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Abstract

This paper represents a model for image denoising in
spatial domain. It preserves the image parameter such as
edges and textures of an image while denoising. The im-
age subtracted to provide gradient norm of denoised image.
The model is processed in a moving frame to encode its
local geometry. It uses the strategy to denoise the com-
ponents of the image rather than denoising the image di-
rectly. It preserves local geometries at the denoising level.
The output perform on the large image database with var-
ious algorithms such as VTV, NLM, BM3D and ROR. It is
observed that the image denoising method NLM performs
better than other algorithms using this model in terms of
PSNR and SSIM.
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1 INTRODUCTION

Denoising is a fundamental task for correcting a noisy image. The
patch based methods developed by Rudin et.al, Awate and Whisker
had a great impact on denoising methods. It specifically preserves
the main features of an image such as edges, textures, colours, con-
trasts etc. But the problem of these patch based methods is that
they do not recover very fine details of an image. In this paper a
strategy is developed to denoise the components of an image rather
than the denoising image directly.
The image denoising techniques are improved by taking into ac-
count of its local geometries (direction of gradient and local lines).
The PSNR of curvature lines and unit normal are generally high
than the image itself. So it becomes easier to denoise these com-
ponents. In the moving frame the components of an image are
separated and then the denoising algorithms are applied on that
components to remove the noise. Further a denoised image is ob-
tained by invertible transform. The results obtained in terms of
PSNR and SSIM shows that the moving framework performs bet-
ter than applying image denoising algorithms directly on an image.

2 Image Decomposition in a Moving Frame

Let I : Ω ⊂ R2 R be a grey-level image, and (x, y) be the standard
coordinate system of R2. We denote by Ix resp. Iy the derivative
of I with respect to x resp. y, and by ∇I the gradient of I.

A. Methodology

Image decomposition model for image I is two stage approach.
1. Constructing an orthonormal moving frame (Z1, Z2, N) over
which encodes local geometries of I.
2. Decomposition Framework for algorithms.
3. Computing the components (J 1, J2, J3) of R3 valued function

2

International Journal of Pure and Applied Mathematics Special Issue

7072



(0 0 1) in that moving frame.

B. Moving Frame
Considering an orthonormal moving frame as (Z1, Z2, N) where Z1
is vector field tangent to the surface S which indicates the direction
of steepest slope at each point of S; Z2 is vector field tangent to the
surface S which gives direction of the lowest slope at each point of
S. The field to be normal we require N to be normal component to
the surface S so that frame becomes orthonormal.

Computing the Components
Considering a scaled version µI of I for µ ∈ [0,1]. The moving frame
can be constructed as follows: let z1 = (µIx, µIy)

T be the gradient
of µI and z2 =(−µIx, µIy)T gives the direction of level lines of µI
. We define z1= (1, 0)Tandz2 = (0, 1)T at pixel locations (x, y)
where Ix(x, y) = Iy(x, y) = 0 i.e. homogeneous regions of I. Then
Z1andZ2can be calculated as Zi=d ψ (zi) ‖|dψ (zi)—— where i =
1,2.

The dψ is differential of ψ which maps vector fields on Ω to
tangent vector field of S. The expression of the unit normal N is
then obtained as the vectorial product between Z1 and Z2. The
expressions for the vector fields Z1, Z2, N are given by the matrix
field

The first column gives the coordinates of vector field Z1, second
column Z2 and coordinates of N in the third column.
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Fig.1. Moving Frame. Left: Original Gray image and moving
frame which indicates geometry of an image (direction gradient
and level lines) at p q. Right: The orthonormal moving frame

(Z1, Z2, N).

The orthonormal frame of (R, ‖ ‖2) denoted by (e1, e2, e3) where
e1 = (1, 0, 0), e2 = (0, 1, 0) and e3 = (0, 0, 1). The above P matrix
we got is nothing but the frame change field from (e1, e2, e3) to
(Z1, Z2, N).It means that the components of R3 valued function (0,
0, 1) in the new frame. These components are denoted by (J1, J2,
J3) given by



J1
J2
J3


 = P−1




0
0
1




J1 contains the edges and textures of the image. The compo-
nent J3 is similar to the original image but in that gradients norm
has been subtracted. The component J2 identically becomes zero.
In this way we can compute the components of a moving frame.
D. Application to Image Denoising
The framework that is proposed is applying denoising techniques to
the components of an image which are calculated above taking into
considerations of its local geometries instead of applying directly
on an image. The procedure is as follows
1. Process the image I with any of the denoising technique and call
its output image as Iden.
2. For some scalar calculate the components (J1, J2, J3) in the
moving frame. Apply the same above denoising technique to the
components to get the processed elements such as(J1

den, J
2
den, J

3
den).

After this apply inverse frame change matrix field to the processed
components.
3. Compare IdenandIdenMFwith the metrics PSNR and SSIM. The
strategy above described can be applied to any moving frame. The
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best results are obtained when the components Z1 and Z2 are tan-
gent spaces.

3 Framework applied to VTV denois-

ing method

The moving frame approach is applied to the vectorial total varia-
tion based denoising method.
It is defined as follows on n channel image

I0 : ΩCR2 → RN

Ivtv := argmin

∫
1

2λ
||I − Io||2 + V TV (I)dΩ

Where the Vectorial Total Variation VTV(I) of I is defined by

Sup(

∫
< I,∇ ∗ η >2 dΩ; η ∈∞c (Ω;R0), ‖η(x)‖2 ≤ 1∀ ∈ Ω)

For ∇∗ being the adjoint Jacobian operator The VTV denoising
model can be solved through Chambolles [10] projection algorithm
The moving frame approach to VTV denoising model is as follows:
1.Constructing an orthonormal moving frame (Z1, Z2, N) over
which encodes local geometries of I. 2. The Gaussian noise of a vari-
ance is added to a gray level image to create a noisy image. 3. A
denoised image IROF can be obtained by applying Chambolles pro-
jection algorithm[10] . 4. For some parameter consider a moving
frame for an image I and then calculate its components (J1,J2,J3)T
in that moving frame. Then apply VTV based denoising algorithm
to these components and obtain (J1V TV, J2V TV, J3V TV ) from
which image can be reconstructed asIROMF := I3ROFMF . 5. And fi-
nally computing PSNR and SSIM index values of IROFandIROFMF

Since the ROF model we used in step 2 does not have any parameter
to tune whereas in our moving frame we have smoothing parameter
µ.
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4 Framework applied to NLM denois-

ing method

Applying framework approach to non-local means algorithm de-
fined for multichannel image I(I1...., In), by

IKNLM(p) :=
−1

c(p)

∑

q∈B(p,r)

w(p, q)Ik(q)

Where
c(p) =

∑

q∈B(p,r)

w(p, q)

And B(p,r) denotes a neighborhood (patch) of the pixel p of size
(2r+1)(2r+1);the weight of the function
w(p,q) is of the form

w(p, q) = e

−max(d2 − 2σ2, 0)

h2

where h is a function of the noise level decreasing with the size of
the patches and d is the distance between patches. The approach
for applying moving frame in the context of NLM algorithm for
gray level image is as follows
1. First create noisy image by adding Gaussian noise of variance
to clean image a
2. Apply NLM to I and obtain a denoised image INLM.
3. Take parameter µ=0.001 and compute the components (J1, J2, J3)
using moving frame associated with. Then apply NLM algorithm
channel-wise to these components obtaining a denoised components
(J1

NLM , J
2
NLM , J

3
NLM) from which a denoised grey level image is con-

structed as INLMMF : = I3NLMMF .
4. Finally compute PSNR and SSIM index values of INLMandINLMMF .
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5 Framework applied to BM3D denois-

ing method

Now the framework is tested on the BM3D algorithm. The ap-
proach is exactly followed as it is followed for NLM algorithm; only
replacing NLM in steps 2 and 3by the BM3D algorithm. The BM3D
algorithms tested with several parameters determined by noise level
σ. Further in step 3 the BM3D applied on the component J1with
the default parameters determined by the noise level σ1 = σ. Test-
ing several values of the noise levelsσ3 when applying BM3D on
the componentsJ3 in order to find the ones that provide the best
average results on the whole database in terms of PSNR.

6 Framework applied to ROR denois-

ing method

The similarity between pixel and impulse noise is measured using
ROR model. Detection and filtering are the two process carried out
in an operation of ROR. The ROR value is calculated as

ROR(yi,j) = |(yi,j −Med(y))/MADN(y)|
ROR of each pixel in an image is calculated as follows. Let yi,j=(i,j)
be the location of the pixel under consideration, and let

Ωy(N) = {yi+l,j+1 : −N <= 1, k <= N}

be the set of points in a (2N+1)∗(2N+1) neighborhood centred
atyi,j, for some positive integer N.

Med(Ωy(N))isthemedianvalueofallpixelsinΩy(N), i.e.,
Med(Ωy(N)) = Median(Ωy(N))

Then, calculate median absolute deviations MAD (Ωy(N))and
MADN (Ωy(N))are :MAD(Ωy(N)) = Med(Ωy(N))−Med(Ωy(N))
MADN(y(N)) = MAD(y(N))/0.6457 ROR is calculated and then
all the pixels are divided into four clusters according to ROR values.

ROR measures the outlyingness of the pixels i.e. how impulse
like pixels is. The four clusters are such as ROR > 3:most like
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cluster;2 < ROR <= 3:Second like cluster; 1 < ROR <= 2;third
like cluster;
0<=ROR<=1;fourth like cluster. The lower the ROR, the lower
the impulse the pixel is

Table 1: Comparison between PSNR standard and
PSNR moving frame for four algorithms for various noise

variance.

Table 2: Comparison between PSNR standard and PSNR moving
frame for four algorithms for various noise variance.

Fig.2. The above fig shows original image the Gaussian noise of
variance 25 is added is added and finally denoised VTV image is

recovered using above methodology
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Fig.3. The above fig shows original image the Gaussian noise of
variance 25 is added is added and finally denoised NLM image is

recovered using above methodology

Fig.4. The above fig shows original image the Gaussian noise of
variance 25 is added is added and finally denoised BM3D image is

recovered using above methodology

Fig.5. The above fig shows original image the Gaussian noise of
variance 25 is added is added and finally denoised ROR image is

recovered using above methodology

7 CONCLUSION

In this paper a decomposition framework developed for image de-
noising which preserves local geometries of an image. The denoising
algorithms are applied on the components of an image rather than
applying directly on an image. The VTV has a PSNR of 34.31 for
noise variance of 25 but cannot distinguish between huge gradients
due to noise and huge gradients due to similarities while the NLM
has a PSNR of 35.68 for noise variance of 25. The NLM algorithm
is better than other algorithms for preserving local geometries while
the BM3D algorithm having PSNR of 30.99 for noise variance of 25
removes most of the noise but tends to smooth away the edges. This
framework performs better than the algorithms applied directly on
an image in terms of PSNR and SSIM metrics.
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