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Abstract— The hyperspectral images (HSIs) classification tech-
nique has received widespread attention in the field of remote
sensing. However, how to achieve satisfactory classification per-
formance in the presence of a large amount of noise is still
a problem worthy of consideration. In this article, a local
correntropy matrix (LCEM)-based spatial–spectral feature rep-
resentation method is proposed for HSI classification. Motivated
by the successful application of information-theoretic learning
(ITL), we propose to adopt correntropy matrix to represent
the spatial–spectral features of HSI. Specifically, the dimension
reduction is first performed on the original hyperspectral data.
Then, for each pixel, we select its local neighbors within a
sliding window using cosine distance for the construction of
the LCEM. In this way, each pixel can be characterized as
an LCEM. Finally, all the correntropy matrices are fed into a
support vector machine (SVM) for final classification. In addi-
tion, we also propose a novel way to determine the size of
the local window based on standard deviation. Because the
LCEM as the feature descriptor can characterize discriminative
spatial–spectral features, the proposed method has shown great
interclass separability and intraclass compactness. Compared
with other advanced approaches, the proposed LCEM method
has achieved competitive performance in both evaluation indexes
and visual effects, especially when the training size is very small.
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I. INTRODUCTION

W ITH hundreds of continuous spectral bands, hyperspec-
tral images (HSIs) contain large amounts of useful

information, which can greatly enhance the reliability of
remote sensing analysis [1]. Consequently, HSIs have been
widely applied in many fields, such as military security [2],
target detection [3], agriculture [4], and urban mapping [5].
As the basis for further applications, the HSI classification
technique, which aims at assigning a certain label to each
pixel, has attracted the broad interest of many researchers
over the past few decades [6]. However, it is still challenging
due to insufficient labeled samples, high dimensionality, and
noise [7], [8].

Early studies mainly focused on the use of spectral infor-
mation for classification, and these included matching spec-
tral information-based methods [9], [10] and algorithms that
used classifiers such as support vector machine (SVM) [11],
random forest (RF) [12], and multinomial logistic regression
(MLR) [13] to classify items of spectral information. However,
they may suffer from the curse of dimensionality problem
due to the high dimensionality of HSI [14]. Therefore, some
dimension reduction strategies have also been used for HSI
classification, such as principal component analysis (PCA)
[15], locally linear embedding (LLE) [16], and maximum
noise fraction (MNF) [17]. However, PCA only considers
the global statistics, which usually fails to extract the local
useful features of the HSI for classification [18]. Then, the
spectrally segmented-PCA and the folded-PCA have also been
proposed for better HSI feature extraction [19]. By maximizing
the signal-to-noise ratio of the dimension reduced data, MNF
generally outperforms PCA in HSI classification [20]. Nev-
ertheless, although these spectral-based methods can classify
labels by exploring spectral similarities, the classification
performances are usually unsatisfactory because of the spectral
variability caused by climate condition change and other
environmental interferers [6].

It is well known that HSI is 3-D, whose spectral reflectance
and spatial information are independent. Naturally, many
attempts incorporating spatial information into HSI classifi-
cation have been made, in which some successfully indicate
spatial information is beneficial to improve the classification
performance [21]. Therefore, a variety of spatial–spectral
methods have been proposed [22]–[25]. For example, the
extended morphological profiles (EMPs) method is put for-
ward to adaptively extract spatial features in HSI [26]. In [27],
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a spectral–spatial classification framework is proposed to
improve the performance achieved by pixel-wise classifier
using edge-preserving filtering. Local binary patterns (LBPs)
are also adopted to utilize the local contextual feature of
HSI in [28]. To learn discriminative features of HSI, Zhou
and Wei et al. [29] proposed a hierarchical spectral–spatial
feature learning model to exploit robust features of HSI
using multiscale adaptive weighted filtering. In addition,
segmentation-based strategies, i.e., superpixel-based classi-
fication via multiple kernels (SCMK) [30] and multiscale
superpixel segmentation [31], have also been introduced to
obtain homogeneous area for spatial–spectral features extrac-
tion. In [32], the manifold learning-based spatial–spectral
dimension reduction approach is developed for HSI clas-
sification. To make full use of local geometric structure
and spatial correlation in HSI, a local linear spatial–spectral
probabilistic distribution-based method has been proposed by
Huang et al. [33].

In recent years, deep learning technology has achieved
great success in diverse computer vision tasks, such as scene
segmentation [34], image super-resolution [35], and object
detection [36]. Motivated by these successful applications,
some advanced deep neural network models are also employed
to extract both linear and nonlinear features of HSI [37]–[39],
i.e., deep brief network [40], convolutional neural network
(CNN) [41], and graph convolutional network (GCN) [42].
It is a straightforward way to adopt 3-D CNN for HSI classifi-
cation due to its capability of spatial–spectral feature learning.
However, it suffers from high computational complexity and
overfitting problem. To tackle this issue, works [43] and [44]
have achieved competitive performance by the cooperation
between 2-D CNN and 3-D CNN. In [39], a new regularization
approach called neighboring region dropout based on 2-D
CNN has been developed to further relieve the problem of
overfitting. Nevertheless, though deep learning-based methods
have led to a great breakthrough, a large amount of training
data are usually required for robust classification performance.
However, labeled samples are very limited in practice [8], [45].
The HSI classification is a pixel-level classification task,
and it is tough to label an HSI that with hundreds of
thousands of pixels. Besides, the labeled data generally
need to be collected on the ground and in many cases
requires experts to process. Thus, acquiring labeled hyper-
spectral data is always time-consuming and expensive. Con-
sequently, the labeled samples are not sufficient in HSI
classification [1].

In addition, the methods mentioned above do not consider
the correlation between spectral bands, which can offer valu-
able information [46]–[49]. To exploit the discriminative spec-
tral correlation features, Fang et al. [46] proposed a feature
extraction method using local covariance matrix representation
(LCMR), which presents each pixel as a covariance matrix.
Taking the advantage of covariance matrix representation in
representing data relationships, it achieved good classification
performance. However, due to the high dimensionality and
redundancy of hyperspectral signals and the interference of
environmental factors during imaging, there is much noise
in HSI and hyperspectral data are usually nonlinear; these

hamper the classification performance of covariance matrix
representation-based methods.

Inspired by the excellent performance of correntropy in
dealing with nonlinear and non-Gaussian data [50], this arti-
cle presents a new feature extraction method based on the
local correntropy matrix (LCEM) representation to handle the
problem. Recently, information-theoretic learning (ITL) has
drawn great attention of researchers [51]–[53]. Correntropy,
as a robust and simple similarity measurement [54], has
been successfully applied on a variety of tasks. For instance,
Peng and Du [55] incorporated correntropy into joint sparse
representation to replace the traditional least-squares error.
In [56], correntropy is also introduced to compute the affinity
matrix for band selection. These works only adopt correntropy
as a novel similarity measurement metric and have nothing to
do with the category. In this article, we construct the LCEM
for more discriminative spatial–spectral features representa-
tion. In another word, the LCEM can be regarded as the
feature descriptor. In the correntropy matrix, each nondiagonal
element represents the relationships of two different channels.
Taking advantage of the kernel method, the correntropy in
ITL is beneficial to characterize the nonlinear relationships in
hyperspectral data and reduce the negative influence of noise.
In summary, the main contributions of this article are given as
follows.

1) This article proposes a new feature extraction approach
based on the LCEM. We characterize each pixel in
the image as an LCEM containing spatial–spectral
information and then classify the matrices. The char-
acterized features have shown great interclass separa-
bility and intraclass compactness. To the best of the
author’s knowledge, this is the first time to adopt
the LCEM for the HSI feature representation and
classification.

2) This article presents an adaptive way based on standard
deviation to determine the size of the local window and
the number of neighboring pixels. Furthermore, com-
pared with other state-of-the-art methods, the proposed
LCEM method has achieved competitive performance
on three public datasets, especially when the training
samples are very limited.

The remainder of this article is organized as follows.
In Section II, some related works are briefly reviewed.
Section III details the proposed LCEM method for HSI clas-
sification. Section IV shows the experimental results on three
real HSI datasets and presents the results of the comparison
with other advanced classification methods. The conclusion is
given in Section V.

II. RELATED WORK

A. Maximum Noise Fraction

In hyperspectral data processing, in order to reduce compu-
tational effort and data redundancy, data dimensionality reduc-
tion is usually performed before feature extraction. In order
to remove noise during dimensionality reduction, this article
uses the MNF method for dimensionality reduction of HSIs.
The MNF method maximizes the signal-to-noise ratio of the
dimensionality-reduced data by finding a linear transformation
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matrix A, thus achieving dimensionality reduction. Let S
and N denote the uncorrelated signal and noise in data D,
respectively. Also, we assume D = S + N , and then,

Cov(D) = Cov(S) + Cov(N) (1)

where Cov(·) presents the covariance matrix. The matrix A
can be solved by this formula

arg max
A

AT
∑

S A

AT
∑

N A

= arg max
A

AT
∑

DA

AT
∑

N A

− 1. (2)

The matrix A is the eigenvector corresponding to the L
largest eigenvalues of Cov(N)−1Cov(D), where L is the
number of components to be retained. Next, the reduced
dimensional data Y can be obtained from the formula
Y = AT D.

Compared to the PCA which maximizes the variance of
the projected data by orthogonal vectors, the MNF method
not only extracts the principal components effectively but also
maximizes the signal-to-noise ratio and further reduces the
effect of noise.

B. Correntropy

The concept of corentropy was first proposed by
Prof. J. Principe of the University of Florida and his team
in 2006, inspired by the relevant content of ITL, which is a
generalized correlation function [54]. With the joint efforts of
experts and scholars in related fields, this theoretical system
has been developed and widely applied in signal and informa-
tion processing in recent years.

The definition of correlation entropy is as follows. If there
are two random variables x and y, the correntropy between
them can be defined as

Vσ (x, y) = E[kσ (x, y)] =
∫

kσ (x, y)d FX,Y (x, y) (3)

where E[·] is the expected function and d FX,Y (x, y) denotes
the joint probability density function of (x, y). kσ (·) is the
kernel function, which commonly uses the Gaussian kernel
function

kσ (x, y) = 1√
2πσ

exp

(
− (x − y)2

√
2σ 2

)
. (4)

However, in practical applications, the joint distribution
function d FX,Y (x, y) is difficult to obtain or even unknown.
Thus, the correntropy has to be estimated use limited available
data {xi , yi }N

i=1

Vσ (x, y) = E[kσ (x, y)] ≈ 1

N

N∑
i=1

kσ (x, y). (5)

Thus, correntropy is always positive and symmetric. Then,
the Taylor series expansion of the correntropy with Gaussian
kernel can be expressed as follows:

Vσ (x, y) = 1√
2πσ

∞∑
n=0

(−1)n

2nσ 2nn! E
[
(x − y)2n

]
. (6)

It can be concluded from the above that the correntropy with
Gaussian kernel is actually the mean value of the difference
between two random variables after Gaussian transformation,

which is a more generalized signal similarity measurement.
In addition, compared with low-order statistics, it can extract
high-level information and contains all the even-order moment
information of x − y.

III. PROPOSED METHOD

To fully exploit the nonlinear characteristics of HSI, we pro-
pose a spatial–spectral feature representation method based on
the LCEM. The flowchart of the proposed method is shown in
Fig. 1. Specifically, MNF-based dimension reduction is first
used to reduce noise and computational complexity. Then,
the similar neighboring pixels of each pixel can be obtained
based on cosine distance in a sliding window. The size of
the sliding window is determined according to the standard
deviation of the image. Then, the correntropy is applied on
each pixel and its similar neighboring pixels to represent the
correlation between two different spectral channels. Thus, each
pixel can be characterized as a correntropy matrix. Finally,
a set of matrices are fed into an SVM as extracted features
for final classification.

A. Selection of Local Similar Pixels

Extracting the spatial information of HSI through the local
window is a common strategy. However, there may be many
kinds of pixels or noises in the same window. Therefore, in the
dimension reduced image (using MNF), this article first uses
the cosine distance-based K-nearest neighbor (KNN) strategy
to select the most similar K neighboring pixels in the sliding
window. Nevertheless, how to determine the size of the local
window is still a challenging problem. Hence, we propose
an adaptive approach based on standard deviation. Standard
deviation reflects the distribution of pixels in an image. The
larger the value of the standard deviation, the more obvious
the image boundary, and the richer the image details [57].
Therefore, the standard deviation can be used to determine
the size of the local window. When the standard deviation is
large, the image details are more and the difference between
pixels is large, and then, a large window is needed to select
enough similar pixels to characterize the features belonging to
the same class. On the contrary, when the standard deviation of
the image is small, the edge details of the image are not rich.
On the one hand, a small window is sufficient to select enough
pixels of the same classes, and on the other hand, it can avoid
the selection of more heterogeneous pixels. Thus, if the size
of local window W is T × T , then it can be determined by

T = Tλ × std(I ) (7)

where Tλ is the hyperparemeter and std(I ) is the standard
deviation of the image I , whose channel has been reduced to
1 using PCA.

Usually, the value of K is determined by manual exper-
iments. In this article, we put forward a reasonable way to
obtain the number of neighboring pixels K according to the
size of local window. The value of K should not be fixed but
should vary with the window size. Thus, it can be determined
by

K = K p × T 2 (8)
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Fig. 1. Flowchart of the proposed LCEM method. Specifically, the proposed LCEM method mainly includes four steps: the MNF-based dimension reduction,
the selection of local similar pixels, the construction of the LCEM, and classification. Among them, the selection of local similar pixels, including the localizing,
vectorizing, and selecting steps, means that the most similar pixels of each pixel are selected using the cosine distance in the local window. Then, each pixel
and its neighboring pixels can be presented as an LCEM. Finally, we obtain the classification maps by classifying the matrices.

where K p is the proportion factor of total pixels in the
local window. Then, we can employ cosine distance, which
is a common similarity measurement for HSI processing,
to measure the spectral similarity between different pixels [9].
If the center pixel in the window W is p1, then its neighboring
pixels are pi , i = 2, 3, . . . , T 2. The cosine distance between
the pixel and its surrounding pixels can be obtained by the
formula

cos(p1, pi) = 〈p1, pi〉
‖ p1 ‖2 · ‖ pi ‖2

, i = 1, 2, . . . , T 2 (9)

where 〈·〉 and ‖ · ‖ represent the inner product and Frobenius
norm, respectively. By selecting the most similar first K − 1
pixels, we can get the neighboring pixels that are similar in
space and spectrum. Thus, these pixels can be considered as
the same kind of material as the central pixel.

B. Construction of LCEM Representation

After that, the total K pixels are used to construct a corren-
tropy matrix. In this article, correntropy is used to represent
both linear and nonlinear relationships between spectral bands
of the same class. If bi and b j denote two different spectral
bands, then the correntropy between them can be expressed as

C(bi , b j) = 1

K

K∑
n=1

kσ (bin, b jn) (10)

where bin and b jn, respectively, represent the nth spectral value
on the bi th and b j th spectral band, and there are k pixels. If we
regard bi and b j as two spectral vectors, then the correntropy
between the two psectral bands can also been expressed as

C(bi , b j) = 1

K
kσ (bi , b j) (11)

where

kσ (bi , b j ) = 1√
2πσ

exp

(
−‖ bi − b j ‖2

2√
2σ 2

)
. (12)

Then, the correntropy matrix can be obtained as follows:
MC = {C(bi , b j )}B

i, j=1 (13)

where B presents the number of spectral channels of the
dimension reduced image, and in this article, B is set to 20.

Each nondiagonal element in the correntropy matrix rep-
resents the correntropy of different spectral bands, that is,
the relationship between different spectral bands. With the
moving of the window, each pixel in the hyperspectral data

can obtain a correntropy matrix. The correntropy matrix not
only reflects the spectral characteristics but also contains
the information of spatial neighborhood. In this way, the
spatial–spectral information of HSI is naturally integrated
into a series of correntropy matrices, which provides more
distinguishing features for classification. To ensure the positive
definite of the correntropy matrix, regularization is used in this
article.

C. Classification

Finally, a series of correntropy matrices are fed into SVM
for final classification. As the correntropy matrix is a sym-
metric positive definite matrix, it is not located in the Euclid-
ean metric space, but in the Riemannian manifold space.
Therefore, the correlation entropy matrix cannot be directly
input into SVM for classification. Fortunately, a kind of
logm function can transform the points in manifold space
into Euclidean space and complete the vector input of SVM
through logarithm-Euclidean kernel function [58], [59]. The
logarithm-Euclidean kernel can be defined by

klogm(M1, M2) = trace
[
logm(M1) · logm(M2)

]
(14)

where M1 and M2 are two different correntropy matrices and
trace[·] is the trace of a matrix. Given a symmetric positive
definite matrix C = U

∑
U T , its logm can be defined as

logm(C) = U log
(∑)

U T . (15)

IV. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we conduct extensive experiments on three
real HSI datasets to verify the effectiveness of the proposed
method. The hyperparameters of the proposed method are
first analyzed. Then, on each dataset, the proposed LCEM
is compared with some state-of-the-art methods, including
LBP-based method [28], superpixel-based approach via mul-
tiple kernels (SCMK) [30], LCMR-based method [46], ran-
dom patch network (RPNet) [60], neighboring region dropout
for HSI classification (deepNRD) [39], hybrid spectral con-
volutional neural network (HybridSN) [44], double-branch
dual-attention network (DBDA) [61], CNN-enhanced GCN
(CEGCN) [42], and a semisupervised HSI feature extrac-
tion algorithm called joint and progressive subspace analysis
(JPSA) [62]. Also, all the codes of comparison approaches
come from the original articles. For deep learning-based
methods, the number of epochs is set to 200.
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TABLE I

DETAILS OF INDIAN PINES, PAVIA UNIVERSITY, AND SALINAS DATASET

Then, three commonly used quality indicators, overall accu-
racy (OA), average accuracy (AA), and Kappa coefficient k,
are exploited to objectively evaluate the classification perfor-
mance. To robustly evaluate the results, all the experimental
results achieved by different methods are averaged ten times in
our experiments. Furthermore, the visual classification maps
of diverse methods are also shown in this article.

A. Datasets

In our experiments, three real HSI datasets are used to verify
the proposed LCEM-based approach. The details are given as
follows.

1) Indian Pines: The first dataset was recorded by the
Airborne Visible Infrared Imaging Spectrometer (AVIRIS)
sensor over Indian Pines test site in Northwestern Indiana
in 1992. The size of it is 145 × 145 × 220, and the spatial
resolution is 20 meters per pixel (mpp). It should be mentioned
that the original data, which contain 220 spectral bands, are
used in our experiments. There are 10 249 labeled pixels in the
image, which belong to 16 land-cover classes. The detailed
information is tabulated in Table I.

2) Pavia University: The second image was acquired by
the Reflective Optics Spectrographic Imaging System (ROSIS)
sensor over the campus at the University of Pavia, Italy. This
image contains 610 × 340 pixels with a spatial resolution
of 1.3 mpp. There are 103 spectral channels used in our
experiments. The ground truth is composed of nine land-cover
classes.

3) Salinas: This image was gathered by the AVIRIS sensor
over the Salinas Valley, California. This scene has a size of
512 × 217 × 224. Also, the spatial resolution is 3.7 mpp. The
ground-truth map covers 16 classes. It should be noted that
we use the original data, which contains 224 spectral bands,
for our experiments.

B. Parameters Setting

The proposed LCEM is a handcrafted feature extraction
method, and thus, the parameters play a significant role. In this
section, how the number of dimensions B after dimension-
ality reduction, the window factor Tλ, and the proportion
factor K p influence the classification performance is seriously

Fig. 2. Sensitivity analysis of parameter B in our proposed LCEM method.
(a) Effect of the number of spectral bands on classification accuracy. (b) Effect
of the number of spectral bands on running time. The experiments are
performed on the Indian Pines dataset using 1% samples for training per
class. As can be observed, the accuracy is very low when B is set to 10.
With the growing of B (from 20 to 80), the OA, AA, and Kappa obtained
by the LCEM improve slightly, but the corresponding running time increases
heavily. Thus, B is set to 20 for our all experiments.

investigated. Here, we randomly select 1% of the labeled
samples per class for training, and the rest are used for
testing on the Indian Pines dataset. Fig. 2 shows the effect
of different values of B on the performance and computation
time of the proposed LCEM on the Indian Pines dataset.
As can be observed, the accuracy is very low when B is set
to 10, while there is an obvious improvement in accuracy
when B is increased to 20. Then, with the growth of B
(from 20 to 80), the OA, AA, and Kappa obtained by LCEM
improve slightly, but the corresponding running time increases
heavily. In the proposed LCEM method, the construction of
correntropy matrix representation is the most time-consuming
part. According to (13), the time complexity of this part is
O(B2). It means that the larger B , the larger size of the
obtained feature matrices, and the more computational cost.
Thus, B is set to 20 for all the following experiments.

Fig. 3 shows the effect of different Tλ’s (ranging
from 10 to 100, with a step of 10) and K p (ranging from
0.05 to 0.95, with a step of 0.1) on OA, AA, and Kappa on
the Indian Pines dataset. For Tλ, the larger the value of Tλ, the
larger the size of the local window. As can be seen from Fig. 3,
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Fig. 3. Effects of different Tλ’s (ranging from 10 to 100, with a step of 10) and K p (ranging from 0.05 to 0.95, with a step of 0.1) on (a) OA, (b) AA, and
(c) Kappa on the Indian Pines dataset. As can be observed, when the values of Tλ and K p are 30 and 0.55, respectively, the best classification accuracy can
be obtained. Hence, the values of Tλ and K p are set to 30 and 0.55, respectively. In addition, the values of these two parameters remain unchanged in all our
subsequent experiments.

TABLE II

AVERAGE RESULTS (%) OF TEN REPEATED EXPERIMENTS ON THE INDIAN PINES DATASET (220 SPECTRAL BANDS) PRODUCED BY

DIVERSE METHODS WITH 1% TRAINING SAMPLES PER CLASS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

with the increase of Tλ, the OA, AA, and Kappa increase first
and then decreases slightly. This is because when the size
of the window is very small, there are few similar pixels in
the window, which is insufficient for feature representation.
When the size is too large, more heterogeneous pixels will
be selected, which will affect the classification performance.
Besides, the value of K p controls the number of neighboring
pixels. Similarly, we can also observe that selecting too few
or too many pixels in the window will significantly affect the
classification results. As can be observed, competitive results
can be obtained within the reasonable value range of the
two parameters. When the values of Tλ and K p are 30 and
0.55, respectively, however, the best classification accuracy
can be obtained. Thus, the values of Tλ and K p are set to
30 and 0.55, respectively. To verify the effectiveness of the
proposed approach, the values of these two parameters remain
unchanged in all our subsequent experiments.

C. Comparison With State-of-the-Art Methods

This section compares the proposed method with several
advanced techniques in terms of objective accuracy and visual
classification map.

1) Experiments on Indian Pines Image: The first experiment
is performed on the Indian Pines dataset. In this case, 1%
samples per class are randomly selected for training, and
the remaining samples are used for testing. Table II lists the
quantitative mean results of different methods, including OA,
AA, kappa, and the average classification accuracy of each
class. It is worth noting that, in our experiment, the noisy
bands in the Indian Pines image are not removed in advance.
As can be observed, the JPSA achieves the lowest accuracy.
It fails to effectively extract the discriminative feature from
original data when there are limited samples used for training.
Besides, we can also observe that the classification accuracies
of HybridSN, deepNRD, and CEGCN that based on deep
learning are much low, which are lower than handcrafted
methods (i.e., LBP and SCMK). The reason is that the training
samples selected for training in this article are very few,
which can easily lead to overfitting. Although the convolution
kernels of RPNet do not need training, the recognition ability
of random blocks cannot be guaranteed when the training
size is small. Thus, it does not provide satisfactory results.
Among the comparison methods, the DBDA approach has
achieved the competitive classification results by capturing
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plenty of spectral–spatial features using the double-branch
dual-attention mechanism, but it is still inferior to the proposed
LCEM method. Both the LCMR method and our proposed
LCEM method extract the correlation features between spec-
tral bands, but the accuracy of the proposed LCEM approach is
nearly 6% higher than that of the LCMR. The reason is that
our proposed LCEM algorithm exploits the spectral feature
using correntropy, which is more appropriate to represent the
nonlinear relationships between spectral bands in hyperspec-
tral data than covariance. Then, a set of correntropy matrices
obtained from the local window extract more discriminative
spatial–spectral features, giving a boost to the final classifica-
tion performance.

In addition to the objective quantitative analysis and com-
parison, this article also verifies the advantages of the pro-
posed method from the visual effect. Fig. 4 shows the full
classification maps of different methods, which is generated
by one of the random experiments. It is easy to observe
that the proposed LCEM has the best performance. Also,
it is worth noting that, in our experiment, the noisy bands
in the Indian Pines image are not removed in advance. Thus,
the JPSA, SCMK, CEGCN, and LCMR have produced noisy
classification maps when with a small training size, while for
the LBP method, the LBP descriptor and Gabor filter could
greatly suppress the negative effect of noise. However, it fails
to represent the spectral features, resulting in an oversmooth
classification map. Besides, there are many misclassifications
in the classification maps of the HybridSN and deepNRD
methods caused by the overfitting problem. For the RPNet
approach, its classification map fails to capture the structure
of the image. Taking the advantage of the attention mechanism,
the DBDA method has produced a smooth map, but the classi-
fication result is not so accurate. Compared with more isolated
noises in the classification map of LCMR, the proposed LCEM
method leads to much smoother results. As can be seen, the
borders between different classes can be well preserved and
the regions consisting of the pixels belonging to the same
class are smoother. This is mainly because the correntropy
can extract the high-order moment information and corren-
tropy matrix representation is robust to noise and intraclass
variations.

The running time for one experiment of diverse approaches
on the Indian Pines dataset is reported in Table III. In the
experiment, we recorded the time from loading the dataset
to generating the classification map. All the experiments are
conducted on the device with a 2.6-GHz CPU, 64 GB of
RAM, and an RTX-3090 GPU. Note that HybridSN, deep-
NRD, CEGCN, and DBDA are performed on PyCharm using
GPU and Python 1.9. Also, the others are conducted on
MATLAB 2021b. From Table III, we can observe that the
LBP is the most time-consuming because it extracts a very
high-dimensional feature for each pixel. Among the deep
learning-based methods, the CEGCN takes the whole HSI as
the network inputs, resulting in a shorter running time than
other deep learning-based methods that consider the small
patches as inputs. However, the proposed LCEM is more
time-consuming than LCMR. This is because the calculation of
correntropy matrix in the proposed LCEM is computationally

Fig. 4. Full classification maps on the Indian Pines dataset.
(a) False-color map. (b) Ground truth. (c) JPSA. (d) LBP. (e) SCMK.
(f) HybridSN. (g) deepNRD. (h) RPNet. (i) DBDA. (j) CEGCN. (k) LCMR.
(l) Proposed LCEM.

TABLE III

COMPUTATIONAL TIME (SECONDS) FOR ONE EXPERIMENT OF

DIFFERENT METHODS ON THE INDIAN PINES DATASET

WITH 1% TRAINING SAMPLES PER CLASS

expensive. According to (11) and (12), it nonlinearly maps
the difference of two spectral bands to another feature space
through the Gaussian kernel function. Compared with covari-
ance, the correntropy can extract high-level information of the
difference and reduce the negative effect of noise. According
to (13), its computational complexity is O(B2). Although
more computational complexity is needed than LCMR, higher
classification accuracy and more accurate classification map
are achieved by the LCEM.

2) Experiments on Pavia University Image: The second
experiment is conducted on Pavia University image, where
only 0.1% samples per class are randomly selected for training
and the rest of the samples are taken as testing samples.
Table IV reports the average classification results of each
method. Similar conclusions can be drawn from Table IV.
The comparison methods still perform poorly due to the lack
of sufficient samples. However, the proposed LCEM algorithm
based on correntropy is still the best, which is about 5% higher
than LCMR in terms of AA.

Fig. 5 shows the complete classification maps of the com-
parison methods when only 0.1% of the samples per class
are used for training. It can be obviously observed that in
the case of few samples used for training, some of the
classification maps of the comparison methods have generated
more noise and some have lost the details of the image.
However, the proposed LCEM method not only preserves the
image structure information but also reduces the existence of
isolated noise as much as possible.

3) Experiments on Salinas Image: In this case, we only
randomly select 0.1% of the labeled samples from each class
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TABLE IV

AVERAGE RESULTS (%) OF TEN REPEATED EXPERIMENTS ON THE PAVIA UNIVERSITY DATASET PRODUCED BY DIVERSE METHODS
WITH 0.1% TRAINING SAMPLES PER CLASS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

Fig. 5. Full classification maps on the Pavia University dataset. (a) False-color map. (b) Ground truth. (c) JPSA. (d) LBP. (e) SCMK. (f) HybridSN.
(g) deepNRD. (h) RPNet. (i) DBDA. (j) CEGCN. (k) LCMR. (l) Proposed LCEM.

for training. The detailed average results of several methods
are shown in Table V. It can be seen from the table that
the proposed LCEM method has achieved the best results in
terms of OA, AA, and Kappa coefficient. Fig. 6 presents the
visual classification maps of all the comparison methods. It is
possible to state that our proposed approach yields the best
visual effect in such a small training size. Considering all the
above experimental results, the effectiveness of our proposed
LCEM approach is fully proved. Besides, the experimental
results also show the unique potentiality and advantage of the

correntropy matrix as a feature descriptor in extracting the
spectral–spatial of hyperspectral data.

D. Effect of Different Training Samples on Classification
Performance

To more comprehensively demonstrate the effectiveness of
the proposed LCEM, we further analyze the effect of different
training samples on classification performance.

On the Indian Pines dataset, we randomly select 1%, 2%,
3%, 4%, and 5% labeled samples per class for training. Fig. 7
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TABLE V

AVERAGE RESULTS (%) OF TEN REPEATED EXPERIMENTS ON THE SALINAS DATASET (224 SPECTRAL BANDS) PRODUCED BY DIVERSE
METHODS WITH 0.1% TRAINING SAMPLES PER CLASS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

Fig. 6. Full classification maps on the Salinas dataset. (a) False-color map.
(b) Ground truth. (c) JPSA. (d) LBP. (e) SCMK. (f) HybridSN. (g) deepNRD.
(h) RPNet. (i) DBDA. (j) CEGCN. (k) LCMR. (l) Proposed LCEM.

presents the influence of different training samples on OA, AA,
and Kappa. It can be seen that classification accuracies of all
the methods steadily improve as the training size increases, and
only when the training size is large enough, the comparison
methods perform similar classification results. However, the
proposed method always performs the best, especially when
the training size is very small. In addition, Figs. 8 and 9
show the effect of the training sample size on classification
performance on the Pavia University and Salinas datasets,
respectively. On these two datasets, only 0.1%, 0.15%, 0.2%,
0.25%, and 0.3% samples per class are randomly chosen
for training, and the remaining samples are used for testing.
Similarly, we can conclude that the proposed method still

achieves competitive results in terms of OA, AA, and kappa
with limited training samples. Considering all the results,
we can conclude that the correntropy matrix has the obvious
advantage in capturing the hyperspectral features and can
be beneficial to classification, especially when with limited
training samples.

E. Feature Space Analysis

To further analyze the class separation capability of the
proposed LCEM method, we also provide the visualization
results of features learned by the LCMR and the proposed
LCEM methods on three datasets. The 2-D projection of
features is shown in Fig. 10. The maps in the first row are
the results performed on the Indian Pines dataset. Fig. 10(a)
shows the projection of original features. The blue color and
the pink color represent the corn-notill and Soybean-mintill
classes, respectively. As can be observed, it is challenging
to classify the pixels accurately on this dataset due to the
spectral aliasing. Fig. 10(b) and (c) shows the projection
of features learned by the LCMR method and the proposed
LCEM, respectively. Compared with the LCMR method, our
proposed LCEM method can better separate pixels of different
classes (i.e., the pixels marked blue and other colors). From
the projection of the Pavia University dataset (the second row
in Fig. 10), we can also easily observe that our proposed
LCEM approach [Fig. 10(f)] can better cluster the pixels
belonging to the same class, for example, the pixels marked
green and brown. Similarly, it can also be observed from
Fig. 10(h) and (i) that the proposed LCEM can not only better
separate pixels belonging to different classes but also better
cluster pixels belonging to the same class. Taking all the results
into account, it is possible to state that our proposed LCEM
method can characterize the discriminative spatial–spectral
features for classification.

F. Effect of Diverse Classifiers and Dimensionality Reduction
Algorithms

Furthermore, we also analyze the effect of diverse classifiers
and dimensionality reduction algorithms on our proposed
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Fig. 7. Experimental results of different methods with different numbers of training samples on the Indian Pines dataset. (a) OA. (b) AA. (c) Kappa.

Fig. 8. Experimental results of different methods with different numbers of training samples on the Pavia University dataset. (a) OA. (b) AA. (c) Kappa.

Fig. 9. Experimental results of different methods with different numbers of training samples on the Salinas dataset. (a) OA. (b) AA. (c) Kappa.

LCEM approach. In this section, we use four classifiers
to evaluate the effectiveness of the features learned by the
proposed LCEM, including logarithm-Euclidean kernel-based

SVM (SVM-logmE), radial basis function kernel-based SVM
(SVM-RBF), KNNs, and RF classifier. The fivefold cross
validation is employed in the SVM-RBF classifier and the
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Fig. 10. 2-D projection of features learned by the LCMR and the
proposed LCEM methods on three datasets using t-distributed stochastic
neighbour embedding (t-SNE). The feature projections on (a)–(c) Indian Pines,
(d)–(f) Pavia University, and (g)–(i) Salinas dataset. From left to right, the first
column represents the projection of the original dataset, the second column
represents the projection of the features learned by the LCMR method, and the
last column represents the projection of the features learned by the proposed
LCEM approach. From the figure, we can see that the proposed LCEM can
better cluster pixels belonging to the same class and separate pixels of different
classes.

TABLE VI

AVERAGE RESULTS (%) OF DIFFERENT CLASSIFIERS AND
DIMENSIONALITY REDUCTION ALGORITHMS PERFORMED

ON THE INDIAN PINES DATASET WITH 1%
TRAINING SAMPLES PER CLASS

cosine distance is used in KNN. In addition, two different
dimensionality reduction algorithms, MNF and PCA, are con-
sidered in our comparison experiments.

The experimental results conducted on the Indian Pines
dataset with 1% training samples per class are reported in
Table VI. As can be observed, all the classification methods
have achieved competitive results, especially when the dimen-
sionality reduction is the MNF. However, the RF classifier
has achieved the lowest accuracy. The reason for that may
be that it suffers from the class imbalance problem, as we
can see that the AA produced by it is extremely low. Also,

the SVM-logmE, SVM-RBF, and KNN classifiers have shown
a similar performance. Nevertheless, the logarithm-Euclidean
kernel function-based SVM is more appropriate in theory
for the classification of correntropy feature matrix. Thus,
we adopt the SVM-logmE classifier as the classifier in this
article. Besides, we can also find that the MNF outperforms
PCA in our proposed model. This is mainly because the
MNF is committed to maximizing the signal-to-noise ratio of
dimensionality-reduced data, which is beneficial to subsequent
feature extraction. Furthermore, the experimental results of
diverse classifiers also strongly prove the effectiveness of the
features extracted by LCEM.

V. CONCLUSION

In this article, an effective spectral–spatial feature extraction
method based on the LCEM representation is proposed for HSI
classification, where correntropy is used to represent the cor-
relation between spectral bands. In addition, we also propose a
standard deviation-based parameter adaptive method to deter-
mine the window size and the number of neighboring pixels.
The experimental results on three public datasets demonstrate
that the proposed method is effective, especially in the case
of very limited samples. Besides, the following two points are
proved. First, taking the advantage of the kernel method, the
correntropy can better describe the nonlinear relationships in
hyperspectral data and suppress the negative impact of noise.
Second, the LCEM as a local feature descriptor can provide the
discriminative features of different land covers. Due to these
two advantages, the proposed method has achieved better per-
formance in classification accuracy and visual effects. At the
same time, we have also noticed the application potential of
information theory learning in HSI processing. In the future,
we will further explore the application of the theory of ITL
on HSI. However, how to make full use of spatial information
of HSI is still a problem worthy of attention. We consider
adopting the multiscale superpixel segmentation to capture the
structure of HSI and then perform the feature extraction by a
correntropy matrix.
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