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Extended Subspace Projection Upon Sample
Augmentation Based on Global Spatial and
Local Spectral Similarity for Hyperspectral

Imagery Classification

Jiaochan Hu, Xueji Shen, Haoyang Yu
and Bing Zhang

Abstract—Band redundancy and limitation of labeled sam-
ples restrict the development of hyperspectral image classification
(HSIC) greatly. To address the earlier issues, the classification
models such as subspace-based support vector machines, which
have gained a certain advance but mainly concentrate on the
dimensionality reduction and ignore the augmentation of training
samples. In fact, these two issues are equally important for im-
proving the performance of classification, and should be addressed
simultaneously. Therefore, this article proposes a novel method
named extended subspace projection upon sample augmentation
based on global spatial and local spectral similarity (GLSC) for
HSIC, which takes both sample augmentation and dimensionality
reduction into consideration. Specifically, it first exploits the GLSC
to enlarge the original labeled sample set, which allows HSIC to
obtain more prior information. Then, the augmented samples and
the original labeled samples are combined to construct the extended
subspace, which is more comprehensive to reflect the real situation
of the ground objects. Finally, the original HSI is projected to the
subspace and classified by the neighborhood activity degree-driven
representation-based classifier. Experimental results on three real
hyperspectral datasets demonstrate the practicality and effective-
ness of the proposed method for HSIC tasks.

Index Terms—Dimensionality reduction, hyperspectral remote
sensing, labeled sample size, supervised classification.
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1. INTRODUCTION

EMOTE sensing is a comprehensive technology used for
R earth observation. Hyperspectral remote sensing is such
a technique characterized by imaging land surface at numerous
spectral bands [1]-[3]. With the high spectral resolution, hyper-
spectral remote sensing image (HSI) enables a complete spectral
diagnosis of ground objects; thus, allowing a fine classification
of land cover and land use classes [4], [5]. Some deep learning
methods are also used for HSI classification (HSIC) in recent
years [6], [7]. However, its accuracy of classification was usually
limited by the spectral redundancy of HSI and the size of training
samples.

Although the increase of spectral resolution in the HSI can
capture more details, high correlations between adjacent bands
induce high redundancy, meaning that the hyperspectral data can
be condensed into a subspace with lower dimensions [8]. Two
common approaches have been used to reduce the dimension of
HSI, band selection, and feature extraction. Band selection aims
to use the most discriminative bands to construct a simplified
feature space [9], [10]. Maximum variance principal component
analysis (PCA) [11], [12] and constrained band selection [13],
[14] are two classic methods that have been proved effective in
band selection. Feature extraction is another way of dimension-
ality reduction. It focuses on creating a new feature space which
synthesizes information or enhances desired features through
a mathematical transformation of original spectral space [15].
Some classical methods include PCA [16]-[18] and maximum
noise fraction [19], [20], both of that aim to optimize the spectral
features. Subspace projection algorithm has also been employed
for spectral feature extraction [21], [22]. Its basic assumption is
that high-dimensional samples of each class can be expressed by
a set of vectors in a lower dimensional subspace. However, due
to the existence of mixed pixels and intraclass spectral variation
[23], the effectiveness of this algorithm is easily affected by the
selection of training samples.

Another limitation is the vulnerability of supervised classi-
fication to training samples. With insufficient training samples,
its accuracy could be improved by increasing spectral bands
but to a limited degree as a result of the Hughes phenomenon.
So, the abundance of training samples is required to achieve
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a high accuracy in supervised classification [24]. However, it
is challenging to acquire plentiful labeled samples in practice
without consuming a lot of time and labor. Sometimes the
limitation of objective factors makes it impossible to obtain
enough training samples at all. In [25], based on the correlation
of spectral bands, the original labeled samples were divided into
several subsamples to alleviate this issue for HSIC. In [26], Cui
et al. used the image segmentation algorithm to randomly select
unlabeled samples in the same region where the original labeled
samples are located to enlarge the sample set. These methods
have a certain effect on training sample enlargement, but there
is still a shortage of using global spatial information.

To improve the accuracy of HSIC, current methods mainly
focused on either reducing spectral dimension or increasing the
size of training sample. For instance, subspace-based support
vector machine (SVM) [27]-[29] could effectively reduce spec-
tral dimension but it does not consider automatically expanding
the sample size used for classification. As dimensionality reduc-
tion and sample expansion are both critical in determining the
accuracy of classification, balancing them could be an alterna-
tive way to improve the accuracy of supervised classification.
However, seldom classification algorithms incorporated the two
aspects altogether into their frameworks.

In this article, we proposed a new method named extended
subspace projection upon sample augmentation based on global
spatial and local spectral similarity (ESSA-GLSC) for HSIC,
which takes both dimensionality reduction and sample augmen-
tation into consideration. First, we applied a novel algorithm that
exploited both global spatial and local spectral information to
increase the number of training samples. Specifically, we take
advantage of the spatial information of the region where the
labeled pixel is located to find another non-neighborhood area
that has similar structures. The central pixel of the found area will
be marked as the same label. The basic assumption is that there
may be some regions in the image with different distribution
locations but have similar spatial characteristics, such as texture
and material composition. By this way, the labeled sample size
can be extended twice as much as before. Then, we make use
of the spectral information to find a similar pixel in the neigh-
borhood, the labeled sample is located. The found pixel is also
marked as the corresponding class label to enlarge the labeled
sample size. This method was inspired by the pixels adjacent
to each other in space have a high probability of belonging
to the same category. Since then, the training sample size has
been tripled and can be effectively used to train the supervised
classifier. Second, the extended subspace projection is intro-
duced to reduce spectral dimension. Compared with the sub-
space projection, the proposed method exploits the augmented
training samples and the original labeled samples together to
construct the subspace, which is more comprehensive to reflect
the real situation of the ground truth. Ultimately, we combine
the above-mentioned implements with the neighborhood activity
degree (NAD) driven representation-based classifier (NADRC)
for HSIC. The NADRC is an improved version to the classic
sparse representation-based classifier (SRC) [30]-[38], which
has lower computational cost and takes spatial coherence into
consideration. The main contributions of this article can be
summarized as follows.
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1) The proposed method takes both sample augmentation and
dimensionality reduction into consideration, which further
alleviates the effect of the Hughes phenomenon and en-
hances the performance of HSIC. The proposed method is
more stable for the situation with limited training samples.

2) A concise and low-cost method that effectively expands
the number of training samples through exploiting GLSC
[39]-[46]. Then, the enlarged labeled samples and the
original samples are used to construct the extended sub-
space, which is a more stable feature space and unties the
concentration of spectral features caused by mixed pixels.

3) The projected image is classified by the spectral-spatial
classifier NADRC, which was based on our previous work
and gets a great performance in HSIC tasks.

The rest of this article is organized as follows. Section II
introduces related subspace projection algorithm and sparse rep-
resentation (SR) based models. Section III presents the proposed
ESSA-GLSC in detail. Section IV evaluates the performance
of the proposed method with three real hyperspectral datasets
and compared with the results of other classic HSIC methods.
Section V concludes this article with some remarks.

II. RELATED MODEL DESCRIPTION
A. SR-Based Classification

The original hyperspectral image is denoted as X with totally
N pixels, B spectral bands and containing K thematic classes.
SRC randomly selects the training samples from each class to
construct the dictionary D. Then, D is used to represent the
testing pixel x; ;, as x; ; =~ Da, where a is a weighted vector.
Theoretically, SRC adopts the /y-norm to measure the sparsity of
«, which calculates the number of nonzero values in «. However,
because the optimization of the /y-norm is an NP-hard problem,
the /;-norm minimization as the closest convex function is
adopted in practice [47]. Therefore, SRC can be formulated as
a Lagrange formulation as follows:

~ . 2
i = argmin {xi; ~ Dol + 2l f

s.t. || Xij — Dam-||1 <eg

where [|a; ;|1 = > _; |aun| denotes the 4-norm constraint,
and X is a scalar regularization parameter. The constant € is used
to balance the error of representation. Then, the class label of
x;, ; is determined by evaluating the residual errors between the
obtained approximation and the x; ;.

B. Subspace Projection

The linear mixture model assumption has been used to the
subspace projection algorithm to reduce the dimension of HSI.
For any pixel x; ; € X, it can be represented as follows:

K
xij =y UMz, 4y, 2
k=1

where U®) = {ul® .. u,u (k)} is aset of 7(¥)-dimensional
orthonormal basis vectors for the subspace, associated with

(k) denotes the

class k € [1, K]. n; ; represents noise, and z; ;
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Fig. 1. Subspace spanned by the original labeled samples (o).

coordinates of x; ; with respect to the basis U®). In order to
T

get the appropriate U®), let RW=E{z!}) z[)} denotes the

self-correlation matrix associated with class k, and x;x) (k) is

the training set associated with class k containing [(*) sam-

ples. According to R =E® AR E® ™
trix A = dzag( AR kg))

, the eigenvalue ma-
and eigenvector matrix E(F) =

{egk), ...ey )} can be calculated. The retention ratio r(*) of the
original spectral information is controlled by the parameter 7
r(k) d
r%) = min {r(}“) : Z/\,f-’“) > Z)\Ek) X T}. 3)
i=1 i=1

Then, UK = {egk),.
r(®) < B. Therefore, the pixel x; ; can be transformed as fol-
lows:

2
b(xi) = {nxi,jn s

The dimension of ¢(x; ;) is (K + 1), which is unrelated with
the number of the original bands and training sample size. Thus,
the effect of the Hughes phenomenon was largely avoided. On
this basis, the original image X can be projected as follows:

(b(X) = [¢(X1), IR (b(XN)] &)

For example, the original labeled samples shown in Fig. 1(a)
can be used to construct the U(®), and the original HSI can be
projected to obtain the lower dimensional image ¢(X), which
is shown in Fig. 1(b).

(k)} can be obtained, where

9 T
x| } e

III. PROPOSED METHODS

To alleviate the problem of insufficient labeled samples and
band redundancy, this section first introduces a sample augmen-
tation algorithm based on GLSC. Then, the ampliative labeled
sample set is further applied to extended subspace projection
which randomly selects some clusters from each class to con-
struct a lower dimensional subspace. Finally, a new classifier
named ESSA-GLSC is proposed, which applies the spectral-
spatial classifier NADRC [48] to the projected image for the
better classification performance.

A. GLSC-Based Sample Augmentation

1) Global Spatial Similarity-Based Sample Augmentation:
Nonlocal self-similarity (NLSS) was first proposed in the field
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of image denoising [49]-[52]. NLSS was motivated by a fact
that natural images contain many similar patches in different
areas. Inspired by NLSS, the proposed sample augmentation
method makes use of the texture information of the region where
the labeled pixel is located to find another non-neighborhood
area with similar structure. The central pixel of the area will
be marked as the same class and be put into the dictionary to
represent testing samples.

Let x;; = [z} ;,..., 2] at the location (i,j) of X be a
labeled pixel belonging to the original training sample set 5.
In order to search its global spatial similarity information in the
image, X is first expanded to a (r +w; — 1) X (c+wy — 1)
pixel-sized image, where r and c are the size of original rows and
columns. Then, we denote a x; j-centered w; X w; pixel-sized
patch as P; ; and extract the set of wq X w; pixel-sized patches
centered on each pixel in X, denoted as P. To search the global
spatial similarity of x; ; is actually to find a patch lsa, p in P with
the highest similarity to P; ;. The similarity here is measured by
the sum of Euclidean distances between pixels at corresponding
positions in the block except for central pixel. The process of
search can be expressed as follows:

U}2

mindist(Pij,f’a p) = min< > d(Xpm,Xm)

a, ,,, L aab m=1 (6)
xeP; j,X€Pqp

m;ﬁ%wQ

where x,, is the myj, pixel in P; ; and X,,, is the myy, pixel in
f’a,b, and d(x,,, X, ) represents the Euclidean distance between
X, and X,,,. It should be noted that the search process should
follow the principal that there is nonoverlapping between 15(171,
and P; ;. The purpose of the decentralized search is to reduce
the influence of spectral variability and other objective factors,
such as weather or imaging conditions. Considering the compu-
tational cost, the calculation is suggested to perform on the first
p components of singular value decomposition (SVD), which
maintains the relative distance of the original space under the
orthogonal projection transformation. In the experiments, the
original hyperspectral image has been processed by SVD to
reduce the computational complexity and maintain the accuracy
of the measurement of similarity. The execution steps of this
method are summarized in Algorithm 1-1.

Through the above-mentioned implementation, the size of the
labeled sample set So has been extended twice as much as before
in the nonlocal spatial level.

2) Local Spectral Similarity-Based Sample Augmentation:
The spectral information of adjacent pixels can also be used
to find another pixel that belongs to the same class to enlarge
the labeled sample size. Based on the basic assumption that the
pixels adjacent to each other in space have a high probability
of belonging to the same category. Therefore, the proposed
algorithm, named local spectral similarity-based sample aug-
mentation, aims to search the pixel x,,,, in P; ; , which is most
like x; ;. The search process can be expressed as follows:

B
= d(a;,2h,) )
b=1

min dist(X; j, Xu,v)
Fu,v Xu,v€EP,j
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Algorithm 1-1: SA-GS.

Input: Original HSI X, original labeled sample set S1, the
size of neighborhood wy .
1. Pre-processing: obtain the dimension-reduced image
X'y by SVD.
2. expand X', toX", with size
of(r +wy — 1) X (c+w; — 1)
3. fori=1tor,j=1tocdo
patch < cube
/[ extract the set of patches P x/
4. fori=1tor,j=1tocdox.p = f(xi;)
/+search the most similar pixel x, 3 to x; ; in S via
(6) */
5. So=A{S1,%qp}
/* augment the original training sample set Sy to Sg */
Output: S5.

Algorithm 1-2: SA-LS.

Input: Original HSI X, the size of neighborhood ws, the
augmented labeled sample set Ss.
1. Pre-processing: obtain the dimension-reduced image
X'; by SVD.
2. expand X’; toX"; with size
of(r + wy — 1) X (c+we — 1)
3. fori=1tor,j=1tocdo patch < cube
/x extract the set of patches P x/
4. fori=1tor,j=1tocdox,, = f(x;;)
/* search the most similar pixel x,, , to x; jin S; via
(7) «/
5. 53 = {52, qu}
/% extend S to Sg */
Output: Sj3.

b b :
where z7 ; and -, , represent the pixel x; ; and x,, ,, at the band

b€ [1,B], respectively.d(z? ., %

i.j»Tu.p) Tepresents the Euclidean
distance between «? ; and 2, . The pixel X, and x,, ,, maybe
the same one in the experiments. In this case, only one of them is
put into the labeled sample set. The pseudocode is summarized
in Algorithm 1-2.

Now, the labeled sample set S5 has been effectively tripled in
the local spectral level, and can be further used as input to serve

the subsequent subspace expansion.

B. Extended Subspace Projection

Based on the subspace projection algorithm, the extended
subspace projection constructs the set of self-correlation ma-
trixes in each class by randomly selecting several clusters
from the appropriately labeled samples. With the selected
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[U,.. U ]

Fig. 2. Extended subspace spanned by the original labeled samples (o) and
augmented labeled samples (+).

clusters, the subspace can be spanned by more basis vec-

tors, which is closer to the real situation of the ground truth.
T

As defined before, let R(k’m):E{aﬁffij@xEﬁ’;ﬂ) } represents

the self-correlation matrix calculated by the labeled samples,

(k,m)
jo  de-

notes [(¥) labeled samples chosen at my, time from the class
k. According to R*m) =EFm) Akm) Bk, m)T | Ukm) =
{egk’m), e eff,;?q')} can be obtained. Then, a more compre-
hensive basis for constructing the subspace of class &k can be
determined, denote as U = {Uk:m)IM_ “\where M is the
number of clusters. Therefore, the projected pixel is represented
as follows (8) shown at the bottom of this page: where || o |2
denotes the lo-norm. Thus, the projected image can be repre-
sented as follows:

(X) = [p(x1), .., d(xn)]- ©)

The ¢(X) is an r-dimensional image where » = K x M ,
independently of the size of labeled samples. As shown in Fig. 2,
the extended subspace projection constructs a more comprehen-
sive subspace to regard the distribution of the ground objects
by the augmented labeled samples than the original labeled
samples.

which are randomly selected at my, time, and x

C. Neighborhood Activity Degree (NAD) Driven
Representation-Based Classifier (NADRC)

As introduced in Section II, a testing pixel can be noted
as x; ; ~ Da by the classic SRC, the sparse coefficient o is
processed in conjunction with the dictionary to calculate the ap-
proximate value of testing pixel, and the class label is determined
by the class-dependent minimum residual error. However, there
is latent discriminant information under the sparse coefficient,
which can be further investigated. Specifically, « is sparsely
constrained, most elements in it are zero. It means that only the
labeled samples whose weight values are not zero participated in
the representation, namely they are active in the current process.
Moreover, the labeled samples with higher degree of activity
play important roles in determining the class of the testing pixel.

2

x;; TUD ’

o3 = { sl

geeey

2
T 1,M
Xi,j U( )Hz,...,’

o T
x,,; UM HQ} ®)
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Fig. 3. Principal diagram of ESSA-GLSC.

Based on the abovementioned, a new concept is defined
which calculates the contribution of the labeled samples in the
dictionary to the representation of the testing pixel, called AD.
The AD of a certain class k is calculated as follows:

ADy = Haﬁde

(10)
where || @ || ; denotes a /4-norm (d = 1 or 2) constraint. However,
this decision mechanism only considers the spectral information
of the testing pixel but without integration of spatial information,
which may lead to misclassification in the HSIC tasks. To utilize
the spatial information, for a testing pixel x;; , we extract
a w X w pixel-sized neighborhood from X, denoted as A; ;,
and define a new concept NAD to evaluate the contribution of
different class-dependent subdictionaries to the representation
of the testing neighborhood. The basic assumption is that spatial
adjacent pixels are likely to belong to the same class. The NAD
of a certain class is calculated by the sum of AD as follows:
2

NAD, =" AD” (11)

where v represents the index of vector in the neighborhood.
Therefore, the NADRC takes advantage of the spatial informa-
tion and effectively corrects the latent misclassification.

D. Extended Subspace Projection Upon Sample Augmentation
Based on Global Spatial and Local Spectral Similarity

In this context, the proposed approach can be implemented
as three steps: First, augment the training samples by taking
advantage of the GLSC so that the classifier can be better trained.
Second, reduce the dimension by projecting the original HSI to
a lower dimensional subspace, which was spanned by the ex-
tended labeled samples. Finally, integrate the above-mentioned
implements with NADRC to bring better characterization of fea-
tures and improvement of classification. Therefore, the objective

Xy Yiow jow Dy Dy Dy

(& fETac=nas

.........

O] 2
<] <]

U Order of L norm i
Neighborhood activity degree (NAD)-driven representation

Classification
(ESSA-GLSC)

Algorithm 2: ESSA-GLSC.
Input:

Original HSI X , the augmented labeled sample set
Ss.
1. obtain X’ by normalization.
2. construct the dictionaryD¥ by randomly selecting
training samples from S5 ={x; j,Xa. ;.- -, Xu,0 }
3. p(X)X; o(DFS)DF
/x exploit D¥ to construct a lower-dimensional
subspace and project the original scene to it. */
4., fort=1tor,j=1tocdo
k = class(¢(x; )k € [1, K]
/x the image is classified by (12) =/
Output: the identity of the testing pixel.

function of ESSA-GLSC can be finally expressed as follows:

a5 = argmin { [6(x.) — (D)3 + 4], }
class(¢(xi ;) = argmin {|| ¢(xi ;) — S(DF)a7 3}
12)

where ¢(D®9) denotes the dictionary, which has extended
labeled samples and be projected into a lower dimensional
subspace. The pseudocode for the proposed ESSA-GLSC is pre-
sented in Algorithm 2. Fig. 3 illustrates the schematic diagram
of it.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, ESSA-GLSC is evaluated via three real hy-
perspectral datasets from different sensors, of which the de-
tails are provided in Section IV-A. The related parameters of
the sample augmentation stage, extended subspace projection,
and NADRC are illustrated in Section IV-B. For comparison,
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Class 1: Alfalfa
Class 6: Trees

Class 2: Shadows
Class 7: Bare soil

Class 3: Meadows
Class 8: Bitumen

Class 4: Bricks Class 5: Gravel
Class 9: Metal sheets

Fig. 4. ROSIS University of Pavia dataset. (a) False-color composite image.
(b) Reference map.

the SVM, SRC, support vector machines-Markov random field
(SVM-MRF), and joint SRC (JSRC) [53] are used to compare
the performance of the proposed method. Moreover, labeled
sample size and the number of dimensions is also used as
variables to measure the effectiveness of the proposed method.
From the perspective of the overall accuracy (OA) and the
class-dependent accuracy (CA), Section IV-C presents the anal-
ysis of the classification results of different methods mentioned
earlier.

A. Data Description

1) ROSIS University of Pavia Scene: The University of Pavia
scene was acquired by the reflective optics system imaging
spectrometer (ROSIS) sensor. The size of this scene is 250 x 200
pixels, and the spatial resolution is 1.3 m. The scene consists of
103 bands, with 12 bands are removed due to the high noise
and water absorption, the spectral range is from 0.43 to 0.86
pm. Nine ground-truth classes, with a total of 12 889 labeled
samples are provided in the reference data. Fig. 4(a) shows the
false-color composite image, and Fig. 4(b) is the corresponding
reference map.

2) AVIRIS Kennedy Space Center Scene: The Kennedy
Space Center scene was collected by the airborne visi-
ble/infrared imaging spectrometer (AVIRIS) sensor. The scene
contains 512 x 614 pixels with 176 bands after removing the
high noise and water absorption bands. Its false-color image is
shown in Fig. 5(a). Thirteen ground-truth classes, with a total of
5211 labeled samples are provided in the reference data shown
in Fig. 5(b).

3) HYDICE Washington DC Mall Scene: The Washington
DC Mall scene was collected by the hyperspectral digital image
collection experiment (HYDICE) sensor over the Washington,
DC, USA. The size of this scene is 280 x 307 x 191, with a
spatial resolution of 3 m. The reference data of this image con-
tains six classes, with a total of 10 190 labeled samples. Fig. 6(a)
shows the false-color composite image and the reference map
of this scene is shown in Fig. 6(b).
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@ (b)
Class 1: Hardwood swamp Class 3: Scrub
Class 4: Salt marsh Class 6: Willow swamp
Class 7: Slash pine Class 9: Cabbage plam/oak hammock
Class 10: Cattall marsh Class 12: Mud flats
Class 13: Oak/broadleathammock

Class 2: Graminold marsh

Class 5: Cabbage plam hammock
Class 8: Spartina marsh

Class 11: Water

Fig. 5. AVIRIS Kennedy space center dataset. (a) False-color composite
image. (b) Reference map.

(b)

M Class 1: Roof [l Class 2: Grass B Class 3: Road Ml Class 4: Trail [l Class 5: Tree

Class 6: Shadow

Fig. 6. HYDICE Washington DC Mall dataset. (a) False-color composite
image. (b) Reference map.

B. Parameter Setting

There are some key parameters are investigated in detail in
this section. First, at the sample augmentation stage, the size
of the patches plays an important role in the classification.
Considering the true ground texture and the spatial resolution
synthetically, the size of the patch that used for global spatial
similarity search w; and used for local spectral similarity search
wy 1s set to 5 and 3, respectively, for all the datasets. And the
number of components kept by SVD is set to 4. Second, when
using the extended subspace projection to reduce the original
dimension, the number of the clusters M that randomly selected
from each class is also an important parameter to determine
the performance of feature extraction. According to the cross
validation, M is given to the values ranging from 1 to 6 for
the University of Pavia scene and the Kennedy Space Center
scene, for the Washington DC Mall scene, the M is denoted
as 1 to 13. Moreover, the parameter 7 which controls the re-
tention ratio of the original spectral information is denoted to
99%. When the projected image is classified by the NADRC,
the size of neighborhood w is set to 5 according to the cross
validation.

Due to the limitation of objective factors, it is laborious to
obtain sufficient training samples. Therefore, in practical appli-
cation, the number of labeled samples is often insufficient, which
leads to the poor performance of many classifiers. The method
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TABLE I
OVERALL AND CLASS-DEPENDENT ACCURACIES (IN PERCENT) OBTAINED BY THE DIFFERENT TESTED METHODS FOR THE ROSIS UNIVERSITY
OF PAVIA SCENE
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Class SVM SRC SRCsub SRCsa-aLs SRCEssa-GLs SVM-MRF JSRC ESSA-GLSC
1 64.89% 23.69% 48.54% 59.77% 65.67% 84.59% 23.10% 93.37%
2 67.93% 60.70% 49.69% 68.75% 89.04% 85.75% 82.37% 97.38%
3 66.30% 81.98% 80.25% 84.59% 85.26% 46.78% 80.83% 95.76%
4 92.40% 96.37% 96.58% 94.44% 96.58% 89.14% 96.15% 97.86%
5 96.16% 99.55% 99.41% 99.55% 99.93% 97.99% 99.85% 100.00%
6 67.74% 62.82% 59.47% 65.29% 62.85% 67.42% 61.05% 72.65%
7 70.65% 87.52% 78.65% 89.77% 86.02% 71.34% 85.56% 95.41%
8 58.75% 69.16% 67.58% 70.57% 62.73% 75.57% 85.31% 82.27%
9 99.50% 87.24% 93.83% 94.03% 96.91% 97.88 % 58.02% 99.18%

OA 71.50% 69.21% 68.25% 75.76% 77.97% 77.17% 73.03% 89.14%

The best results are highlighted in bold typeface (in all cases, 5 labeled samples per class were used).

TABLE II
OVERALL AND CLASS-DEPENDENT ACCURACIES (IN PERCENT) OBTAINED BY THE DIFFERENT TESTED METHODS FOR THE AVIRIS KENNEDY
SPACE CENTER SCENE

Class SVM SRC SRCsub SRCsa.aLs SRCEssa-GLs SVM-MRF JSRC ESSA-GLSC
1 75.81% 88.44% 85.55% 89.75% 95.01% 90.57% 90.67% 97.90%
2 73.74% 67.49% 75.72% 74.49% 77.37% 82.69% 75.72% 78.60%
3 58.29% 92.58% 67.19% 94.53% 90.63% 48.53% 81.25% 96.88%
4 24.17% 28.17% 40.08% 38.49% 48.81% 12.51% 74.21% 51.19%
5 48.40% 67.08% 69.57% 70.81% 73.29% 43.97% 75.78% 93.17%
6 44.29% 41.48% 38.43% 58.95% 47.60% 41.79% 38.86% 63.32%
7 83.60% 83.81% 94.29% 91.43% 99.05% 91.10% 100.00% 99.05%
8 45.26% 81.90% 78.42% 91.88% 77.26% 67.56% 77.26% 94.43%
9 64.76% 88.65% 89.04% 87.12% 94.62% 81.69% 90.00% 99.81%
10 69.10% 91.09% 82.43% 92.57% 92.33% 88.75% 94.55% 97.28%
11 87.73% 87.11% 87.35% 87.83% 83.77% 93.94% 89.26% 85.68%
12 80.36% 64.21% 70.58% 67.59% 78.93% 85.40% 71.57% 91.45%
13 97.91% 99.35% 99.68% 99.57% 99.68% 100.00% 100.00% 100.00%

OA 71.53% 81.12% 80.33% 84.48% 85.72% 79.41% 84.99% 91.67%

The best results are highlighted in bold typeface (in all cases, 5 labeled samples per class were used).

we proposed is committed to improving the classification accu-
racy in the case of small size of labeled samples, so we used 5
samples per class in the experiments to simulate the insufficient
situation and illustrate the performance of this method.

C. Results Analysis and Discussion

In our experiments, we randomly select 5 labeled samples per
class to construct the dictionary and train the classifier, where the
remaining labeled samples are applied for validation. Tables I, II
and II provide the results of OA and CA acquired by the compar-
ative experiments, with their corresponding classification maps
shown in Figs. 7-9. Fig. 10 shows the time complexity of the
proposed method and other spatial-spectral SR-based classifiers.
Based on these results, several conclusions can be drawn as
follows.

1) Comparison of the Spectral Classifiers: Compared with
SVM, SRC has nearly the same performance in the clas-
sification. The results are testaments to the effectiveness of
representation-based framework in HSIC.

2) Comparison of Labeled Sample Size: The dictionary of
SRC has 45 labeled samples in the University of Pavia scene,
65 labeled samples in the Kennedy Space Center scene and
30 labeled samples in the Washington DC Mall scene. After
using the GLSC to sample augmentation (SRCga_grs), the
dictionary contains 127 labeled samples, 192 labeled samples,
and 81 labeled samples, respectively. The classification accuracy
is obviously improved (from 69.21% to 75.76% in the University
of Pavia scene, from 81.12% to 84.48% in the Kennedy Space
Center scene and from 80.40% to 81.17% in the Washington DC
Mall scene) due to more training samples are used to train the
supervised classifier.
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W Class 1: Alfalfa [l Class 2: Shadows [ll Class 3: Meadows Class 4: Bricks Class 5: Gravel Class 6: Trees [l Class 7: Bare soil [l Class 8: Bitumen [J] Class 9: Metal sheets

Fig.7. Classification maps obtained by the different tested methods for the ROSIS University of Pavia dataset. The overall accuracies are given in the parentheses.
() SVM (71.50%). (b) SRC (69.21%). (c) SRCsub (68.25%).(d) SRCsa-GLs (75.76%). (e) SRCrssa-cLs (77.97%). (f) SVM-MREF (77.17%). () ISRC (73.03%).
(h) ESSA-GLSC (89.14%).

e =
©
M Class 1: Hardwood swamp [l Class 2: Graminold marsh B Class 3: Scrub M Class 4: Salt marsh W Class 5: Cabbage plam hammock M Class 6: Willow swamp
Class 7: Slash pine Class 8: Spartina marsh [l Class 9: Cabbage plam/oak hammock M Class 10: Cattall marsh M Class 11: Water
Class 12: Mud flats M Class 13: Oak/broadleathammock

Fig. 8. Classification maps obtained by the different tested methods for the AVIRIS Kennedy space center dataset. The overall accuracies are given in the
parentheses. (a) SVM (71.53%). (b) SRC (81.12%). (c) SRCsub (80.33%). (d) SRCsa-gLs (84.48%). (e) SRCEssa-cLs (85.72%). (f) SVM-MREF (79.41%).
(g) JSRC (84.99%). (h) ESSA-GLSC (91.67%).
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TABLE III
OVERALL AND CLASS-DEPENDENT ACCURACIES (IN PERCENT) OBTAINED BY THE DIFFERENT TESTED METHODS FOR THE HYDICE
WASHINGTON DC MALL SCENE

Class SVM SRC SRCsub SRCsa.cs SRCissacis ~ SVM-MRF JSRC ESSA-GLSC
1 78.94% 60.07% 61.93% 58.28% 76.23% 86.37% 54.63% 80.57%
2 77.34% 70.39% 48.24% 72.69% 65.09% 77.00% 80.04% 66.61%
3 75.60% 81.28% 70.93% 81.87% 78.85% 69.18% 92.17% 74.64%
4 88.38% 80.12% 17.41% 82.59% 84.87% 92.34% 90.06% 84.39%
5 98.39% 76.86% 55.96% 80.03% 83.97% 91.92% 85.18% 80.52%
6 88.90% 77.23% 27.92% 76.71% 78.10% 92.18% 95.32% 80.84%
0A 83.28% 80.40% 52.08% 81.17% 86.73% 84.95% 78.52% 87.59%

The best results are highlighted in bold typeface (in all cases, 5 labeled samples per class were used).

(&
B Class 1: Roof [l Class 2: Grass Class 3: Road Class 4: Trail [l Class 5: Tree [l Class 6: Shadow
Fig. 9. Classification maps obtained by the different tested methods for the HYDICE Washington DC Mall dataset. The overall accuracies are given in the

parentheses. (a) SVM (83.28%). (b) SRC (80.40%). (c) SRCsub (52.08%). (d) SRCsa-gLs (81.17%). (e) SRCEssa-gLs (86.73%). (f) SVM-MRF (84.95%).
(g) JSRC (78.52%). (h) ESSA-GLSC (87.59%).

B Computing Time ==#==Overall Accuracy E Computing Time ==#==Overall Accuracy BN Computing Time ==#==Overall Accuracy
300 100% 15000 100% 240 100%
8s.a70s  89:14% ss.87%  167% 87.59%
o - 13000 | 84429%/.—__—_‘ 1 90% o 200 | 83.81% 1 90%
T 240 | 73.03% { 80% g b 2 > 78-12%//’ L:r
2
g E & 11000 [ 083143 18% & g 160 | 3008 1 8% E
= 179.86 S =~ S = 5]
AOEQ 180 1 60% < 'Eﬂ 9000 | 170% < .‘:‘._.." 120 S04 104.22 170% <
S i E 5 = E : E
2 125.65 5 2 7000 | oo 60% B E 50 1 60% 5
5 120 { 40% & g 451001 5338.58 3 5 1)
© 74.50 O 5000 | 220 { s0% U 40 1 s50%
60 20% 3000 40% 0
ISRC NADRC  ESSA-GLSC ISRC NADRC  ESSA-GLSC JSRC NADRC  ESSA-GLSC
SR-based methods SR-based methods SR-based methods
(a) (b) (©)

Fig. 10. Comparison of computing time and OA for three SR-based methods for three datasets. (a) University of Pavia scene. (b) Kennedy Space Center scene.
(c) Washington DC Mall scene.
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3) Comparison of Dimensionality Reduction Effects: The
subspace-based SRC (SRCsub) has a lower OA compared with
SRC for all datasets (from 69.21% to 68.25%, from 81.12% to
80.33%, and from 80.40% to 52.08%). Based on the abovemen-
tioned, there are some limitations in the subspace projection that
constraint its application.

Compared with SRCga_gLs, the SRCgssa-grs which ex-
ploits extended subspace projection to SRCsa_g1.s, achieves
suitable improvements for all the experimental datasets (from
75.76% to 77.97%, from 84.48% to 85.72%, and from 81.17% to
86.73%), which demonstrates the effectiveness of the extended
subspace projection as a feature extraction method.

4) Comparison of Other Spectral-Spatial Classifiers: The
ESSA-GLSC we proposed as a comparative test with other
spectral-spatial classifiers such as SVM-MRF and JSRC to
illustrate the effectiveness of our method, and obtains the best
performance for all datasets, with the overall accuracies of
89.14%, 91.67%, and 87.59%, respectively. Considering the
time complexity, the spatial-spectral SR-based classifiers JSRC
and NADRC are compared to illustrate the effectiveness of the
proposed method. For the University of Pavia scene, the time cost
of ESSA-GLSC (179.86 s) is slightly higher than JSRC (125.65
s) and NADRC (74.59 s), but the accuracy can be improved by
about 10%. For Kennedy Space Center scene, the time complex-
ity of ESSA-GLSC is similar to that of NADRC, but much lower
than that of JSRC, and its classification accuracy has reached
the highest than other classifiers (84.99% and 88.87%). For the
Washington DC Mall scene, ESSA-GLSC achieves the highest
OA in the time close to the other two classifiers. The results
demonstrate that the time complexity of these methods is close
and acceptable. Meanwhile, the proposed method can achieve a
better classification performance. The above-mentioned results
are shown in Fig. 10 in a more intuitive form. It needs to be
reiterated that the number of training samples in all experiments
was 5.

V. CONCLUSION

This article proposed a method which takes both insufficient
labeled samples and redundant bands into account in HSIC.
Specifically, a sample augmentation method based on the GLSC
is put forward to enlarge the original labeled sample set, which
guarantees that the HSIC can obtain more prior information than
before. Then, the extended labeled sample set is used to construct
a lower dimensional subspace, which is more comprehensive to
reflect the distribution of ground objects. Finally, the original
HSI is projected to the subspace and classified by the spectral-
spatial classifier NADRC. Experimental results on three real
hyperspectral datasets from different sensors demonstrate the
availability and effectiveness of the proposed method.

REFERENCES

[1] A. Plaza et al., “Recent advances in techniques for hyperspectral image
processing,” Remote Sens. Environ., vol. 113, pp. S110-S122, Sep. 2009.

[2] J. M. Bioucas-Dias et al., “Hyperspectral unmixing overview: Geomet-
rical, statistical, and sparse regression-based approaches,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 5, no. 2, pp. 354-379,
Apr. 2012.

(3]
[4

—

[5

—

[6

—_

(71

(8]

[]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

C.-1. Chang, Hyperspectral Imaging: Techniques for Spectral Detection
and Classification. Norwell, MA, USA: Kluwer, 2003.

M. Fauvel et al., “Advances in spectral-spatial classification of hyperspec-
tral images,” Proc. IEEE, vol. 101, no. 3, pp. 652—-675, Mar. 2013.

M. Song, X. Shang, and C.-1. Chang, “3-D receiver operating characteristic
analysis for hyperspectral image classification,” IEEE Trans. Geosci.
Remote Sens., vol. 58, no. 11, pp. 8093-8115, Nov. 2020.

D.Hong, L. Gao, J. Yao, B. Zhang, A. Plaza, and J. Chanussot, “Graph con-
volutional networks for hyperspectral image classification,” IEEE Trans.
Geosci. Remote Sens., vol. 59, no. 7, pp. 5966-5978, Jul. 2021.

D. Hong et al., “More diverse means better: Multimodal deep learning
meets remote-sensing imagery classification,” IEEE Trans. Geosci. Re-
mote Sens., vol. 59, no. 5, pp. 4340-4354, May 2021.

D. Hong et al., “Learning to propagate labels on graphs: An iterative
multitask regression framework for semi-supervised hyperspectral di-
mensionality reduction,” ISPRS J. Photogrammetry, vol. 158, pp. 35-49,
Dec. 2019.

H. Su, B. Yong, and Q. Du, “Hyperspectral band selection using im-
proved firefly algorithm,” IEEE Geosci. Remote Sens. Lett., vol. 13, no. 1,
pp. 68-72, Jan. 2016.

Y. Wang et al., “Constrained-target band selection for multiple-target de-
tection,” IEEE Trans. Geosci. Remote Sens., vol. 57, no. 8, pp. 6079-6103,
Aug. 2019.

C.-I. Chang et al., “A joint band prioritization and band-decorrelation
approach to band selection for hyperspectral image classification,” /IEEE
Trans. Geosci. Remote Sens., vol. 37, no. 6, pp. 26312641, Nov. 1999.
C.-I. Chang and S. Wang, “Constrained band selection for hyper-
spectral imagery,” IEEE Trans. Geosci. Remote Sens., vol. 44, no. 6,
pp. 1575-1585, Jun. 2006.

L. Wang, H. Li, B. Xue, and C. Chang, “Constrained band subset selection
for hyperspectral imagery,” IEEE Trans. Geosci. Remote Sens., vol. 14,
no. 11, pp. 2032-2036, Nov. 2017.

A. Sellami, M. Farah, I. R. Farah, and B. Solaiman, “Hyperspectral imagery
semantic interpretation based on adaptive constrained band selection and
knowledge extraction techniques,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 11, no. 4, pp. 1337-1347, Apr. 2018.

M. Zhang et al., “Unsupervised feature extraction in hyperspectral im-
ages based on Wasserstein generative adversarial network,” IEEE Trans.
Geosci. Remote Sens., vol. 57, no. 5, pp. 2669-2688, May 2019.

A. L. Price et al., “Principal components analysis corrects for stratification
in genome-wide association studies,” Nature Genetics, vol. 38, no. 8,
pp. 904-909, Aug. 2006.

T. Chin and D. Suter, “Incremental Kernel principal component analy-
sis,” IEEE Trans. Image Process., vol. 16, no. 6, pp. 1662-1674, Jun.
2007.

M. Imani and H. Ghassemian, “Principal component discriminant analysis
for feature extraction and classification of hyperspectral images,” in Proc.
Iranian Conf. Intell. Syst., Bam, Iran, 2014, pp. 1-5.

B.Zhao, L. Gao, and B. Zhang, “An optimized method of Kernel minimum
noise fraction for dimensionality reduction of hyperspectral imagery,” in
Proc. IEEE Int. Geosci. Remote Sens. Symp., 2016, pp. 48-51.

C. Gordon, “A generalization of the maximum noise fraction transform,”
IEEE Trans. Geosci. Remote Sens., vol. 38, no. 1, pp. 608—610, Jan. 2000.
J. Li, J. Bioucas-Dias, and A. Plaza, “Spectral-spatial hyperspectral
image segmentation using subspace multinomial logistic regression and
Markov random fields,” IEEE Trans. Geosci. Remote Sens., vol. 50, no. 3,
pp. 809-823, Mar. 2012.

H. Yu, L. Gao, W. Liao, B. Zhang, A. PiZurica, and W. Philips, “Multiscale
superpixel-level subspace-based support vector machines for hyperspec-
tral image classification,” IEEE Geosci. Remote Sens. Lett., vol. 14,no. 11,
pp. 2142-2146, Dec. 2017.

D. Hong, N. Yokoya, J. Chanussot, and X. X. Zhu, “An augmented linear
mixing model to address spectral variability for hyperspectral unmixing,”
IEEE Trans. Image Process, vol. 28, no. 4, pp. 1923-1938, Apr. 2019.
X. Shang, M. Song, and C. Chang, “An iterative random training sample
selection approach to constrained energy minimization for hyperspectral
image classification,” IEEE Geosci. Remote Sens. Lett., vol. 18, no. 9,
pp. 1625-1629, Sep. 2021.

L. Yu, J. Xie, S. Chen, and L. Zhu, “Generating labeled samples for
hyperspectral image classification using correlation of spectral bands,”
Frontiers Comput. Sci., vol. 10, no. 2, pp. 292-301, Apr. 2016.

B. Cui, X. Ma, F. Zhao, and Y. Wu, “A novel hyperspectral image
classification approach based on multiresolution segmentation with a
few labeled samples,” Int. J. Adv. Robot. Syst., vol. 14, no. 3, pp. 1-10,
2017.



HU et al.: ESSA BASED ON GLSC FOR HYPERSPECTRAL IMAGERY CLASSIFICATION

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Y. Tarabalka, M. Fauvel, J. Chanussot, and J. A. Benediktsson, “SVM-
and MRF-based method for accurate classification of hyperspectral im-
ages,” IEEE Geosci. Remote Sens. Lett., vol. 7, no. 4, pp. 736740, Oct.
2010.

F. Melgani and L. Bruzzone, “Classification of hyperspectral remote sens-
ing images with support vector machines,” IEEE Trans. Geosci. Remote
Sens., vol. 42, no. 8, pp. 1778-1790, Aug. 2004.

H. Yu et al., “Spectral-spatial hyperspectral image classification using
subspace-based support vector machines and adaptive Markov random
fields,” Remote Sens., vol. 8, no. 4, Apr. 2016, Art. no. 355.

S. Xu, J. Li, M. Khodadadzadeh, A. Marinoni, P. Gamba, and B. Li,
“Abundance-indicated subspace for hyperspectral classification with lim-
ited training samples,” IEEE J. Sel. Topics Appl. Earth Observ. Remote
Sens., vol. 12, no. 4, pp. 1265-1278, Apr. 2019.

L. Gao et al., “Subspace-based support vector machines for hyperspectral
image classification,” IEEE Trans. Geosci. Remote Sens., vol. 12, no. 2,
pp. 349-353, Feb. 2015.

Y. Tang, H. Yuan, and L. Li, “Manifold-based sparse representation for
hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 52, no. 12, pp. 7606-7618, Dec. 2014.

Y. Chen, N. M. Nasrabadi, and T. D. Tran, “Hyperspectral image classi-
fication via Kernel sparse representation,” IEEE Trans. Geosci. Remote
Sens., vol. 51, no. 1, pp. 217-231, Jan. 2013.

L. Zhang, M. Yang, and X. Feng, “Sparse representation or collaborative
representation: Which helps face recognition?,” in Proc. Int. Conf. Comput.
Vis., Nov. 2011, pp. 471-478.

X. Sun, Q. Qu, N. M. Nasrabadi, and T. D. Tran, “Structured priors
for sparse-representation-based hyperspectral image classification,” IEEE
Geosci. Remote Sens. Lett., vol. 11, no. 7, pp. 12351239, Dec. 2013.

Y. Chen, N. M. Nasrabadi, and T. D. Tran, “Hyperspectral image classifi-
cation using dictionary-based sparse representation,” IEEE Trans. Geosci.
Remote Sens., vol. 49, no. 10, pp. 3973-3985, Oct. 2011.

H. Yuan and Y. Tang, “Sparse representation based on set-to-set distance
for hyperspectral image classification,” IEEE J. Sel. Topics Appl. Earth
Observ. Remote Sens., vol. 8, no. 6, pp. 2464-2472, Jun. 2015.

C. Chen, N. Chen, and J. Peng, “Nearest regularized joint sparse represen-
tation for hyperspectral image classification,” IEEE Geosci. Remote Sens.
Lett., vol. 13, no. 3, pp. 424-428, Mar. 2016.

H. Yu et al., “Global spatial and local spectral similarity-based manifold
learning group sparse representation for hyperspectral imagery classifica-
tion,” IEEE Trans. Geosci. Remote Sens., vol. 58, no. 5, pp. 3043-3056,
May 2020.

H. Yu, L. Gao, W. Li, Q. Du, and B. Zhang, “Locality sensitive discriminant
analysis for group sparse representation-based hyperspectral imagery clas-
sification,” IEEE Geosci. Remote Sens. Lett., vol. 14,no. 8, pp. 1358-1362,
Aug. 2017.

L. Zhuang and J. M. Bioucas-Dias, “Hyperspectral image denoising based
on global and non-local low-rank factorizations,” in Proc. IEEE Int. Conf.
Image Process., Sep. 2017, pp. 1900-1904.

X.Zhang,Z. Gao, L. Jiao, and H. Zhou, “Multifeature hyperspectral image
classification with local and nonlocal spatial information via Markov
random field in semantic space,” IEEE Trans. Geosci. Remote Sens.,
vol. 56, no. 3, pp. 1409-1424, Mar. 2018.

H. Yu, L. Gao, W. Liao, and B. Zhang, “Group sparse representation based
on nonlocal spatial and local spectral similarity for hyperspectral imagery
classification,” Sensors., vol. 18, no. 6, May 2018, Art. no. 1695.

J. Zou, W. Li, C. Chen, and Q. Du, “Scene classification using local and
global features with collaborative representation fusion,” Inf. Sci., vol. 348,
pp. 209-226, Jun. 2016.

L. Fang, N. He, S. Li, A. J. Plaza, and J. Plaza, “A new spatial-spectral
feature extraction method for hyperspectral images using local covariance
matrix representation,” IEEE Trans. Geosci. Remote Sens., vol. 56, no. 6,
pp. 3534-3546, Jun. 2018.

W. Zhao and S. Du, “Spectral-spatial feature extraction for hyperspec-
tral image classification: A dimension reduction and deep learning ap-
proach,” IEEE Trans. Geosci. Remote Sens., vol. 54, no. 8, pp. 4544-4554,
Aug. 2016.

D. Donoho, “For most large underdetermined systems of linear equations
the minimal 11-norm solution is also the sparsest solution,” Commun. Pure
Appl. Math., vol. 59, no. 6, pp. 797-829, Mar. 2006.

H. Yu, X. Zhang, C. Yu, L. Gao, and B. Zhang, “Neighborhood activity-
driven representation for hyperspectral imagery classification,” IEEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 13, pp. 45064517,
Aug. 2020.

[49]

[50]

[51]

[52]

(53]

/
Environmental Sciences and Engineering, Dalian Maritime University, Dalian,

China. Her research interests focus on hyperspectral image processing, analysis
and applications.

8663

Z.Zha, X. Yuan, B. Wen, J. Zhang, J. Zhou, and C. Zhu, “Simultaneous
nonlocal self-similarity prior forimage denoising,” in Proc. IEEE Int. Conf.
Image Process., Dec. 2019, pp. 1119-1123.

R. Wang and H. Li, “Nonlocal similarity regularization for sparse hyper-
spectral unmixing,” in Proc. IEEE Geosci. Remote Sens. Symp., 2014,
pp. 2926-2929.

L. Zhuang and J. M. Bioucas-Dias, “Fast hyperspectral image denoising
and inpainting based on low-rank and sparse representations,” /EEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 11, no. 3, pp. 730-742,
Mar. 2018.

S. Wang, Z. Liu, W. Dong, L. Jiao, and Q. Tang, “Total variation-based
image deblurring with nonlocal self-similarity constraint,” Electron. Lett.,
vol. 47, no. 16, pp. 916-918, Aug. 2011.

W. Li and Q. Du, “Joint within-class collaborative representation for hy-
perspectral image classification,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 7, no. 6, pp. 2200-2208, Jun. 2014.

Jiaochan Hureceived the B.S. degree in remote sens-
ing science and technology from Wuhan University,
Wauhan, China, in 2012, the M..S. degree in surveying
and mapping engineering from the Institute of Re-
mote Sensing and Digital Earth, Chinese Academy
of Sciences (CAS), Beijing, China, in 2015, and the
Ph.D. degree in cartography and geographic informa-
tion system from the Key Laboratory of Digital Earth
Science, Aerospace Information Research Institute,
CAS, Beijing, China, in 2019.

She is currently a Lecture with the College of

Xueji Shenreceived the B.S. degree in light-chemical
engineering from the Shaanxi University of Science
and Technology, Shaanxi, China, in 2018. She is cur-
rently working toward the M.S. degree in computer
technology with the Center of Hyperspectral Imaging
in Remote Sensing, Information Science and Tech-
nology College, Dalian Maritime University, Dalian,
China.

Her research interests include hyperspectral image
processing and pattern recognition.

Haoyang Yu (Member, IEEE) received the B.S.
degree in information and computing science from
Northeastern University, Shenyang, China, in 2013,
and the Ph.D. degree in cartography and geographic
information system from the Key Laboratory of Dig-
ital Earth Science, Aerospace Information Research
Institute, Chinese Academy of Sciences, Beijing,
China, in 2019.

He s currently a Xing Hai Associate Professor with
the Center of Hyperspectral Imaging in Remote Sens-
ing, Information Science and Technology College,

Dalian Maritime University, Dalian, China. His research interests include models
and algorithms for hyperspectral image processing, analysis and applications.



8664

Xiaodi Shang (Student Member, IEEE) received the
B.S. degree in software engineering from Qingdao
University, Qingdao, China, in 2016. She is currently
working toward the Ph.D. degree in computer appli-
cation technology with Dalian Maritime University,
Dalian, China.

Her research interests include hyperspectral image
classification, band selection and applications.

Qiandong Guo received the B.E. degree in remote
sensing science and technology from Wuhan Uni-
versity, Wuhan, China, in 2011, the M.S. degree in
cartography and geographic information system from
the Institute of Remote Sensing and Digital Earth,
Chinese Academy of Sciences, Beijing, China, in
2014, and the Ph.D. degree in geography from the
University of South Florida, Tampa, FL, USA, in
2018.

His research interests include hyperspectral image
processing, target detection, and land use and cover
changes.

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Bing Zhang (Fellow, IEEE) received the B.S. de-
gree in geography from Peking University, Beijing,
China, in 1991, and the M.S. and Ph.D. degrees in
remote sensing from the Institute of Remote Sensing
Applications, Chinese Academy of Sciences (CAS),
Beijing, China, in 1994 and 2003, respectively.

He is a Full Professor and the Deputy Director of
the Aerospace Information Research Institute, CAS,
where he has been leading lots of key scientific
projects in the area of hyperspectral remote sensing
for more than 25 years. He has developed five soft-
ware systems in image processing and applications. His creative achievements
were rewarded ten important prizes from the Chinese government, and special
government allowances of the Chinese State Council. He has authored more
than 300 publications, including more than 170 journal articles. He has edited
six books/contributed book chapters on hyperspectral image processing and
subsequent applications. His research interests include the development of math-
ematical and physical models and image processing software for the analysis of
hyperspectral remote sensing data in many different areas.

Dr. Zhang has been serving as a Technical Committee Member of IEEE
Workshop on Hyperspectral Image and Signal Processing, since 2011, and
has been the President of Hyperspectral Remote Sensing Committee of China
National Committee of International Society for Digital Earth since 2012, and
has been the Standing Director of Chinese Society of Space Research (CSSR)
since 2016. He is the Student Paper Competition Committee Member in Inter-
national Geoscience and Remote Sensing Symposium (IGARSS) from 2015 to
2020. He received the National Science Foundation for Distinguished Young
Scholars of China in 2013, and the 2016 Outstanding Science and Technology
Achievement Prize of the Chinese Academy of Sciences, the highest level of
Awards for the CAS Scholars. He is serving as an Associate Editor for the
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND
REMOTE SENSING.




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

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


