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Abstract. The corruption of hyperspectral images by noise can compro-
mise tasks such as classification, target detection and material mapping.
For this reason, many methods have been proposed to recover, as best as
possible, the uncorrupted hyperspectral data from a given noisy observa-
tion. In this paper, we propose and compare the results of four denoising
methods which differ in the way the hyperspectral data is treated: (i) as
3D data sets, (ii) as collections of frequency bands and (iii) as collections
of spectral functions. In the case of additive noise, these methods can be
easily adapted to accommodate different degradation models. Our meth-
ods and results help to address the question of how hyperspectral data
sets should be processed in order to obtain useful denoising results.

1 Introduction

In this paper we consider the problem of denoising digital hyperspectral (HS)
images obtained from remote sensing of the earth’s surface. In this case, the HS
image associated with a given surface region R is comprised of a set of reflectance
values – ratios of reflected energy vs. incident energy – of electromagnetic radi-
ation at a number of frequencies (or, equivalently, wavelengths) at each pixel
location in R. The number of frequencies depends upon the spectral resolution
of the sensor of the hyperspectral camera and may range from tens to hun-
dreds. For example, the well-known AVIRIS (Airborne Visible/Infrared Imaging
Spectrometer) satellite images [1] typically contain 224 frequencies.

Suppose that a region R of the earth’s surface is represented by an M ×
N pixel array and that associated with each pixel in the array there are P
reflectance values. The first, and most obvious, way of viewing this HS data set
is as a M × N × P “data cube.” The correlations between neighbouring entries
of this cube give rise to two additional and complementary ways of viewing this
3D data set: (ii) as a collection of P images of region R at different frequencies
– often referred to as spectral channels or frequency/wavelength bands – and
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(iii) as a collection of M × N P -vectors, each of which corresponds to a given
pixel location (i, j) of R – often referred to as the spectral function or, simply,
spectrum at (i, j). These three views of the HS image will play a central theme
in this paper.

Let us very briefly recall the importance of spectral functions. Since different
materials, e.g., minerals, water, vegetation, exhibit different reflectance spectra,
the latter serve as “spectral fingerprints”. The spectrum at a pixel (i, j) makes
it possible to determine the composition/nature of material situated at that
location. This makes the study of HS images useful in a variety of applications,
including agriculture, mineralogy, geography and surveillance, the latter involv-
ing hyperspectral imaging tasks such as target detection and classification [23].
In light of the acquisition process, HS images are, as in the case of many other
images, prone to contamination by noise which can compromise the performance
of such tasks. As a result, it is desirable to develop reconstruction techniques
that recover good approximations of noise-free HS images.

Indeed, many different methods for denoising HS data have been proposed.
For example, in [18], diffusion-based filtering is adapted to HS images. The pro-
posed method consists of two diffusion processes, one confined to each band of
the HS image, and the another restricted to the spectral domain. The overall
anisotropic diffusion is basically a combination of these two processes, which are
carried out in a controlled fashion. In [19], a rather novel wavelet-based denoising
approach is proposed. This method transforms the HS data set into a spectral-
derivative domain, in which the irregularity of noise is more easily detected. The
transformed HS image is denoised using wavelet shrinkage (WS) independently
in both the spatial and spectral domains. A reconstruction is then obtained by
first computing the corresponding inverse wavelet transforms of the denoised
data followed by an integration in the spectral direction. Another method that
carries out denoising employing WS is presented in [9]. Here, principal compo-
nent analysis (PCA) is used to decorrelate the most relevant HS data from the
noise, most of which is assumed to be contained in the lowest energy components
of the transformed data. The noise is removed from these components using WS
in both spatial and spectral domains. The denoised HS data set is then retrieved
by means of the inverse PCA transform. Variational approaches are proposed in
[8,26]. In [26], a total variation (TV) model that considers the changes of noise
intensity present across the bands and pixels of an HS image is proposed. In [8],
a method that employs a TV model along with sparse representations of each
band is also introduced. More approaches can also be found in [20,21].

In this study, we wish to examine the roles of both spatial (pixel) and spectral
domains in the denoising of HS images. For example, is it preferable to focus the
denoising in one domain at the expense of the other, or should both domains
be considered? In order to shed some light on this and related questions, we
compare four different denoising approaches. The main difference between these
approaches lies in the way that the HS image is treated, using the three views
mentioned earlier, i.e., as a (i) 3D data “cube”, (ii) a set of frequency bands or
(iii) a set of spectral functions.
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In our first approach, the denoising process is performed in the spectral
domain, corresponding to (iii) above. In particular, we apply �1-norm regular-
ization [2,17,24] to the spectral functions. In the second approach, the denois-
ing process is performed in the spatial domain, corresponding to (ii) above.
As expected, any denoising technique applicable to 2D signals/images can be
employed – here, we focus our attention on the TV approach [6,22]. Our third
approach employs a formulation of vectorial TV to denoise the entire HS image
at once [5,14], corresponding to (i) above. Finally, in our fourth approach, an
HS image is viewed as a collection of both spectra and frequency bands. Our
method involves a combination of the first two approaches so that denoising is
carried out by regularization in both the spatial and spectral domains. To solve
this inverse problem we employ the Alternating Direction Method of Multipliers
(ADMM) [4]. Experimental results are then presented so that the performance
of these methods can be compared.

2 Denoising

In practice, the strengths of the denoising process across spatial and spectral
domains of an HS image should be different. Even within the spatial domain,
different features such as edges and flat regions should not be denoised with the
same intensity. In addition, it is quite common that the power of noise across
bands is not constant [3,26]. Some methods that address these possible scenarios
can be found in the literature, e.g., [19,26]. Nevertheless, in this study, for the
sake of simplicity we assume that the power of the noise is constant over the
entire HS data set, i.e., it is independent of the location and band of a given
voxel. As such, we consider the following simple degradation model,

f = u + n, (1)

where f is the noisy observation, u is the noiseless HS data we wish to recover,
and n is additive white Gaussian noise (AWGN). In this case, f , n and u are
considered as M × N × P HS data cubes. Moreover, for the remainder of the
paper, this interpretation of HS images as 3D discrete data sets is the one that
we will consider, unless otherwise stated.

Despite that Eq. (1) may not always be a proper model for noise in HS
images, it will be seen that some of the methods presented below can be easily
adapted for different scenarios in which the noise characteristics change over
space and wavelength.

2.1 Denoising of Hyperspectral Images as a Collection of Spectra

Here we view f as a collection of P spectra. The problem is therefore split
into M × N subproblems, with the denoising being carried out in the spectral
direction on each of the P spectral functions.
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Each spectral function may be denoised with any of the available denoising
techniques that can be applied to 1D signals, e.g., wavelet shrinkage, linear fil-
tering, 1D total variation denoising, etc.. Here, however, we investigate the effec-
tiveness of �1-norm regularization, primarily because of the good performance
of methods that exploit sparse representations of signals [2,17,24].

In this approach, we solve the following sparse approximation problem inde-
pendently at each pixel (i, j),

min
cij

{
1
2
‖Dcij − sij‖2

2 + λ‖cij‖1

}
, (2)

where sij denotes the noisy spectrum, D is an appropriate transformation matrix
(e.g., frame, random matrix, etc.), and cij is the set of coefficients that is to be
recovered at the pixel location (i, j).

In the literature, many algorithms for solving (2) can be found [2,17,24],
however, we focus our attention on the special case in which the matrix D is
an orthogonal transformation (e.g., DCT, wavelet transform, Fourier matrix,
etc.). In this particular case, problem (2) can be solved by means of the soft
thresholding (ST) operator [4,24].

It is worth pointing out that this approach allows us to change the strength
of the denoising process across the spatial domain, i.e., different regularization
parameters can be used at different pixels or in different regions of the HS image.

2.2 Denoising of Hyperspectral Images as a Collection of Bands

In this approach, the denoising process takes place in the spatial domain. Each
frequency/wavelength band is treated independently and the denoising problem
is split into P independent subproblems. Here, we consider each k-th band uk

as a scalar function uk : Ω → R, where Ω ⊂ R
2 and 1 ≤ k ≤ P .

As expected, any denoising method for 2D images can be employed here,
e.g., linear filtering, non-local means denoising, total variation, non-linear filter-
ing, etc.. Nevertheless, in this study, we employed a TV denoising approach for
which a number of fast algorithms exist, e.g., [6,15,22]. As well, some TV-based
denoising methods for HS images have yielded promising results [8,26].

Our approach, a channel-by-channel TV method in the spatial domain where
each band uk is treated independently, translates to the following approximation
problem,

min
uk

{
1
2μ

‖uk − fk‖2
2 + ‖uk‖TV

}
, (3)

where ‖ · ‖TV is the total variation norm and fk is the k-th noisy band or
channel. To solve this problem numerically, we employ the method introduced
by Chambolle in [6], which has received special attention because of its excellent
performance. Here, the following definition of the isotropic TV norm is employed,

‖uk‖TV =
∫

Ω

‖Duk‖2dxdy = sup
ξk∈Ξk

{∫
Ω

uk∇ · ξk dxdy

}
, (4)
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where Ξk = {ξk : ξk ∈ C1
c (Ω, R2), ‖ξk(x)‖2 ≤ 1 ∀x ∈ Ω}, and ∇· is the diver-

gence operator. If uk ∈ C1
c (Ω, R), Duk = ∇uk in the distributional sense. This

approach is convenient since only the integrability, and not the differentiability,
of uk is required.

By using (4), Chambolle shows that the optimal solution u�
k of (3) is given

by u�
k = fk − ΠμΓk

(fk), where ΠμΓk
(fk) is the non-linear projection of fk

onto the convex set μΓk, and Γk is the closure of the set {∇ · ξk : ξk ∈
C1

c (Ω, R2), ‖ξk(x)‖2 ≤ 1 ∀x ∈ Ω}. Such projection is obtained by solving the
following minimization problem:

min
‖ξk(x)‖2≤1

{μ∇ · ξk − fk} . (5)

Thus, we have that for each band the optimal reconstruction is given by u�
k =

fk − μ∇ · ξ�
k.

This approach may easily be modified to accommodate the case in which the
power of the noise is not constant throughout the bands. In this case, one can
specify the degree of regularization to be applied to each channel independently
by means of the parameter μ.

2.3 Denoising of Hyperspectral Images as a Whole

In this case, we view a HS image as a vector-valued function u : Ω → R
P , where

Ω ⊂ R
2. To denoise it, we follow a variational approach, employing a definition

of the Vectorial TV seminorm (VTV).
Given the effectiveness of TV for denoising images – along with its appli-

cability to other image processing tasks such as inpainting, zooming, etc. –
many extensions for vector-valued functions have been proposed [5,14]. Indeed, a
practical application already exists for colour images, which are essentially low-
dimensional HS images. This approach can easily be extended to HS images,
with no required changes to the definitions presented in the literature. In par-
ticular, we use Bresson and Chan’s approach [5], which is a generalization of
Chambolle’s algorithm for vector-valued functions. Here, the authors extend the
Rudin-Osher-Fatemi model [22] as follows,

min
u

{
1
2μ

‖u − f‖2
L2(Ω;RP ) + ‖u‖V TV

}
, (6)

where f is the noisy observation. The VTV seminorm is defined as

‖u‖V TV =
∫

Ω

‖Du‖dx = sup
ξ∈Ξ

{∫
Ω

〈u,∇ · ξ〉dx
}

; (7)

where Ξ = {ξ : ξ ∈ C1
c (Ω, R2×P ), ‖ξ(x)‖2 ≤ 1 ∀x ∈ Ω}; 〈·, ·〉 is the standard

Euclidean scalar product in R
P ; and ‖Du‖2 =

∑P
k=1 ‖∇uk‖2

2 if u ∈ C1
c (Ω, RP ),

that is, the �2 norm of the TV norm of all the bands uk of the HS image u.
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Substitution of (7) into (6) yields to the following minimization problem:

min
‖ξ(x)‖2≤1

{∥∥∥∥∇ · ξ − f

μ

∥∥∥∥
2

L2(Ω;RP )

}
, (8)

whose solution ξ� is computed using a semi-implicit gradient descent scheme.
The solution u� of the original problem in (6) is obtained using u� = f −μ∇·ξ�.
In our case, f is the noisy HS image.

2.4 Denoising of Hyperspectral Images a Collection of Both Bands
and Spectra

In this fourth approach, we perform regularization in both the spectral and
spatial domains. This can be done in various ways, but we focus our attention
on the methods employed previously, that is, TV- and �1-norm regularization.

As expected, denoising in the spectral domain is carried out by solving an
optimization problem in which the �1 norm of a set of coefficients is used as a
regularizing term. Denoising in the spatial domain is performed using a varia-
tional approach. In other words, we consider a good reconstruction of the orig-
inal HS data u from the noisy observation f to be one with bounded variation
across bands and with spectral functions that possess sparse representations in
a certain domain. In order to find such a reconstruction, we solve the following
optimization problem,

min
c

{
1
2
‖S(c) − f‖2

2 + μ‖S(c)‖V TV + λ‖c‖1

}
, (9)

where S(·) is a synthesis operator that reconstructs the HS image from the set
of coefficients c. More specifically, at each pixel (i, j), the operator S(·) recovers
the spectrum located at that pixel location by computing Dcij , where cij is the
set of coefficients associated to such spectrum.

For solving problem (9) we employ ADMM, which is a method well suited
for convex optimization and large scale problems [4]. We first need to express
(9) in ADMM form:

min
c,u

{
1
2‖u − f‖2

2 + μ‖u‖V TV + λ‖c‖1

}
(10)

subject to S(c) − u = 0.

It is well known [4] that this new problem can be solved by forming the aug-
mented Lagrangian and minimizing with respect to the variables c and u in an
alternate fashion. Given this, we propose the following ADMM iterations for
solving (9):

cn+1 := min
c

{
1
2

∥∥∥∥S(c) − f + δ(un − pn)
δ + 1

∥∥∥∥
2

2

+
λ

δ + 1
‖c‖1

}
(11)

un+1 := min
u

{
δ

2μ
‖u − (S(cn+1) + pn)‖2

2 + ‖u‖V TV

}
(12)

pn+1 := pn + S(cn+1) − un+1, (13)
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where p is the dual variable associated to the augmented Lagrangian, (13) its
update, and δ is a penalty parameter. Problem (11) can be solved by any algo-
rithm capable of carrying out sparse reconstruction using the �1 norm as a reg-
ularizing term. Problem (12) can be addressed using any method employing the
vectorial TV norm. In particular, we have used ST to solve (11) at each pixel
and Bresson and Chan’s algorithm for problem (12).

It is important to mention that different regularization terms can be used in
problem (11) since it is solved at each pixel independently. Moreover, problem
(12) can be solved using our second approach in Section 2.2, that is, denoising
each band independently, in which case the regularization can be changed from
band to band. In other words, our fourth approach may be adapted for denoising
with different intensities across both spatial as well as spectral domains.

3 Experiments

In order to compare the performance of the four methods described above, they
were applied to noisy versions of the Indian Pines and Salinas-A HS images. The
latter is a subset of the Salinas HS image – both of them can be downloaded from
[16]. The sizes of the 3D Indian Pines and Salinas-A data sets are 145×145×220
and 83×86×224, respectively. White additive Gaussian noise was added to these
HS data (assumed to be noiseless). In all experiments, the Peak Signal-to-Noise
Ratio (PSNR) before denoising was 30.103 dB.

In the approaches where a set of optimal coefficients was to be determined,
the transformation matrix D employed was the Karhunen-Loève Transform
(KLT), which was computed for each HS image. The KLT was chosen since it
gives a very sparse representation of the HS data (as compared to DCT, wavelet
and other transforms), as well as being optimal in the �2 sense. When the KLT
is used, the mean of the HS data must be subtracted prior to processing.

As for measures of performance, we employed the Mean Square Error (MSE),
PSNR, and the Structural Similarity Index Measure (SSIM) [25]. For the latter,
we computed the SSIM between the original and recovered HS images in both
the spatial and spectral domains. For the spatial case, the SSIM is computed
between bands; whereas in the spectral case, the SSIM is computed between
spectra. An overall SSIM is obtained by simply averaging all the computed
SSIMs for both the spatial and the spectral cases. Observe that the greater
the similarity between two images, the closer their SSIM is to 1. In Table 1, a
summary of these quantitative results is shown.

According to these results, the fourth approach (ADMM) outperforms all the
other methods respect to any of the metrics of performance that were considered.
Only in the denoising results for Indian Pines, the spectral-oriented method
described in section 2.1 is as good as ADMM in the “spectral-SSIM sense”. The
latter suggests that methods that carry out regularization in both the spectral
and spatial domains may perform better than methods in which the denoising
process is not carried out in this fashion. We believe this to be the case because
the fourth approach captures best the “nature” of HS data, that is, data that is
correlated in both the spatial and spectral domains.
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For visual comparison, some results are presented in Figures 1 and 2. Figure
1 demonstrates how the methods achieve the denoising in the spatial domain.
The SSIM maps, shown in the top row of Figure 1, illustrate the similarity
between the reconstructions (denoised) and the original (noiseless) HS data for
a particular band. The brightness of these maps is an indication of the magnitude
of the local SSIM, i.e., the brighter a given location the greater the similarity
between the retrieved and the original bands at that point [25]. Figure 2 shows
the denoising yielded by different methods in the spectral domain.

Table 1. Numerical results for the different approaches. Numbers in bold identify the
best results with respect to each of the four measures of performance considered. In all
cases, the PSNR prior to denoising was 30.103 dB.

SALINAS-A

ST TV VTV ADMM

MSE 4860.8284 4944.6999 4853.3592 4218.4193

PSNR (dB) 41.5905 41.5162 41.5972 42.2061

SPATIAL SSIM 0.9812 0.9575 0.9658 0.9855

SPECTRAL SSIM 0.9977 0.9977 0.9979 0.9980

INDIAN PINES

MSE 13803.4370 15516.8153 18415.5653 13268.2362

PSNR (dB) 38.2492 37.7410 36.9972 38.3046

SPATIAL SSIM 0.9533 0.9338 0.9132 0.9556

SPECTRAL SSIM 0.9972 0.9970 0.9963 0.9972

Fig. 1. Visual results for Band No. 23 of the Indian Pines HS image. Beside the original
(noiseless) image in the lower row are shown the various reconstruction results. Beside
the noisy image in the upper row are shown the corresponding SSIM maps between
the reconstructed (denoised) images and the original image.
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Fig. 2. Denoising results for a particular spectral function of the Indian Pines HS
image. Plots in green, blue and red correspond to the original, recovered and noisy
spectra, respectively.
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