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Abstract—In this paper, a novel spectral–spatial adaptive sparse
representation (SSASR) method is proposed for hyperspectral
image (HSI) denoising. The proposed SSASR method aims at
improving noise-free estimation for noisy HSI by making full
use of highly correlated spectral information and highly similar
spatial information via sparse representation, which consists of
the following three steps. First, according to spectral correlation
across bands, the HSI is partitioned into several nonoverlapping
band subsets. Each band subset contains multiple continuous
bands with highly similar spectral characteristics. Then, within
each band subset, shape-adaptive local regions consisting of spa-
tially similar pixels are searched in spatial domain. This way,
spectral–spatial similar pixels can be grouped. Finally, the highly
correlated and similar spectral–spatial information in each group
is effectively used via the joint sparse coding, in order to gener-
ate better noise-free estimation. The proposed SSASR method is
evaluated by different objective metrics in both real and simulated
experiments. The numerical and visual comparison results demon-
strate the effectiveness and superiority of the proposed method.

Index Terms—Hyperspectral image (HSI) denoising, sparse
representation (SR), spatial similarity, spectral correlation.

I. INTRODUCTION

HYPERSPECTRAL images (HSIs) can provide rich
spectral–spatial information, which has drawn much at-

tention in remote sensing applications, including land use anal-
ysis, pollution monitoring, wide-area reconnaissance, and field
surveillance [1]–[3]. Unfortunately, hyperspectral imaging of-
ten suffers from annoying degradations caused by the existence
of noise [4]–[6], which not only affects the visual impression
but also influences some subsequent image processing, e.g.,
classification, unmixing, and target detection. Therefore, it is
critical to develop effective denoising technique for the HSI.

In the literature, noise reduction for the HSI is an active
area of research in the field of remote sensing, where the
noise is generally considered to be additive and randomly
distributed [7]–[10]. By regarding each band as one indepen-
dent 2-D image, denoising techniques developed in dealing
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with 2-D images, (e.g., wavelet-based methods [11], [12] and
total-variance-based methods [13], [14]) can be utilized in a
bandwise manner. However, the bandwise methods are only
dependent on spatial information in each spectral band, which
easily fail in restoring the spectral bands corrupted by serious
noise.

Instead of processing the HSI in a band-by-band manner,
researchers have paid much attention to consider the HSI as
a whole entity and develop various multidimensional image
restoration techniques [15]–[17]. Typically, multidimensional
Wiener filtering (MWF) extends the classical 2-D Wiener fil-
tering to the tensor model by using multilinear algebra tools
[15]. However, annoying artifacts and oversmooth effects will
be introduced by the MWF method in the case that signal sub-
space and noise subspace are difficult to be distinguished [18].
In addition, there are some more advanced multidimensional
methods, including the genetic kernel Tucker decomposition
[16] and adaptive 3-D filtering [17]. Since all the abundant
signals (containing a large number of relative pixels) and the
rare signals (containing only a few relative pixels) are processed
together, these multidimensional methods easily lead the rare
signals to be unexpectedly removed [19].

In addition, by introducing 3-D block to replace 2-D block,
the nonlocal means denoising technique [20] has been extended
to its 3-D versions, which can better deal with multidimen-
sional data restoration problems. Qian and Ye [21] proposed
the 3-D nonlocal sparse (3D-NLS) denoising method, in or-
der to improve the denoising performance by applying sparse
representation (SR) techniques to effectively utilize the high
nonlocal self-similarity. The 3D-NLS method works well in
restoring low-level noisy bands, but fails in dealing with se-
riously degraded spectral bands. Some other 3-D cube-based
denoising methods, e.g., the video block matching 3-D filtering
(VBM3D) [22] and the block matching 4-D filtering (BM4D)
[23], have been proposed to denoise multidimensional data
recently. The VBM3D is effective in the case that the noise
statistics in all bands are the same, but is much less suitable if
the noise levels vary across bands, which is the general case of
the HSI. By contrast, the BM4D can achieve better performance
by considering the variance of noise deviation across bands.
The drawback of the 3-D block-based denoising methods is that
high spectral redundancy in all the continuous spectral bands is
not fully used; instead, only local spectral correlation between
a few adjacent bands is considered.

Some recent denoising techniques focus on exploiting both
spectral information and spatial information to improve image
quality. Chen et al. [24] introduced an HSI denoising algo-
rithm by integrating the principal component analysis (PCA)
transform and the wavelet shrinkage in one framework. This
method utilizes the Sendur and Selesnicks bivariate wavelet
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[25] denoising in spectral view followed by 2-D dual-tree
complex wavelet denoising [26] in spatial view in the PCA
domain. Yuan et al. [27] denoised the HSIs twice by using the
spectral or the spatial information separately and then fused
both results according to the Q-metric [28]. Both HSI denoising
methods proposed in [24] and [27] exploit the spectral and
spatial information independently.

As one promising tool for image processing, the SR theory
assumes that an image can be well approximated in terms of a
linear combination of a few atoms in a dictionary. Traditionally,
the SR can effectively exploit spatial self-similarity in an image,
which can be easily developed to denoise HSI in a bandwise
manner. However, the bandwise denoising approaches neglect
the spectral correlation and continuity in HSI. To further exploit
the spectral–spatial information to generate better noise-free
estimation, some SR-based HSI denoising methods [24], [29]
have been developed, by utilizing the wavelet-transformation-
based fixed dictionary and performing a shrinkage operation
over the coefficients. However, fixed dictionary is independent
of the data being processed, which cannot adaptively repre-
sent the observed data. Therefore, the data-driven dictionary
learning methods for the HSI are developed based on 3-D
spatial–spectral blocks [21], [30]. The 3-D processing methods
can effectively utilize the high nonlocal self-similarity in HSI,
but they fail in dealing with serious noise. More recently, some
advanced studies [31]–[33] have attempted to develop new
denoising models for solving the HSI restoration problem, by
adding the low-rank or nonnegativity constraints to the SR
denoising models.

In this paper, the spectral–spatial adaptive sparse representa-
tion (SSASR) method is proposed for denoising HSI. By jointly
exploiting the correlated spectral information and similar spa-
tial information in HSI based on the SR, effective noise-free
estimation can be generated by the SSASR. First, spectral-
adaptive band-subset partition is introduced to group highly
correlated spectral bands and separate low-correlated ones. In
each band subset, the highly correlated spectral bands have
continuous and close spectral characteristics. Second, spatial-
adaptive similar pixel searching strategy is proposed to group
similar pixels in local regions. In each spatial similar region, the
pixels have closely spatial characteristics. Finally, an SR model
is used to adaptively represent each group of highly spectral-
correlated and spatial-similar pixels, resulting in the noise-
free estimation. The denoising experiments conducted in both
simulated and real HSI data sets demonstrate the effectiveness
of the proposed method.

The rest of this paper is structured as follows. First, Section II
briefly overviews the SR-based denoising method for 2-D
images. Second, Section III introduces the proposed SSASR
method for HSI denoising. Then, experimental results and
analysis are reported in Section IV. Finally, conclusions and
future work are given in Section V.

II. SR-BASED DENOISING FOR 2-D IMAGES

According to the SR theory, a noiseless signal can be mod-
eled as a sparse linear combination of atoms selected from a
given dictionary D. Each image patch (with size of

√
n×√

n)
extracted from the original image is lexicographically ordered
as column vector, denoted by y ∈ Rn. Then, the traditional

sparse coding can be modeled as an optimization problem
[34], [35]

α̂ = argmin
α

‖y −Dα‖22 + λ‖α‖1 (1)

where α is the estimated vector of sparse coefficient with
respect to dictionary D, and λ is the standard Lagrangian
multiplier. Then, the noise-free estimation x̂ for vectored image
patch y can be calculated by

x̂ = Dα̂. (2)

A major drawback of the traditional sparse coding model in (1)
is the independence assumption about sparsely coded patches.
To further exploit nonlocal similarity in a degraded image, more
advanced SR denoising methods simultaneously estimate each
group of similar patches; the simultaneous sparse coding model
introduced in [36] is given by

Âi = argmin ‖Yi −DAi‖22 + λ‖Ai‖1 (3)

where each column of Yi is one vectored image patch; corre-
spondingly, each column of Ai is the sparse coefficient vector.

III. SSASR METHOD FOR DENOISING HSI

Let I ∈ RM×N×B represent one HSI, where M ×N is the
size of each spectral band, and B is the number of spectral
bands. The commonly used image degradation model for each
spectral band Ii (i ∈ [1, B]) can be denoted by

Ii = Xi +Ni (4)

where Xi and Ni represent the clean and noisy components,
respectively.

As shown in Fig. 1, the proposed SSASR method consists
of three main stages: spectral-adaptive band-subset partition,
spatial-adaptive local similar pixel searching, and SR-based
noise-free estimation. First, according to the Pearson-
correlation-coefficient-based metric, a coarse-to-fine band-
subset partition is introduced to separate the HSI into multiple
band subsets. Each band subset contains continuous spectral
bands with high spectral correlation, whereas the correlation
among spectral bands in different band subsets is low. Second,
by applying the shape-adaptive (SA) local region searching on
the weighted average generated fused image, local homoge-
neous region can be determined for each central spectral pixel.
Each homogeneous region consists of multiple highly similar
spectral pixels. Finally, by solving an SR-based optimization
problem, the noise-free estimation for each group of spectral
pixels with high spectral correlation and spatial similarity can
be generated. Specifically, all the spectral pixels belonging
to each group are vectorized to form a sparse matrix, which
are jointly sparsely coded and reconstructed to generate the
denoised estimation.

A. Spectral-Adaptive Band-Subset Partition

As one commonly used matrix correlation metric, the
Pearson correlation coefficient is applied to assess the similarity
between the spectral bands Ii and Ij , which is defined as

r(Ii, Ij) =

∑M×N
p=1 (Ii, p − Ii)(Ij, p − Ij)√∑M×N

p=1 (Ii, p − Ii)2 ·
∑M×N

p=1 (Ij, p − Ij)2
(5)
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Fig. 1. Framework of the proposed SSASR method.

where Ii (Ij) is the mean value of the spectral band Ii (Ij),
and Ii,p (Ij,p) represents the pth pixel in the ith (jth) spectral
band. The closer r(Ii, Ij) is to 1, the stronger the correlation is
between the ith and jth spectral bands.

By applying (5) on adjacent spectral bands, a correlation
curve C is generated, where C(i) = r(Ii, Ii+1). It can be seen
from the red correlation coefficient curve in Fig. 1 (in the
step of spectral-adaptive band-subset partition) that there are
some sharp drops in curve C, whereas a relatively stable trend
appears between two adjacent sharp drops. Therefore, the band-
subset partition can be achieved based on detecting these sharp
drops in curve C. The proposed coarse-to-fine band-subset
partition mainly consists of the following two steps.

1) Coarse Band-Subset Partition: Local valley points are
detected in the correlation coefficient curve C. If C(i) meets
the condition defined by{

C(i)− C(i− 1) < 0

C(i+ 1)− C(i) > 0
(6)

then the ith point in the curve C is determined to be a local
valley point, which can be regarded as one initial partition
point. The spectral bands between two adjacent partition points
are grouped to be one band subset Sq ∈ RM×N×Bq , where Sq

contains Bq spectral bands with a size of M ×N .
2) Fine Band-Subset Partition: To approximately represent

spectral characteristics belonging to each Sq , a weighted-
average-based fused image Sq is generated by performing
weighted averaging on all the spectral bands as

Sq =
1

Z

∑
Ii∈Sq

w(Ii)Ii (7)

where Z =
∑

Ii∈Sq
w(Ii) is the normalizing constant, and the

weight w(Ii) is defined according to the Gaussian kernel as

w(Ii) = e
−
(

‖Ii−Xi‖22
h2

)
. (8)

In (8), the item ‖Ii −Xi‖22 corresponds to the noise deviation
σ2
i of noisy component Ni, ‖Ii −Xi‖22 = σ2

i , where σi can be
estimated by the median-of-absolute-deviation-based method
[37]. Therefore, by defining the weight in (8), the spectral
bands with low image quality degradation can have a significant
contribution on the fused image Sq . Based on (5) and (7),
the correlation between band subsets Sq and Sq+1 can be
measured by r(Sq,Sq+1). Given a threshold Tr, band subsets
Sq and Sq+1 are determined to be merged in the condition

of r(Sq,Sq+1) > Tr. In addition, considering a small band
subset (i.e., a band subset with very few spectral bands) may
not contain enough useful spectral information for an effective
noiseless estimation, small band subsets are also merged with
its neighboring subset. In practice, the band subset with less
than five spectral bands is considered to be a small band subset.

B. Spatial-Adaptive Local Similar Pixel Searching

In the context of an HSI, a neighborhood region always
has multiple pixels related to the same materials, which can
be regarded as multiple observations for the same material.
Based on this consideration, similar pixels in a local region are
searched and jointly exploited to generate noiseless estimation.
Specifically, a weighted-average-based fused image, denoted by
Sq , is obtained by (7) first. Then, each local region containing
spatially similar pixels is determined for each central pixel,
s ∈ Sq , by applying the SA local region searching [38] on Sq ,
which is effective in finding a homogeneous region for each
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pixel in the image. The SA algorithm is briefly described by the
following two steps.

1) Directional LPA-Based Filtered Estimation: The 1-D
local polynomial approximation (LPA) [39] kernel g is math-
ematically represented as g = wφΦ−1[1 0 0, . . . , 0]T , where
Φ = φTwφ, w is a diagonal matrix of window function w,
and φ is a vector of m+ 1 polynomial functions. Let h and θ
represent each of the varying scales and the varying directions,
respectively. Foi et al. [38] developed the directional LPA
kernel g(h, θ) in the 2-D domain by introducing varying scales
and rotation transformation to the 1-D LPA kernel. In terms of
varying scales and directions, a set of filtered estimations for Ŝq

can be generated by Ŝq(h, θ) = Sq ⊗ g(h, θ).
2) ICI Rule Based Adaptive Scale Selection: For the ith

specific scale hi and the vth specific direction θv, let ŝ(hi, θv) ∈
Ŝq(hi, θv) denote the filtered estimation for pixel s, and let
Fi denote the confidence interval of estimation ŝ(hi, θv); then,
the intersection of confidence intervals (ICI) [40] between
Fi (i = {1, j}) is represented as Ij = ∩j

i=1Fi. For the case
that Ij+ �= o/ and Ij++1 = o/, hj+ is determined as the adaptive
scale for s in the direction θv , represented as h+(s, θv) = hj+.
As shown in the local regions of similar pixels marked with
the red polygons in Fig. 1 (in the step of spatial-adaptive local
similar pixel searching), each searched SA region for each
center pixel, i.e., s, is determined by {h+(s, θv)} in terms of
varying directions.

C. SR-Based Noise-Free Estimation

Based on the result of spectral–spatial similar pixel search-
ing, each spectral pixel yi (yi ∈ RBq×1) in band subset Sq

corresponds to a local SA region. By ordering all the similar
pixels in each SA region column by column, a matrix Yi can
be formed. Since all the spectral pixels in Yi are highly similar,
they should share a common sparsity pattern with different sets
of coefficients, which can be modeled as a joint sparse coding
problem in (3). The shape-adaptive iterative singular value
thresholding algorithm (SAIST) [41], which can effectively
solve (3) in an iterative way, is introduced and modified to deal
with the problem of HSI denoising. For the (k + 1)th iteration,
the modified SAIST algorithm used for restoring each band
subset Sq is described as follows.

1) Iterative Regularization: The iterative regularization can
be achieved by adding the filtered noise back to the denoised
version, which has been demonstrated to be effective in im-
proving the denoising performance [42], [43]. By considering
that each spectral band is also one 2-D image, the iterative
regularization can be introduced to the HSI in a band-by-
band manner. Then, for each spectral band Ii, the regulariza-
tion can be represented as I

(k+(1/2))
i = X̂

(k)
i + γ(Ii − X̂

(k)
i ),

where X̂
(k)
i represents the noiseless estimation for Ii in the kth

iteration. Correspondingly, the updated band subset Sq can be
represented as

Ŝ
(k+ 1

2 )
q = Ŝ(k)

q + γ
(
Sq − Ŝ(k)

q

)
(9)

where Ŝ
(k)
q denotes the noiseless estimation for Sq in the kth

iteration, and γ is a relaxation parameter.
2) Update of the Noiseless Estimation for Ŷi: Each matrix

Y
(k)
i is formed by vectorizing all the similar spectral pixels in

a local SA region of the updated band subsets Ŝ
(k+(1/2))
q . As

shown in Fig. 1, the generation of each matrix Yi is illustrated
in the step of the SR-based noise-free estimation. To adap-
tively characterize the similar pixels in Y

(k)
i , the corresponding

subdictionary Di can be constructed via the singular value
decomposition (SVD) [41]. Specifically, the SVD is applied to
decompose Y(k)

i as (10). Then, the estimated subdictionary D̂i

and the corresponding matrix of sparse coding coefficients Âi

can be given by (11). Thus

Y
(k)
i =UiΣiV

T
i (10)

D̂i =Ui Âi = Sτ (Σi)V
T
i (11)

where Sτ is the shrinkage operator, and τ is a regularization
parameter, which is updated during the iterative process of
updating the noise-free estimation [41]. Correspondingly, the
updated noiseless estimation for each matrix Y

(k+1)
i is

Ŷ
(k+1)
i = D̂iÂi. (12)

Each column of Ŷ(k+1)
i represents the updated noiseless esti-

mation for the correlated spectral pixel.
3) Update of the Noiseless Estimation for Ŝq: Assuming the

pixel yi is contained in J SA regions, then there are J noiseless

estimations for yi, denoted by {ŷ(k+1)
i,j }

J

j=1
. The denoised

version for the ith pixel in Ŝ
(k+1)
q is calculated by

Ŝ(k+1)
q (i) =

1

J

J∑
j=1

ŷ
(k+1)
i,j . (13)

By repeating steps 1–3 for Titer times, the final noiseless
estimation for each band subset can be generated.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Experimental Setup

Here, threehyperspectraldatasets, including the “Washington
DC Mall,” “AVIRIS Cuprite,” and “AVIRIS Indian Pines” [44],
[45], are used for testing the denoising performance of the
proposed method. In the section of parameter discussions, two
subimages (191 bands, the size of each band is 256 × 256) of
the data set Washington DC Mall are used. In the simulated
experiments, another two subimages of Washington DC Mall
and the data set of AVIRIS Cuprite (188 spectral bands, the
size of each band is 250 × 191) are used. For the test data set
of AVIRIS Cuprite, the 188 spectral bands with high signal-to-
noise ratio (selected as in [46]) are remained as the noise-free
reference. In the real data experiments, the data set of AVIRIS
Indian Pines (220 bands, the size of each band is 145 × 145) is
used. Before simulated and real experiments, the gray values
of the test data sets are normalized to be values between
[0, 1]. Based on the general case that the noise level varies
across bands, zero-mean Gaussian noise in different degrees is
added to each band in the simulated experiments, where the
variance value σ is randomly selected between three ranges:
σ ∈ {[0, 0.05], [0, 0.1], [0, 0.2]}.

In order to verify the effectiveness of the proposed SSASR
method, it is compared with the wavelet-bishrink method
[12] in a band-by-band manner, the BM4D method [23], and
the PCA-wavelet [24] method. In addition, the denoising re-
sults by the proposed method with skipping the process of
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Fig. 2. Test data sets in both simulated and real experiments. (a)–(d) 60th
spectral bands from four subimages of Washington DC Mall, with size of
256 × 256 ×191. (e) Tenth spectral band from AVIRIS Cuprite, with size of
250 × 256 ×188. (f) 18th spectral band from AVIRIS Indian Pines, with size
of 145 × 145 ×220. In the simulated experiments, (a) and (b) are used to test
the influence of parameter Tr , which are named Test 1 and Test 2, respectively.
(c) and (d) are used to compare the different HSI denoising methods, which are
named “W-DC1” and “W-DC2,” respectively.

band-subset partition [named “spatial-adaptive sparse represen-
tation” (SASR)] are also compared, in order to demonstrate the
necessity of the band-subset partition process. The execution
code for the BM4D method can be obtained from [23]. In
addition, the bandwise wavelet bishrink is achieved by applying
the wavelet-shrinkage denoising band by band, where the noise
standard deviation in each band is estimated by the median
of absolute deviation technique [37]. Based on the description
of the PCA-wavelet method in [24], both the pixelwise 1-D
wavelet denoising and imagewise dual-tree complex wavelet
denoising methods are applied in the PCA domain.

B. Parameter Discussion

The necessary parameters needed in the compared methods,
including the wavelet-bishrink [12], BM4D [23], and PCA-
wavelet [24] methods, are set to generate the best performance
in terms of peak signal-to-noise ratio (PSNR) and structural
similarity index metric (SSIM) [47] values. For the proposed
SSASR method, two important parameters, namely, the thresh-
old Tr in the stage of band-subset partition and the regular-
ization parameter γ in (9), are discussed here in particular. As
shown in Fig. 2(a) and (b), two subimages (named “Test 1” and
“Test 2”) of the data set Washington DC Mall with nonoverlap-
ping areas are tested. To objectively evaluate the influence of
parameters Tr and γ on denoising results, the metrics of mean
PSNR (MPSNR) and mean SSIM (MSSIM) are used. Let X̂i

denote the denoised result for the ith spectral band Ii and B the
number of the spectral bands in the tested HSIs. PSNR(X̂i, Ii)

and SSIM(X̂i, Ii) are the calculated PSNR index and SSIM
index of the ith denoised spectral band, respectively. Then, the
MPSNR and the MSSIM are respectively calculated by

MPSNR =
1

B

B∑
i=1

PSNR(X̂i, Ii) (14)

MSSIM =
1

B

B∑
i=1

SSIM(X̂i, Ii). (15)

Fig. 3. Comparison of the denoising results with the parameter Tr ranging
between [0, 1]. (a) MPSNR values of Test 1. (b) MSSIM values of Test 1.
(c) MPSNR values of Test 2. (d) MSSIM values of Test 2.

Fig. 4. Comparison of the denoising results with the parameter γ ranging
between [0, 0.7]. (a) MPSNR values of Test 1. (b) MSSIM values of Test 1.
(c) MPSNR values of Test 2. (d) MSSIM values of Test 2.

First, the influence of parameter Tr is tested by tuning Tr

from 0 to 1. As shown in Fig. 3, it can be seen that the lowest
MPSNR and MSSIM values are generated in the case of Tr ∈
(0, 0.6). In fact, with Tr being below 0.6, all the spectral bands
with low similarity are forced to be clustered into one band
subset. By jointly processing the uncorrelated spectral bands
with sparsity restriction, spectral distortion may be introduced.
On the other hand, Tr = 1 means that the band-subset partition
is only determined by the detected local valley points, easily
resulting in that some band subsets may not have enough useful
information to generate effective noise-free estimation. As Tr

grows from 0.9 to 1, it can be seen that both the MPSNR
and MSSIM values drop, demonstrating that too much high
value of Tr affects the denoising performance in a negative
way. By contrast, the peak MPSNR and MSSIM indexes can be
obtained when Tr ∈ (0.8, 0.9) according to Fig. 3. Therefore,
Tr should be set to be values between [0.8, 0.9] to generate the
optimal denoised results. In the following simulated and real
experiments, Tr is fixed to be 0.8.
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TABLE I
MPSNR- AND MSSIM-BASED OBJECTIVE EVALUATION OF DIFFERENT DENOISING METHODS IN THE

SIMULATED EXPERIMENT WITH THE DATA SETS OF W-DC1, W-DC2, AND AVIRIS CUPRITE

Fig. 5. Band-by-band PSNR and SSIM values of denoised spectral bands in the simulated experiments, noise of σ ∈ (0, 0.1). (a) Test data set of W-DC1.
(b) Test data set of W-DC2. (c) Test data set of AVIRIS Cuprite.

Then, the influence of the parameter γ, varying from 0 to
0.7, to the denoising performance in terms of the MPSNR and
MSSIM values is shown in Fig. 4. In (9), the regularization
parameter γ controls how much component of the filtered noise
will be added to the updated denoised version, in order to
decrease the loss of filtered useful component. It can be seen
that both objective indexes decreased sharply as γ is getting
larger than 0.3. This is because a much higher value of γ easily
leads to the remained noisy component. In addition, it can be
also seen that a much smaller value for γ (e.g., γ = 0) also
negatively affects the denoising performance, particularly in the
case of slight noise. This is because, without this regularization,
oversmoothing effect is easy to be introduced. Based on the

overall observation in the PSNR and SSIM curves, stable and
peak values can be achieved with γ ∈ (0.1, 0.2). Therefore, the
parameter γ is set to be 0.15 in all the experiments.

Apart from Tr and γ, some other necessary parameters
are tuned to generate the best performance in terms of the
PSNR and SSIM indexes. Specifically, the number of varying
directions used to determine the local SA region is set to be
8, as suggested for the SA algorithm in [38]. Correspondingly,
varying directions are represented as θk ∈ [0◦, 45◦, . . . , 315◦].
The iteration time Titer in generating the noise-free estimation
is empirically set to be 12. The factor h in (8) is set to be the
maximum value in {σi}, Ii ∈ Sq , in order to make sure all the
weights w(Ii) ∈ [0, 1].
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Fig. 6. Denoising results in simulated experiment with the data set of W-DC1. (a) Fourteenth spectral band in W-DC1. (b) Noisy spectral band with σ ∈ [0, 0.2].
(c) Wavelet-bishrink [12]. (d) BM4D [23]. (e)PCA-wavelet [24]. (f) SASR. (g) SSASR.

Fig. 7. Denoising results in simulated experiment with the data set of AVIRIS Cuprite. (a) One hundred fifty-ninth spectral band in AVIRIS Cuprite. (b) Noisy
spectral band with σ ∈ [0, 0.1]. (c) Wavelet-bishrink [12]. (d) BM4D [23]. (e)PCA-wavelet [24]. (f) SASR. (g) SSASR.

C. Simulated Data Experiments

To compare the different HSI denoising methods, two subim-
ages of the data set Washington DC Mall [named W-DC1
and W-DC2; see Fig. 2(c) and (d)] and the data set AVIRIS
Cuprite [see Fig. 2(e)] are tested. All the denoised results
by different methods in comparison are evaluated from both
the spatial and spectral viewpoints. From the spatial view-
point, the objective indexes, i.e., PSNR and SSIM, are used

to give a quantitative assessment of the performance in the as-
pects of image quality improvement and structure preservation,
respectively. In addition, visual comparisons of two denoised
spectral bands, which are degraded by different degrees of
noise, are also given. From the spectral viewpoint, both the
spectral angle distance (SAD)-based and the Euclidean distance
(ED)-based metrics are utilized. These two metrics have been
commonly utilized in HSI domain to numerically evaluate the
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TABLE II
MSAD- AND MED-BASED OBJECTIVE EVALUATION OF DIFFERENT DENOISING METHODS

IN THE SIMULATED EXPERIMENT WITH THE DATA SETS OF W-DC1 AND W-DC2

TABLE III
MSAD- AND MED-BASED OBJECTIVE EVALUATION OF DIFFERENT DENOISING METHODS

IN THE SIMULATED EXPERIMENT WITH THE DATA SET OF AVIRIS CUPRITE

similarity between spectral pixels [7], [27], [48]. The SAD and
the ED are respectively calculated by

SAD = cos−1

(
sTo · sd

‖so‖ · ‖sd‖

)
(16)

ED =(so − sd)
T · (so − sd) (17)

where so and sd represent the original and denoised spectral
pixels, respectively. Generally, the smaller the SAD and ED
values are, the higher the similarity is between the spectral
pixels so and sd.

In Table I, the MPSNR and MSSIM values of all the denoised
spectral bands are shown. It can be noticed that the lowest
objective index values are generated by the wavelet-shrink [12]
method. By exploiting the nonlocal similarity and adaptively
adjusting the denoising strength in each spectral band, BM4D
[23] demonstrates a better denoising performance than the
band-by-band wavelet bishrink, whereas obvious gains can be
observed in both the PCA-wavelet [24] and SSASR methods.
Overall, the consistently highest MPSNR values obtained by
the SSASR method demonstrate the superiority over the other
compared methods in improving the overall image quality. In
addition, the relatively stable and high MSSIM values (varying
from 0.96 to 0.99) in dealing with different degrees of noise

demonstrate the excellent performance in terms of structure
preservation. Furthermore, it is clear that there is an obvious
rise in the values of the objective indexes when the SSASR
method is compared with the SASR method, which illustrates
that processing the whole HSI in a band-subset-based manner
greatly improves the denoising performance, owing to the better
utilization of high spectral correlation.

Fig. 5 shows the band-by-band PSNR and SSIM values of the
denoised results in the case of σ ∈ (0, 0.1), in order to compare
the denoising performance of different methods in processing
each spectral band of the HSI. In line with the objective
indexes shown in Table I, the wavelet-bishrink method results
in the lowest PSNR and SSIM values, exhibiting much worse
denoising capability than the other compared methods. In ad-
dition, the BM4D method exhibits quite unstable performance
in processing different spectral bands with various degrees of
noise. When compared with the SASR method, the SSASR
method has better stability in terms of PSNR- and SSIM-
based metrics. Although the PCA-wavelet method also has a
relatively stable capability in dealing with different spectral
bands, obvious increase in the PSNR and SSIM values of the
majority of spectral bands indicates that the proposed SSASR
method can generate denoised result with better image quality.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

LU et al.: SPECTRAL–SPATIAL ADAPTIVE SPARSE REPRESENTATION FOR HYPERSPECTRAL IMAGE DENOISING 9

To visually compare the denoising results by different meth-
ods, Figs. 6 and 7 show the denoised results for two spectral
bands from the data sets of Washington DC Mall and AVIRIS
Cuprite. In Fig. 6, the denoised results of the noisy 14th spectral
band in W-DC1 (the noise deviation σ ∈ (0, 0.2)) are shown.
The original noise-free reference image and the simulated
noise-corrupted image are shown in Fig. 6(a) and (b), respec-
tively. Since this spectral band is corrupted by serious noise,
the bandwise wavelet-shrink method fails to restore the details
effectively. Although the BM4D, PCA-wavelet, and SASR
methods can recover more structure and details, either obvious
artifacts or remained noise can be observed in the denoised
results. In contrast, the noise-free estimation generated by the
proposed SSASR method has better visual impression, with
sharper edges and smoother flat regions.

In Fig. 7, another set of visual comparison results for the
159th spectral band in the AVIRIS Cuprite (the noise deviation
σ ∈ (0, 0.1)) is shown. Without exploiting the highly correlated
spectral information, the bandwise wavelet-bishrink method
processes each spectral band separately, resulting in a serious
oversmoothing effect. Similarly, BM4D cannot avoid the loss
of details in most areas and the introduction of artifacts. In
contrast, the PCA-wavelet method can preserve details better,
but blurring effect can be noticed around edges. In the proposed
SSASR method, both highly correlated spectral information
and highly similar spatial information are effectively utilized
via the SR to improve the denoising results. Consequently, a
good balance between smoothing and structure preservation can
be achieved, as shown in Fig. 7(g). Meanwhile, no obvious
annoying artifacts are introduced by the SSASR method.

In addition to the spatial comparison results, the SAD and ED
metrics are introduced to measure the performance of different
methods in preserving spectral characteristics. In practice, all
the SAD and ED values between the original spectral signals
and the corresponding denoised ones are calculated in a pixel-
by-pixel manner. The total number of spectral signals is so huge
that it is not appropriate to demonstrate performance measured
on a pixel-by-pixel basis. Instead, as shown in Tables II and III,
the mean values of all the SAD and ED values for the simulated
data sets W-DC1, W-DC2, and AVIRIS Cuprite (denoted by
MSAD and MED, respectively) are given. Meanwhile, the
standard deviations of all the SAD and ED values (denoted
by Std-SAD and Std-ED, respectively) are also calculated to
illustrate the stability of the objective indexes. In terms of both
SAD- and ED-based objective metrics, it is clear that both the
BM4D and PCA-wavelet methods have better performance than
the wavelet-bishrink method, but still inferior when compared
with the proposed SSASR method. In addition, although the
SASR method generates very competitive results in the con-
dition of σ ∈ (0, 0.05), the performance is sharply decreased
as σ increases to values higher than 0.1, particularly for the
data sets of W-DC1 and W-DC2. Overall, the consistent lowest
MSAD and MED values and the quite low Std-SAD and Std-
ED indexes obtained by the SSASR method demonstrate the
effectiveness and merit of the proposed method in preserving
spectral characteristics.

D. Real HSI Data Experiments

In the real HSI data experiment, the data set of AVIRIS
Indian Pines is used, as shown in Fig. 2(f). In this data set, some

Fig. 8. Denoising results of the 54th, 103rd, and 219th spectral bands in the
data set of AVIRIS Indian Pines. (a) Original spectral bands. (b) Wavelet-
bishrink [12]. (c) BM4D [23]. (d) PCA-wavelet [24]. (e) SASR. (f) SSASR.

spectral bands are strongly degraded, whereas some other ones
are slightly noisy.

Figs. 8 and 9 visually show denoised results for different
spectral bands, which are corrupted by varying degrees of
noise. In Fig. 8(a), the noisy three-channel image is composed
of the 54th, 103rd, and 219th bands. It can be seen that the
image quality of the denoised results by the wavelet-bishrink
approach is greatly improved when it is compared with the
original noisy ones, but an obvious oversmoothing effect and
loss of details can be noticed in Fig. 8(b). BM4D has a much
better visual impression, except for the obvious stripping effect
and oversmoothing in Fig. 8(c). In contrast, the PCA-wavelet,
SASR, and SSASR methods have a better balance between
smoothing and structure preservation. However, by taking a
closer look at Fig. 8, it can be seen that the edges obtained by
the proposed SSASR method are sharper than the results by the
compared methods.

In addition, Fig. 9 shows five groups of denoising results
of the 1st, 25th, 79th, 108th, and 163rd spectral bands, which
are corrupted by varying degrees of noise. In the condition of
very slight noise (e.g., the 25th and 79th spectral bands), the
performances of both the compared methods and the proposed
SSASR method are competitive in terms of smoothing flat
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Fig. 9. Denoising results of different spectral bands in the data set of AVIRIS Indian Pines. From top to bottom, the images are the 25th, 79th, 1st, 163rd, and
108th spectral bands, respectively. (a) Original spectral bands. (b) Wavelet-bishrink [12]. (c) BM4D [23]. (d) PCA-wavelet [24]. (e) SASR. (f) SSASR.

regions and preserving structures, as shown in the first and
second rows in Fig. 9. When it comes to the cases of more
serious noise (e.g., the 1st, 108th, and 163rd spectral bands),
more obvious superiority in noise removal and detail preser-
vation can be seen from the results by the proposed SSASR
method. Specifically, it can be seen that the wavelet-bishrink
method fails in recovering important details. By keeping the im-
portant PCA component that represents structural information,
the PCA-wavelet method can effectively preserve the details in
the denoised 1st and 163rd spectral bands, while artifacts can
be clearly observed. The BM4D method cannot avoid obvious
striping and blurring effects in Fig. 9(c), whereas remained
noise and stripping effect can be observed in the SASR-based
results in Fig. 9(e). In addition, the PCA-wavelet, BM4D, and
SASR methods fail in restoring the 108th spectral band, which
is corrupted with very strong noise. Based on the visual com-
parison in Figs. 8 and 9, the proposed SSASR method provides
a more pleasant visual impression (much clearer and sharper
edges) after the denoising processing. Even in the existence of
very serious noise, the proposed SSASR method can restore the
details effectively without introducing obvious artifacts.

Fig. 10. Band-by-band BIQIs of denoised results by different HSI denoising
methods, with the data set of AVIRIS Indian Pines.

Since no noise-free ground reference images are available,
the blind image quality index (BIQI) [49] is introduced to evalu-
ate the image quality of each denoised spectral band. Generally,
the lower the BIQI value is, the better quality the image has.
Fig. 10 shows the band-by-band BIQI values of the denoised
spectral bands by the different methods in comparison. In terms
of the BIQI, it is clear that the BM4D, PCA-wavelet, and
SASR methods are competitive in denoising some spectral
bands, e.g., the 20th–30th and 180th–200th spectral bands,
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TABLE IV
CLASSIFICATION ACCURACIES (%) WITH RANDOMLY SELECTED TRAINING SAMPLES

FOR AVIRIS INDIAN PINES DENOISED BY DIFFERENT DENOISING METHODS

when compared with the SSASR method. This is because
some spectral bands are very slightly noisy and even noiseless,
and both the compared methods and the proposed SSASR
method are effective in removing slight noise and preserving
the details in these spectral bands. When it comes to the serious
noise, a great advantage can be observed in dealing with the
majority of the 100th–110th and 150th–170th spectral bands by
the proposed method. Overall, although the proposed SSASR
method cannot guarantee an absolute advantage in dealing
with all the spectral bands in terms of BIQI, the competitive
performance in dealing with slight noise and the much better
performance in recovering details in seriously noisy spectral
bands demonstrate the overall merit of the proposed method. In
addition, by calculating the mean value of BIQI (MBIQI) values
in all the spectral bands, the corresponding MBIQI values are as
follows: wavelet-bishrink MBIQI = 32.47, BM4D MBIQI =
31.87, PCA-wavelet MBIQI = 30.77, SASR MBIQI = 30.17,
and SSASR MBIQI = 29.53, respectively. The lowest MBIQI
is obtained by the proposed SSASR method, indicating that
a better overall image quality can be obtained by the pro-
posed method than the other three HSI denoising methods in
comparison.

Furthermore, the classification results before and after de-
noising for the tested HSI are given in Table IV. Table IV
demonstrates the effectiveness of the proposed SSASR-based
HSI denoising method and objectively compares the different
HSI denoising methods. As shown in Table IV, the AVIRIS
Indian Pines data contain 16 classes of objects, where the refer-
ence map can be obtained from [3]. To accomplish supervised
classification using the support vector machine (SVM)-based
classification method [50], we randomly choose around 10% of
the labeled samples for training and use the rest of the samples
for testing. The classification is repeated ten times, and the
mean values are noted as the final classification assessment
results. In Table IV, the indexes of classification accuracy for
each class, the overall accuracy (OA), the average accuracy
(AA), and the κ coefficient measure are given. It is clear that
the traditional SVM classification method is greatly affected

by the varying degrees of noise across bands, with the OA,
AA, and κ coefficients being 75.93%, 72.96%, and 0.724,
respectively. However, by operating the SVM classifier on the
denoised hypercube, the classification accuracies are obviously
increased. It can be seen from Table IV that the proposed
SSASR approach shows the highest classification accuracies,
i.e., OA 96.57%, AA 97.12%, and κ 0.961. In terms of class-
specific classification results, the proposed SSASR method has
the best classification accuracies for 15 of the 16 classes, which
are shown in bold in Table IV. In summary, the superior classi-
fication accuracy obtained by the SSASR method demonstrates
the advantage of the proposed method, which will contribute
to its usefulness in future practical surveillance and analysis
missions.

E. Analysis of Computational Complexity

There are three main stages in the proposed method: spectral-
adaptive band-subset partition, spatial-adaptive local similar
pixel searching, and SR-based noise-free estimation. The third
stage is the most time consuming part mainly because of two
loops (the pixel-by-pixel processing and the iterated update for
noise-free estimation). In the inner loop of pixelwise process-
ing, there are two main calculations. The first one is denoted by
(10), which is the SVD-based matrix decomposition. Funda-
mentally, the SVD is an O(pq ·min(p, q))-complexity problem
[51], where p and q represent the row and column of the sparse
matrix Yi, respectively. Another one is mathematically denoted
in (11) and (12), where Sτ (Σi) is a diagonal matrix with size
of r × r, r ≤ min(p, q); therefore, the time complexity of the
matrix multiplication in (11) and (12) is O(pq · r). Considering
the time complexity of (10)–(12), the overall computational
complexity of the inner loop should be O(pq ·min(p, q)). Let
Titer denote the number of iteration time and M ×N the size of
each spectral band; then, the computational complexity of the
proposed SSASR method is O(Titer ·MN · pq ·min(p, q)).
Because the sparse coding on each matrix Yi is independent
from each other, the pixel-by-pixel processing can be replaced



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

12 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

by parallel processing, which can result in the reduced compu-
tational complexity of O(Titer · pq ·min(p, q)).

V. CONCLUSION

In this paper, a novel SSASR method has been proposed for
denoising the HSI. First, with the proposed spectral-adaptive
band-subset partition and spatial-adaptive local similar pixel
searching schemes, spectral–spatial similar pixels can be ef-
fectively searched and grouped. Second, noise-free estimations
for each group of spectral pixels with highly spectral–spatial
similarity are generated by solving a joint SR-based optimiza-
tion problem. By making full use of highly correlated spectral
information and highly similar spatial information in HSI via
the SR, the proposed method achieves excellent denoising
performance in terms of overall image quality improvement
and structure/spectral characteristics preservation, which can be
demonstrated in both simulated and real experiments. When
compared with different HSI denoising methods, including
the band-by-band wavelet-shrinkage, BM4D, and PCA-wavelet
methods, the proposed SSASR method demonstrates superior-
ity both numerically and visually.

In addition, it should be noted that the proposed SSASR
method focused on Gaussian noise. Extending it to be more
appropriate to deal with the other forms of noise in HSI, e.g.,
non-Gaussian distributed noise, impulse noise, and stripping
noise, is the focus of future work. In addition, due to atmo-
sphere effects and the intrinsic sensor problem, the information
in some bands of HSIs may be lost. Thus, another research topic
is to do work on junk band restoration based on the findings of
this paper.
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