
1422 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 15, NO. 9, SEPTEMBER 2018

Hyperspectral Image Reconstruction by Latent
Low-Rank Representation for Classification
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Abstract— To effectively reduce the spectral variation that
degrades classification performance, a novel low-rank sub-
space recovery method based on latent low-rank representa-
tion (LatLRR) is proposed for hyperspectral images in this letter.
Different from the robust principal component analysis, LatLRR
focuses on exploring the low-rank property from the perspective
of row space and column space simultaneously through the low-
rank regularization on their corresponding coefficient matrix.
Following that, the self-expressiveness-based reconstruction is
adopted to recover the intrinsic data from row and column
spaces. More accurate subspace structure can be successfully
preserved both in spectral domain and spatial domain; mean-
while, the robustness to noise is improved. Experimental results
on two hyperspectral data sets demonstrate the effectiveness of
the proposed method.

Index Terms— Classification, hyperspectral image (HSI),
low-rank representation (LRR), spectral variation, subspace
structure.

I. INTRODUCTION

ATTRIBUTING to high spectral resolution produced by
hundreds of contiguous narrow spectral bands, hyper-

spectral imagery (HSI) has shown a great advantage in
distinguishing different land covers. Classification, as an inter-
esting HSI application, has been widely investigated in many
fields, such as urban planning, agriculture management, and
environment monitoring. However, due to the influences of
imaging systems and atmospheric changes, hyperspectral pix-
els belonging to the same class may present different spectral
characteristics, while pixels from two classes may have certain
spectral similarity, leading to the degradation of classification
performance.

Many techniques have been developed to overcome this
problem, among which the spectral-spatial-based methods are
still a hot research direction on this topic. For example,
Camps-Valls et al. [1] constructed a family of composite
kernels (CKs) for the combination of both spectral and spatial

Manuscript received April 21, 2018; revised June 1, 2018; accepted
June 3, 2018. Date of publication June 29, 2018; date of current version
August 27, 2018. This work was supported in part by the National Natural
Science Foundation of China under Grant 61371165 and in part by the
Frontier Intersection Basic Research Project for the Central Universities under
Grant A0920502051814-5. (Corresponding author: Heng-Chao Li.)

L. Pan and H.-C. Li are with the Sichuan Provincial Key Laboratory
of Information Coding and Transmission, Southwest Jiaotong University,
Chengdu 610031, China (e-mail: hcli@home.swjtu.edu.cn).

Y.-J. Sun is with the Department of Traum Orthopedics, Fifth Affiliated
Hospital of Southern Medical University, Guangzhou 510900, China.

Q. Du is with the Department of Electrical and Computer Engineering,
Mississippi State University, Mississippi State, MS 39762 USA.

Color versions of one or more of the figures in this letter are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/LGRS.2018.2844555

information for the support vector machine (SVM), resulting
in an effective classifier, i.e., SVM-CK. Following the dis-
tinguished work of sparse representation (SR) proposed by
Wright et al. [2], Chen et al. [3] proposed a joint SR (JSR)
model to classify each pixel jointly with neighboring pixels.
Subsequently, JSR-based variants were proposed for HSI clas-
sification, such as nonlocal weighted JSR [4], correntropy-
based robust JSR [5], and joint collaborative representation [6].
However, the exploitation of spatial information can only
reduce the spectral variation to some extent.

Despite of high dimensionality nature of the hyperspec-
tral data, significant information is usually distributed in
the low-dimensional subspaces [7]. Such subspaces can be
well revealed by the low-rank property [8], inspiring low-
rank matrix decomposition-based methods for HSI processing,
especially for data recovery and classification. Zhang et al. [9]
introduced a new HSI restoration method based on low-
rank matrix recovery, which can simultaneously remove the
Gaussian noise, impulse noise, and stripes. After that, a total
variation-regularized low-rank matrix factorization was pro-
posed for HSI restoration [10], in which the nuclear norm
was used to exploit the spectral low-rank property and the
total variation regularization was adopted to explore spatial
smoothing structure. From the viewpoint of exploiting both
spectral and spatial information, Xue et al. [11] proposed
a joint spectral and spatial low-rank regularized method
for HSI denoising by considering not only the low-rank
property across the spectral domain but also the nonlocal
low-rank property over the spatial domain. However, the
aforementioned low-rank-based methods usually present com-
plicated mathematic expressions and require much time on the
optimization.

To be simple and efficient, the robust principal component
analysis (RPCA) was introduced to reduce spectral varia-
tion by performing a low-rank approximation of the original
hyperspectral data for the following classification and unmix-
ing [12]. Subsequently, Mei et al. [13] extended that work to
obtain better recovery result by conducting the RPCA process
in the way of block by block in the spectral domain and
band by band in the spatial domain, respectively. Moreover,
to further improve the performance, they also explored the
low-rank property in spatial-spectral and spectral-spatial ways.
Nevertheless, RPCA is only effective under the assumption
that the data are drawn from a single subspace [14], which
is not so reasonable for complicated hyperspectral data. For-
tunately, Mei et al. [13] elegantly solved this problem by
performing RPCA on small blocks in the spectral domain.
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However, due to the coexistence of pixels from multiple
classes (subspaces) in each band, it is not suitable to extend
this directly to the spatial domain, because it may lead to
inaccurate subspace representation.

To overcome this problem, the subspace structure of hyper-
spectral data is improved by considering the low-rank property
in row space and column space simultaneously in this letter,
producing a more discriminative data. Specifically, the low-
rank property is explored by latent low-rank representa-
tion (LatLRR) [15] through regularization on two coefficient
matrices, then a clean and discriminative image can be recov-
ered from the self-expressiveness-based reconstruction on the
row and column spaces. To our best knowledge, this is the first
time that LatLRR is introduced for HSI processing. Compared
to RPCA, this method not only can capture multiple subspaces
of hyperspectral data more accurately in both spectral and
spatial domain but also has stronger robustness to noise.
To efficiently optimize this problem, the inexact augmented
Lagrange multipliers (IALM) algorithm is adopted. Classifi-
cation performance on real hyperspectral data sets show the
superiority of this method.

II. LOW-RANK SUBSPACE RECOVERY OF

HYPERSPECTRAL IMAGES

Consider an HSI H ∈ R
m×n×b with the kth band being

denoted as Bk ∈ R
m×n , k = 1, . . . , b. H can be divided into

r ×s subimages with the size of w×w, where r = �m/w� and
s = �n/w�, (here �·� is the round-down operation). After the
segmentation, a subimage can be denoted as Hi j ∈ R

w×w×b ,
where i = 1, . . . , r and j = 1, . . . , s. Its vector-based
representation is Xi j ∈ R

b×w2
. For simplicity, X is adopted

for the following formulation.
Due to the fact that principal component analysis (PCA) is

known to be fragile to corruptions, RPCA has been proposed
to improve the robustness of PCA, which aims to recover a
clean low-rank data matrix L ∈ R

b×w2
from the observed data

X ∈ R
b×w2

by removing a sparse outlier matrix E ∈ R
b×w2

.
The RPCA algorithm can be presented as

min
L,E

‖L‖∗ + λ‖E‖1 s.t. X = L + E (1)

where ‖ ·‖∗ denotes the nuclear norm that is used for the rank
approximation (i.e., the sum of singular values), E represents
the sparse noise with ‖E‖1 = ∑w2

j=1
∑b

i=1 |Ei j |, and λ is a
regularization parameter.

In the case where only a single subspace exists,
RPCA is able to explore the low-rank property effectively.
However, hyperspectral data usually presents the coexistence
nature of multiple subspaces, leading to inaccurate recovery
result from RPCA.

A. LatLRR for Subspace Recovery in Spectral Domain

Since the low-rank representation (LRR) [16] was proposed
to search for multiple low-dimensional subspaces for the data,
it has been successfully applied on machine learning and
computer vision. In this subsection, a more robust model,
i.e., LatLRR, is adopted to explore the low-rank subspace

structure from the spectral domain. Specifically, this low-
rank subspace recovery process is conducted block by block
as divided previously. The objective function can be formu-
lated as

min
Z,G,E

‖Z‖∗ + ‖G‖∗ + λ‖E‖2,1

s.t. X = XZ + GX + E (2)

where Z ∈ R
w2×w2

and G ∈ R
b×b are the coefficient matrices

corresponding to column space and row space, respectively,
and E ∈ R

b×w2
is defined to model the sample-specific

corruptions and outliers (i.e., noise), which is presented by

l2,1-norm with ‖E‖2,1 = ∑w2

j=1(
∑b

i=1(Ei j )
2)1/2.

An intrinsic subimage is obtained by self-expressiveness-
based reconstruction from the row and column spaces,
XZ∗ + G∗X. Following the same procedure, the subspace
structure of the original HSI can be greatly improved. This
subspace recovery method is denoted as LatLRR-Spe for short.

Compared to RPCA, on the one hand, the low-rank con-
straint is imposed on the coefficient matrices here, not on the
data; on the other hand, the low-rank property of the data is
explored from two directions, i.e., along rows and columns,
corresponding to row space and column space. When the
rank of the matrix is concerned, it turns out to be coincident
for these two spaces. In the case of noise data, the rank
of one space may be not as obvious as that of the other.
Therefore, it is more reasonable to take both spaces into
consideration. By considering the advantages of these two
points, the proposed method is more effective in low-rank
subspace recovery and more robust to noise.

B. LatLRR for Subspace Recovery in Spatial Domain

Each band Bk ∈ R
m×n (k = 1, . . . , b) of HSI contains the

response information of a certain spectra for the land covers.
In other words, there exist multiple subspaces in each band.
To accurately capture the multiple subspace structures and
eliminate the spectral variation (noise) as much as possible in
this spatial domain, the following subspace recovery method
is adopted:

min
Zk ,Gk ,Ek

‖Zk‖∗ + ‖Gk‖∗ + λ‖Ek‖2,1

s.t. Bk = BkZk + GkBk + Ek (3)

where Zk ∈ R
n×n , Gk ∈ R

m×m , and Ek ∈ R
m×n for

k = 1, . . . , b, and λ are the same as the previous definitions.
Due to the fact that it is conducted in the spatial domain,
LatLRR-Spa is used to denote this method.

C. Optimization

To efficiently optimize the above problems, the IALM
method is adopted, in which the underlying variables are
updated alternately. By introducing two auxiliary variables J
and W, the objective function (2) can be reformulated as

min
Z,G,J,W,E

‖J‖∗ + ‖W‖∗ + λ‖E‖2,1

s.t. X = XZ + GX + E, Z = J, G = W. (4)
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The augmented Lagrangian function of problem (4) is

L(J, W, Z, G, E, D1, D2, D3)

= ‖J‖∗ + ‖W‖∗ + λ‖E‖2,1 + 〈D1, X − XZ − GX − E〉
+ 〈D2, Z − J〉 + 〈D3, G − W〉
+ μ

2

(‖X − XZ − GX − E‖2
F + ‖Z − J‖2

F + ‖G − W‖2
F

)
(5)

where D1, D2, and D3 are the Lagrangian multipliers and μ
is a penalty parameter.

These five variables can be updated alternately by fixing
other variables. The updating schemes in the tth iteration are
formulated as follows:

Jt+1 = arg min
J

‖J‖∗ + μt

2

∥∥∥∥J −
(

Zt + D2,t

μt

)∥∥∥∥
2

F

= � 1
μt

(
Zt + D2,t

μt

)

Wt+1 = arg min
W

‖W‖∗ + μt

2

∥∥∥∥W −
(

Gt + D3,t

μt

)∥∥∥∥
2

F

= � 1
μt

(
Gt + D3,t

μt

)

Zt+1 = (XT X + μt I)−1
(

XT (X − Gt X − Et ) + Jt+1

+ XT D1,t − D2,t

μt

)

Gt+1 =
(

(X − XZt+1 − Et )XT + Wt+1 + D1,tXT

μt

− D3,t

μt

)
(XT X + μt I)−1

Et+1 = arg min
E

λ

μ
‖E‖2,1

+ 1

2

∥∥∥∥E −
(

X − XZt+1 − Gt+1X + D1,t

μ

)∥∥∥∥
2

F
(6)

where �(·) is the singular value thresholding operator, and
the closed-form solution of E can be obtained according
to [16]. The optimization process for LatLRR-Spe is outlined
in Algorithm 1. To optimize LatLRR-Spa, replace X, Jt+1,
Wt+1, Zt+1, Gt+1, and Et+1 in Algorithm 1 with Bk , Jk,t+1,
Wk,t+1, Zk,t+1, Gk,t+1, and Ek,t+1, respectively.

III. EXPERIMENTS AND DISCUSSION

The performance of our proposed low-rank subspace recov-
ery methods, i.e., LatLRR-Spe and LatLRR-Spa, is evaluated
by both SVM and SVM-CK classifiers. To demonstrate the
effectiveness, LSpeLR and SpaLR [13] are used for com-
parison. Notably, for the convenience to correspond to our
proposed methods, RPCA-Spe and RPCA-Spa are adopted
to represent LSpeLR and SpaLR, respectively. The mean
values of class-specific accuracy, overall accuracy (OA), and
kappa coefficient (κ) are presented after 10 runs with random
selections of training samples.

A. Hyperspectral Data
The first data set was acquired by the Airborne Visi-

ble/Infrared Imaging Spectrometer sensor over the Indian

Algorithm 1 LatLRR-Spe
Input: Data matrix X, parameter λ.
Initialize: Z0 = J0 = 0, G0 = W0 = 0, E0 = 0, D1,0 = 0,
D2,0 = 0, D3,0 = 0, μ = 10−2, μmax = 105, ρ = 1.1,
ε = 10−5, t = 0, I termax = 100.
Do
1. Compute Jt+1, Wt+1, Zt+1, Gt+1, and Et+1 according to

(6).
2. Update the Lagrangian multipliers:

D1,t+1 = D1,t + μt (X − XZt+1 − Gt+1X − Et+1).
D2,t+1 = D2,t + μt (Zt+1 − Jt+1).
D3,t+1 = D3,t + μt (Gt+1 − Wt+1).

3. Update μ by μt+1 = min(ρμt , μmax).
4. Check convergence conditions:

‖X−XZt+1 −Gt+1X−Et+1‖∞ < ε, ‖Zt+1 −Jt+1‖∞ < ε,
‖Gt+1 − Wt+1‖∞ < ε or t < I termax .

5. t = t + 1.
While not converged.
Output: optimal solutions Z and G

Fig. 1. Parameter tuning for two proposed methods under the SVM classifier.
(a) LatLRR-Spe for Indian Pines. (b) LatLRR-Spa.

Pines test site in northwest Indiana in 1992. The image
represents an agricultural scenario with 145 × 145 pixels
and consists of 220 bands that covers the spectral range
from 0.2 to 2.4 μm with a spatial resolution of 20 m.
After removing 20 water absorption bands, 200 bands are
preserved for subsequent analysis. A total of 10 366 samples
from 16 different classes are used in experiments, from which
10% samples per class are chosen for training and the rest for
testing. The second data set was collected by the Reflective
Optics System Imaging Spectrometer sensor in Pavia, Italy.
The image has 103 bands by removing 12 noisy bands with
a spectral coverage from 0.43 to 0.86 μm, covering a region
of 610 × 340 pixels. There are nine classes in total, from
each of which 20 samples are used for training and the rest
for testing.

B. Parameter Setting

For RPCA-Spe and RPCA-Spa, all the parameters are
used the same as [13] to obtain optimal results. For the
proposed LatLRR-Spe method, the values of regularization
parameter λ and the window size are searched in the range
of {0.01, 0.05, 0.1, 0.5, 1} and {2, 3, 4, 5, 10}, respectively.
Taking the Indian Pines data as an example, Fig. 1(a) shows
the changes of OA with different λ and window size using the
SVM classifier, from which their optimal values are 1 and 4,
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TABLE I

AVERAGE CLASSIFICATION ACCURACY (%) OF DIFFERENT METHODS FOR THE INDIAN PINES DATA
WITH 10% TRAINING SAMPLES FOR EACH CLASS AFTER 10 RANDOM EXPERIMENTS

TABLE II

AVERAGE CLASSIFICATION ACCURACY (%) OF DIFFERENT METHODS FOR THE UNIVERSITY OF PAVIA DATA
WITH 20 TRAINING SAMPLES FOR EACH CLASS AFTER 10 RANDOM EXPERIMENTS

respectively. In the same way, 1 and 4 are confirmed for
the Pavia University data. The regularization parameter λ for
LatLRR-Spa can be confirmed from Fig. 1(b), 0.5 is the best
choice for the two data sets. The fivefold cross-validation
strategy is adopted for the SVM classifier. As for SVM-CK,
the mean value of pixels in the local area of size 9 × 9 is
calculated to conduct the experiments.

C. Comparison of Classification Results

The class-specific accuracy, OA, and κ are presented in
Tables I and II for the Indian Pines data and the Pavia
University data, respectively. It can be clearly seen
from Table I that the classification performance of all consid-
ered methods using the SVM-CK classifier is much higher
than that of using the SVM classifier, which confirms the
fact that spatial information is indeed helpful for alleviating
the within-class variation. The proposed subspace recovery
methods outperform the RPCA-based methods. Specifically,
considering the performance under the SVM classifier first,
LatLRR-Spe obtains about 1% gain over RPCA-Spe, while

LatLRR-Spa produces as high as 2.62% gain over RPCA-Spa,
which demonstrate that our proposed methods not only show
the superiority on the exploration of the low-rank property of
hyperspectral data from the spectral domain but also reveal
the effectiveness on capturing multiple subspace structures on
the spatial domain. Besides, the proposed methods also obtain
satisfying results on small training size classes, such as grass-
pasture-mowed and oats. As for the Pavia University data,
some similar results can also be observed from Table II. Due
to the fact that this data is more heterogeneous, it does not
show strong low-rank property in the spatial domain, resulting
in only slight improvement on the performance for both the
RPCA- and the proposed LatLRR-based spatial versions when
compared with the original version. The proposed LatLRR-
Spa method still outperforms the RPCA-Spa method in the
case of both SVM and SVM-CK classifiers. In the spectral
domain, the exploration of the low-rank subspace structure is
conducted in a local region, which can effectively overcome
the heterogeneity. From Table II, it can also be clearly seen
that the proposed LatLRR-Spe method shows great advantage
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Fig. 2. Pseudocolor maps (bands 50, 27, 17) of different subspace recovery methods for the Indian Pines data. (a) Original data. (b) RPCA-Spe. (c) RPCA-Spa.
(d) LatLRR-Spe. (e) LatLRR-Spa.

TABLE III

CLASSIFICATION ACCURACY (%) WITH DIFFERENT

NOISE LEVEL FOR THE INDIAN PINES DATA

when compared with RPCA-Spe, and both significantly out-
perform the original version.

To explain the effectiveness of the proposed low-rank
subspace recovery methods more directly, Fig. 2 shows the
pseudocolor maps of the Indian Pines data under different
cases, from which it can be observed that both RPCA-Spe and
LatLRR-Spe present block structure due to the block-by-block
recovery process. LatLRR-Spe performs better in the edges of
homogeneous areas than RPCA-Spe, such as those marked by
green ellipses. In addition, LatLRR-Spa shows smoother low-
rank property, resulting in better preservation of structure for
multiple subspaces.

D. Robustness to Noise
To further show the superiority of the proposed low-rank

subspace recovery methods, the classification performance is
investigated with different noise level. In this letter, the zero-
mean Gaussian noise N(0, σ 2) is added to all bands of the
Indian Pines data. Table III shows the classification perfor-
mance of RPCA-Spa and LatLRR-Spa with additive noise,
from which it can be clearly seen that the proposed LatLRR-
Spa method can consistently outperform RPCA-Spa, using
either SVM or SVM-CK classifier. This also indicates that
LatLRR-Spa is more robust to noise than RPCA-Spa for the
recovery of low-rank subspace structure.

IV. CONCLUSION

In this letter, a novel low-rank subspace recovery model
based on LatLRR was introduced for HSI classification, gen-
erating two effective subspace recovery methods, i.e., LatLRR-
Spe and LatLRR-Spa, corresponding to spectral domain and
spatial domain, respectively. Different from RPCA, the pro-
posed model tends to explore the low-rank property of
hyperspectral data from the row space and column space
simultaneously through the low-rank regularization on their
corresponding coefficient matrix. Subsequently, the data self-
reconstruction is exploited to obtain a clean hyperspectral
data. The proposed model not only can improve the low-
rank subspace structure effectively but also shows better

robustness to noise. Experimental results have demonstrated
the superiority of the proposed method.
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