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Abstract. In this paper, we present a Stein’s Unbiased Risk Estima-
tor (SURE) approach for Non-Local Mean filter to denoise multispectral
images. We extend this filter to the vector case in order to take advantage
from the additional spectral information brought by the multispectral
imaging system. Experimental results show that the proposed optimized
vector non-local mean filter (OVNLM) presented good denoising perfor-
mance compared to several other approaches.
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1 Introduction

Nowadays, so many applications rely on images. Computer vision and image
processing tasks (classification, segmentation, denoising...) are involved in somany
areas such as remote sensing [1,2], motion segmentation [3,4], face recognition
[5,6]... Following the growing need for more sophisticated applications and reli-
able systems, multispectral imaging systems have emerged as a new technology
that is able to deal with various problems encountered with broadband systems.
Using multispectral images is justified by two main reasons. First, narrow spec-
tral bands exhibit more relevant information compared to conventional broadband
color and black and white images. Indeed, we obtain a unique spectral signature
of the objects being captured. Such information can be used to enhance the accu-
racy of image processing applications. Second, by using multispectral images, we
are able to separate the illumination information from object reflectance, in con-
trast to broadband images where it is almost impossible to do this separation. This
separated information can now be used to normalize images. For instance, in face
recognition applications, near-infrared spectral image can be combined with the
visible image [7,8]. This approach has been widely used to construct more effective
biometric systems [9–11]. Thermal infrared images have also been widely used.
Thermal infrared sensors detect the heat energy radiated from the face which is
independent from the illumination as in the case of reflectance [12,13]. Further-
more, thermal infrared is less sensitive to scattering and absorption by smoke or
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dust and invariant in case of illumination change [14]. It also allows to reveal
anatomical information which is very useful in detecting disguised faces [15].

The quality of a multispectral image has great implications on the efficiency
of image processing applications. Environmental corruption such as noise and
blur is a common phenomena for any captured images due to many factors.
In particular, a multispectral image can be subject to quality degradation due
to the imperfectness of sensors [16]. Furthermore, noise is inevitable in all real
broadband and multispectral images. Thus, it is essential to have techniques
that ensure noise removal to adequate levels in order to increase performance in
many image processing applications such as classification and segmentation [17].
Several techniques have been proposed to tackle the problem of multispectral
image denoising. The work of Luisier et al. [18] constitutes the state of the art
in multispectral image denoising. Authors proposed a denoising algorithm para-
meterized as a linear expansion of thresholds [19]. Optimization is carried out
using Stein’s Unbiased Risk Estimator (SURE) [20]. The thresholding function is
point wise and wavelet based. A non-redundant orthonormal wavelet transform
is applied on the noisy input image. Next, a vector-valued thresholding of indi-
vidual multichannel wavelet coefficients is performed. Finally, an inverse wavelet
transform is applied to obtain the denoised image. The application of an ortho-
normal wavelet transform is justified by two main properties. First, assuming
a white Gaussian noise in the image domain Ω, its wavelet coefficients remain
also Gaussian and are independent between subbands. Second, the Mean Square
Error (MSE) in Ω is equal to the sum of subbands MSEs.

Authors in [2,21] proposed an optimization framework for the vector bilat-
eral filter using SURE. They proved that within a neighborhood of a given edge
pixel, a high Signal to Error (SER) measure is obtained by maximizing the weight
attributed to neighbor pixels with similar values and minimizing the weight given
to pixels with significant different values. Authors have also demonstrated that
the SER of the vector version of the bilateral filter is always greater than the
component wise 2D bilateral filter. The optimization scheme is based on the
minimization of the MSE. However, the underlying difficulty of this measure is
that it involves the original image which is unknown. To overcome this issue,
SURE is applied and filter parameters are obtained by minimizing the expres-
sion of SURE. The obtained minimization problem is non-linear and is solved
numerically using Sequential Quadratic Programming (SQP). Experiments on
color and multispectral images have been conducted and comparison using the
Peak Signal to Noise Ratio (PSNR) is presented.

Manjon et al. [22] have recently proposed a new algorithm for multispectral
image denoising based on the Non-Local Mean (NLM) filter [23]. NLM filter is
designed so that it takes advantage of the redundancy exhibited in the image.
This redundancy is no longer pixel based but window based. In other words, every
small window centered on a pixel is supposed to have many similar windows.
These windows can be located anywhere in the image domain Ω and are no longer
restricted to the neighborhood. In the multispectral framework, information from
various bands are combined and a new weight is proposed. This filter is highly
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dependent on the choice of three parameters: The radius of the search window,
the radius of the neighborhood window and a smoothing parameter that controls
the degree of the smoothing. The latter is very important. Indeed, with a small
value, little noise will be removed. On the other hand, with a high value, image
will be blurred. Authors have set these parameters manually.

In our work, we propose a modified version of the NLM filter we call Opti-
mized Vector NLM (OVNLM) filter, where we take into account the spectral
dimension of the data. In addition, we propose an optimization framework to
tune the filter parameters.

The remainder of this paper is organized as follows: Sect. 2 gives an overview
of the NLM filter. We presents the proposed OVNLM filter in Sect. 3. In Sect. 4,
experiments on multispectral images are conducted and comparison with other
approaches is presented. We conclude in Sect. 5.

2 Overview of NLM Filter

We consider the following additive noise model:

Iin(s) = Ior(s) + N (1)

Where Iin(s) and Ior(s) are the noisy and original pixels respectively, N is the
Gaussian noise and s ∈ Ω is the pixel coordinates in the spatial domain. The
basic assumption behind the definition of the NLM filter is that we need to take
advantage of the high degree of redundancy in the image: the neighborhood of
a pixel s is any set of pixels p in the image domain Ω such that a local window
surrounding s is similar to the local window surrounding p [23]. The general case
of NLM filter is given by:

Iout(s) =
∑

p∈Ω

ω(s, p)Iin(p) (2)

ω(s, p) is the weight calculated for each pixel. It is computed based on a simi-
larity measure between pixels in positions s and p. ω(s, p) satisfies the following
constraints:

0 ≤ ω(s, p) ≤ 1
∑

p∈Ω
ω(s, p) = 1 (3)

The similarity between two pixels s and p is measured as a decreasing function
of the Gaussian weighted Euclidean distance ‖·‖22,a, where a > 0 is the standard
deviation of the Gaussian kernel. Let N(s) and N(p) be the pixel vectors of the
gray level intensity within a squared neighborhood centered at positions s and
p respectively.

ω(s, p) =
1
Ci

exp

(
−‖N(s) − N(p)‖22,a

h2

)
(4)
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h2 acts as a smoothing parameter. Ci is a normalization constant which ensures
that

∑
p∈Ω ω(s, p) = 1.

Ci =
∑

p∈Ω

exp

(
−‖N(s) − N(p)‖22,a

h2

)
(5)

The Gaussian weighted Euclidean distance is given by:

‖N(s) − N(p)‖22,a =
∑

k∈K

Ga(k)(N(s − k) − N(p − k))2 (6)

Where K is a local window and Gα(k) is defined as:

Gα(k) =
1

2πa2
exp

(
−k2

1 + k2
2

2a2

)
, k = (k1, k2) (7)

Thus, we can distinguish two main characteristics: the restored pixel is obtained
by taking into account the contribution of pixels in the whole image and the
weight computation is based on the similarity between local windows. Such char-
acteristics have triggered researchers to design various novel methods [23].

3 Optimized Vector NLM Filter

To take advantage of the additional information brought by the spectral dimen-
sion, we extend the NLM filter to the vector case. In the multispectral context,
we have the reflectance intensity at a given position in different spectral bands.
Thus we are operating on a set of pixel vectors I = {(Is)/s ∈ Ω}. We define the
vector NLM (VNLM) filter as:

Iout(s) =
∑

p∈Ω

ω(s, p)Iin(p) (8)

With the new formulation of the weight between two pixels at position s and p
defined as:

ω(s, p) =
1
Ci

exp(
−1
h2

∑
k∈K

(Iin(s − k) − Iin(p − k))T Φ−1·
(Iin(s − k) − Iin(p − k)) (9)

If Φ = I, I is the identity matrix-, we have the classical Euclidean distance.

C(i) =
∑

p∈Ω

exp(− 1
h2

∑
k∈K

(Iin(s − k) − Iin(p − k))T Φ−1·

(Iin(s − k) − Iin(p − k)) (10)

The filter depends on two parameters: the smoothing parameter h and the covari-
ance matrix Φ. Thus, we have:

Iout(s) = f(Iin(s), Θ) with Θ = (h, Φ) (11)
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Where f is a non linear estimator and Θ is the filter parameter.
Our aim is to optimize the filter parameter Θ so that we can ensure the best

parametrization of the filter in order to obtain the best denoising result. The
performance of the estimator is generally evaluated using the mean square error
(MSE):

MSE =
1

HL

∑

s∈Ω

‖Iout(s) − Ior(s)‖2 (12)

However, the problem of such estimator is that the ground truth image Ior(s)
is unknown. MSE can be seen as a random variable of the noise. Its expected
value is designated as the Risk Rθ and expressed as:

Rθ = E(MSE) (13)

The problem of estimating the risk without the need to dispose of the underlying
image Ior(s) is approached by Stein’s Unbiased Risk Estimator (SURE) [18,24].
Thus, we have [20]:

E
(
‖Iout(s) − Ior(s)‖2

)
= E

(
‖Iout(s)‖2

)

− 2E
(
Iout(s)T Ior(s)

)
+ E

(
‖Ior(s)‖2

)
(14)

and:

E
(
Iout(s)T Ior(s)

)
= E

(
f(Iin(s), Θ)T (Iin(s) − ns)

)

= E
(
Iout(s)T Iin(s)

) − E
(
f(Iin(s), Θ)T ns

)
(15)

If we consider a zero mean multivariate Gaussian noise, we have [18]:

E
(
f(Iin(s), Θ)T ns

)
= E

(
trace

{
ΨT �Iin(s) f(Iin(s), Θ)

})
(16)

With Ψ is the noise covariance matrix. By combining Eqs. 14 and 15, we end up
with an expression without Ior(s):

E
(
‖Iout(s) − Ior(s)‖2

)
= E

(
‖Iout(s) − Iin(s)‖2

)

− trace(Ψ) + 2E
(
Tr

{
ΨT �Iin(s) f(Iin(s), Θ)

})
(17)

Thus, the risk R̂θ is the unbiased risk estimator of MSE in Eq. 12 and is given
by:

R̂θ =
1

HL

∑

s∈Ω

E
(
‖Iout(s) − Iin(s)‖2

)
− trace(Ψ)

+ 2
1

HL

∑

s∈Ω

E
(
trace

{
ΨT �Iin(s) f(Iin(s))

})
(18)
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Where �Iin(s)f(Iin(s)) = Jf(Iin(s)) is the Jacobian matrix with respect to Iin(s).
Jf(Iin(s)) is given by [2]:

(Jf(Iin(s)))i,j =
∂fi(Iin(s), θ)

∂Iin(sj)
=

∑
p∈Ω

∂χ(p)
∂Iin(sj)

Iin(si) + δi,j

∑
p∈Ω

χ(p)
−

(
∑

p∈Ω

∂χ(p)
∂Iin(sj)

) (
∑

p∈Ω

χ(p)Iin(sj)

)

(
∑

p∈Ω

χ(p)

)2 (19)

Where δi,j is the delta function and χ(p) is defined as:

χ(p) = exp(− 1
h2

∑
k∈K

(Iin(s − k) − Iin(p − k))T Φ−1·
(Iin(s − k) − Iin(p − k)) (20)

With the derivation of χ(p) (see appendix), we formulate the problem of vector
NLM filter as a constrained optimization problem:

⎧
⎨

⎩

(hopt, Φopt) = arg minh,Φ(R̂(h, Φ))

s.t. : h > 0, Φ ≥ 0
(21)

Note that in case of using the Euclidean distance, the only parameter to be
optimized is h. We solve the constrained non-linear optimization problem using
Sequential Quadratic Programming. Given a noisy image and noise covariance
matrix which can be estimated with the median absolute deviation method [25],
we minimize the risk value based on an optimal choice of parameters Θ = (h, Φ)
until we reach the maximum number of iteration iter max or the risk value
decreases below a preset threshold ξ. We implemented this approach in Matlab
(R2015a). The minimization is performed using the function fmincon. We use
a neighborhood window of 7 × 7.

4 Experimental Results

To assess the performance of our approach, we conduct experiments on multispec-
tral images. We use the database of multispectral face images of IRIS Lab at Uni-
versity of Tennessee [26,27]. The IRIS Lab database was built between August
2005 and March 2006. It consists of 2624 multispectral face images taken along
the visible spectrum in addition to thermal images with a resolution of 640×480.
RGB images are also generated with a resolution of 2272 × 1704. These images
are taken in different lightening conditions: Halogen light, daylight and fluores-
cent light. The total size of the database is 8.91 GB. A total of 82 participants were
involved from different genders (76 % male, 24 % female), ethnicities as depicted
in Table 1, ages, facial expression, genders and hair characteristics (Figs. 1 and 2).
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Table 1. Ethnicity percentage in IRIS M3 database

Caucasian Asian Asian Indian African descent

% 57 % 23 % 12 % 8 %

We apply the proposed OVLNM algorithm to denoise two mulispectral face
images of 25 spectral bands illustrated in Figs. 1 (subject 1) and 2 (subject 2).
We compare our approach with the vector SURE-LET [18] approach and MNLM
algorithm proposed in [22]. The latter is also inspired from the NLM filter and
adapted for multispectral image denoising where parameterization is conducted
using ad hoc means. To evaluate the denoising performance, we used the Peak
Signal to Noise Ratio (PSNR) metric. Experiments are basically conducted by
contaminating original images with an additive Gaussian noise at different levels,
then denoising algorithms are applied on the noisy images.

Figure 4 illustrates the PSNR variation with respect to noise standard vari-
ation for subject 1. Results demonstrate that OVNLM algorithm exhibits good
performance especially in the area with a high level of noise. Indeed, with
σ = 100, the OVNLM has an output PSNR of 23.03 dB compared to 18.62 dB
and 18.11 dB obtained with SURE-LET and MNLM respectively. PSNR results
for subject 2 are illustrated in Fig. 6. OVNLM exhibits also good performance
particularly with heavily corrupted images (σ = 100). In fact, we obtained for
OVNLM a PSNR of 23 dB compared to 18.58 dB and 17 dB with vector SURE-
LET and MNLM (Fig. 5).

Fig. 1. Multispectral images for subject 1 in 480 nm, 560 nm and 720 nm

Fig. 2. Multispectral images for subject 2 in 480 nm, 560 nm and 720 nm
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Fig. 3. Subject 1: (a) Noisy image (b) SURE-LET (c) MNLM (d) Proposed

Fig. 4. PSNR curves for subject 1
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Fig. 5. Subject 2: (a) Noisy image (b) SURE-LET (c) MNLM (d) Proposed

Fig. 6. PSNR curves for subject 2
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5 Conclusion

The proposed filter is inspired from the NLM filter. Our approach is based on
extending NLM filter to the vector case and applying an optimization approach
in order to automatically tune parameters in a way that guarantees better results.
Results demonstrate that the proposed approach exhibits promising denoising
performance. Nevertheless, the computation burden is still an important issue
with NLM in general. Further techniques to speed up the computation should
be investigated.

Acknowledgment. This publication was made possible by NPRP grant #4-1165-
2-453 from the Qatar National Research Fund (a member of Qatar Foundation). The
statements made herein are solely the responsibility of the authors.

A Appendix

Let: χ(p) = exp
(− 1

h2

∑
k∈K(ys−k − yp−k)T Φ−1(ys−k − yp−k)

)
.

• p − s ∈ K :

= exp(− 1

h2
(ys − yp)

T Φ−1(ys − yp)) · exp(− 1

h2
(y2s−p − ys)

T Φ−1(y2s−p − ys))·

exp(− 1

h2

∑
k∈K

k �∈{0,p−s}
(ys−k − yp−k)

T Φ−1(ys−k − yp−k))

=⇒ ∂χ(p)

∂ysj
= exp(− 1

h2

∑
k∈K

k �∈{0,p−s}
(ys−k − yp−k)

T Φ−1(ys−k − yp−k))·

∂

∂ysj

(
exp(− 1

h2
(ys − yp)

T Φ−1(ys − yp)) · exp(− 1

h2
(y2s−p − ys)

T Φ−1(y2s−p − ys))
)

∂χ(p)

∂ysj
= χ(p)

[(
(yp − ys)

T 1

h2
(Φ−1 + Φ−1T )

)T

j

+

(
(ys − y2s−p)

T 1

h2
(Φ−1 + Φ−1T )

)T

j

]

• p − s �∈ K :

= exp(− 1

h2
(ys − yp)

T Φ−1(ys − yp))·

exp(− 1

h2

∑
k∈K
k �=0

(ys−k − yp−k)
T Φ−1(ys−k − yp−k))

=⇒ ∂χ(p)

∂ysj
= exp(− 1

h2

∑
k∈K
k �=0

(ys−k − yp−k)
T Φ−1(ys−k − yp−k))·

∂

∂ysj

(
exp(− 1

h2
(ys − yp)

T Φ−1(ys − yp))
)

∂χ(p)

∂ysj
= χ(p)

(
(yp − ys)

T 1

h2
(Φ−1 + Φ−1T )

)T

j
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