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Abstract—The hyperspectral images are composed of a variety
of textures across the different bands which increase the spectral
similarity and makes it difficult to predict the pixel-wise labels
without inducing additional complexity at the feature level. To
extract robust and discriminative features from the different re-
gions of land-cover, the hyperspectral research community is still
seeking such type of convolutions which can efficiently deal with
fine-grained texture information during the feature extraction
phase, which often overlook this aspect by vanilla convolution.
To overcome the above shortcoming, this paper proposes a gener-
alized gradient centralized 3D convolution (G2C-Conv3D) oper-
ation, which is a weighted combination between the vanilla and
gradient centralized 3D convolutions (GC-Conv3D) to extract
both the intensity level semantic information and gradient level
information. Which can be easily plugged into the existing HSI
feature extraction networks to boost the performance of accurate
prediction for land-cover types. To validate the feasibility of
the proposed G2C-Conv3D, we have considered the existing
CNN3D, MS3DNet, ContextNet and SSRN feature extraction
models and as well as CAE3D, VAE3D, and SAE3D autoencoder
(AE) networks, respectively. All these networks are embedded
with G2C-Conv3D convolution to implement both generalized
gradient centralized feature extraction networks (G2C-FE) and
generalized gradient centralized autoencoder networks (G2C-
AE) for fine-grained spectral-spatial feature learning. In addi-
tion, G2C-Conv2D is also considered with few networks. The
extensive experiments are conducted on four most widely used
hyperspectral datasets i.e., IP, KSC, UH, and UP, respectively,
and compared with nine methods. The results demonstrate that
the proposed G2C-Conv3D can effectively enhanced the feature
learning ability of the existing networks and both the qualitative
and quantitative results show the superiority and effectiveness
of the proposed G2C-Conv3D. The source codes will be publicly
available at https://github.com/danfenghong/G2C-Conv3D-HSI.
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I. INTRODUCTION

W ITH the rapid development of remote sensing satellite
sensors, the land-cover classification with various earth

observation (EO) datasets, e.g. hyperspectral images (HSI) [1],
synthetic aperture radar (SAR) [2], light detection and ranging
(LiDAR) [3] are becoming the hot research topic among the
remote sensing communities [4]. Hyperspectral images contain
rich spectral information which is encoded in the form of spec-
tral bands and can be used to distinguish between the different
land-cover classes of interest but especially having slightly
more complex spectral behaviours [5]. On the other hand, the
distinction between the spectrally similar texture classes can
be made easily by capturing more subtle discrepancies from
the contiguous representation of spectral bands associated
with each pixel. However, due to the high spectral variability
causes by the noise artifacts [6], [7] introduced adversarial, the
discriminative feature extraction becomes difficult from such
data.

In the early days of HSI classification, the hand-crafted
descriptors were widely used to extract the feature using the
supervised or unsupervised manner and learn them for classifi-
cation [8]–[12] but failed to explore the spectral-spatial feature
effectively. Among the conventional approaches, local binary
pattern (LBP) is one of the simplest and computationally
efficient texture operators use to extract illumination invariant
spectral features and classify them using extreme learning
machine (ELM) [13]. Wei et al., proposed dual-channel 1D
CNN framework to extract both spectral feature from raw HSI
and spatial discriminative feature from LBP transform image
for classification [14]. Anwer et al. introduced a two-stream
deep architecture for feature fusion between the standard
RGB image and texture coded LBP mapped image which
are extracted through the VGG network for remote sensing
scene classification [15]. Morphological operators are the
good choice to extract spectral-spatial morphological profiles
(MPs) mutually from raw HSI and then classification can be
performed using supervised algorithms [16]. In a similar way,
to achieve promising classification performance the extracted
MPs can be classified using support vector machine [17].
Dalla Mura et al. introduced a new variants of MPs i.e.,
attribute profiles (APs) [18] to retrieve more enhance spectral-
spatial features. To reduce the trainable parameters similar
to SVM, random forest (RF) and logistic regression [19]
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classifier also shown great success in the field land-cover
classification task [20]. Sun et al. [21] proposed a powerful
target detection method by well making use of binary trees that
enable the significant separation between the target and the
background. The proposed method can effectively highlight
the target while suppressing the background without being
constrained by traditional model assumptions to achieve the
superior performance in target detection.

Recently, deep learning (DL) has already made significant
progress in HSI classification task [22]. Inspired by the suc-
cess of DL techniques, Chen et al. is the first to explore
2D stacked autoencoder [19] for the HSI classification task.
Zhao et al. [23] introduce multi-scale sparse convolution with
stacked sparse autoencoder (SSAE) to increase the discrimi-
native power of latent codebook and then the latent feature
is used for classification. Li et al. introduced deep belief
networks (DBN) for unsupervised feature extraction from HSI
data [24]. Autoencoder (AE) is an unsupervised model and
known to be an extractor of spectral features from unlabelled
data [25], but unlike AE the CNN is able to extract spatial
features as well and combining both of this feature can
achieve significant improvements [26]. To extract the spatial
semantic features from HSI the 2D convolution was the most
widely used operation [27]. Among the successful attempts,
Xu et al. proposed local binary convolution (LBPCNN) [28],
is formed using a set of randomly generated convolutional
weights which are sparse, as well as binary. Luan et al.
introduced Gabor convolution [29] which are computationally
easy and used to preserve local invariance characteristic and
also boost the resistance to the local spatial changes. Yu et
al. proposed the central difference convolution which shows
excellent feature representation ability for the intrinsic face
images [30]. Two other related widely used convolution for
image classification task are dilated convolution [31] and
deformable convolution [32]. Makantasis et al. used a trainable
CNN2D framework for extraction of HSI feature and classify
each test pixel using a supervised manner [33]. Lee et al.
proposed an end-to-end convolutional neural network that can
effectively handle the redundant spectral bands during feature
learning stages [34]. Roy et al. proposed morphological CNN
to learn shape invariant feature transform for robust HSI
classification [35]. Challa et al. introduced watershed classifier
(TripletWS) as the last classification layer by replacing the
widely used softmax classifier which is extended the watershed
operator from mathematical morphology [36].

Spatial information alone could not achieve satisfactory
performance in such challenging land-cover types. The 3D
convolution is proven to be effective for integrating the spectral
and spatial features, which played an important role in HSI
classification [37], [38]. Hamida et al. introduced CNN3D
network for joint spectral-spatial feature extraction [39] and
the performance can be further enhanced by introducing multi-
scale strategy in feature learning process [40]. However, it is
difficult to train a CNN3D network with a less number of
training samples, to elevate this aspect, Fang et al. introduced a
lightweight semi-supervised collaborative learning framework
using the joint spectral and spatial feature for HSI prediction
by reducing the models parameters [41]. Inspired by the

ResNet architecture [42], Paoletti et al. introduces pyramid
based residual learning for HSI classification problem [43] and
Ma et al. proposed two branches spectral and spatial network
to learn joint residual feature representation for HSI classi-
fication [44]. To increase the discriminative feature learning,
multimodal CNN models received great interest in terms of
HSI and LiDAR feature fusion [45]–[47]. Roy et al. tried to
explore both 3D and 2D features in a sequential fashion [48]
and also studied the effects of learning adaptive kernel in
ResNet [49] in the context of HSI classification. Recently,
Zhu et al. introduced the spectral and spatial attention mech-
anism to recalibrate the feature learning process of exiting
SSRN [50]. Hong et al. proposed graph convolution network
(GCN) to better represent the relations between the spectral
and spatial feature for HSI classification [51]. In addition to
the above models generative adversarial networks have made
good progress in HSI classification task [52], [53].

To increase the classification performance of the existing
models but without introducing additional complexity for
example add few more layers to the network would be an
interesting research area. But searching for an optimized net-
work that can enhance the classification performance requires
years of research. Therefore, designing an efficient model is
a time consuming process. In this paper, we introduced an
efficient convolution operation that can extract the gradient
level details called gradient centralized 3D convolution, which
is basically overlooked by the vanilla convolution. In addition,
finally a weighted combination between vanilla and gradient
centralized 3D convolution is proposed to form generalized
gradient centralized 3D convolution by extracting both inten-
sity level semantic details and gradient level information from
raw hyperspectral data which also ensures fine-grained feature
extraction. The generalized gradient centralized 3D convolu-
tion (G2C-Conv3D) operation can be achieved through two
step process i.e., sampling and aggregation, respectively. This
can be easily embedded with any existing CNNs to reduce
the models’ floating-point operations (FLOPs) and also ensure
even better classification accuracy. The main contributions of
this work can be summarized as follows.

• The gradient centralized 3D convolution (GC-Conv3D)
helps to extract the gradient level invariant information
during training from raw HSI data which are often
overlooked by vanilla convolution.

• We introduce generalized gradient centralized 3D con-
volution (G2C-Conv3D) convolution to tackle the long-
standing and most challenging problems of vanilla con-
volution for spectral-spatial feature learning by weighted
combination of both vanilla and GC-Conv3D convolu-
tion operation. To best of our knowledge, this is the first
reported G2C-Conv3D convolution for HSI classification
in general.

• The G2C-Conv3D reduces FLOPs, easy to implement
and can be plugged into existing networks to boot the
HSI classification performance.

• The proposed G2C-Conv3D can easily be adapted for
other classification tasks for volumetric data while main-
taining the same hyperparameter settings. The main
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Fig. 1. Generalized representation of the proposed gradient centralized 3D
convolution.

advantage of the G2C-Conv3D is its robustness, and
exhibited remarkably stable performance when applied
to existing networks.

The rest of the paper is organized as follows. The motivation
behind the proposed method is described in Section II. Sec-
tion III introduces the proposed G2C-Conv3D convolution
operation. The experimental results with detailed discussion
are derived in Section IV. Finally, conclusions are given in
Section V.

II. MOTIVATION

Convolution operations are the backbone architecture of
many deep neural networks (DNNs). In computer vision, many
networks have commonly used convolutions operation are
fundamentally explored in the image domain for extracting
the basic visual intrinsic patterns which are more robust
and discriminative for backend image classification tasks.
Moreover, vanilla convolution always extracts intensity level
semantic features which are not sufficient for discriminative
classification, and to boost the performance the gradient level
information are equally important for accurate prediction of
HSI pixels which is often overlooked by vanilla convolution.
Vanilla 2D Convolution: The 2D convolution operation ∗ in
lth layer can be defined in image domain as follows:

O(i,j)
m,l =

D∑
d=1

k∑
u,v=−k

W
(u,v)
m,d ∗ X

(i−u,j−v)
(l−1),d (1)

where (i, j) denotes the current position on both the D-
dimensional lth layer input X l−1D and output mth feature maps
Om,lD and the sampling points within the local receptive field
region of size (k × k) can be denoted by R. Eqn. (1) mainly
combines two steps: sampling and aggregation, respectively.
The sampling of local receptive field in a region R over the
input feature map XD with dilation = 1 and kernel of size
3, the enumerates local receptive points will be R = {(-1,-
1), (-1,0), (-1,1), (0,-1), (0,0), (0,1), (1,-1), (1,0), and (1,1)}.
The sampled values are aggregated via D-dimensional mth

learnable weights Wm
D . It can be observed from Eqn. (1)

that the key characteristic of the convolution is its translation
invariance property due to the same learnable weights Wm

D is
applied throughout the whole input feature maps XD.

III. PROPOSED CLASSIFICATION FRAMEWORK

This article aims to solve the most substantial problems
of the former vanilla convolution in the HSI classification

task. Inspired by the characteristics of the local binary pat-
tern (LBP) [54], we first introduced the gradient centralized
operation over the vanilla 2D convolution and then proposed to
extend the gradient centralized convolution into 3D to process
the volumetric hyperspectral data. Then to extract the fine-
grained information from the limited and imbalanced HSI
samples a weighted combination between both sources of
information i.e. intensity level semantic features and gradient
level of details are considered where vanilla convolution
extracts the intensity level semantic features and gradient
centralized convolution captures the gradient level of details,
respectively. Finally, the compact form of gradient centralized
convolution can be plugged into several exiting networks to
extract more robust and fine-grained texture features encoded
in different spectral bands for efficient classification of HSI
data which are generally overlooked by the existing standard
vanilla CNNs.

A. Gradient Centralized Convolution:

To enhance both the representation and generalization ca-
pability like-wise LBP [28], [54], introducing gradient in-
formation to the convolution operation, is able to extract
detailed gradient level information called gradient centralized
convolution (GC-Conv2D). On the other hand like 2D vanilla
convolution, the gradient centralized convolution operation
also combines two common steps, i.e., sampling and aggre-
gation, respectively. The sampling step is the same as in
vanilla convolution (Eqn. (1)) while in gradient centralized
convolution, the aggregation is done slightly different way
where the center oriented gradient information of the sampled
values are summarized and the Eqn. (1) becomes

O(i,j)
m,l =

D∑
d=1

k∑
(u,v)=−k

W
(u,v)
m,d ∗ [X (i−u,j−v)

(l−1),d −X (0,0)
(l−1),d]

=

D∑
d=1

k∑
(u,v)=−k

W
(u,v)
m,d ∗ OX

(2)

where (X (i−u,j−v)
(l−1),d −X (0,0)

(l−1),d) captures the rate of changes of

intensity w.r.t the center pixel, X (0,0)
(l−1),d for a window of size

(k × k) which can be referred as local gradients, OX and it
can also be noted that the gradient value with respect to the
center position (0, 0) itself always equals to zero.

B. Gradient Centralized 3D Convolution

Similar to the gradient centralized 2D convolution, to calcu-
late the lth layer mth output feature maps O(i,j,r)

m,l at position
(i, j, r) gradient centralized 3D convolution introduces an
extra convolutional parameter z to the mth learnable weights
matrix W

(u,v,z)
m,d and the value of the weight parameter at

position (u, v, z) and d is the depth of the kernel to perform
the channel-wise convolution operation in z direction for the
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intermediate (l−1)th layer input feature maps X (i−u,i−v,r−z)
(l−1),d

shown in Eqn. (3).

O(i,j,r)
m,l =

[1,D]∑
d

[−k,k]∑
(u,v,z)

W
(u,v,z)
m,d ~ [X (i−u,i−v,r−z)

(l−1),d −X (0,0,0)
(l−1),d]

=

[1,D]∑
d

[−k,k]∑
(u,v,z)

W
(u,v,z)
m,d ~OX

(3)
where ~ denotes gradient centralized 3D convolution (GC-
Conv3D) operation. It can be noted that to generate a volu-
metric feature map as output the depth of the weight matrix
(or kernel) is always lesser than the depth of the input
feature maps which ensures the convolution operation in-depth
direction. Please note the range of variables is shown at the
top of the summation for compact representation of Eqn. (3).

C. Generalized Gradient Centralized 3D Convolution

In case of HSI classification task, richer spectral–spatial
information are encoded in large number of narrow and
contiguous spectral bands. So, it is important to distinguish
between the two visually similar but different land cover class
descriptions by increasing the inter-class dissimilarity and as
well as increases the intra-class similarity. To achieve this
both the sources of information i.e., intensity level semantic
features as well as the gradient level of details are crucial
and hence a better and feasible model can be formed by
utilizing the weighted (θ) combination between the vanilla
convolution and the gradient centralized operation to extract
the fine-grained details. Finally, the compact representation
of gradient centralized 3D convolution operation shown in
Eqn. (4), where the parameter θ ∈ [0, 1] highlights the percent-
ages of contribution between the intensity level and gradient
level details extracted using the convolution operation shown
in Eqn. (4). The generalized representation of the proposed
gradient centralized 3D convolution is shown in Fig. 1. The
higher preference to gradient centralized convolution is given
by setting the larger value to θ in Eqn. (4). To provide highest
preference the θ value 0.70 is set to gradient centralized 3D
convolution and similarly 0.30 set for vanilla convolution,
experimentally. If θ value is selected as 1 then Eqn. (4)
becomes conventional gradient centralized 3D convolution.
The weighted combination of both sources of information
ensure the fine-grained feature extraction for HSI classification
task and which also provides more robust and generalization
capacity. In the rest of paper, we will use this generalized
gradient centralized 3D convolution (G2C-Conv3D) to show
the performance improvement for the existing models.

D. Generalized Gradient Centralized Spectral residual block

To extract the informative spectral features from the raw
HSI input cubes, X ∈ RS×S×B , in general the spectral
residual blocks is be used but it can be noted that the
vanilla 3D convolution fails to distinguish different types of
texture composed in multiple spectral bands and overlook
the fine-grained information. To overcome this aspect and to
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Fig. 2. Formation of Residual block with generalized gradient centralized 3D
convolution.

extract more robust and discriminative fined-grained spectral
feature representation using the layered specific learnable
kernels during the back-propagation of the network. We have
replaced all the vanilla 3D convolutions with generalized gra-
dient centralized 3D convolution (G2C-Conv3D) and named
it generalized gradient centralized spectral residual block
(G2CSResNet). In G2CSResNet block, the jth input feature
cubes, Xpj ∈ RS×S×B from pth layer is sequentially passed
through two consecutive convolution operations using the filter
banks Hj = {Hp+i|1 ≤ i ≤ 2} having kernel of 3D shape
kp1 × k

p
2 × k

p
3 in the (p+ 1)

th and (p+ 2)
th layers, which are

parameterized with ω1 and ω2 and mathematically represented
by the feed-forward residual function FG2CRes(Xp

j ;α1, α2).
Then, the jth output feature maps Xp+1

j and Xp+2
j after the

3D convolutions operation in the successive (p+ 1)
th and

(p+ 2)
th layers are directly added with an identity mapping

I(Xp
j ) = Xp

j as a skip connection, and can be defined as

Xp+2
j = Φ(I(Xp

j )⊕ FG2CRes(Xp
j ;α1, α2)) (5a)

FG2CRes(Xp
j ;α1, α2) = BN((Xp+1

j ) ~H l+2
j ⊕ bp+2

j ) (5b)

Xp+1
j = BN(Φ(Xp

j ~Hp+1
j ⊕ bp+1

j )) (5c)

where ~ denotes the proposed G2C-Conv3D operation, Φ is
ReLU activation function [55], BN(Xq

j ) =
Xqj−E[Xqj ]

V ar[Xqj ]
is the

batch normalization [56], E(.) and V ar(.) represent mean and
variance of the input tensor, α1 = {Hq+1

j , Hp+2
j }, and α2 =

{bp+1
j , bp+2

j }, respectively. The spatial shapes of the output 3D
feature maps are kept unchanged by a padding strategy where
the values of the border area of the output is copied to the
padding areas of the next feature maps. Hj = {Hp+i|1 ≤ i ≤
2} and bj = {bp+ij |1 ≤ i ≤ 2} denote the jth weight matrix
and bias vector associated with the two consecutive (p+ 1)

th

and (p+ 2)
th G2C-Conv3D+BN1 layers, respectively.

E. Generalized Gradient Centralized Spatial Residual Block

Similar to the G2CSResNet block, the robust and invariant
fine-grained spatial feature representation can be extracted
through the proposed generalized gradient centralized spa-
tial residual block (G2CSpResNet) for further improvement
when the vanilla 3D convolution are replaced with the pro-
posed G2C-Conv3D operation. This can be achieved by
the learnable filter banks namely Hq+1 and Hq+2 within
the two consecutive (q + 1)

th and (q + 2)
th G2C-Conv3D

layers and the shape of trainable kernels are kq1 × kq2 × kq3
where kq3 is same as the depth of the 3D input feature

1We can combine 3D convolution and BN layers as G2C-Conv3D+BN for
naming simplicity.
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O(i,j,r)
m,l = θ ·

[1,D]∑
d

[−k,k]∑
(u,v,z)

W
(u,v,z)
m,d ~ [X (i−u,i−v,r−z)

(l−1),d
−X (0,0,0)

(l−1),d
]

︸ ︷︷ ︸
Gradient Centralized 3D Convolution

+(1− θ) ·
[1,D]∑

d

[−k,k]∑
(u,v,z)

W
(u,v,z)
m,d ~ [X (i−u,i−v,r−z)

(l−1),d
]

︸ ︷︷ ︸
Vanilla 3D Convolution

(4)

maps. The spatial size of output 3D feature maps Xq+1

and Xq+2 in the (q + 1)
th and (q + 2)

th layers are kept
unchanged to by a small neighboring padding strategy of size
3 × 3. The jth output feature maps Xq+1

j and Xq+2
j after

the G2C-Conv3D convolutions operation in the successive
(q + 1)

th and (q + 2)
th layers are then directly added with a

skip connection to learn an identity mapping I(Xq
j ) = Xq

j

as shown in Fig. 2, which are parameterized with θ1 and θ2
and can be represented by a feed-forward gradient centralized
residual function FG2CRes(Xq

j ;β1, β2) and mathematically
becomes

Xq+2
j = Φ(I(Xq

j )⊕ FG2CRes(Xq
j ;β1, β2)) (6a)

FG2CRes(Xq
j ;β1, β2) = BN((Xq+1

j ) ~H l+2
j ⊕ bq+2

j ) (6b)

Xq+1
j = BN(Φ(Xq

j ~Hq+1
j ⊕ bq+1

j )) (6c)

where β1 = {Hq+1
j , Hq+2

j }, β2 = {bq+1
j , bq+2

j }, and Hj =

{Hq+i|1 ≤ i ≤ 2} and bj = {bq+ij |1 ≤ i ≤ 2} denote the
weight matrix and bias vector associated with jth input of
the two consecutive G2C-Conv3D+BN layers (q + 1)

th and
(q + 2)

th, respectively2.

F. Revisiting Deep Classification Models

Now a days there have been increasing efforts to use model-
based deep learning framework as mainstream research for
HSI classification task rather than improving the existing. This
is the first attempt where we introduced the G2C-Conv3D to
ensure the utilization of fine-grained textural details for im-
balanced HSI classification which are basically overlooked by
the vanilla CNN3D models. The performance of the existing
DNN models can be improved significantly by replacing all the
vanilla 3D convolution layers with G2C-Conv3D. To show
the effectiveness of the proposed G2C-Conv3D convolution,
we have considered the following models i.e., SSRN [37],
Conv3D [39], [57], MS3DNet [40], and ContextNet [34]
and embeded them with generalized gradient centralized 3D
convolution to modelled into G2C-SSRN, G2C-Conv3DNet,
G2C-MS3DNet, and G2C-ContextNet, respectively.
Generalized Gradient Centralized Spectral-Spatial Resid-
ual Network: Like spectral features, the spatial neighboring
pixels provide some meaningful structural relationship, for
example, buildings have geometric shapes whereas the fractal-
like appearance can be seen for forest regions, by considering
this information, performance of the models improve signifi-
cantly. The most common way for classifying hyperspectral
data is to consider the joint spectral-spatial feature using
some specific kernels and extracted them during the training
phase. The simplest and widely used for joint spectral-spatial
features, the SSRN [58] is one of the successful network

2Remaining notations are same with Subsection A.

TABLE I
LAYER-WISE DETAILS OF THE PROPOSED G2C-SSRN ARCHITECTURE

(G2C-CONV3D: GENERALIZED GRADIENT CENTRALIZED 3D
CONVOLUTION, BN: BATCH NORM, RELU: ACTIVATION FUNCTION,

AVGPOOL-3D: AVERAGE POOL AND B: BANDS.)

Layers Output Shape Kernel and Stride
Input Layer Input Shape= (9, 9, 200)G2C-Conv3D

BN
ReLU

 24 × 9 × 9 × 97
24 × 9 × 9 × 97
24 × 9 × 9 × 97

 Kernel = (1, 1, 7)
Stride = (1, 1, 2)

G2CSResNet Block

24 × 9 × 9 × 97
24 × 9 × 9 × 97
24 × 9 × 9 × 97

× 2
Kernel = (1, 1, 7)

Padding = (0, 0, 3)
Stride = (1, 1, 1)G2C-Conv3D

BN
ReLU

 128 × 9 × 9 × 1
128 × 9 × 9 × 1
128 × 9 × 9 × 1

 Kernel = (1, 1, dB−6
2
e)

Stride = (1, 1, 1)G2C-Conv3D
BN

ReLU

 24 × 7 × 7 × 1
24 × 7 × 7 × 1
24 × 7 × 7 × 1

 Kernel = (3, 3, 128)
Stride = (1, 1, 1)

G2CSpResNet Block

24 × 7 × 7 × 1
24 × 7 × 7 × 1
24 × 7 × 7 × 1

× 2
Kernel = (3, 3, 1)

Padding = (1, 1, 0)
Stride = (1, 1, 1)

AvgPool-3D 24 × 1 × 1 Kernel = (5, 5, 1)

Dense dropout = 0.5

FC class = 16

architecture for HSI classification, which includes a spectral
feature learning and a spatial feature learning phase, an
AvgPool-3D layer, and a fully connected (FC) layer. A
shortcut connection between every other residual block for
preserving the information loss and besides, this provides
better optimization in end-to-end joint representation learning.
The SSRN achieves good overall performance but the perfor-
mance is not satisfactory when a limited number of samples
are considered for training, due to lacks of the fine-grained
detailed information which is basically overlooked by the
vanilla 3D convolution operation used in SSRN. To overcome
this shortcomings, we have introduced the generalized gradi-
ent centralized spectral-spatial residual network (G2C-SSRN)
for fine-grained HSI classification shown in Fig. 3 where
the underlying architecture keep remain same but all the
Conv3D+BN are replaced with G2C-Conv3D+BN to ensure
the fine-grained feature extraction using both the ResBloks i.e.,
G2CSResNet and G2CSpResNet, respectively (Please see
SubSec. III-D and III-E for more details). The spectral feature
is extracted using G2CSResNet block to focus on detecting
the correlations among the different spectral bands. Similarly,
the spatial feature extraction phase is applied to utilize the
spatial neighboring information around the centred pixel [59].
To achieve this G2CSpResNet block aims to force the model
to focus on detecting and highlighting the correlations in
the spatial domain. Due to the fine-grained behavior of the
G2C-Conv3D operation, the G2C-SSRN network improves
the model generalization power and gradually boots the overall
classification performance of the HSI task. Fig. 3 shows the
complete overview of G2C-SSRN network architecture.
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Fig. 3. Graphical representation of the generalized gradient centralized spectral spatial residual network (G2C-SSRN) for HSI classification.

To explain the architecture of G2C-SSRN, we consider the
3D input patch of size 7×7×200 to the network extracted from
raw IP dataset. To extract the low-level spectral features in
the beginning G2C-Conv3D+BN+ReLU, 24 kernels of shape
(1×1×7) with a stride of (1,1,2) is applied to generate output
feature of shape (24×9×9×97). Then the spectral feature is
extracted with two consecutive G2CSResNet blocks using
24 kernels of same shape as previous layer but with an stride
of (1,1,1) to produce output feature maps (24×9×9×97). In
the middle again 128 and 24 kernels of shape (1×1×dB−C2 e)
and (3×3×128), respectively are used in two consecutive
G2C-Conv3D+BN+ReLU layers. Similarly, spatial feature is
extracted with two consecutive G2CSpResNet blocks using
24 kernels of shape (3×3×1) with an stride of (1,1,1) to
have an output feature maps of size (24×7×7×1) and fi-
nally, an AvgPool-3D is employed using the kernel of size
(5×5×1) followed by a FC layer for calculating the class
probabilities. The layer-wise details of the G2C-SSRN net-
work architecture shown in Table I. Generalized Gradient
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Fig. 4. Graphical representation of the generalized gradient centralized 3D
convolution network (G2C-Conv3DNet) for HSI classification.

Centralized 3D Convolutional Network: This is a general
CNN model for HSI classification task [39], which uses
two consecutive vanilla 3D convolutions followed by batch
normalization (Conv3D+BN), a max pooling layer and finally,
two fully connected (FC) layers at the end. Due to it’s ability to
learn low-level spectral-spatial feature representation, CNN3D
is widely used in the remote sensing community [57]. The
advantage of such CNN3D framework is that it can take care
of both the spatio-spectral information and merged in a non
separable way at the early stages of the training process.

This approach also utilizes maximum use of the information
presented in the volumetric data and without introducing
additional complexity. Unlike the CNN3D approaches, here we
introduce a novel and efficient generalized gradient centralized
3D convolution network (G2C-Conv3DNet) architecture for
HSI classification that, replaces all the vanilla 3D convolutions
with G2C-Conv3D and helps the model to processes the fine-
grained details from both the spatial and as well as spec-
tral dimension simultaneously. The new G2C-Conv3DNet
network learns better representations from the limited and
imbalanced available samples using the fewer trainable param-
eters. In G2C-Conv3DNet, the 3D input data cube 9×9×B
is passed through two consecutive G2C-Conv3D+BN+ReLU
blocks having 32 and 16 gradient centralized kernels of shape
(5×5×24) and (5×5×16), respectively to utilize spatial neigh-
boring information around a center pixel. Finally, the max-
pool3D is performed with the kernel of shape (2, 2, 1) before
the feature flattening, which is also followed by additional two
FC layers for predicting the classification scores. An overview
of the G2C-Conv3DNet architecture for HSI classification is
shown in Fig. 4.

Generalized Gradient Centralized Multi-Scale Convolu-
tional Network: Due to the high-resolution nature of hyper-
spectral scene [40], textures of different land-cover classes
are varying based on the shapes and scales presence. This
approach takes advantage of both the spatial and spectral
feature information presences in the raw volumetric data but
missed to focus on the fine-grained detailed information for
HSI classification which is overlooked by the vanilla 3D
convolution operation. But also sacrifices the information loss
up to some extent due to not having residual skip connec-
tions between the intermediate layers. Unlike MS3DNet, the
G2C-MS3DNet can capable to re-calibrate both the fine-
grained multi-scale spectral and as well as spatial features with
the help of G2C-Conv3D convolution operation employed
in a multi-scale fashion and learns even better representation
from the limited and imbalanced available samples during
training. In G2C-MS3DNet, the spatial G2C-Conv3D is
performed using 16 kernels of size (2×2×11) with stride
of shape (1,1,3) to focus mainly on spatial features. Then,
two consecutive G2C-Conv3D layers use 16 kernels of sizes
(1×1×1), (1×1×3), (1×1×5) and (1×1×11), respectively
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Fig. 5. Graphical representation of the generalized gradient centralized multi-scale 3D convolution network (G2C-MS3DNet) for HSI classification.

with stride of (1,1,1) to extract the multi-scale information and
combine all the individual feature maps by an element-wise
addition, to have an output feature maps of size 16 immedi-
ately after the ReLU non-linearity’s, which is followed by a
G2C-Conv3D operation using kernel of size (2×2×3) and a
stride of (1,1,1). The features are flattened immediately after
the max-pool3D operation and a FC layer is employed for final
classification. The graphical representation of G2C-MS3DNet
model for HSI classification is shown in Fig. 5.
Generalized Gradient Centralized Contextual Network:
The overall performance of HSI classification can be enhanced
by introducing the multi-scale strategy into the convolutional
neural networks and further emphasized by the residual learn-
ing paradigm [42] to control the information flow during
back-propagation of the network [34]. This feature makes the
model to learn more robust representation from raw HSI data
cubes and spatial neighboring relationship as compared to the
conventional CNNs but due to the lacks of fine-grained details
the performance of the model gradually degrades for complex
HSI scene e.g., University of Houston (UH). To overcome
the aforementioned flaws, this paper introduced G2C-Conv3D
convolution into the above model to form G2C-ContextNet
which ensures the extraction of fine-grained details from
the homogeneous land-cover texture classes and enhance
the overall performance of HSI classification. To utilize the
benefits of B spectral bands and inspired by the Incep-
tion paradigm [60], the initial layer of G2C-ContextNet
extracts multi-scale fine-grained spatial-spectral feature with
the help of spatially increasing kernels of sizes (1×1×B),
(3×3×B) and (5×5×B), respectively. These individual feature
maps are combined and pass through ReLU non-linearity as
well as local response normalization (LRN) [61]. Then, a
G2C-Conv3D layer kernelized with (1×1×B) is employed
and followed by two consecutive residual blocks along with
two more G2C-Conv3D convolution layer to generate the
feature maps that directly project in the final separable space
for classification immediately after the max-pool2D operation.
This whole structure of the model for HSI classification is
illustrated in Fig. 6.

G. Revisiting Autoencoders for HSI classification
An autoencoder [62], the simplest reconstruction neural

network consists with an encoder and a decoder architecture.

The aims of encoder network qθ(δ|X ) is to map the input
X ∈ R9×9×B into a hidden representation δ ∈ Rd, unlike
autoencoder, the decoder network pφ(X̂ |δ) reconstructs back
X̂ ∈ R9×9×B the original representation from δ by minimiz-
ing the discrepancy between the original and its reconstructed
representation using the widely used mean squared error L,
given as L(X , X̂ ) = ||X − X̂ ||2. Fig. 7 shows a three layered
convolutional autoencoder (CAE) network having symmetric
in shape where each convolutional layers consisting of a
Conv3D, and batch normalization (BN) followed by a ReLU
non-linearties. The dimension of hidden representation δ ∈ Rd
is smaller than X , and the reduce dimension can be used
for further classification task once the reconstruction is very
similar to the original.

Similar to the autoencoder network, the variational autoen-
coder (VAE) network [63] tries to map into a distribution by
generating a mean (µ) and variance (Σ) of a Gaussian distri-
bution in each dimension instead of projecting whole X into a
fixed hidden representation δ as shown in Fig. 7. Accordingly
z is sampled from the variational normal distribution N(µ,Σ)
and the sampled z is projected through few hidden layers via
up-sampling method followed by G2C-Conv3D operation and
then to the reconstructed image space X̂ of the original X . Due
to not having proper global feature representations and the loss
function of the VAE consists with a negative log-likelihood and
a KL-regularizer [64], [65]. The individual loss li that depends
on a single data point xi and can be calculated as follows,

li(θ, φ) = −Eδ∼qθ(δ|xi)[log pφ(xi|δ)] +KL(qθ(δ|xi)||p(δ))
(7)

The first term in Eqn. (7) represents the reconstruction loss,
encountered by the expected negative log-likelihood of the i-
th data point xi. This loss term encourages pφ(xi|δ to learn
the representation better. Similarly, the second term indicates
the Kullback-Leibler (KL) divergence which can be obtained
from the encoder’s distribution qθ(δ | xi) and prior p(z). The
KL-divergence ensures how much information is lost during
the reconstruction process.

The stack autoencoder (SAE) [19], [66] is a neural network
consist of several convolutional autoencoders where output of
each latent representation is connected to the input of the
successive autoencoder. After the successful training of the
latent feature of the first autoencoder using sufficient input
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Color Land cover type Samples
Background 10776

Alfalfa 46
Corn notill 1428
Corn min 830

Corn 237
Grass/Pasture 483
Grass/Trees 730

Grass/pasture-mowed 28
Hay windrowed 478

Oats 20
Soybeans notill 972
Soybeans min 2455
Soybean clean 593

Wheat 205
Woods 1265

Bldg Grass Tree Drives 386
Stone steel towers 93

Total samples 21025

Fig. 8. The ground truth, type associated with the land-cover classes, and
number of available samples in the Indian Pines (IP) dataset.

data then this learned latent feature is used to train for the
successive layers of next AE and this will continued until the
training is completed or the reconstructed quality of HSI is
sufficiently good enough.

The above discussed AE and its variants are initially de-
signed with vanilla convolution (i.e., 2D or 3D) and unable to
achieved enough discriminative ability to represent the latent
space effectively this is due to the weak feature represen-
tation produced by the vanilla convolution. To increase the
discriminative power into the hidden dimension, and this can

be achieved by generalized gradient centralized convolutions
which is plugged with the models CAE2D, CAE3D, VAE3D,
and SAE3D to encode more robust fine-grained information
extracted during convolution operation and we termed the
models as G2C-CAE2D, G2C-CAE3D, G2C-VAE3D, and
G2C-SAE2D, respectively.

IV. EXPERIMENTAL RESULT AND DISCUSSION

A. Experimental Data

To verify the performance of the proposed gradient central-
ized convolutional models, four well-known and benchmark
datasets (i.e., IP, KSC, UP, and UH)3 were considered for the
evaluation. The detailed description of the datasets are given
as follows

Indian Pines (IP) data sets was gathered by AVIRIS [67]
(Airborne Visible/Infrared Imaging Spectrometer) sensor over
the Indian Pines test site in North-western Indiana in 1992. IP
has images with 145×145 spatial dimension of 20m/pixel and
224 spectral bands where the wavelength range of 400 to 2500
nm, 24 bands have been removed out of which 4 null spectral
bands and other 20 bands are corrupted by the atmospheric
water absorption. The 16 mutually exclusive vegetation classes
are available into the IP data set. However, about 50% (10249)
pixels from a total of 21025 contain ground truth information

3http://dase.grss-ieee.org/
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Color Land cover type Samples
Background 164624

Asphalt 6631

Meadows 18649

Gravel 2099

Trees 3064

Painted metal sheets 1345

Bare Soil 5029

Bitumen 1330

Self Blocking Bricks 3682

Shadows 947

Total samples 207400

Fig. 9. The ground truth, type associated with the land-cover classes, and the
number of available samples in the University of Pavia (UP) dataset.

from 16 different land-cover classes. The ground truth and
class-specific samples of 16 land-cover for IP data are shown
in Fig. 8.

The University of Pavia (UP) dataset acquired by the RO-
SIS (Reflective Optics System Imaging Spectrometer) sensor
during a flight campaign over the university campus at Pavia,
Northern Italy in 2001 and it consists of 610 × 340 pixel
spatially with 103 spectral bands in the wavelength range
of 430 to 860 nm and having 1.3 mpp spatial resolution.
The ground truth is designed to have 9 urban land-cover
classes. Moreover, about 20% of the total 207400 pixels
contain ground truth information. The class-specific samples
of 9 different land-cover for UP data and ground truth are
shown in Fig. 9.

Color Land cover type Samples
Background 309157

Scrub 761
Willow swamp 243
CP hammock 256

Slash pine 252
Oak/Broadleaf 161

Hardwood 229
Swap 105

Graminoid marsh 431
Spartina marsh 520
Cattail marsh 404

Salt marsh 419
Mud flats 503

Water 927

Total samples 314368

Fig. 10. The ground truth, type associated with the land-cover classes, and
the number of available samples in the Kennedy Space Centre (KSC) dataset.

The Kennedy Space Center (KSC) dataset was gathered in
1996 by AVIRIS [67] with wavelengths ranging from 400 to
2500 nm. The images have a spatial dimension 512 × 614
pixels and 176 spectral bands after removal of some low
signal-to-noise ratio (SNR) bands. The KSC dataset consists
of in total 5202 samples of 13 upland and wetland classes. The
ground truth of 13 land-cover and the class-specific samples
for KSC data is shown in Fig. 10.

The IEEE Geoscience and Remote Sensing Society pub-
lished the University of Houston (UH) dataset –collected
by the Compact Airborne Spectrographic Imager (CASI)– in
2013 [68], [69], as part of its Data Fusion Contest. It is com-
posed of 340×1905 pixels with 144 spectral bands. The spatial
resolution of this dataset is 2.5 m with a wavelength ranging
from 0.38to 1.05 µm. Finally, the ground truth comprises 15
different land-cover classes, which are shown along with the
samples in Fig. 11.

Color Land cover type Samples
Background 1314661

Grass-healthy 1251
Grass-stressed 1254
Grass-synthetic 697

Tree 1244
Soil 1242

Water 325
Residential 1268
Commercial 1244

Road 1252
Highway 1227
Railway 1235

Parking-lot1 1233
Parking-lot2 469
Tennis-court 428

Running-track 660

Total samples 1329690

Fig. 11. The ground truth, type associated with the land-cover classes, and
the number of available samples in the University of Houston (UH) dataset.

B. Experimental Setup

In order to examine the effectiveness of the proposed
gradient centralized 3D convolution (GC-Conv3D) operation,
we have conducted the experiments with four classical ma-
chine learning methods and seven deep representation learning
based models. The classical machine learning methods are
available on [70]4 and which include: RF [71], SVM with
radial basis function [72], gated recurrent unit (GRU) [73], and
long short term memory (LSTM) [74]. Whereas ResNet [75],
ContextNet [34], MS3DNet [40], ENL-FCN [76], DPyRes-
Net [43], HResNetAM [77], LBPCNN [28], TripletWS [36]
and SSRN [37], respectively, are considered for the deep repre-
sentation learning models. The experiments are conducted us-
ing a 64-bit Ubuntu 18.04LTS operating system with NVIDIA
Tesla V100×4, each of having 32-GB of graphics processing
unit. The whole framework is implemented in PyTorch 1.7.0
with CUDA 10.1 enabled. The deep CNNs are considered to
enable the learning of spectral-spatial feature representation,
and all the networks are trained by extracting 3D patches of
size 9×9×B after the PCA transformation where B is the spec-
tral bands of Indian Pines (IP), Kennedy Space Center (KSC),
University of Pavia (UP), and the University of Houston (UH)
datasets are set to 200, 176, 103 and 144, respectively. The
training is performed with a batch of size 32 and runs the

4https://github.com/mhaut/hyperspectral deeplearning review
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whole system five times repeatedly, each run consists of 200
epochs for all the considered networks. The Cosine annealing
scheduler is used for the update of the learning rate during
training and the Adam [78] optimizer is used for training all
the networks. In addition the experimental results tables are
obtained using 10% of randomly selected training samples
while the remaining 90% samples are used for the testing
purpose over the four considered datasets.

C. Classification Results

Tables II-V report the average classification accuracies in
terms of the OAs, AAs, and Kappa×100 coefficients for all
the compared methods, including the class-specific accuracies
for all the classes of the considered IP, KSC, UP and UH data
sets and the randomly selected 10% of training samples. It can
be noted that all of the reported results are taken on average
over five individual runs. The highest achieved accuracies
are represented in bold across all the methods considered for
comparison.

The class imbalance is a long-standing problem for IP data
set and hence pre-processing becomes challenging. Table II
demonstrates that G2C-SSRN achieves excellent performance
in terms of average OA (98.51±0.002%), AA (96.24±0.025%)
and Kappa (98.41±0.002%), respectively. Whereas the second
highest OA, AA and Kappa performance achieved by SSRN
(98.28±0.004%), ENL-FCN (95.21±0.0028%), and SSRN
(98.05±0.002%) reported in Table II. It can also be observed
that even ENL-FCN shows good AA (95.21±0.028%) per-
formance as compared to ContextNet (94.96±0.003%) but
outperforms ENL-FCN in terms of both OA (96.98±0.006%)
and Kappa (96.55±0.007%) with a significant margin. The
ResNet model is performing better in all respect as com-
pared to MS3DNet even though 2D convolutional layers
are used to design the ResNet model and shows better or
comparable OA but achieves worst AA and Kappa values
than LBPCNN. Similarly, ResNet outperforms DPyResNet in
terms of OA (92.44±0.006%) and Kappa (91.37±0.006%),
respectively. According to the experiments performed using
classical models, The SVM and LSTM show similar OA and
Kappa performance but LSTM outperforms SVM in AA with
a margin of 2.17%. It is worth to be pointed that RF shows
worst performance among all the compared methods.

In a similar way, Table III shows the results of
G2C-SSRN and other comparing methods in the HSI clas-
sification task obtained for the KSC dataset. We observe
that the OA (99.37±0.003%), AA (98.89±0.005%) and
Kappa (99.30±0.003%) values for the proposed G2C-SSRN
method are the highest among all the considered models.
Whereas the second highest OA (99.25±0.020%) and Kappa
(99.13±0.018%) achieve by the ENL-FCN and outperforms
ContextNet significantly, which reveals the discriminative
power of non-local attention blocks applied in the HSI classifi-
cation task. In addition, the performance of LBPCNN in terms
of OA, AA, and Kappa values are better than ContextNet,
MS3DNet and DPyResNet, respectively. Whereas MS3DNet
and DPyResNet seem to reach similar OA (95.61±0.019%)
and Kappa (95.11±0.021%) performance but DPyResNet

(94.22±0.024%) shows better AA value as compared with
MS3DNet (93.65±0.023%) may be because of the pyramid
feature learning paradigm. Besides this, recurrent networks
(GRU and LSTM) exhibit maximum OA performance gains of
4.66% especially when compared with RF but SVM achieving
the lowest accuracy results among all the classical models.

To determine the generalization power of the proposed
G2C-SSRN network, the experiments are conducted even
in the highly imbalanced and high-resolution UP scene and
shown in Fig. 9. The G2C-SSRN network achieves classifica-
tion performance in terms of average OA (99.83±0.001%),
AA (99.74±0.001%), Kappa (99.75±0.001%) and outper-
forms all the compared methods in three quantitative measure-
ments. The OA performance of ENL-FCN (99.76±0.002%)
shows better as compared to SSRN (99.77±0.001%).
The ContextNet (99.57±0.001%) achieves higher OA than
DPyResNet (97.05±0.010%) due to the nature of 3D convo-
lution used in the layers of ContextNet. Besides it, ResNet
and DPyResNet show close improvements in performance
but achieves significantly less OA, AA, and Kappa as com-
pared to LBPCNN. Among all the classical models SVM
(94.19±0.002%) achieves sound overall classification perfor-
mance. Similarly, recurrent networks (GRU and LSTM) seem
to perform equally but reach lower OA results in compar-
ison with the proposed G2C-SSRN network. In this sense,
the G2C-SSRN takes advantage of the fine-grained texture
details extracted from the raw UP dataset. Due to the better
genaralization ability, SVM (94.19±0.002%) outperforms RF
(90.41±0.001%) in terms of OAs.

Finally, to explore the convergence stability of the model
G2C-SSRN, a widely used complex UH scene is considered
too for the experiment. The total number of land-cover specific
samples along with ground truth are shown in Fig. 11 for
the UH dataset. Table V shows the quantitative results for
the UH dataset in terms of OA, AA, and Kappa, respectively,
which also includes the number of training and test samples for
the experiment. The proposed G2C-SSRN model constantly
outperforms all the compared methods in quantitative measure-
ments OA (99.29±0.001%), AA (99.34±0.0%), and Kappa
(99.22±0.001%) and achieves OA (0.59%), AA (0.61%),
and Kappa (0.62%) performance gain when compared with
SSRN. Residual like networks (i.e., ResNet, ContextNet and
MS3DNet) seem to show similar performance improvements
but the overall performance of DPyResNet (76.88±0.134%) is
not satisfactory. LBPCNN outperforms ResNet, ContextNet,
MS3DNet and DPyResNet in terms of OA, AA and Kappa
values. Among all the classical models, GRU (85.94±0.10%)
outperforms the overall performance of SVM (81.24±0.0%)
and LSTM (82.36±0.55%). Both DPyResNet and RF show
similar performance improvement.

There is another factor, spatial input 3D patch size, which
can directly influence the overall classification performance of
the networks. Table VI shows the OAs using ResNet, DPyRes-
Net, SSRN, ENL-FCN, MS3DNet, HResNetAM, LBPCNN,
and G2C-SSRN, respectively based on the spatial window of
size 7×7, 9×9, and 11×11 for all the considered four datasets.
The best achieved OAs are highlighted in bold for each model.
It is observed from the result table that the best OAs achieved
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TABLE II
OA, AA, AND κ VALUES ON IP DATASET USING RANDOMLY SELECTED 10% OF TRAINING SAMPLES.

Class Train Test Classical Models Deep Neural Networks
RF SVM GRU LSTM ResNet ContextNet MS3DNet ENL-FCN DPyResNet SSRN LBPCNN GC-SSRN

1 4 42 28.46 ± 0.061 51.22 ± 0.190 69.92 ± 0.141 69.11 ± 0.090 98.66 ± 0.018 88.78 ± 0.080 66.67 ± 0.471 97.56 ± 0.000 94.59 ± 0.076 57.78 ± 0.423 92.23 ± 0.054 85.92 ± 0.199
2 142 1286 56.63 ± 0.024 81.22 ± 0.037 76.96 ± 0.013 74.22 ± 0.016 87.85 ± 0.029 98.19 ± 0.005 75.94 ± 0.080 93.15 ± 0.000 93.83 ± 0.040 98.37 ± 0.012 94.57 ± 0.013 98.44 ± 0.009
3 83 747 48.42 ± 0.013 65.82 ± 0.013 67.20 ± 0.041 71.49 ± 0.030 92.71 ± 0.007 95.37 ± 0.028 81.39 ± 0.007 97.59 ± 0.000 89.30 ± 0.003 97.47 ± 0.010 90.12 ± 0.004 97.66 ± 0.014
4 23 214 33.49 ± 0.025 57.75 ± 0.041 61.82 ± 0.039 60.72 ± 0.041 95.43 ± 0.046 97.04 ± 0.021 88.63 ± 0.063 91.55 ± 0.000 93.51 ± 0.055 99.12 ± 0.0099 94.26 ± 0.045 98.94 ± 0.008
5 48 435 85.21 ± 0.025 90.04 ± 0.014 85.36 ± 0.022 87.51 ± 0.015 98.23 ± 0.015 97.78 ± 0.015 95.61 ± 0.054 97.47 ± 0.000 99.26 ± 0.004 97.79 ± 0.013 97.14 ± 0.005 95.67 ± 0.028
6 73 657 92.64 ± 0.027 96.25 ± 0.006 94.22 ± 0.008 94.77 ± 0.015 97.98 ± 0.011 98.60 ± 0.008 96.78 ± 0.026 99.24 ± 0.000 98.52 ± 0.007 98.50 ± 0.010 99.01 ± 0.008 98.44 ± 0.009
7 2 26 2.67 ± 0.038 73.33 ± 0.019 50.67 ± 0.068 85.33 ± 0.094 92.98 ± 0.099 90.35 ± 0.098 100.00 ± 0.000 100.00 ± 0.000 83.08 ± 0.178 66.67 ± 0.471 85.27 ± 0.124 87.38 ± 0.178
8 47 431 97.67 ± 0.015 97.98 ± 0.006 97.83 ± 0.001 97.83 ± 0.009 95.06 ± 0.014 97.76 ± 0.026 89.51 ± 0.091 97.44 ± 0.000 97.63 ± 0.022 96.45 ± 0.029 97.89 ± 0.043 98.07 ± 0.015
9 2 18 9.26 ± 0.094 50.00 ± 0.045 37.04 ± 0.146 53.70 ± 0.139 60.83 ± 0.283 86.90 ± 0.102 66.67 ± 0.471 72.22 ± 0.000 66.66 ± 0.471 56.25 ± 0.418 70.24 ± 0.149 93.33 ± 0.094

10 97 875 60.91 ± 0.047 73.87 ± 0.018 76.00 ± 0.035 73.68 ± 0.025 96.05 ± 0.013 96.08 ± 0.018 87.41 ± 0.070 94.74 ± 0.000 93.77 ± 0.029 98.33 ± 0.009 93.12 ± 0.014 97.53 ± 0.011
11 245 2210 87.88 ± 0.019 82.90 ± 0.012 80.31 ± 0.027 84.93 ± 0.024 93.32± 0.041 97.35 ± 0.004 76.69 ± 0.096 95.61 ± 0.000 89.78± 0.040 99.08 ± 0.005 90.76 ± 0.059 97.78 ± 0.017
12 59 534 41.26 ± 0.030 74.91 ± 0.043 78.65 ± 0.014 73.35 ± 0.052 86.65 ± 0.077 94.00 ± 0.012 88.65 ± 0.036 97.00 ± 0.000 83.43 ± 0.107 98.46 ± 0.009 85.12 ± 0.119 96.76 ± 0.022
13 20 185 90.09 ± 0.040 96.94 ± 0.021 96.94 ± 0.014 98.74 ± 0.005 82.16 ± 0.076 95.01 ± 0.03 99.78 ± 0.003 97.83 ± 0.000 98.19 ± 0.021 100.00 ± 0.000 99.27 ± 0.017 99.16 ± 0.005
14 126 1139 95.46 ± 0.014 93.82 ± 0.010 94.50 ± 0.012 96.22 ± 0.004 95.39 ± 0.016 98.49 ± 0.014 90.06 ± 0.087 99.12 ± 0.000 96.00 ± 0.021 98.63 ± 0.010 97.13 ± 0.031 99.19 ± 0.003
15 38 348 41.11 ± 0.029 60.42 ± 0.044 65.71 ± 0.019 60.04 ± 0.029 90.96 ± 0.127 94.10 ± 0.031 88.21 ± 0.044 92.80 ± 0.000 91.22± 0.040 99.24 ± 0.005 92.22 ± 0.051 98.18 ± 0.011
16 9 84 79.37 ± 0.030 91.27 ± 0.054 82.54 ± 0.037 90.87 ± 0.022 94.73 ± 0.038 93.57 ± 0.046 98.53 ± 0.021 100.00 ± 0.000 70.90 ± 0.388 95.63 ± 0.062 73.17 ± 0.447 92.05 ± 0.092
OA 1018 9231 72.98 ± 0.006 82.00 ± 0.006 81.24 ± 0.003 82.13 ± 0.004 92.44 ± 0.006 96.98 ± 0.006 83.44 ± 0.060 96.15 ± 0.054 91.47 ± 0.029 98.28 ± 0.004 92.15 ± 0.013 98.51 ± 0.002
AA 59.41 ± 0.005 77.36 ± 0.019 75.98 ± 0.008 79.53 ± 0.005 91.19± 0.025 94.96 ± 0.003 86.91 ± 0.084 95.21 ± 0.028 94.14 ± 0.006 91.01 ± 0.080 95.27 ± 0.004 96.24 ± 0.025

κ× 100 68.62 ± 0.007 79.41 ± 0.007 78.58 ± 0.004 79.54 ± 0.004 91.37 ± 0.006 96.55 ± 0.007 80.82 ± 0.070 95.60 ± 0.030 90.20 ± 0.034 98.05 ± 0.005 92.23 ± 0.023 98.41 ± 0.002

TABLE III
OA, AA, AND κ VALUES ON KSC DATASET USING RANDOMLY SELECTED 10% OF TRAINING SAMPLES.

Class Train Test Classical Models Deep Neural Networks
RF SVM GRU LSTM ResNet ContextNet MS3DNet ENL-FCN DPyResNet SSRN LBPCNN GC-SSRN

1 76 685 94.79 ± 0.012 95.43 ± 0.023 96.98 ± 0.011 94.60 ± 0.004 94.73 ± 0.008 99.78 ± 0.001 96.42 ± 0.009 99.71 ± 0.000 99.06 ± 0.010 99.95 ± 0.001 99.02 ± 0.020 100.00 ± 0.000
2 24 219 81.58 ± 0.047 83.71 ± 0.012 82.04 ± 0.022 85.69 ± 0.018 66.45 ± 0.310 98.79 ± 0.014 95.88 ± 0.012 100.00 ± 0.000 89.72 ± 0.026 100.00 ± 0.00 89.89 ± 0.037 97.47 ± 0.035
3 25 231 86.09 ± 0.020 78.41 ± 0.218 89.13 ± 0.023 91.16 ± 0.040 65.08 ± 0.187 82.83 ± 0.047 80.12 ± 0.168 100.00 ± 0.000 81.84 ± 0.074 99.66 ± 0.005 82.87 ± 0.089 99.01 ± 0.013
4 25 227 71.22 ± 0.061 27.17 ± 0.173 56.98 ± 0.062 68.14 ± 0.049 73.62 ± 0.185 78.41 ± 0.165 90.06 ± 0.012 98.67 ± 0.000 89.83 ± 0.040 91.22 ± 0.047 91.73 ± 0.051 97.58 ± 0.018
5 16 145 47.59 ± 0.060 22.99 ± 0.170 68.74 ± 0.092 49.89 ± 0.107 60.74 ± 0.275 74.22 ± 0.097 85.86 ± 0.034 98.61 ± 0.000 88.34 ± 0.095 100.00 ± 0.00 90.37 ± 0.090 97.05 ± 0.023
6 22 207 48.22 ± 0.014 36.89 ± 0.078 63.27 ± 0.100 54.21 ± 0.062 66.58 ± 0.324 92.64 ± 0.050 85.61 ± 0.030 100.00 ± 0.000 88.54 ± 0.138 98.45 ± 0.022 90.27 ± 0.127 97.04 ± 0.041
7 10 95 79.43 ± 0.096 87.94 ± 0.027 90.78 ± 0.031 89.01 ± 0.013 66.20 ± 0.468 94.40 ± 0.037 90.75 ± 0.088 100.00 ± 0.000 100.00 ± 0.00 95.42 ± 0.050 99.65 ± 0.015 98.16 ± 0.025
8 43 388 78.61 ± 0.054 70.19 ± 0.073 90.03 ± 0.031 92.53 ± 0.011 92.53 ± 0.081 97.49 ± 0.009 98.99 ± 0.008 100.00 ± 0.000 94.81 ± 0.037 99.80 ± 0.003 95.27 ± 0.045 99.71 ± 0.002
9 52 468 89.46 ± 0.011 85.33 ± 0.021 96.01 ± 0.015 95.37 ± 0.028 90.82 ± 0.106 99.92 ± 0.001 97.44 ± 0.028 100.00 ± 0.000 99.06 ± 0.002 100.00 ± 0.000 99.07 ± 0.001 100.00 ± 0.000

10 40 364 88.43 ± 0.034 78.88 ± 0.069 91.09 ± 0.015 94.03 ± 0.007 87.59 ± 0.171 100.00 ± 0.000 98.78 ± 0.013 100.00 ± 0.000 99.46 ± 0.004 100.00 ± 0.000 99.54 ± 0.003 100.00 ± 0.000
11 41 378 95.58 ± 0.014 93.81 ± 0.008 96.02 ± 0.026 96.11 ± 0.008 98.96 ± 0.015 99.90 ± 0.001 98.67 ± 0.013 100.00 ± 0.000 99.90 ± 0.001 100.00 ± 0.000 99.90 ± 0.001 100.00 ± 0.000
12 50 453 82.63 ± 0.032 86.98 ± 0.009 89.99 ± 0.035 92.35 ± 0.035 84.26 ± 0.207 99.17 ± 0.006 99.06 ± 0.005 100.00 ± 0.000 94.42 ± 0.056 100.00 ± 0.000 95.21 ± 0.027 100.00 ± 0.000
13 92 835 99.60 ± 0.002 100.00 ± 0.000 99.92 ± 0.001 99.96 ± 0.001 100.00 ± 0.000 99.96 ± 0.001 100.00 ± 0.000 100.00 ± 0.000 99.96 ± 0.001 100.00 ± 0.000 99.91 ± 0.001 100.00 ± 0.000
OA 516 4695 86.17 ± 0.004 81.27 ± 0.008 90.13 ± 0.004 90.18 ± 0.005 79.73 ± 0.207 96.34 ± 0.014 95.61 ± 0.019 99.25 ± 0.020 95.61 ± 0.019 99.19 ± 0.004 96.27 ± 0.011 99.37 ± 0.003
AA 80.25 ± 0.004 72.90 ± 0.021 85.46 ± 0.010 84.85 ± 0.008 80.58 ± 0.169 93.65 ± 0.026 93.66 ± 0.023 98.77 ± 0.021 94.22 ± 0.024 98.80 ± 0.008 95.34 ± 0.023 98.89 ± 0.005

κ× 100 84.59 ± 0.004 79.09 ± 0.009 88.99 ± 0.004 89.06 ± 0.006 78.06 ± 0.222 95.93 ± 0.016 95.11 ± 0.021 99.13 ± 0.018 95.11 ± 0.021 99.11 ± 0.004 96.22 ± 0.031 99.30 ± 0.003

TABLE IV
OA, AA, AND κ VALUES ON UP DATASET USING RANDOMLY SELECTED 10% OF TRAINING SAMPLES.

Class Train Test Classical Models Deep Neural Networks
RF SVM GRU LSTM ResNet ContextNet MS3DNet ENL-FCN DPyResNet SSRN LBPCNN GC-SSRN

1 663 5968 91.11 ± 0.007 94.30 ± 0.008 93.34 ± 0.003 95.47 ± 0.005 96.82± 0.023 99.56 ± 0.002 99.36 ± 0.001 99.98 ± 0.000 98.35± 0.017 99.85± 0.001 99.02 ± 0.014 99.93 ± 0.002
2 1864 16785 98.11 ± 0.003 97.65 ± 0.002 97.54 ± 0.002 96.91 ± 0.002 98.59± 0.008 99.85 ± 0.002 99.80 ± 0.000 100.00 ± 0.000 98.76± 0.008 99.98± 0.000 98.89 ± 0.007 99.91 ± 0.000
3 209 1890 67.71 ± 0.014 81.26 ± 0.018 77.08 ± 0.038 78.01 ± 0.011 90.01± 0.061 99.19 ± 0.001 98.02 ± 0.017 99.68 ± 0.000 94.22 ± 0.034 99.68 ± 0.003 95.27 ± 0.044 99.76 ± 0.001
4 306 2758 88.20 ± 0.006 94.63 ± 0.004 93.22 ± 0.023 94.92 ± 0.007 99.32 ± 0.003 99.80 ± 0.002 99.71 ± 0.001 98.94 ± 0.000 99.20 ± 0.005 99.92 ± 0.001 99.23 ± 0.004 99.84 ± 0.004
5 134 1211 98.93 ± 0.002 99.20 ± 0.002 99.42 ± 0.004 99.26 ± 0.003 99.81 ± 0.000 99.91 ± 0.001 99.94 ± 0.000 100.00 ± 0.000 99.72 ± 0.003 99.94 ± 0.000 99.89 ± 0.003 99.95 ± 0.000
6 502 4527 72.14 ± 0.022 90.58 ± 0.008 87.41 ± 0.016 87.85 ± 0.012 99.41 ± 0.002 99.75 ± 0.003 99.43 ± 0.003 99.87 ± 0.000 98.52 ± 0.006 99.95 ± 0.001 98.91 ± 0.005 99.95 ± 0.000
7 133 1197 75.69 ± 0.017 85.71 ± 0.011 85.38 ± 0.039 80.23 ± 0.007 96.90 ± 0.017 98.37 ± 0.022 99.18 ± 0.005 100.00 ± 0.000 97.37 ± 0.004 100.00 ± 0.000 98.57 ± 0.003 100.00 ± 0.000
8 368 3314 89.64 ± 0.013 88.20 ± 0.003 88.56 ± 0.024 88.49 ± 0.008 92.00 ± 0.044 98.48 ± 0.008 97.13 ± 0.005 99.69 ± 0.000 84.51 ± 0.071 98.28 ± 0.015 87.21 ± 0.042 98.49 ± 0.001
9 94 853 99.77 ± 0.002 99.84 ± 0.001 99.84 ± 0.001 99.88 ± 0.001 98.88 ± 0.012 99.26 ± 0.005 99.74 ± 0.002 100.00 ± 0.000 99.60 ± 0.001 99.39 ± 0.003 99.47 ± 0.001 100.00 ± 0.000

OA 4273 38503 90.41 ± 0.001 94.19 ± 0.002 93.34 ± 0.002 93.45 ± 0.001 97.38 ± 0.007 99.57 ± 0.001 99.35 ± 0.001 99.76 ± 0.002 97.05 ± 0.010 99.77 ± 0.001 98.24 ± 0.021 99.83 ± 0.001
AA 86.81 ± 0.002 92.38 ± 0.003 91.31 ± 0.008 91.23 ± 0.001 96.86 ± 0.005 99.35 ± 0.002 99.15 ± 0.002 99.70 ± 0.002 96.69 ± 0.006 99.66 ± 0.001 97.23 ± 0.004 99.74 ± 0.001

κ× 100 87.10 ± 0.002 92.29 ± 0.002 91.15 ± 0.003 91.30 ± 0.001 96.52 ± 0.009 99.43 ± 0.001 99.13 ± 0.002 99.72 ± 0.001 96.08 ± 0.013 99.69 ± 0.001 97.05 ± 0.025 99.75 ± 0.001

TABLE V
OA, AA, AND κ VALUES ON UH DATASET USING RANDOMLY SELECTED 10% OF TRAINING SAMPLES.

Class Train Test Classical Models Deep Neural Networks
RF SVM GRU LSTM ResNet ContextNet MS3DNet ENL-FCN DPyResNet SSRN LBPCNN GC-SSRN

1 125 1126 80.65 ± 0.02 83.24 ± 0.0 83.79 ± 0.3 82.13 ± 0.41 94.75 ± 0.046 96.15 ± 0.034 95.23 ± 0.007 99.56 ± 0.003 80.00 ± 0.120 99.23 ± 0.007 96.27 ± 0.004 99.36 ± 0.001
2 125 1129 85.34 ± 0.06 84.27 ± 0.0 83.83 ± 0.23 81.06 ± 0.71 96.06 ± 0.024 97.13 ± 0.015 95.78 ± 0.011 98.77 ± 0.023 99.39 ± 0.008 99.90 ± 0.000 97.23 ± 0.011 99.90 ± 0.001
3 60 637 97.35 ± 0.05 99.80 ± 0.0 100.00 ± 0.00 99.96 ± 0.08 87.93 ± 0.170 90.27 ± 0.037 88.72 ± 0.023 93.82 ± 0.013 85.67 ± 0.202 99.52 ± 0.003 89.57 ± 0.033 100.00 ± 0.000
4 124 1120 99.14 ± 0.03 94.84 ± 0.00 90.77 ± 0.25 86.30 ± 1.44 96.54 ± 0.023 94.77 ± 0.043 95.29 ± 0.056 97.61 ± 0.034 97.69 ± 0.022 98.11 ± 0.010 97.14 ± 0.045 99.17 ± 0.006
5 124 1118 97.88 ± 0.03 99.67 ± 0.0 98.41 ± 0.13 97.86 ± 0.28 99.83 ± 0.001 99.85 ± 0.001 100.00 ± 0.00 99.87 ± 0.003 94.12 ± 0.083 99.96 ± 0.000 99.29 ± 0.004 99.96 ± 0.000
6 33 292 98.48 ± 0.02 96.1 ± 0.0 97.66 ± 0.28 96.68 ± 0.84 99.25 ± 0.006 99.65 ± 0.004 99.22 ± 0.006 99.43 ± 0.015 100.00 ± 0.00 100.00 ± 0.00 99.32 ± 0.005 99.03 ± 0.013
7 127 1141 74.65 ± 0.05 77.21 ± 0.0 79.78 ± 0.86 72.35 ± 1.50 88.52 ± 0.032 93.22 ± 0.011 90.88 ± 0.029 95.88 ± 0.029 80.91 ± 0.199 98.53 ± 0.010 91.87 ± 0.034 98.67 ± 0.008
8 124 1120 61.27 ± 0.01 58.45 ± 0.0 69.26 ± 1.01 67.74 ±3.34 88.02 ± 0.102 90.32 ± 0.100 89.88 ± 0.159 93.78 ± 0.187 98.46 ± 0.012 99.66 ± 0.004 90.23 ± 0.127 100.00 ± 0.00
9 125 1127 70.57 ± 0.03 77.68 ± 0.0 76.17 ± 2.75 74.61 ± 0.62 84.20 ± 0.190 88.40 ± 0.021 86.20 ± 0.015 90.34 ± 0.067 89.76 ± 0.140 99.19 ± 0.005 88.45 ± 0.023 99.16 ± 0.008

10 123 1104 52.75 ± 0.17 54.38 ± 0.0 76.83 ± 1.98 78.37 ± 1.65 80.64 ± 0.104 84.93 ± 0.125 81.85 ± 0.344 86.25 ± 0.205 88.21 ± 0.111 96.55 ± 0.019 82.75 ± 0.444 96.56 ± 0.011
11 124 1111 76.23 ± 0.45 82.59 ± 0.0 90.05 ± 2.27 82.74 ± 2.25 86.48 ± 0.137 88.35 ± 0.154 90.55 ± 0.111 94.26 ± 0.014 86.99 ± 0.033 99.42 ± 0.004 91.27 ± 0.127 99.62 ± 0.003
12 123 1110 66.28 ± 0.26 78.81 ± 0.0 92.03 ± 0.65 79.52 ± 3.85 77.17 ± 0.041 76.34 ± 0.014 75.77 ± 0.087 80.27 ± 0.034 83.38 ± 0.092 97.59 ± 0.021 77.89 ± 0.024 97.77 ± 0.017
13 47 422 73.68 ± 0.25 71.88 ± 0.0 74.35 ± 0.26 67.96 ± 2.16 93.33 ± 0.058 97.24 ± 0.027 95.26 ± 0.034 97.64 ± 0.140 55.43 ± 0.413 95.93 ± 0.045 96.27 ± 0.025 99.25 ± 0.007
14 43 385 97.42 ± 0.02 100.0 ± 0.00 100.00 ± 0.00 99.52 ± 0.40 100.00 ± 0.000 99.35 ± 0.004 99.10 ± 0.002 97.14 ± 0.007 69.37 ± 0.433 99.34 ± 0.009 99.23 ± 0.001 98.63 ± 0.019
15 66 594 97.22 ± 0.37 96.41 ± 0.00 97.69 ± 0.08 97.27 ± 0.56 83.10 ± 0.237 88.30 ± 0.316 87.52 ± 0.411 91.87 ± 0.047 99.87 ± 0.001 99.50 ± 0.007 88.59 ± 0.321 100.00 ± 0.00
OA 1493 13536 79.83 ± 0.05 81.24 ± 0.0 85.94 ± 0.10 82.36 ± 0.55 86.81 ± 0.037 89.42 ± 0.024 88.45 ± 0.036 93.29 ± 0.012 76.88 ± 0.134 98.70 ± 0.000 90.17 ± 0.034 99.29 ± 0.001
AA 81.35 ± 0.02 83.89 ± 0.0 87.97 ± 0.08 84.80 ± 0.44 90.39 ± 0.023 93.67 ± 0.017 91.77 ± 0.024 95.63 ± 0.017 87.28 ± 0.051 98.73 ± 0.002 92.81 ± 0.015 99.34 ± 0.000

κ× 100 78.45 ± 0.04 79.71 ± 0.0 82.57 ± 0.10 80.69 ± 0.59 85.74 ± 0.040 89.38 ± 0.021 88.28 ± 0.032 93.75 ± 0.026 75.23 ± 0.142 98.60 ± 0.000 90.23 ± 0.022 99.22 ± 0.001

by the spatial size 9×9 for the IP dataset, and 11×11 for the
remaining three i.e., KSC, UP, and UH datasets.

D. Performance Over Various Training Percentage

To evaluate the generalization ability of the G2C-SSRN net-
work, the experiments are conducted using randomly selected
and varying training percentages (%) i.e, 2%, 3%, 5%, 10%,

15% and 20% for IP and UH data sets and 2%, 3%, 4%, 6%,
8%, and 10% for the UP data set. Figs. 12(a)-(c) shows the
OA values achieved by various models using varying training
sample sizes, and in the same way, Fig. 13 shows the Kappa
values achieved by various models using IP, UH and UP,
respectively. It can be clearly observed from both the OA and
Kappa graphs that G2C-SSRN outperforms all the considered
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Fig. 12. OA achieved by different methods with varying training sample sizes which are randomly taken from (a) IP (b) UH and (c) UP datasets.
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Fig. 13. coefficient achieved by different methods with varying training sample sizes which are randomly taken from (a) IP (b) UH and (c) UP datasets.

TABLE VI
OVERALL ACCURACY (%) OF RESNET, DPYRESNET, SSRN, ENL-FCN, MS3DNET, HRESNETAM, LBPCNN AND THE GC-SSRN NETWORK USING

DIFFERENT SPATIAL WINDOW SIZES AND 10% OF TRAINING SAMPLES.

Datasets Spatial
Window

Models
ResNet DPyResNet SSRN ENL-FCN MS3DNet HResNetAM LBPCNN GC-SSRN

IP
7×7

87.47 ± 0.008 91.31 ± 0.006 98.10 ± 0.005 69.25 ± 0.001 77.33 ± 0.015 97.77 ± 0.002 90.17 ± 0.045 98.24 ± 0.001
KSC 76.03 ± 0.052 82.12 ± 0.033 98.97 ± 0.004 27.40 ± 0.001 95.95 ± 0.007 98.69 ± 0.003 95.24 ± 0.023 99.04 ± 0.002
UP 96.33 ± 0.001 96.30 ± 0.006 99.54 ± 0.002 90.32 ± 0.001 98.26 ± 0.001 99.43 ± 0.002 96.57 ± 0.041 99.53 ± 0.001
UH 85.77 ± 0.011 76.05 ± 0.154 98.35 ± 0.002 92.54 ± 0.021 87.30 ± 0.024 98.67 ± 0.001 89.99 ± 0.013 99.11 ± 0.002
IP

9×9
92.44 ± 0.006 91.47 ± 0.029 98.28 ± 0.004 96.15 ± 0.054 83.44 ± 0.060 98.24 ± 0.005 92.15 ± 0.013 98.51 ± 0.002

KSC 95.61 ± 0.019 95.61 ± 0.019 99.19 ± 0.004 99.25 ± 0.020 95.61 ± 0.019 98.89 ± 0.002 96.22 ± 0.031 99.37 ± 0.003
UP 97.38 ± 0.007 97.05 ± 0.010 99.77 ± 0.001 99.76 ± 0.002 99.35 ± 0.001 99.65 ± 0.001 97.05 ± 0.025 99.83 ± 0.001
UH 86.81 ± 0.037 76.88 ± 0.134 98.70 ± 0.000 93.29 ± 0.012 88.45 ± 0.036 98.85 ± 0.003 90.23 ± 0.022 99.29 ± 0.001
IP

11×11
92.67 ± 0.008 92.66 ± 0.003 98.18 ± 0.003 56.48 ± 0.001 68.90 ± 0.150 98.19 ± 0.003 91.23 ± 0.024 98.32 ± 0.002

KSC 93.36 ± 0.023 95.47 ± 0.007 98.83 ± 0.006 53.44 ± 0.001 94.27 ± 0.002 98.75 ± 0.005 96.19 ± 0.011 99.41 ± 0.003
UP 97.83 ± 0.006 97.21 ± 0.016 99.82 ± 0.001 93.92 ± 0.001 99.45 ± 0.001 99.81 ± 0.002 96.89 ± 0.031 99.89 ± 0.001
UH 87.51 ± 0.021 78.54 ± 0.107 98.95 ± 0.001 93.77 ± 0.034 90.24 ± 0.011 99.11 ± 0.002 90.14 ± 0.033 99.36 ± 0.001

TABLE VII
ACCURACY ANALYSIS IN TERMS OF AVERAGE OAS, AAS AND KAPPA’S FOR THE SHALLOW 2D AND 3D CNN MODELS WITH VANILLA AND

GENERALIZED GRADIENT CENTRALIZED CONVOLUTIONS.

Dataset Matrices CNN models embedded with vanilla convolution CNN models embedded with gradient centralized convolution
CNN2D CNN3D ContextNet MS3DNet G2C-Conv2DNet G2C-Conv3DNet G2C-ContextNet G2C-MS3DNet

IP
OA 83.14 ± 1.002 86.57 ± 0.004 96.98 ± 0.006 83.44 ± 0.060 86.27 ± 0.952 89.23 ± 0.002 98.14 ± 0.007 86.01 ± 0.040
AA 75.28 ± 2.001 85.27 ± 0.005 94.96 ± 0.003 86.91 ± 0.084 79.55 ± 1.572 87.64 ± 0.004 96.66 ± 0.002 88.57 ± 0.052

Kappa 80.59 ± 1.180 85.38 ± 0.004 96.55 ± 0.007 80.82 ± 0.070 83.14 ± 1.270 87.55 ± 0.002 98.43 ± 0.007 83.55 ± 0.050

UP
OA 85.42 ± 2.001 91.13 ± 0.027 99.57 ± 0.001 99.35 ± 0.001 89.14 ± 1.127 93.61 ± 0.054 99.76 ± 0.002 99.71 ± 0.002
AA 89.69 ± 1.650 92.44 ± 0.033 99.35 ± 0.002 99.15 ± 0.002 91.27 ± 2.003 93.21 ± 0.011 99.61 ± 0.003 99.57 ± 0.001

Kappa 80.80 ± 3.005 90.65 ± 0.024 99.43 ± 0.001 99.13 ± 0.002 83.33 ± 1.002 92.14 ± 0.033 99.72 ± 0.001 99.47 ± 0.002

KSC
OA 88.78 ± 1.250 94.10 ± 0.004 96.34 ± 0.014 95.61 ± 0.019 90.66 ± 0.333 96.85 ± 0.003 98.25 ± 0.016 97.18 ± 0.011
AA 89.02 ± 3.154 95.51 ± 0.002 93.65 ± 0.026 93.66 ± 0.023 91.88 ± 2.014 97.15 ± 0.004 95.64 ± 0.033 95.95 ± 0.033

Kappa 89.57 ± 2.002 95.24 ± 0.004 95.93 ± 0.016 95.11 ± 0.021 91.47 ± 1.307 97.22 ± 0.003 97.11 ± 0.034 97.24 ± 0.031

UH
OA 80.15 ± 1.114 84.83 ± 0.044 89.42 ± 0.024 88.45 ± 0.036 83.28 ± 1.005 87.18 ± 0.034 92.13 ± 0.014 91.23 ± 0.013
AA 74.37 ± 2.152 86.35 ± 0.017 93.67 ± 0.017 91.77 ± 0.024 76.23 ± 1.117 89.25 ± 0.044 95.57 ± 0.024 92.47 ± 0.014

Kappa 81.59 ± 3.002 84.36 ± 0.032 89.38 ± 0.021 88.28 ± 0.032 84.08 ± 2.215 87.33 ± 0.023 92.11 ± 0.016 90.11 ± 0.033

methods for a smaller number of training samples. The SSRN
achieves better OA and Kappa with varying training sample
sets as compared with ENL-FCN for IP and UH datasets. The
poor performances are given by MS3DNet for IP, DPyResNet

for UH and finally, ResNet for UP data sets in terms of OA and
Kappa accuracies, respectively. It can be noted that both the
G2C-SSRN and SSRN seem to perform equally on all three
data sets, when a larger training set (e.g., more than 10% for
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Fig. 14. Impacts of the number of kernels with 10% of training samples
randomly taken from IP, KSC and UP, respectively.

IP, UH and 6% over UP dataset) is considered. As compared
to SSRN, TripletWS shows better Kappa values for limited
training samples. Similarly, the robustness of the G2C-SSRN
is clearly visualized when compared the difference of achieved
performance between G2C-SSRN and SSRN using a suffi-
ciently smaller training set (e.g., less than 5%). The reason
behind the models use G2C-Conv3D operation for the fine-
grained spectral-spatial feature extraction those are basically
overlooked by vanilla Conv3D operation. In addition, Fig. 14
shows the impact of the different number of kernels used to
train the G2C-SSRN on IP, KSC, UH, and KSC datasets,
respectively. It can be seen that 24 is the optimal number of
kernels for G2C-SSRN model and provides better OAs for all
four datasets. Hence, we fixed 24 kernels for all four datasets.
The changes of overall accuracies over the different number of
kernels are almost the same for KSC and high for UP datasets.

E. Impacts on Shallow Networks

It is hard to visualize the significant performance improve-
ment for the considered G2C-SSRN network with two many
layers and evaluating completely in the residual paradigm. In
this sense, it is always been recommended to choose those
shallow CNN models whose performance is significantly lesser
than the state-of-the-art methods. It can be noted that if
these models are able to achieve significant performance gain
after removing the vanilla 3D convolutions and replaced with
the proposed G2C-Conv3D convolution then the inference
can be assumed universally true. To show the impacts of
the proposed G2C-Conv3D convolution operation another
sets of experiment have been conducted using the shallow
CNN3D, ContextNet, and MS3DNet models and convert those
into gradient centralized networks (i.e, G2C-CNN3DNet,
G2C-ContextNet, and G2C-MS3DNet) after replacing all
the 3D convolution layers with the proposed G2C-Conv3D
convolution operations. We kept the experimental setting as
discussed in SubSec. IV-B

Table VII shows the average OA, AA, and Kappa values ob-
tained using the four HSI (i.e., IP, KSC, UP and UH) datasets
for the considered vanilla networks and generalized gradient
centralized networks (G2C-networks). It can be seen that the
G2C-networks (i.e, G2C-CNN3DNet, G2C-ContextNet,
and G2C-MS3DNet) outperform all the vanilla networks by

a significant margin over the four datasets. In addition, to the
above models, we also include CNN2D which comprises two
G2C-Conv2D convolution layers followed by a max-pool2D
and two FC layers for the comparative analysis of classification
results. Like CNN2D, the G2C-CNN2DNet model reaches
the highest performance gain in terms of OA (3.72%) for UP
dataset whereas both AA (4.27%) and Kappa (2.55%) simul-
taneously achieve for IP dataset. Similarly, when compared
with CNN3D, the G2C-CNN3DNet model achieves highest
classification performance gain in terms of OA (2.75%) for
KSC dataset and both AA (2.90%) and Kappa (2.97%) achieve
for UH dataset. In the same way, G2C-ContextNet out-
performs the vanilla ContextNet model in three quantitative
measurements for all the data sets. The improved performance
can be visualized in terms of OA (2.71%), and Kappa (2.73%),
respectively for the UH dataset, whereas the AA (1.99%) gain
achieved for the KSC dataset. Finally, the G2C-MS3DNet
shows 2.78% of OA, 2.29% of AA, and 2.73% of Kappa,
respectively, obtained for UH, KSC and IP, datasets. As shown
in Table VII, the highest achieved OAs, AAs, and Kappa’s for
each method are highlighted in bold.

The generalized gradient centralized networks (i.e,
G2C-CNN2DNet, G2C-CNN3DNet, G2C-ContextNet,
and G2C-MS3DNet) achieved noticeable performance
gain over the vanilla networks (i.e, CNN2D, CNN3D,
ContextNet, and MS3DNet) for the four considered
datasets. This improvement reveals the benefit of both
G2C-Conv2D and G2C-Conv3D convolution operation
over the vanilla 2D/3D convolution operations. Besides it, to
classify the very similar land-cover textures, in addition to
the spectral-spatial features, the discriminative fine-grained
information are equally important for HSI classification task.
Its clear that the vanilla 2D/3D convolutions are missed to
utilized these fine-grained information and leads to lower
values for the quantitative measurements i.e., OAs, AAs and
Kappas. In addition, the performance of existing models
can be further improved using G2C-Conv3D operation,
moreover, the shallow networks are highly benefited towards
the improving of overall accuracy in HSI classification
context. In contrast, our proposed G2C-Conv3D has the
same latency as the vanilla convolutions (detailed shown in
Table IX).

F. Impacts on Autoencoder Networks

To further study the robustness of generalized gradient
centralized 3D convolutions we have considered the following
reconstruction networks i.e., G2C-CAE3D, G2C-VAE3D and
G2C-SAE3D for the experiments. Table VIII reports the
average OA, AA and Kappa values obtained using 10% of
randomly selected training samples taken from four HSI (i.e.,
IP, KSC, UP and UH) datasets for the considered vanilla
autoencoder networks and generalized gradient centralized
autoencoder networks (G2C-AE). It can be observed from
Table VIII G2C-AE networks outperform all the vanilla AE
networks by a significant margin over the four datasets. In
addition, to the 3D AE models we have also considered
G2C-CAE2D for the quantitative analysis of classification

Authorized licensed use limited to: Jocelyn Chanussot. Downloaded on November 24,2021 at 13:51:11 UTC from IEEE Xplore.  Restrictions apply. 



0196-2892 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2021.3120198, IEEE
Transactions on Geoscience and Remote Sensing

IEEE TRANS. GEOSCIENCE AND REMOTE SENSING 14

TABLE VIII
ACCURACY ANALYSIS IN TERMS OF AVERAGE OAS, AAS AND KAPPA’S FOR THE 2D AND 3D RECONSTRUCTION MODELS WITH VANILLA AND

GRADIENT CENTRALIZED CONVOLUTIONS.

Dataset Matrices Reconstruction Networks with Vanilla Convolution Reconstruction Networks with Gradient Centralized Convolution
CAE2D CAE3D VAE3D SAE3D G2C-CAE2D G2C-CAE3D G2C-VAE3D G2C-SAE3D

IP
OA 78.24 ± 0.23 80.15 ± 0.34 82.25 ± 0.57 81.45 ± 0.11 80.15 ± 0.28 83.45 ± 0.22 84.11 ± 0.41 84.14 ± 0.19
AA 90.56 ± 0.15 83.37 ± 0.17 85.64 ± 0.28 86.84 ± 0.34 91.24 ± 0.18 85.28 ± 0.37 86.19 ± 0.38 87.91 ± 0.33

Kappa 79.37 ± 0.44 80.88 ± 0.56 84.57 ± 0.39 83.22 ± 0.28 82.37 ± 0.54 84.21 ± 0.45 87.28 ± 0.46 86.28 ± 0.41

UP
OA 84.33 ± 0.14 86.74 ± 0.37 85.19 ± 0.12 87.27 ± 0.33 87.22 ± 0.15 88.77 ± 0.33 87.38 ± 0.24 90.38 ± 0.11
AA 86.15 ± 0.26 87.12 ± 0.11 86.38 ± 0.35 89.13 ± 0.48 88.72 ± 0.23 89.15 ± 0.21 89.33 ± 0.57 89.54 ± 0.28

Kappa 85.34 ± 0.57 85.37 ± 0.22 88.19 ± 0.24 88.24 ± 0.57 88.19 ± 0.45 88.54 ± 0.22 89.20 ± 0.44 90.14 ± 0.45

KSC
OA 85.19 ± 0.47 88.22 ± 0.38 90.28 ± 0.59 89.47 ± 0.28 87.57 ± 0.10 91.17 ± 0.22 92.37 ± 0.41 92.84 ± 0.38
AA 86.22 ± 0.37 89.28 ± 0.14 91.14 ± 0.87 91.15 ± 0.33 88.14 ± 0.42 91.27 ± 0.42 93.66 ± 0.44 93.28 ± 0.43

Kappa 85.17 ± 0.44 89.54 ± 0.22 90.89 ± 0.35 90.24 ± 0.17 88.23 ± 0.33 92.31 ± 0.34 92.19 ± 0.45 92.89 ± 0.55

UH
OA 60.39 ± 0.17 63.15 ± 0.27 64.19 ± 0.28 64.54 ± 0.66 61.47 ± 0.22 65.74 ± 0.43 67.27 ± 0.49 67.08 ± 0.67
AA 58.27 ± 0.22 61.19 ± 0.44 62.27 ± 0.49 62.23 ± 0.33 60.32 ± 0.28 64.29 ± 0.57 66.70 ± 0.27 65.14 ± 0.27

Kappa 62.37 ± 0.38 64.28 ± 0.35 63.38 ± 0.25 65.34 ± 0.17 63.26 ± 0.34 66.67 ± 0.70 67.04 ± 0.30 66.74 ± 0.36
Params 185.8k 555.5k 558.2k 1.1M 184.9k 553.2k 558.1k 1.1M

TABLE IX
COMPARISONS OF COMPUTATIONAL COSTS (FLOPS) AND MEMORY USES (MB) OVER THE FOUR DATASETS.

CNN3D ResNet ContextNet MS3DNet ENL-FCN DPyResNet SSRN G2C-Conv3DNet G2C-MS3DNet G2C-ContextNet G2C-SSRN

Params 210.2K 21.9M 554.1K 269K 113.9K 22.3M 364.1K 209.3K 268.3K 553.4K 363.8K
GPU Memory (MB) 2.42 83.78 2.89 2.94 504.74 85.63 16.08 2.42 2.94 2.89 16.08

FLOPs (×106) 74.9 84.1 63.2 89.9 4683.9 85.1 150.1 74.2 89.1 62.1 149.2
Datasets Computation Time (ms/sample)

IP 12 15 14 2 22 17 91 11 2 14 89
KSC 1.3 1.6 2.9 0.5 3.7 1.5 2.5 1.2 0.5 2.8 2.4
UP 110 156 260 33 152 134 259 109 31 259 256
UH 5.9 6.4 12.9 3.5 12.5 7.4 11.8 5.7 3.5 12.8 11.6

a) GT b) LSTM (71.46%) c) GRU (72.32%) d) ResNet ( 86.08%) e) ContextNet (89.02%) f ) MS3DNet ( 59.22%)

g) DPyResNet ( 84.47%) h) ENL-FCN ( 84.61%) i) LBPCNN ( 85,23%) j) SSRN (95.11%) k) TripletWS ( 95.89%) l) G2C-SSRN ( 96.89%)

Fig. 15. Ground truth (a) and the classification maps predicted for IP dataset using: (b) LSTM, (c) GRU, (d) ResNet, (e) ContextNet, (f) MS3DNet, (g)
DPyResNet, (h) ENL-FCN, (i) LBPCNN, (j) SSRN, (k) TripletWS, and (l) G2C-SSRN models, using randomly selected 5% of training samples.

a) GT b) LSTM (81.56%) c) GRU (82.78%) d) ResNet (92.47%) e) ContextNet (94.54%) f ) MS3DNet (88.76%)

g) DPyResNet (93.32%) h) ENL-FCN (98.68%) i) LBPCNN (96.27%) j) SSRN (98.06%) k) TripletWS (98.27%) l) G2C-SSRN (98.78%)

Fig. 16. Ground truth (a) and The classification maps predicted for KSC dataset using: (b) LSTM, (c) GRU, (d) ResNet, (e) ContextNet, (f) MS3DNet, (g)
DPyResNet, (h) ENL-FCN, (i) LBPCNN, (j) SSRN, (k) TripletWS, and (l) G2C-SSRN models, using randomly selected 5% of training samples.
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a) GT b) LSTM (86.01%) c) GRU (88.89%) d) ResNet (94.02%) e) ContextNet (96.36%) f ) MS3DNet (95.24%)

g) DPyResNet (95.27%) h) ENL-FCN (99.32%) i) LBPCNN (96.78%) j) SSRN (99.16%) k) TripletWS (99.29%) l) G2C-SSRN (99.44%)

Fig. 17. Ground truth (a) and the classification maps predicted for UP dataset using: (b) LSTM, (c) GRU, (d) ResNet, (e) ContextNet, (f) MS3DNet, (g)
DPyResNet, (h) ENL-FCN, (i) LBPCNN, (j) SSRN, (k) TripletWS, and (l) G2C-SSRN models, using randomly selected 5% of training samples.

results. The G2C-CAE2D achieves highest performance gain
in terms of OA (2.38%) and Kappa (3.06%) respectively
for KSC and AA (0.68%) for IP datasets over the model
CAE2D. As compared with CAE3D, the G2C-CAE3D reaches
classification performance gain in terms of OA (2.95%), AA
(1.99%) and Kappa (2.77%) all for KSC dataset. Similarly,
the gain in terms of OA (2.09%), AA (2.52%), and Kappa
(1.3%) can be observed for KSC data using G2C-VAE3D
over VAE3D. Finally, G2C-SAE3D shows the gain of 3.37%,
2.13%, and 2.65% quantitative results in terms of OA, AA
and Kappa obtained for the KSC dataset when compared
with SAE3D. The highest achieved OAs, AAs, and Kappa’s
for G2C-AE models are highlighted in bold in Table VIII.
It’s clear from the results table that the generalized gradient
centralized autoencoder networks achieves significant perfor-
mance gain over vanilla autoencoder networks and it’s due
to the encoding of fine-grained feature representation in the
latent space during training. In classification the fine-grained
detailed features help to accurately classify the pixels those
having similar land-cover textures but different in category.

G. Analysis of Computational Cost and Memory Usage

Table-IX reports the number of weight parameters, GPU
memory requirements, and the computational complexity
of different models including generalized gradient central-
ized networks (i.e., G2C-CNN3DNet, G2C-ContextNet,
G2C-MS3DNet, and G2C-SSRN) in terms of floating-point

operations (FLOPs). It is observed that ENL-FCN contains
the least number of parameters while ResNet and DPyResNet
use the maximum number of weights. It is worth to be
mentioned that the proposed generalized gradient centralized
networks use approximately the least number of parameters
as compared to the vanilla networks. As shown in Table-IX,
the computational cost can be represented by FLOPs (×106)
where the proposed G2C-networks (i.e., G2C-CNN3DNet,
G2C-ContextNet, G2C-MS3DNet, and G2C-SSRN) re-
quired 74.2, 62.1, 89.1, and 149.2 FLOPs operation, similarly,
for the vanilla networks (i.e., CNN3D, ContextNet, MS3DNet,
and SSRN) need 74.9, 63.2, 89.9, and 150.1, respectively. It
is noticed that the proposed G2C-networks reduce the number
of FLOPs by 0.7, 1.1, 0.8, and 0.9 when compared with
CNN3D, MS3DNet, ContextNet, and SSRN. G2S-MS3DNet
achieves maximum FLOPs reduction. In addition, Table IX,
shows the per sample average training time over IP, KSC,
UP and UH datasets using vanilla networks as well as G2C-
networks. The G2C-Networks take minimum average training
time of 1.2, 0.5, 2.8, and 2.4 ms per sample for KSC dataset.
Both sets of models i.e, vanilla and G2C-networks require the
same amount of GPU memory requirements. The number of
trainable parameters for G2C-AEs are shown in last row of
the Table VIII.

H. Visual Comparison on Predicted Maps
Another way to establish the power of pixel-wise classifica-

tion methods by comparing clarities in the obtained classifica-
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a) GT b) LSTM (81.37%) c) GRU (82.73%)

d) ResNet (85.33%) e) ContextNet (87.48%) f ) MS3DNet (84.18%)

g) DPyResNet (73.94%) h) ENL-FCN (91.55%) i) LBPCNN (92.34%)

j) SSRN (96.37%) k) TripletWS (97.54%) l) G2C-SSRN (98.24%)

Fig. 18. Ground truth (a) and classification maps predicted for the UH dataset using: (b) LSTM, (c) GRU, (d) ResNet, (e) ContextNet, (f) MS3DNet, (g)
DPyResNet, (h) ENL-FCN, (i) LBPCNN, (j) SSRN, (k) TripletWS, and (l) G2C-SSRN models, using randomly selected 5% of training samples.

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

Fig. 19. Visualization of the GC-SSRN 2-D spectral-spatial features for the test samples in different datasets via t-SNE. The points represent the features of
test samples and their class labels are shown with different colors: (a) IP, (b) KSC, (c) UP, and (d) UH. (Best viewed in color)

tion maps. Figs. 15-18 show the obtained classification maps
for the pixel-wise classification methods, i.e., MLP, RNN,
LSTM, GRU, ResNet, ContextNet, MS3DNet, DPyResNet,
ENL-FCN, LBPCNN, SSRN, TripletWS and G2C-SSRN us-
ing 5% of training samples randomly taken from IP, KSC,
UP and UH datasets, respectively. It is observed that the
predicted maps generated by classical algorithms generally
contain “salt and paper” noise which appears due to the
miss-classification of certain percentages of land-cover pixels
surrounded by a spectrum-specially mixed within the local
neighboring region. The salt and paper noise basically creates
problems for the edges of two different land-cover even though
the spectral feature can visually differentiate the different
regions. On the contrary, this shortcoming can be overcome by
learning spectral-spatial features during training and improve
the prediction between the inner-areas of the different land-
covers but problems still in the outputs due to not utilization
of fine-grained details which are overlooked by the vanilla
convolutions. The proposed G2C-Conv3D convolution ex-
tracts the fine-grained detailed features by locally preserving
the morphological structures of the shape pattern and these
features help G2C-SSRN to obtained good feature maps with
fewer noise artifacts, more smooth boundary regions and can
successfully remove miss-classified land-cover pixels from the
inner land-cover regions as compared to other considered
methods. It is also observed that the generated classification
maps for SSRN, TripletWS and ENL-FCN are visually better

than ResNet, ContextNet, LBPCNN and MS3DNet in the
sense that contains noise artifacts in some land-cover classes
while the predicted maps of the G2C-SSRN are more accurate,
smoother, and with better delineation of edges due to the more
robust fine-grained representation of spectral-spatial features.

The representation of the learned feature for our trained
model can be better visualized by projecting the extracted fea-
tures into 2D space using the t-SNE method [79]. Figs. 19(a)-
(d) show the t-SNE plots for IP, KSC, UP, and UH datasets.
It can be seen that features from similar land-cover classes
are clustered into a single group, similarly, the samples from
different land-cover classes are easily separable from one
another. So, we can make an inference that both proposed
G2C-Conv2D and G2C-Conv3D can alleviate the existing
models and focus to learn the abstract representation of fine-
grained spectral-spatial details.

V. CONCLUSION

In this article, we first proposed a gradient centralized
3D convolution (GC-Conv3D) to extract gradient level de-
tails efficiently from 3D images during convolution opera-
tion which is often overlooked by vanilla convolution. One
important advantage of GC-Conv3D is that it is capa-
ble to improve the model performance by extracting gra-
dient level information. Furthermore, to boost the general-
ization capability of existing CNNs a weighted combina-
tion between the vanilla and gradient centralized 3D con-
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volution is proposed to form generalized gradient central-
ized 3D convolution (G2C-Conv3D) for fine-grained feature
extraction. Which is used to carefully design the general-
ized gradient centralized feature extraction networks (G2C-
FE) i.e., G2C-SSRN, G2C-Conv2DNet, G2C-Conv3DNet,
G2C-MS3DNet, and G2C-ContextNet for extracting of
more robust and discriminative fine-grained feature repre-
sentation than the vanilla 3D convolution in hyperspectral
image classification task. In addition, the generalized gradient
centralized autoencoder (G2C-AE) networks G2C-CAE2D,
G2C-CAE3D, G2C-VAE3D, and G2C-SAE3D, respectively
are also considered for the experimental study. In the experi-
ments, the power of the G2C-Conv3D convolution is evalu-
ated in the above discussed frameworks on four commonly
used HSI datasets i.e., IP, KSC, UH, and UP. The results
consistently demonstrate the advantages of G2C-Conv3D
operation and the robustness of all the evaluated models,
especially when a smaller number of samples are considered
for training the networks. The G2C-SSRN model achieves
good overall classification performance and outperforms the
nine compared methods by a significant margin. Similarly,
G2C-FE models also outperform its equivalent 2D and 3D
vanilla networks in terms of OA, AA, and Kappa values.
Most importantly, the proposed G2C-Conv3D convolution
operation is simple to implement and it can easily be plugged
into existing CNNs to boost the classification performance.
We also believe the novel G2C-Conv3D convolution will
introduce a new mileage in the hyperspectral research in the
coming days.
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