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Hyperspectral Image Denoising via Clustering-
Based Latent Variable in Variational

Bayesian Framework
Peyman Azimpour , Tahereh Bahraini , and Hadi Sadoghi Yazdi

Abstract— The hyperspectral-image (HSI) noise-reduction step
is a very significant preprocessing phase of data-quality enhance-
ment. It has been attracting immense research attention in the
remote sensing and image processing domains. Many methods
have been developed for HSI restoration, the goal of which is to
remove noise from the whole HSI cube simultaneously without
considering the spectral–spatial similarity. When a noise-removal
algorithm is used globally to the entire data set, it would
not eliminate all levels of noise, effectively. Furthermore, most
of the existing methods remove independent and identically
distributed (i.i.d.) Gaussian noise. The real scenarios are much
more complicated than this assumption. The complexity created
by natural noise that has a non-i.i.d. structure leads to inefficient
methods containing underestimation and invalid performance. In
this article, we calculated the spatial–spectral similarity criteria
by defining a set of clustering-based latent variables (CLVs) in
a Bayesian framework to improve the robustness. These criteria
can be extracted using the clustering operators. Then, by apply-
ing the CLV to the variational Bayesian model, we investigated
a new low-rank matrix factorization denoising approach based
on the proposed clustering-based latent variable (CLV-LRMF) to
remove noise with the non-i.i.d. mixture of Gaussian structures.
Finally, we switched to the GPU for MATLAB implementation
to reduce the runtime. The experimental results show that the
performance has been improved by applying the proposed CLV
and demonstrate the effectiveness of the proposed CLV-LRMF
over other state-of-the-art methods.

Index Terms— Clustering-based latent variable (CLV), GPU,
hyperspectral image (HSI), image denoising, low-rank matrix
factorization (LRMF), mixture noise, nonindependent and
identically distributed (non-i.i.d.) noise modeling.

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) capturing over
hundreds of electromagnetic spectra bands enable the

spectral signature extraction for observing objects or materials
[1]. Due to the limited resolution of the HSI sensors and
the existing noise, the noise-suppression or noise-reduction
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process is a basic and important preprocessing step to improve
the quality of the data sets for the next processing steps
(e.g., classification, feature extraction, unmixing or
endmember extraction, and target detection). HSI’s noise
level depends on the sensor, the distance between the
sensor and the area of imaging, atmospheric conditions,
and various other factors [2]. The noise usually originates
from equipment limitations, such as dark current, calibration
error, fluctuations in power supply, sensor sensitivity,
photon effects, and nonuniformity of the detector response.
Furthermore, due to the limited radiance energy of the received
signal and, generally, the narrow bandwidth of the HS receiver,
the energy captured by each sensor might be weak, which
makes it more apparent the effect of all kinds of noise in the
HSI [3]. Although the HSI denoising approaches based on the
low-rank matrix factorization (LRMF) mode such as that in
[3] and [4] have displayed their effectiveness in certain noise
types, these methods used only the low-rank characteristics of
the adjacent areas of the HSI images in their models. There
is no algorithm to distinguish the rank of a specific given
cluster-based area, i.e., all similar pixels of the HSI data, which
have the same spectral–spatial characteristics, and fall into
the same cluster and, further, procure unique decomposition.
We proposed new HSI denoising methods to alleviate these
problems by using the clustering-based latent variable (CLV)
in the variational Bayesian (VB) inference and extracted it by
using some suitable clustering method. This idea is generalized
with a formulation in this framework. In addition, the best
available methods approximate noise with the independent
and identically distributed (i.i.d.) structure. Despite the most
existing algorithms, in this work, we use a non-i.i.d. mixture
of Gaussian (NMoG) structure to model the real noise. In
addition, we adjust the noise probabilistic model to estimate
its characteristics. The main contributions of the proposed
method [that has been named the low-rank matrix factorization
denoising approach based on the proposed clustering-based
latent variable (CLV-LRMF)] are listed as follows.

1) We propose a novel mixture noise-removal method
using the CLV technique to exploit the spatial–spectral
similar structures and characteristics of the HSI data.
The existing studies have not been presented to exploit
the spatial–spectral information using a CLV idea for
HSI restoration. We use this in a statistical Bayesian
framework to exploit properly the spatial–spectral
self-similarity structures in the denoising process to
increase the robustness of it.
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2) We build a measurement clustering model, which is the
assemblage of the relations between every CLV and indi-
cator variables that determines which pixel belongs to
the CLV. In this way, we use several clustering methods
to extract the CLV map such as zoning, k-means [5],
robust k-means (Rk-means), fuzzy c-means (FCM) [6],
and robust FCM (RFCM). By adding a 3-D Gaussian
filter, we design and use the Rk-means and RFCM meth-
ods that are the resistant version of k-means and FCM.

3) We carry out the CLV step with GPU processing to
reduce the runtime.

A. Related Work

Over the past decades, many researchers have been encouraged
to improve the HSI’s quality, which has led to the
presentation of various denoising methods with differ-
ent frameworks, including principal component analysis
(PCA) [7], tensor analysis [8], wavelet filtering [9], [10],
deep-learning-based methods [12], low-rank representation
(LRR) [3], sparse representation (SR) [14], total variation
(TV) [15], [16], and so on. Among these methods, the con-
ventional 1-D and 2-D denoising methods are the simplest
ways to reduce the noise level. These work in the form of
pixel by pixel [2] or band by band, e.g., the block-matching
3-D (BM3D) filtering [18], K-singular value decomposition
(K-SVD) [19], and other works in [20], [21]. They often occur
in the low-quality results, because they ignore the spectral
signatures or the neighboring pixel correlations.

Some of the recent methods focus on promoting quality by
employing the spatial and spectral information correlations,
and among them, the most popular is PCA [7]. In the following
performance enhancement of the denoising process, the spatial
and spectral dependences have been studied and a multiple-
spectral-band conditional random field (MSB-CRF) model
has been proposed in a unified probabilistic framework in
[22]. By assuming that the HSI behaves as multidimensional
data, the methods based on multidimensional analysis have
been proposed for noise reduction [23], [24]. Specifically,
by assuming that the HSI data behave as a 3-D cube, many
other state-of-the-art methods can be employed in the HSI
noise-reduction process such as BM3D, video denoising-based
BM3D (VBM3D) [25], and BM4D [26]. Recently, another
group of methods based on multilinear structures—called
the tensor-based image-recovery methods—has a successful
performance [8], [27], [28]. As an example, Xue et al. [8] pro-
posed a nonlocal low-rank regularized tensor-decomposition
method using nonlocal similar patches within the HSI images.
To improve the hyperspectral data quality, some methods
use the wavelet transform such as the PCA method in [7],
multiway Wiener filtering [9], or first-order roughness penalty
(FORP) [10]. The partial differential equation (PDE)-based
methods have been widely applied for HSI denoising.

Moreover, the deep-learning theory provides a prominent
strategy to help with the denoising tasks. Some works of
literature such as [11] and [12] used convolutional neural net-
works (CNNs) to extract the features of images and achieved
suitable performance on denoising of a natural image. In [13],
a deep-learning-based method is proposed to reduce the noise

Fig. 1. Bands 103 and 200 of the Indian Pines data set. (a) Original noisy
image. (b) MoG-RPCA [34]. (c) RegL1-ALM [35]. (d) LRTV [4].

of the HSI using a nonlinear end-to-end mapping between the
noisy and clean HSIs and the combined spatial–spectral CNN.

Based on the low-rank characteristic of the HSI, the
low-rank matrix approximation (LRMA) method has been
implemented to HSI denoising in some literature such as [7],
[29]–[33]. In our paper, the proposed CLV-LRMF method was
compared with several low-rank matrix-based methods such
as the NMoG-LRMF method [3], low-rank matrix-recovery
(LRMR) method [7], (TV)-regularized low-rank matrix fac-
torization (LRTV) method [4], robust PCA method to remove
mixture of Gaussians noise (MoG-RPCA) [34], L1-regularized
augmented Lagrange multiplier method (RegL1-ALM) [35],
center weighted median (CWM) filter-based denoising
method [36], TV-regularized low-rank tensor-decomposition
method (LRTDTV) [15], and spatial–spectral total-variation-
regularized local low-rank matrix-recovery (LLRSSTV)
method [16]. In addition, we compared the obtained results
with the fast superpixel-based subspace low-rank learn-
ing (FSSLRL) method [17] as one of the clustering-based
low-rank denoising methods, which assumes the HSI to be low
rank in the spectral domain and uses the nuclear norm within
the superpixel-based regions. Exploiting the spatial–spectral
information has been widely considered in several problems
such as HSI classification [37]–[39] and band selection [40],
[41]. In [42], a cluster sparsity field (CSF) as a prior for
HSI reconstruction is proposed, which models the inherent
correlation between the measurements within each spectrum
for a particular pixel and the similarity between the pixels.
In addition, in [14], the authors used the local and global
redundancy and correlation (RAC) in the spatial and spectral
domains jointly. They used sparse coding to model the global
RAC and local RAC in the spatial and spectral domains,
respectively.

Modeling the HSI cube as a vector or matrix is not proper to
use the more accurate spatial–spectral self-similarity structures
and leads to suboptimal results. As shown in Fig. 1(a), bands
103 and 200 of Indian Pines are polluted by heavy noise. The
state-of-the-art low-rank matrix methods (e.g., MoG-RPCA
in Fig. 1(b) [34], RegL1-ALM in Fig. 1(c) [35], and LRTV
Fig. 1(d) [4]) could not provide accepted restoration results
in all bands, and still, some parts of the noise remain. For
instance, in Fig. 1(b), the MoG-RPCA has reached a fairly
clear image in band 103, but in band 200, the stripes are still
visible.

B. Organization of This Article

The rest of this article is formed as follows. The proposed
model and the corresponding variational inference algorithm
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Fig. 2. Diagram of the proposed method.

are presented in Section II. The experimental results are
shown in Section III. Finally, the conclusions are illustrated
in Section IV.

II. PROPOSED METHOD

A. Motivation

In this section, the formulation of HSI data destruction is
presented. Let we show a clean HSI data set with a matrix
X ∈ R

M N×B , where M N and B are the spatial (M × N for an
image with M × N pixels) and spectral dimensions of the HSI
data set, respectively, and Y is the observed noisy HSI data that
are contaminated by some types of noises, which are denoted
by G and S as the Gaussian and sparse noises, respectively,
where Y ∈ R

M N×B , G ∈ R
M N×B , and S ∈ R

M N×B . The goal
is to estimate the clean HSI matrix X from Y . By assuming
that noise is additive, we have

Y = X + G + S. (1)

In our method, we assume the following LRMF model:
Y = U V + G + S. (2)

where U V is the low-rank matrix factorization of X that U ∈
R

M N×p is the endmember matrix or a random dictionary, and
V ∈ R

p×B is the abundance or random coefficient matrix.
Assume that the rank p of the matrix U V is fixed.

Fig.2 depicts the flow of the process involved in our
proposed CLV-LRMF method and its implementation in deal-
ing with noisy HSI cubes. All bands are selected from the
noisy input HSI Y . The selected bands of the HSI data
as matrix Y are processed using the block [Fig. 2(a)] to
extract CLV {Ct }T

t=1 in the spatial and spectral domains. In
this block, the clustering methods are exploited to group the
similar region as the same class. We invoked the CLV as the
spatial–spectral self-similarity structures to explain and cluster
the similar rich structures across the whole data cube. The
extracted similar structures in the same cluster {Ct}T

t=1 that is
the output of this block is given to the next block [Fig. 2(b)]. In
this block, each class Ct is changed to make the related matrix
Y t . So that if the pixel yi j (located in i th row and j th column
of Y ) is a member of Ct , the element yt

i j (located in the i th
row and j th column of Y t ) is equal to yi j , or else, it is 0.
{Y t }T

t=1 is the output of this. In the next step, the optimization
problem that is defined in (23) is applied to {Y t}T

t=1 in the
VB framework to obtain the optimal values U t and V t . In this

step, the noise of each band is modeled with a different mixture
of Gaussian distributions, and their parameters are defined
and approximated using the prior distributions. After forming
the matrix X t in block [Fig. 2(d)], finally, X is constructed
in Fig. 2(e).

B. Clustering-Based-Latent-Variable (CLV) Step

As shown in Fig. 2, in our proposed method, we extracted
the clustering-based latent variable (CLV) Ct in the CLV step.
Therefore, we have the following HSI degradation model for
the t th cluster Ct :

Y t = X t + Gt + S t (3)

where X t as a part of X includes every pixel of X that is
dependent on Ct . Y t ∈ R

M N×B is an extracted matrix that
contains all the pixels of Y , which are the members of Ct ,
and for other pixels, the element of Y t is zero. The element
Y t

i j that is located in the i th row and j th column of Y t is a
member of Ct with a membership probability function q(Ct

i j).
In the ideal case, where the pixel yi j ∈ Y contains only the
t th cluster Ct (which is denoted by Y t

i j and assigned to matrix
Y t ), the membership probability function is obtained as

q
(
Ct

i j

) =
{

1, yi j ∈ Ct

0, yi j /∈ Ct .
(4)

In the fuzzy-CLV that is extracted using a fuzzy clustering
method, the pixel yi j ∈ Y may be a member of more than one
cluster, and therefore, in this case

T∑
t=1

q
(
Ct

i j

) = 1. (5)

We use the binary mode of it that is represented in (4).
According to the proposed method, first, we estimate all
{X t}t=1

T and then reconstruct X as

X =
T∑

t=1

X t . (6)

For Y t (as the observed HSI data related to the t th cluster Ct ),
we have the following LRMF model:

Y t = U tV t + Gt + S t . (7)

Y t is destroyed by Gt ∈ R
M N×B and S t ∈ R

M N×B as the
Gaussian and sparse noises (related to the t th cluster Ct ) and
factorized to U t ∈ R

M N×p and V t ∈ R
p×B matrices. We

assume the i th columns of U t and V t to be ut
i and vt

i , which are
constructed from the Gaussian distributions with the following
q as their density functions:

q
(
ut

i

) = N
(
ut

i |μut
i
,�ut

i

)
(8)

q
(
vt

i

) = N
(
vt

i |μvt
i
,�vt

i

)
(9)

where μut
i

(or μvt
i
) and �ut

i
(�vt

i
) are the mean and variance

of the Gaussian distribution q(ut
i) [q(vt

i)]. To create these,
we have

μut
i
=
⎧⎨
⎩
∑

j,k

Z̄ t h̄g,t
(Y t

i j − w̄g,t
)
v̄t

⎫⎬
⎭�ut

i
(10)
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μvt
i
=
⎧⎨
⎩
∑

j,k

Z̄ t h̄g,t
(Y t

i j − w̄g,t
)
ūt

⎫⎬
⎭�vt

i
(11)

where ¯(·) denotes the expectation values of the variables; Z̄ t ,
h̄g,t , w̄g,t , and v̄t are the mean of Z t

i jk , h
g,t
jk , w

g,t
jk , and vt

j ,
respectively; and k is the number of Gaussian components in
the mixture of Gaussian noise that is defined as follows. �ut

i

and �vt
i

can be obtained from

�ut
i
=
⎧⎨
⎩
∑

j,k

Z̄ t h̄g,t ‖ vt
i ‖2 + �̄t

⎫⎬
⎭

−1

(12)

�vt
i
=
⎧⎨
⎩
∑

j,k

Z̄ t h̄g,t ‖ ut
i ‖2 + �̄t

⎫⎬
⎭

−1

(13)

where ‖ . ‖2 denotes norm 2, �t = diag(γ t), and the density
function of γ t is

q
(
γ t
) = Gam

(
γ t |ξ t , δt

)
(14)

where ξ t and δt as the hyperparameter update in each iteration.
In addition, in (10)–(13), Z̄ t

i jk is the mean of Z t
i jk , which is

defined as

Z t
i j ∼ Multinomial

(Z t
i j |π t

j

)
(15)

where Z t
i j has the multinomial(·) distribution and update

equation

q
(Z t

i j

) =
K∏

k=1

π
Z t

i j

i jk (16)

where π t
j can written as

π t
j ∼ Dir

(
π t

j |α0
)

(17)

where Dir(·) represents the Dirichlet distribution and has the
following update equation:

q
(
π t

j

) =
K∏

k=1

π t
jk

αt
j k−1 (18)

where αt
jk is the hyperparameter updated in each iteration.

In (10)–(13), w
g,t
jk and h

g,t
jk are defined as the mean and vari-

ance of Gaussian noise Gt . Let Gt has the mixture of Gaussian
distribution and can be represented as a linear superposition of
Gaussian. The element located in the i th row and j th column
of Gt can be written as gt

i j with the following distribution:

gt
i j ∼

K∏
k=1

N

(
gt

i j |wg,t
jk ,

1

h
g,t
jk

)Z t
i j k

. (19)

In (19), w
g,t
jk and h

g,t
jk are generated from a two-level distrib-

ution

q
(
w

g,t
jk , h

g,t
jk

)
=

K∏
k=1

N

(
w

g,t
jk |mt

jk,
1

β t
jk, h

g,t
jk

)
Gam

(
h

g,t
jk |ct

jk, dt
jk

)
(20)

where in (20), Gam(.) represents the Gamma distribution and
mt

jk , β t
jk, ct

jk , and dt
jk as the hyperparameters are calculated

from data. The other variable in (3) is S t to represent the
sparse noise that corrupts the pixels of Y t . st

i j as the element
located in the i th row and j th column of the matrix S t has
Laplace distribution and can be formulated as

st
i j ∼ Lap

(
st

i j |ws,t
jk , hs,t

jk

)
(21)

where Lap(·) denotes Laplace distribution. The two-level
distribution for ws,t

jk and hs,t
jk is obtained as

q
(
ws,t

jk , hs,t
jk

)
=

K∏
k=1

N

(
ws,t

jk |mt
jk,

1

β t
jk, h

s,t
jk

)
Wish

(
hs,t

jk |ct
jk, dt

jk

)
(22)

where Wish(·) denotes the Wishart distribution.

C. HSI-Estimation Procedure

In our model, the maximum a posteriori (MAP) estimator
theory has been used to find optimal U t and V t for the
purpose of reconstructing the clean HSI data X t = U tV t .
It needs to use the prior probability density functions of the
variables, latent variables, and hyperparameters. Therefore,
using an MAP estimator, we maximize the following posterior
probability P of all involved variables:

arg max
U t ,V t

P(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t |Y t
)
(23)

where we define Z t = (Z t
i j)M N×B , wg,t = (w

g,t
jk )B×K ,

hg,t = (h
g,t
jk )B×K , wS,t = (wS,t

jk )B×K , hS,t = (hS,t
jk )B×K ,

π t = (π1, ..., πB), γ t = (γ1, ..., γR), and C =
(C1, . . . , Ct , . . . , CT ). t ∈ [1, T ] and T are the integer
and the number of proposed CLVs (that can be adaptively
determined for every HSI data set), respectively. To obtain
posterior probability in (23), we used the VB method.
In the variational inference concept, the posterior
distribution P(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t |Y t )
is approximated using a variational distribution
p(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t ), where the
distribution p is composed of a family of distributions
to approximate the distribution p to the main posterior
distribution P . Among these, there is an optimal and
most appropriate distribution q to maximize this similarity.
The dissimilarity function d(p;P) measures the lack of
resemblance and inconsistency between P and p [43]. We
employed the Kullback–Leibler (KL) divergence as the
most common kind of variational Bayes to measure the
dissimilarity function d(p;P). The reverse KL-divergence is

dK L(p||P)

=
∑

θ

p
(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t

)

× log
p
(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t

)
P(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t |Y t )

(24)

where P is still the theoretic distribution. We try to match p
as approximation and minimize dKL(p||P) as the dissimilarity
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Algorithm 1 CLV-LRMF Algorithm

Input: Noisy HSI data set Y ∈ R
M N×B , the number of mixture

components for Gaussian noise is K.
Output: U t

opt = U t , and V t
opt = V t .

Initialization: Set initial values to all hyper-parameters and
low rank components U t

0, V t
0, and I = 1.

1: Extract all CLVs Ct and q(Ct
i j) in CLV step.

2: for t = 1 : T
3: While not converged do:
4: Update approximate posterior probability noise components
Z t

I and π t
I by equations (16)-(18).

5: Update approximate posterior probability noise components
h

t,g
I , w

t,g
I , ht,s

I and wt,s
I by equations (20)-(22).

6: Update approximate posterior probability of low rank
components U t

I and V t
I by equations (8)-(9).

7: Update approximate posterior probability of for noise
parameters γ t

I by equation (14).
8: go to next Iteration so I = I + 1
9: end while
10: Construct X t = U tV t .
11: end for
12: Construct X by equation (6) .

between p and P . Suppose that the approximation of poste-
rior distribution p(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t )
possesses a factorized form as follows:

p
(U t ,V t ,Z t , Ct ,wg,t , hg,t ,ws,t , sg,t , π t , γ t

)
=
∏

i

q
(
ut

i

)
q
(
vt

i

)∏
i j

q
(Z t

i j

)
q
(
Ct

i j

)
×
∏

j

q
(
w

g,t
j , h

g,t
j

)
q
(
ws,t

j , hs,t
j

)
q
(
π t

j

)∏
l

q
(
γ t

l

)
(25)

where the update equation of each component is previously
presented. Then, the proposed CLV-LRMF method can be
summarized as shown in Algorithm 1.

III. EXPERIMENTAL RESULTS

We conducted a lot of experiments in several scenarios with
different conditions to evaluate and analyze the performance of
the proposed CLV-LRMF method in comparison with several
other noise-reduction methods, which can be listed as follows.

1) We compared the CLV-LRMF method with nine denois-
ing algorithms (i.e., NMoG-LRMF [3], LRMR [7],
LRTV [4], MoG RPCA [34], RegL1-ALM [35], CWM
[36], FSSLRL [17], LRTDTV [15], and LLRSTV [16]).

2) Simulations were performed with two types of HSI data:
synthetic (i.e., Washington DCMall and RemoteImage)
and real data sets (i.e., Urban and Indian Pines).

3) The effect of six types of noises was investigated in the
synthetic data.

4) Six evaluation criteria were used to compare the perfor-
mance of methods in the synthetic data sets (i.e., PSNR,
SSIM, FSIM, ERGAS, RMSE, and Time).

5) Three approaches were used and defined to compare the
performance of methods in the real data sets (i.e., hori-
zontal and vertical profile of bands and the no-reference
quality assessment method [44]).

6) Finally, we used the GPU processors to reduce the
runtime of the CLV-LRMF method compared with other
methods.

All the experiments were conducted on a computer with a
4-GHz CPU and 32-GB RAM. The proposed algorithm and
other methods were carried out under MATLAB R2016a.

A. HSI Data Set
The synthetic and real HSI data sets were employed to
consider the effectiveness and stability of the proposed
method.

1) Synthetic HSI Experiments: Washington DCMall with
the size of 1208 × 307×191 and RemoteImage [45] with the
size of 205 × 246 × 96 are used as the synthetic data and
the simulated noise is added to them. In order to prepare the
data, some simple preprocessing steps are done on the data
cube, such as cropping the main part of the HSI, resizing
(Washington DCMall to 200 × 200 × 160 and RemoteImage
to 200 × 200 × 89), and normalizing the gray-level values of
pixels into [0, 1].

2) Real HSI Experiments: Two real data sets were
used in the experiments. The Urban with the size of
307 × 307 × 210 is collected by the hyperspectral digital
imagery collection experiment (HYDICE) sensors. The second
data set is Indian Pines that was captured by the NASA
AVIRIS sensor in 1992 over the Indian Pines test site with
a size of 145 × 145 × 220. Several bands of real data are
often polluted by heavy noise originating from the water and
atmosphere [46]. Removing defective bands is the usual step,
but we used all the data without removing any bands to more
rationally verify the robustness of the CLV-LRMF method in
heavy-noise scenarios.

B. Effect of Noise Types
We used six kinds of noises in the simulations to generate
synthetic noisy HSI data sets, which are described in the
following.

1) I.I.D. Gaussian Noise: In the data cube, all bands are
corrupted by the zero-mean i.i.d. Gaussian noise N(0, σ 2) with
σ = 0.05. In these bands, the noise levels are the same.

2) Non-i.i.d. Gaussian Noise: We added the Gaussian noise
with various powers σn to the clean HSI for simulating the
synthetic data. The noise levels are different in all bands. The
signal-to-noise-ratio (SNR) value of each band is formed from
a uniform distribution with a value in the interval [10, 20] dB.

3) Non-i.i.d. Gaussian and Stripe Noise: The non-i.i.d.
Gaussian noise is added to all bands, and the stripe is
randomly simulated for 40 bands in the Washington DCMall
and RemoteImage data. The number of stripes is from 20 to
40 lines.

4) Non-i.i.d. Gaussian & Deadline Noise: Each band is
destroyed by the non-i.i.d. Gaussian noise. After that, the
deadlines are added to 40 bands that are selected randomly.
The number of deadlines in each band changes randomly
between 5 and 15, and the width of this is 1 pixel.

5) Non-i.i.d. Gaussian and Impulse Noise: The non-i.i.d.
Gaussian noise and the impulse noise are added to all
bands and to 40 randomly selected bands, respectively. The
percentage of impulse (intensity) is from 50% to 70%.
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6) Mixture Noise: It is assumed that the data were destroyed
by all kinds of noises mentioned in the previous cases.

C. Evaluation Criteria for Synthetic Data Sets

To evaluate quantitatively the effectiveness of our method
and other competing methods, we have applied six evaluation
criteria and mean values on all bands in the simulations of the
synthetic data sets, e.g., PSNR, SSIM, FSIM, ERGAS, RMSE,
and Time [16], [47], [48]. Time shows computational cost.
To reduce the runtime of the LV-LRMF method, we carried
out the LV step with a GPU in Section IV. The larger values of
MPSNR, MSSIM, and MFSIM (mean values of PSNR, SSIM,
and FSIM) and the smaller values of MERGAS, MRMSE
(mean of ERGAS and RMSE), and TIME indicated the better
performance of a method to restore the images.

D. Evaluation Criteria for Real Data Sets

1) Horizontal Profile: The horizontal mean profile of a band
refers to the mean of each row of it. The horizontal and vertical
axes of the output curve represent the number of rows and
the mean of the digital number (DN) values of each of them,
respectively.

2) Vertical Profile: We acquired this by computing the mean
of the DNs located in each column of a band. In this curve,
the vertical axis represents the mean of the DN values of each
column and the horizontal axis shows the column number.

3) Quality-Assessment Method [44]: We used no-reference
HSI quality assessment via quality-sensitive feature learning
[44] to evaluate the denoising performance of the real data.

E. Finding CLV (Ct )

We defined and extracted the CLV, {Ct |t = 1, . . . , T }, and
then applied the proposed CLV-LRMF denoising algorithm
to the new domain CLV instead of the HSI data cube. Our
purpose for using the CLV is based on that the natural images
often have a spatially local and nonlocal similarity. In addition,
in the HSIs, these similarities also are repeated in the spectral
domain, since the homogeneous materials have similar spectral
signatures. We assume that a noisy HSI can be displayed using
the spectral–spatial homogeneous latent variables according
to the spectral–spatial similarity. Thus, each CLV contains
similar spectra from the local and nonlocal similar pixels
and this provides a strong prior for the improved denoising
process. We suggested a methodology based on the clustering
algorithms as an operator to exploit the CLV. Choosing these
operators can be influenced by different factors, such as the
HSI data set, selective noise removal method, hardware, and
time limitations, and other conditions related to the issue.
Therefore, we used and evaluated several clustering techniques
as the extraction operator, e.g., zoning, k-means [5], Rk-means,
FCM [6], and RFCM.

To design RFCM and Rk-means, we employed a 3-D
Gaussian filtering scheme for extracting robust CLV and
rejecting the effect of noises. According to Fig. 3, these
operators have been used to extract the CLV in the CLV-LRMF
method in the Washington DCMall data set. As shown in Fig. 4
and Table I, all results are very close, and RFCM has a worse
performance with 0.3-dB difference compared with zoning as

Fig. 3. CLV extraction map of (a) zoning, (b) k-means, (c) Rk-means,
(d) FCM, and (e) RFCM.

Fig. 4. CLV-LRMF results using zoning, k-means, Rk-means, FCM, and
RFCM extraction operators for mixture noise and the criteria (a) PSNR,
(b) SSIM, (c) FSIM, (d) ERGAS, and (e) RMSE.

TABLE I

PERFORMANCE EVALUATION RESULTS FOR CLV-LRMF METHOD USING

DIFFERENT CLV EXTRACTION OPERATORS, SUCH AS ZONING,
K-MEANS, RK-MEANS, FCM, AND RFCM

Fig. 5. Effect of cluster number in the performance of the proposed
CLV-LRMF method on six kinds of noise for the synthetic DCMall data
set for (a) PSNR, (b) SSIM, (c) FSIM, (d) ERGAS, and (e) RMSE.

the best operator. In the all next simulations, the RFCM was
used for finding similar local and nonlocal areas (because of
the robustness to all types of noises), wherein the similarities in
the whole HSI cube were harnessed to form the Ct submatrix.
Therefore, we used the structures with a high correlation,
which are grouped together into the same Ct . It has pixels with
similar noise information and minimal structural differences.
We fixed the cluster number at 8 to balance the computational
cost in the performance of the CLV-LRMF method. The
initial rank has been assumed at 30 in the simulations, so the
acceptable submatrix for each cluster should have at least
30 pixels. When the cluster number is increased, the number
of pixels in each cluster decreases, which may cause a cluster
with less than 30 samples. This limits the execution of the
CLV-LRMF simulation code. In Fig. 5, we examined the effect
of the cluster number in the performance of the proposed
method and run the CLV-LRMF using RFCM with the cluster
number varying from 1 to 8. The results of different cluster
numbers on six kinds of noise over the Washington DCMall
data set are illustrated in this. It can be easily observed that
after the number is larger than 7, the performance of the
method tends to be stable and not very sensitive to the choice
of its value.
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TABLE II

PERFORMANCE COMPARISON OF ALL COMPETING METHODS ON THE WASHINGTON DCMALL AND REMOTEIMAGE DATA SETS

F. Performance Comparison and Discussion
In all the simulated experiments, the parameters of the
compared methods were manually adjusted to the optimal. The
number of Gaussian components in the mixture of Gaussian
noise is k = 1 in cases 1 and 2, and k = 3 in cases 3−6 for
the NMoG-LRMF method. In addition, the stop criterion is
t = 10−4. For LRMR, the patch size is 20 × 20 × B , and the
step size is 8. In all the experiments of the LRTV method,
we set the TV and the sparsity regularization parameters to
τ = 0.015 and λ = 100/(M × N)1/2, where M and N are
the number of rows and columns in each band, respectively.
For the CLV-LRMF, the 3-D Gaussian filter parameters are
σ = 0.1 and S = 25 in the Washington DCMall data set,
and σ = 10 and S = 51 in the RemoteImage data set. The
rank of all low-rank-based methods is 5. The parameters of
the LRTDTV method were manually adjusted and C = 200 is
selected in λ = 100 ×C/(M × N) and rank is r = [M, N, 5],
and in the LLRSSTV, parameters λ and τ were manually fixed
as 0.25 and 0.01; the patch size of each local patch was set
as 20 × 20.

All parameters of different denoising strategies were
carefully chosen by the related literature to obtain the best
evaluation indexes and guarantee their possibly good per-
formance. All methods are repeated ten times, with the
initialization random parameter, and the average result is
reported.

In Table II, the performance of the nine compared methods
and the proposed CLV-LRMF method (over different noise
settings for six types of noises) is listed. The results of
MPSNR, MSSIM, MFSIM, MERGAS, MRMSE, and TIME
for the Washington DCMall and RemoteImage as synthetic
data sets are shown in this table. We can see that the proposed
method achieves the best results with clear improvement on
each data set and all investigated noises in the first five

Fig. 6. MPSNR results of the Washington DCMall and RemoteImage
data. (a) I.I.D. Gaussian. (b) Non-i.i.d. Gaussian. (c) Stripe-added
non-i.i.d. Gaussian. (d) Deadline-added non-i.i.d. Gaussian. (e) Impulse-added
non-i.i.d. Gaussian. (f) Mixture noise for MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF, and proposed
CLV-LRMF.

criteria with respect to the other compared methods, which are
MoG-RPCA, RegL1-ALM, LRMR, LRTV, CWM, FSSLRL,
LRTDTV, LLRSSTV, and NMoG-LRMF. According to these,
the proposed method needs more time than others for running
over both data sets.

The PSNR values across all bands are displayed under
six types of noises in Fig. 6 for the Washington DCMall
and RemoteImage data sets, respectively. The PSNR criterion
behavior varies for both data sets and also for every band;
however for both, the curve of the proposed CLV-LRMF
method in most of the bands is higher than other curves
of the compared methods. The robustness of our proposed
CLV-LRMF algorithm over the entire HSI bands is shown by
these results.

In Figs. 7 and 8, the SSIM and FSIM values are plotted
across all bands for different noises and Washington DCMall
and RemoteImage, respectively. For the SSIM and FSIM
values close to 1, the two images (restored and noisy images)
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Fig. 7. MSSIM results for the Washington DCMall and RemoteImage
data. (a) I.I.D. Gaussian. (b) Non-i.i.d. Gaussian. (c) Stripe-added
non-i.i.d. Gaussian. (d) Deadline-added non-i.i.d. Gaussian. (e) Impulse-added
non-i.i.d. Gaussian. (f) Mixture noise for MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF, and proposed
CLV-LRMF.

Fig. 8. MFSIM results in the Washington DCMall and RemoteImage data.
(a) I.I.D. Gaussian. (b) Non-i.i.d. Gaussian. (c) Stripe-added non-i.i.d.
Gaussian. (d) Deadline-added non-i.i.d. Gaussian. (e) Impulse-added non-i.i.d.
Gaussian. (f) Mixture noise for MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF, and proposed
CLV-LRMF.

are similar and structurally equivalent. We can see that both
SSIM and FSIM curves for the CLV-LRMF method stand
above the others and are closer to one, which demonstrates
the convergence of our method.

In the following simulations results, Figs. 9 and 10 show the
ERGAS and RMSE values of each band with different noises
for the Washington DCMall and RemoteImage data sets. The
ERGAS and RMSE values in the CLV-LRMF method are
smaller than the other six methods in both experimental data
sets, indicating that the CLV-LRMF outperforms the other
methods in the HSI noise removal.

For a better comparison of the visual details, we draw a
3-D view of all pixel values for one band. The color spectrum
displayed in each image represents the pixels’ values. In
Fig 11, the 3-D views are obtained for the 53rd band of the
original, noisy (that is damaged by the mixture noise), and
restored versions (using MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF,
and our proposed CLV-LRMF algorithms) of the RemoteImage
data set.

According to these, the spectrum restored by CLV-LRMF
is much closer to the clean HSI, which in most details of
the images are properly restored. Therefore, it performs best
among all the compared methods and effectively removes the
noise, preserving the essential structures of the original HSIs.

Fig. 9. MERGAS results of the Washington DCMall and RemoteImage
data. (a) I.I.D. Gaussian. (b) Non-i.i.d. Gaussian. (c) Stripe-added
non-i.i.d. Gaussian. (d) Deadline-added non-i.i.d. Gaussian. (e) Impulse-added
non-i.i.d. Gaussian. (f) Mixture noise for MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF, and proposed
CLV-LRMF.

Fig. 10. MRMSE results of the Washington DCMall and RemoteImage
data. (a) I.I.D. Gaussian. (b) Non-i.i.d. Gaussian. (c) Stripe-added non-i.i.d.
Gaussian. (d) Deadline-added non-i.i.d. Gaussian. (e) Impulse-added non-i.i.d.
Gaussian. (f) Mixture noise for MoG-RPCA, RegL1-ALM, LRMR,
LRTV, CWM, FSSLRL, LRTDTV, LLRSTV, NMoG-LRMF, and proposed
CLV-LRMF.

Fig. 11. Restoration results of band 53 of the RemoteImage data sets
under mixture noise. Images are displayed in two ways: gray level and 3-D
view. (a) Original HSI. (b) Noisy HSI. (c) MoG-RPCA. (d) RegL1-ALM.
(e) LRMR. (f) LRTV. (g) CWM. (h) FSSLRL. (i) LRTDTV. (j) LLRSTV.
(k) NMoG-LRMF. (l) Proposed CLV-LRMF.

In general, the proposed approach achieves more promising
performance.

Each pixel of the HSI exhibits an approximately continuous
spectrum across all bands, which is called the spectral profile.
We illustrated the spectral profiles of the pixel (85 115) from
the Washington DCMall data in the clean, noisy, and restored
versions in Fig. 12. In these figures, the horizontal axis denotes
the number of spectral bands and the vertical axis indicates
the spectrum values. The recovered results by the CLV-LRMF
method seem to be much closer to the original ones.
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Fig. 12. Spectral characteristic for the pixels located at the position
85 × 115 of the Washington DCMall data set animated by mixture
noise. Three curves corresponding to clean, noisy, and denoised images.
(a) MoG-RPCA. (b) RegL1-ALM. (c) LRMR. (d) LRTV. (e) CWM.
(f) FSSLRL. (g) LRTDTV. (h) LLRSTV. (i) NMoG-LRMF. (j) Proposed
CLV-LRMF.

Fig. 13. Restoration results of all methods on bands 207 and 220 of the
Urban and Indian Pines data sets. (a) Original noisy image. (b) MoG-RPCA.
(c) RegL1-ALM. (d) LRMR. (e) LRTV. (f) CWM. (g) FSSLRL. (h) LRTDTV.
(i) LLRSTV. (j) NMoG-LRMF. (k) Proposed CLV-LRMF method.

Fig. 13 shows bands 207 and 220 of the Urban and
Indian Pines data sets, its restored results, and the corre-
sponding enlarged images for one local, respectively. These
are corrupted primarily by stripes. From a visual interpreta-
tion of the results of Urban, the proposed CLV-LRMF and
NMoG-LRMF methods both have good performances. We can
see that MoG-RPCA and LRMR fail to restore the image
details and most of them are lost. The RegL1-ALM, LRTV,
CWM, FSSLRL, LRTDTV, and LLRSTV can just remove an
insignificant portion of noise, and the details in the scene are
blurred and oversmoothed.

Due to the results of Indian Pines, RegL1-ALM, CWM, and
LRTDTV are weaker than others in removing the noise in this
real-world data set. LRMR, LRTV, FSSLRL, and LLRSTV
can acquire relatively better results. The CLV-LRMF method
can preserve the details and reduce the noise, and so predict
the missing pixels.

In Fig. 14, we show the horizontal mean profiles of band
207 for the Urban data set and the vertical mean profiles for
band 220 of the Indian Pines data set before and after restora-
tion. As shown in Fig. 14, due to the existence of mixed noise,
there are rapid fluctuations in the horizontal and vertical mean
profile curves. We can evaluate the performance of algorithms
by the smoothness of the mean profiles; therefore, MoG-RPCA
and LRMR produce the worst results. RegL1-ALM, CWM,
LRTV, FSSLRL, and LRTDTV achieve better performance.
NMoG-LRMF and CLV-LRMF generate the best (and similar)
results. The improved performance of CLV-LRMF is due to

Fig. 14. Horizontal profile of band 207 in the Urban data set, and
vertical profile of band 220 in the Indian Pines data set. (a) Original HSI.
(b) MoG-RPCA. (c) RegL1-ALM. (d) LRMR. (e) LRTV. (f) CWM.
(g) FSSLRL. (h) LRTDTV. (i) LLRSTV. (j) NMoG-LRMF. (k) Proposed
CLV-LRMF method.

TABLE III

"NO-REFERENCE HSI QUALITY ASSESSMENT VIA QUALITY-SENSITIVE
FEATURE LEARNING [44]" RESULTS FOR THE PROPOSED METHOD

(CLV-LRMF) AND OTHER STATE-OF-THE-ART METHODS

Fig. 15. Stability test of the proposed method to the Gaussian component
number k on the Washington DCMall data for impulse and mixture noise.
Sustainability of the criterion behavior has been investigated with respect to
k for (a) MPSNR, (b) MSSIM, (c) MFSIM, (d) MRMSE, and (e) MERGAS.

the latent variable step, because it can extract more noise
information from the noisy data set.

The quality-assessment criteria such as PSNR, SSIM, FSIM,
ERGAS, and RMSE requires a clean reference image to be
available, which often is not in reality. In this article, we used
a quality sensitive feature extraction-based method [44] for
evaluating the quality of the real HSI data sets, because they
have no reference image. In order to assess the quality of the
reconstructed HSI, we must divide it into different local parts
and use a multivariate Gaussian (MVG) model to fit on each
part. We used the quality-sensitive features that are extracted
in [44] for the AVIRIS images.

In addition, due to the robustness of MVG over the training
data, we used the quality-sensitive features of the AVIRIS
data in the quality assessment of the HYDICE data set. The
score of the reconstructed HSI with a lower value represents
higher quality. According to Table III, the CLV-LRMF and
MoG-RPCA methods have the best results with the lowest
values 11.3604 and 11.4755 on the Urban data, respectively.
Similar to the Indian Pines data, CLV-LRMF and LRTV
have the best results with the lowest values 14.3613 and
15.6403, respectively. Finally, we investigated the consequence
of increasing parameter k as the number of Gaussian compo-
nents in the mixture noise. These results have been achieved
for the Washington DCMall data set and five evaluation criteria
with k varying from 1 to 10. From Fig. 15, increasing the
number of Gaussian components to two leads to performance
improvement of CLV-LRMF. After k ≥ 3, the performance
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TABLE IV

CLV-LRMF ALGORITHM TIME IMPROVEMENT VIA GPU

will be stabilized and is not very sensitive to the choice of k
value.

G. CLV-LRMF Time Improvement Using GPU

According to Table II, the CLV-LRMF results were better
than the other methods in all criteria except time. This is
because the proposed step (CLV) that is an extraction operator
based on clustering takes more time to extract the CLVs. For
example, the average time of applying the FCM clustering
method on the DCMall data set with i.i.d. Gaussian noise
was about 83 s. However, for the same data with the same
noise, the average time needed for the whole CLV-LRMF
method is 200.362 s. To manage the runtime and solve this
challenge, our solution is using GPU. Therefore, to this end,
we coded the CLV step to run on the GPU. The results are
calculated after ten runs and then averaged for the Washington
DCMall and RemoteImage data sets with six types of noises.
The results of the comparison between the implementation
time of the proposed method with a CPU and GPU in six
types of noises are shown in Table IV. The CPU timing was
carried out on an Intel Core i7 4790K CPU at 4 GHz with
32 GB of RAM, and GPU timing was done on a GeForce
GTX 760. As shown in the table, using the GPU, the time
was reduced from 83 to 4 and from 200.362 to 120.901 s
for running the CLV step and the entire program, for the
Washington DCMall data set with i.i.d. Gaussian, respectively.
Therefore, the implementation time of the CLV-LRMF method
was improved by 39%. By comparing the time results obtained
from Table IV with those of Table II, you see that by exploiting
GPU, the runtime of the CLV-LRMF is close to the other
methods.

IV. CONCLUSION

In this article, we used the probabilistic model for noise
into the Bayesian framework. In addition, we proposed the
new CLV-LRMF. Our method is able to reduce the non-i.i.d.
mixture of Gaussian noise and delete the effect of five other
kinds of noises (e.g., non-i.i.d. Gaussian, stripe, deadline,
impulse, and mixture noise), simultaneously. By finding the
CLV, the CLV-LRMF method used the beneficial information
of similar areas to estimate the noise destruction level more
adequately. Therefore, these homogeneous partitioned struc-
tures in HSI data cube promote evaluation criteria MPSNR,
MSSIM, and so on in the denoising process. As you see in the
simulation results, the proposed CLV leads to improvement
in the overall performance of the CLV-LRMF method and
better noise removal for all types of noises, which damages the
HSI. Compared with the current state-of-the-art techniques,

the CLV-LRMF method performed more robustly due to its
capability of adapting to several noise patterns.
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