote the soft S2KAV for �U (l+1) and�U (l+1), respectively. Here, M(l+1)
b ∈ R1×d and N(l+1)

b ∈ R1×d

are the bth row of M(l+1) ∈ RB×d and N(l+1) ∈ RB×d , respec-
tively. Then, the kernel recalibrated spectral–spatial feature V

Fig. 4. EFR module.

is calculated by applying soft S2KAV ml+1
spectral and nl+1

spatial along
with the spectral dimensions as follows:

V = �
ml+1

spectral ⊗ �U (l+1)
� ⊕ �

nl+1
spatial ⊗ �U (l+1)

�
subject to

�
ml+1

spectral + nl+1
spatial

� = 1 (8)

where V = [v1, v2, . . . , vB ] and vi ∈ RS×S, ∀ i = 1, . . . , B.
The diagram representing the input shape, the kernel size,
and the output feature maps is shown in Fig. 2. In addition,
the adaptive spectral–spatial kernel attention is shown on
some example images in Fig. 3, demonstrating that RFs can
highlight spatial locations of the objects while eliminating
irrelevant feature information.

B. Efficient Feature Recalibration Module

To gain improved performance, it is important to capture
long range nonlinear cross-channel interdependencies of the
transformed feature maps. This can be achieved through
feature recalibration or spectral attention mechanism. In this
work, we make use of an efficient spectral attention mecha-
nism introduced in [55]. As shown in Fig. 4, the EFR module
takes the lth layer transformed feature map Xl ∈ RS×S×B

as input and produces a channel recalibrated feature map�Xl+1 ∈ RS×S×B as output, that is

�Xl+1 = FEFR(Xl; θb) (9)

where θb denotes the trainable parameters in the EFR module.
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More specifically, we first calculate a descriptor that char-
acterizes each channel using a spatial squeeze operation via a
GAP

y = G(Xl) = 1

S × S

S�
i, j=1

xi, j,c (10)

where xi, j,c ∈ Xl represents the cth channel of the feature
map, G(Xl) denotes the GAP function, and y ∈ R1×1×B

is the channel-wise descriptor. To find the useful feature
maps, the descriptor y is reweighted along the channel dimen-
sion. The dimensionality loss has a direct side effect on the
appropriate channel prediction and fails to capture proper
cross-channel interrelationship across all the channels in fea-
ture maps [36]. On the contrary, FEFR(·) block can capture
interchannel dependencies across all the channels using a 1-D
convolution by considering k local neighborhoods. To increase
the discriminative power of intermediate feature selection, it is
desirable to find the minimum participating local neighbors
in the prediction of a channel by adaptively selecting the
kernel of size k. As shown in [55], the best weights of
yi ∈ y (i = 1, . . . , B) can be obtained by performing a linear
interaction between each channel and its k neighbors, where
all the channels share the same leaning parameters, that is,

ωi = σ

⎛
⎝ k�

j=1

β j · y j
i

⎞
⎠, y j

i ∈ 	k
i (11)

where 	k
i denotes a collection of k adjacent channels yi

and β j represents the shareable weight associated with each
y j

i . Equation (11) can be implemented by a fast 1-D con-
volution. ω ∈ RB is a feature recalibration vector (FRV),
which emphasizes multiple convolutional channel features by
transforming Xl to �Xl+1 with a little computational overhead
but brings significant improvement for HSI classification. The
recalibrated feature map �Xl+1 ∈ RS×S×B is produced by
performing the channel-wise multiplication as follows:

�Xl+1 = Fscale(xc · ωc) ∀c∈[1,...,B] (12)

where xc ∈ Xl and Xl = [x1, x2, . . . , xB ].

C. Modified Spectral–Spatial Residual Network

The ResNet and its variants [55]–[61] are powerful CNN,
which can well deal with the vanishing gradient problem.
To propagate information backward and forward in the net-
work, the original ResNet is formed by depth-wise stack-
ing the residual building blocks (ResBlocks) together. The
flows of original and preactivation ResBlocks are shown
in Fig. 5(a) and (b).

To extracts more robust and discriminative representation
of spectral–spatial features, the spectral–spatial kernel fea-
ture map X ∈ V selected using (8) is passed through the
ResBlocks. The ResBlocks, the input is passed through two
consecutive 3-D convolution operations parameterized with
the feedforward residual function Fres(Xl

j ; θ1, θ2) using filter
banks W j = {W l+i |1 ≤ i ≤ 2} of kernel size kl

1 × kl
2 × kl

3 in
the (l + 1)th and (l + 2)th layers. Then, as shown in Fig. 5,
Fres(Xl

j; θ1, θ2) goes into an EFR module FEFR(·) defined

Fig. 5. Stages of various residual blocks. (a) ResNet block. (b) Preactivation
block. (c) I-ResNet block.

TABLE II

CONFIGURATION OF THE KERNEL SHAPES IN EACH

RESBLOCK OF THE PROPOSED NETWORK

in (9) and an identity mapping I(Xl
j ) = Xl

j is directly added
as a shortcut connection, that is,

2Xl+2
j = I(Xl

j ) + FEFR
�Fres

�
Xl

j; θ1, θ2
��

(13)

Fres
�

Xl
j ; θ1, θ2

� = ReLU
�

Xl+1
j

� ∗ W l+2
j + bl+2

j (14)

Xl+1
j = ReLU

�
Xl

j

� ∗ W l+1
j + bl+1

j (15)

where Xl+1 and Xl+2 are output feature maps after the 3-D
convolutions in the (l + 1)th and (l + 1)th layers, respectively,
θ1 = {W l+1

j , W l+2
j }, and θ2 = {bl+1

j , bl+2
j }. W j = {W l+i |1 ≤

i ≤ 2} and b j = {bl+i
j |1 ≤ i ≤ 2} denote the weight matrix and

bias vector associated with the j th ResBlock in the (l + 1)th
and (l + 2)th Conv B N layers, respectively.

To increase the projection power of consecutive residual
blocks Fres(Xl

j; θ1, θ2) while not hampering the information
flow, we combine the original and preactivation ResBlocks to
form the modified improved ResNet (I-ResNet). As shown
in Fig. 5, I-ResNet contains the starting, middle, and end-
ing residual blocks, and each block contains three opera-
tions of Conv3D, BN, and ReLU in different arrangements.
Compared with SSRN that only uses the orignal ResBlocks
[see Fig. 5(a)], the I-ResNet can improve the projection power
according to our experiments.

Fig. 1 shows the proposed whole network that comprises
four consecutive ResBlocks, each having 24 kernels. The
shapes of the applied kernels and strides are shown in Table II.
Depending on the kernel shape, ResBlocks are categorized into
two groups, i.e., spectral feature learning and spatial feature
learning. The first two ResBlocks are used to extract spatially
focused spectral features, whereas the last two are used to

Authorized licensed use limited to: University of Petroleum & Energy Studies. Downloaded on December 27,2020 at 12:33:28 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

6 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

extract spectrally focused spatial features. Hence, the joint
learning of spectral–spatial features increases the discrimina-
tive power of the proposed model. After the ResBlocks, a GAP
layer is used to transform 3-D feature maps of size 7 ×7 ×24
into a feature vector of size 1×1×24. Finally, a fully connected
layer with a so f tmax function is used for classification. The
classification objective is the commonly used cross-entropy
function given by

LossCE = − 1

M

M�
m=1

Lc�
c=1

ym
Lc

log ŷm
Lc

(16)

where ym
Lc

and ŷm
Lc

are actual and predicted class labels,
respectively, M is the total number of minibatch samples, and
Lc is the total number of land-cover classes.

III. EXPERIMENTAL RESULTS

To show the effectiveness of our method, we conduct
classification experiments on three well-known benchmark
HSI data sets.1 The performance is evaluated in terms of
overall accuracy (OA), average accuracy (AA), and statis-
tical kappa (κ) coefficient. Among the total test samples,
the ratio of correctly classified samples is determined as
OA, the average of class-wise accuracy is determined as
AA, and κ represents a strong mutual agreement between
the generated classification maps of one network model
and the given ground truth. We compare classical machine
learning and representative deep learning methods available
in [63]2: random forest (RF) [64], multinomial logistic regres-
sion (MLR) [65], support vector machine (SVM) with radial
basis function [1], gated recurrent unit (GRU) [66], long short
term memory (LSTM) [67], ResNet [56], ContextNet [31],
MS-3DNet [30], ENL-FCN [62], DPyResNet [46], and
SSRN [32]. All experiments are performed in a system with
the NVIDIA P100 16 GB GPU and 60 GB of RAM.

A. Description of Data Sets

The Indian Pines (IP) data set is gathered by the Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) [68] sensor
over the IP test site in North-western Indiana. This data set
contains 224 spectral bands within a wavelength range of
400–2500 nm. The 24 null and corrupted bands have been
removed. The image spatial dimension is 145×145, and there
are 16 mutually exclusive vegetation classes, some of with
highly imbalanced number of samples.

The Kennedy Space Center (KSC) data set was gathered
in 1996 by AVIRIS [68] with wavelengths ranging from 400 to
2500 nm. The images have a spatial dimension 512×614 pix-
els and 176 spectral bands after removal of some low signal-
to-noise ratio (SNR) bands. The KSC data set consists of in
total 5202 samples of 13 upland and wetland classes.

The University of Pavia (UP) data set was acquired by
the Reflective Optics System Imaging Spectrometer (ROSIS)
sensor [69] during a flight campaign over the university
campus at Pavia, Northern Italy. The data set contains images

1http://dase.grss-ieee.org/
2https://github.com/mhaut/hyperspectral_deeplearning_review

TABLE III

SUMMARY OF THE CHARACTERISTIC OF THE IP, THE KSC,
AND THE UP DATA SETS

Fig. 6. Impacts of the number of kernels used in ResBlocks on OAs with
10% of training samples randomly taken from IP, KSC and UP, respectively.

of 9 land-cover classes from urban areas and the spatial
dimension is 610 ×340 pixels, acquired in 103 spectral bands
in the wavelength range of 430–860 nm.

Table III summarizes the three data sets. For preprocessing,
images in data sets are normalized to zero mean value with
unit variance. The 3-D patches of size 9 × 9 × 200, 9 × 9 ×
176, and 9 × 9 × 103 are extracted without dimensionality
reduction from IP, KSC, and UP data sets, respectively. For
our experiments, the whole samples are randomly divided into
two disjoint training and test sets. The limited 10% samples
are used for training and the remaining 90% for performance
evaluation.

B. Experimental Setup and Parameter Evaluation

We learn the weights of 3-D spectral–spatial filters banks
using the Adam [70] optimizer, which can smoothly back-
propagate the flow of network gradients generated from the
loss function. The model is trained using 200 epochs with
limited samples randomly taken from the training set. The
batch size is set to 32 and the whole process is repeated
five times to report the average accuracy and the standard
deviation. In every single epoch, the model configuration with
the highest accuracy is used to evaluate the test set. In the
following paragraphs, we will discuss other factors that affect
the network performance.

The learning rate is a crucial part of gradient decent
algorithms, which affects gradient update and network con-
vergence. The optimal learning rate in the proposed model
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TABLE IV

OVERALL ACCURACY (%) OF RESNET, DPYRESNET, SSRN, AND THE PROPOSED A2s2K-ResNet USING DIFFERENT

SPATIAL WINDOW SIZES AND 10% OF TRAINING SAMPLES

TABLE V

OA, AA, AND κ VALUES ON THE IP DATA SET USING FIXED 10% OF TRAINING SAMPLES

TABLE VI

OA, AA, AND κ VALUES ON THE KSC DATA SET USING FIXED 10% OF TRAINING SAMPLES

was found using one cycle policy [71]. Once the optimal
learning rate was set, a cosine annealing scheduler was used
to regulate the learning rate over 200 epochs for each data set.
The overfitting is also an important issue associated with the
model while dealing with a large number of trainable parame-
ters. To overcome this problem, the regularization technique,
namely batch nomalization (BN), was introduced to further
optimize the network parameters. Fig. 5 shows the BN used in
the main path of ResBlocks before and after the convolutional
layer. To achieve stable classification performance, all the
results throughout this article are computed using the BN
regularizer.

The size and shape of the kernels in ResBlock play an
important role in extracting discriminative features. Table II
shows the 24 kernels of recorded shapes that are shared in
the convolutional layers of respective ResBlock to extract
spectral–spatial feature maps. To achieve good OAs, the num-
ber of kernels is varied in an interval of 8 from 8 to 32 (more
filters increase discriminative power at the cost of computation
time [72]). Fig. 6 shows the OAs achieved by the proposed

model using a different number of kernels on the IP, KSC,
and UP data sets. It is observed that 24 kernels give optimal
results and the performance variation is almost negligible for
different kernels on the KSC data set. Thus, 24 kernels are
used in each convolutional layer for the three data sets.

The spatial size of input 3-D patches also influences the
performance of the proposed network. As shown in Table IV,
the best OAs of the proposed methods are achieved using
windows of size 7×7, 7×7, and 11×11 for IP, KSC, and UP
data sets, respectively. For SSRN, the best results are achieved
using windows of size 9 × 9, 9 × 9, and 11 × 11. For fair
comparisons, the spatial window of the proposed method is
fixed as 9 × 9 × B for all the three data sets.

C. Classification Results

Tables V–VII show the average OAs, AAs, and κs (and
their standard deviations based on five runs) on the IP, KSC,
and UP data sets, respectively. Overall, the proposed method
outperforms all the classical machine learning models in terms
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TABLE VII

OA, AA, AND κ VALUES ON THE UP DATA SET USING FIXED 10% OF TRAINING SAMPLES

Fig. 7. OA achieved by different methods with varying training sample sizes. (a) IP, (b) KSC, and (c) UP data sets.

of OA, AA, and κ on the three data sets. Specifically, on the
IP data set, our method achieves the OA value of 98.66%, and
the three classical models, SVM, GRU, and LSTM, achieve
82.00%, 81.24%, and 82.13%, respectively. On the KSC data
set, our method achieves the highest OA value of 99.34%.
GRU (90.13%) and LSTM (90.18%) perform much better
than SVM (81.27%), while RF (86.17%) achieves comparable
performance to MLR (85.52%). On the UP data set, the pro-
posed method achieves superior OA performance of 99.85%.
By contrast, the best OA performance of the classical models
is 94.19% obtained by SVM.

For deep neural networks, when using 10% of training
samples, the proposed method performs slightly better than
SSRN [32] and significantly outperforms other methods in
terms of OA, AA, and κ on three data sets. In particular,
the differences of AAs between the proposed method and
the second best methods are +1.38, +0.08, and +0.11 on
IP, KSC, and UP data sets, respectively. In addition, almost
all methods, including some classical models, outperform
ResNet by a large margin on the KSC data set. The ENL-FCN
and SSRN perform almost equally over the KSC and UP
data sets. ENL-FCN achieves worse OA and κ values than
ContextNet, SSRN, and the proposed method on IP. The
proposed method consistently achieves improved performance
compared to SSRN, indicating that our method can better
model the spectral–spatial features selected by the adjustment
of various RFs. The class-specific samples in the IP data
set are highly imbalanced. For example, the class of “Oats”
(Class 9) contains 20 samples, whereas “Soybean-mintill”
(Class 11) contains 2455 samples. Regarding the class-specific
accuracy, ContextNet performs best (86.90%) for the class

of “Oats,” followed by the proposed method (74.26%).
ENL-FCN (72.22%) performs better than MS-
3DNet (66.67%), ResNet (60.83%), and SSRN (56.25%).

We further evaluate the performance of different methods
with varying training sample sizes, i.e., 2%, 3%, 5%, 10%,
15%, and 20% for IP and KSC data sets and 2%, 3%, 4%,
6%, 8%, and 10% for the UP data set. Figs. 7 and 8 show
the OA and kappa values of different methods with varying
training set sizes, respectively. Overall, the proposed method
consistently outperforms other ones on all three data sets.
The poor performance is given by ResNet and DPyResNet
in terms of OA and kappa on all data sets. When a larger
portion of training set is used, the proposed method and
SSRN perform closely on all three data sets. However, when a
sufficiently small training set (e.g., lower than 5%) is used, the
robustness of the proposed method can be clearly observed by
comparing the large differences among ours and ENL-FCN
and SSRN. This is mainly because we use an improved
spectral–spatial ResNet with feature recalibration mechanism
to extract more discriminative spectral–spatial recalibrated
features.

D. Ablation Study

To further validate the effectiveness of different mod-
ules used in the proposed framework, we perform ablation
experiments while keeping the other experimental settings
unchanged (as discussed in Section III-B).

1) The SK and efficient channel attention (ECA) modules
are removed from the proposed framework, and fea-
ture extraction and classification are performed using
IResNet.

Authorized licensed use limited to: University of Petroleum & Energy Studies. Downloaded on December 27,2020 at 12:33:28 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

ROY et al.: ATTENTION-BASED ADAPTIVE SPECTRAL–SPATIAL KERNEL ResNet 9

Fig. 8. Kappa coefficient achieved by different methods with varying training sample sizes. (a) IP, (b) KSC, and (c) UP data sets.

TABLE VIII

ACCURACY ANALYSIS IN TERMS OF OA, AA, AND KAPPA FOR DIFFERENT MODULES OF THE PROPOSED FRAMEWORK

Fig. 9. Classification maps for IP data set. (a) False-color composite image. (b) Ground truth. (c)–(i) Classification maps produced by the ResNet,
the ContextNet, the MS-3DNet, the DPyResNet, the ENL-FCN, the SSRN, and the proposed A2S2K-ResNet, respectively. (j) Color labels.

2) The SK module is removed from the proposed frame-
work (the resulting model is denoted as IResNet+ECA).

3) The ECA-based IResNet is replaced by SSRN (the
resulting model is denoted as SK+SSRN).

4) The ECA module is removed from the IResNet (the
resulting model is denoted as SK+IResNet).

Table VIII shows the results of the ablation study in terms of
OA, AA, and Kappa using window size 9×9 and 10% of train-
ing samples over IP, KSC, and UP data sets. Compared with
SK+SSRN, SK+IResNet provides a significant improvement

in OA for all the data sets and achieves comparable perfor-
mance in terms of Kappa for the UP data set. We also observe
that IResNet+ECA works better than SK+IResNet for the IP
and KSC data sets. Overall, the proposed network can achieve
the state-of-the-art performance. Hence, we can conclude
that in the proposed framework, the SK module helps to
adaptively learn the importance of each spectral–spatial kernel
features. IResNet+ECA extracts and learns the recalibrated
feature maps, which emphasizes informative feature maps and
suppressing less useful features during training the network.
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Fig. 10. Classification maps for KSC data set. (a) False color composite image. (b) Ground truth. (c)–(i) Classification maps produced by the ResNet,
the ContextNet, the MS-3-DNet, the DPyResNet, the ENL-FCN, the SSRN, and the proposed A2S2K-ResNet, respectively. (j) Color labels.

Fig. 11. Classification maps for UP data set. (a) False color composite image. (b) Ground truth. (c)–(i) Classification maps produced by the ResNet, the
ContextNet, the MS-3-DNet, the DPyResNet, the ENL-FCN, the SSRN, and the proposed A2S2K-ResNet, respectively. (j) Color labels.

TABLE IX

COMPARISONS OF COMPUTATIONAL COSTS AND MEMORY USES (MB) OVER THREE DATA SETS
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Fig. 12. Visualization of the proposed 2-D spectral–spatial features for the test samples in different data sets via t-SNE. The points represent the features
of test samples and their class labels are shown with different colors. (a) IP, (b) KSC, and (c) UP. (Best viewed in color.)

E. Analysis of Computational Cost and Memory Usage
Table IX shows the model complexity of different net-

works in terms of number of trainable weight parameters
updated during backpropagation, GPU memory requirements,
and computational cost. It is observed that SSRN [32] and
the proposed model use approximately the same number of
parameters. ENL-FCN [62] uses the least number of para-
meters, whereas ResNet and DPyResNet require the largest
number of parameters. The memory usage of each model is
also given in Table IX. It is observed that the proposed network
uses approximately 12-MB GPU memory, while the memory
requirement is comparatively less for MS-3DNet and Con-
textNet. Due to the LSTM-based cell architecture, ENL-FCN
requires 504.74-MB GPU memory. The computational cost
is calculated by floating-point operations (106× FLOPs). It is
observed from the results that SSRN and the proposed method
have close FLOPs (i.e., 314.8 and 340.1). ENL-FCN and Con-
textNet take the highest and lowest FLOPs, i.e., 4683.9 and
63.2, respectively. In addition, Table IX shows the per sample
training time for different methods calculated over IP, KSC,
and UP data sets. The proposed model takes 39, 1.4, and
211 ms per sample for training over the IP, KSC, and UP data
sets, respectively. For the IP data set, SSRN and MS-3DNet
take the highest and lowest training time, i.e., 91 and 2 ms
per sample, respectively. For the KSC data set, MS-3DNet
and ENL-FCN take 0.5 and 3.7 ms per sample, respectively.
In the case of UP, ContextNet takes the highest training time,
whereas MS-3DNet takes the lowest.

F. Visualization
The visualization of classification maps generated by differ-

ent methods is shown in Figs. 9–11, for IP, KSC, and UP data
sets. Figures (a) and (b) shows the false-color composites and
ground-truth images, respectively, while (c)–(i) are generated
by different methods using 10% of training samples. One can
see that the quality of the proposed model and SSRN looks
better compared to others due to the less artifacts present in
the generated maps.

To show the representation ability of our trained model,
we visualize the extracted features in 2-D space via the
t-SNE algorithm [73]. As shown in Fig. 12, samples from
the same class are clustered into one group, whereas samples

from different classes become easily separable from each
other. Thus, the proposed model can well learn the abstract
representation of spectral–spatial features.

IV. CONCLUSION

In this article, we have presented an attention-based adap-
tive spectral–spatial kernel ResNet (A2S2K-ResNet) for HSI
classification. The proposed network selects spectral–spatial
3-D convolutional kernels with automatically adjusted RF
sizes in an end-to-end training fashion. The spectral and spatial
features are jointly extracted from the selected 3-D kernel
feature maps using improved ResBlocks. Every ResBlock is
followed by an EFR mechanism to augment the discriminative
power of convolutional feature maps. The classification perfor-
mance has been evaluated on three well-known HSI data sets,
and the proposed A2S2K-ResNet outperformed other state-
of-the-art methods, especially when using a limited number of
training samples.
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