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Abstract
In this work, we propose a generalized nonstandard fourth-order variational model to remove
speckle noise in color images. This method is based on finding the minimum of the q(.) and
p(.)-Kirchhoff energy in a specified Banach space. First, we study the existence and unique-
ness of the solution for the q(.)-biharmonic and p(.)-Laplacian Euler equations associated
with the proposed energy. Then, we consider a fully-discrete forward Euler–Galerkin semi-
implicit scheme to find the numerical solution and we study its convergence towards the
continuous solution. In the resolution algorithm, the variable exponent functions p(.) and q(.)
are chosen adaptively, based on the Di Zenzo gradient and p(.)-Laplacian operator of the
image in order to preserve edges and thin structures. Finally, we illustrate the efficiency of
our approach with several numerical results.

Keywords Speckle noise removal · Kirchhoff energy · Di Zenzo gradient · Biharmonic
operator

Mathematics Subject Classification 35Gxx · 49Mxx · 68U10

1 Introduction

Color image restoration is a challenging task in image processing and particularly in medical
imaging field like ultrasound and tomographic images. Various mathematical models are
proposed to handle this kind of problem. In these models, the restoration problem with
the type of noise that degraded the color image (additive, multiplicative) are modeled with
different mathematical tools. PDE-type approaches were suggested for this problem in the
case of additive noise (see [1–8]), nevertheless, the multiplicative noise model has not been
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studied with this kind of approaches. In this work, we focus on removing multiplicative noise
in color images, and in particular the speckle noise [9–11]. The reason is that the majority
of data used in the reconstruction of tomographic and ultrasound images is corrupted with
speckle noise, which influences the quality of reconstructed images and makes valuable
geometric structures (like edges and thin structures) hard to detect.

In [12], the authors report variousways to represent a color image, we consider in thiswork
a RGB (red-green-blue) representation, in which a color image is represented by a vector
in three dimensions: u : � ⊂ R

2 → R
3, (x1, x2) → (uR, uG , uB), where (uR, uG , uB)

represent the intensity of the three color channels and � is an open subset in R
2. We aim

at removing the speckle noise in the following degraded image: f : � ⊂ R
2 → R

3,
(x1, x2) → ( fR, fG , fB), where fi = ui + η

√
ui , i = R,G, B and η : � → R+ is a

positive function called the Rayleigh distribution. Our challenge here is then to reconstruct
the unnoisy color image u from the noisy color image f .

Somenon linear filtering algorithms have been proposed for noise removal in color images,
such as the median filter and its extensions [13–17]. The main drawback of this algorithm
comes from its mode of application: it is independently applied to each color component. In
each color channel, the noisy pixels are supposed to be isolated points and they are replaced by
the median value of their nearby pixels’ intensities. This allows large intensity modifications
of non noisy pixels. This mode of application in the separate color channels leads to a high
smoothing in the homogeneous regions, and it cannot guarantee a good preservation of the
geometric structures.

The main challenge for removing speckle noise in color images is: how to choose an
efficient model that can couple the restoration process between the three color channels, and
control the diffusion process in the different parts of the noisy imagewithout losing important
geometric structures. The models introduced in [18–20] for removing additive noise are not
applicable for this kind of noise.Motivated by [21],we propose to generalize the speckle noise
removal in gray level images, using nonstandard fourth-order variational models, to color
images as follows. We consider the minimization of the following cost (or energy) function:

min
u∈X ,uk>0

{
J (u) :=

3∑
k=1

∫
�

α

q(x)
|�uk |q(x) +

∫
�

β

p(x)
|∇uk |p(x) +

∫
�

(
fk − uk√

uk

)2
}

,

where q(x) and p(x) ∈ [1, 2] are the variable exponent functions, α, β are adjustment
parameters and X is an appropriate space.

In the proposed energy the superposition between first and second parts is called regu-
larisation term, the third one is the data fitting term. By assuming that fk ∈ L∞(�) and
in f ( fk) > 0, we show the proposed energy admits a unique solution u = (u1, u2, u3) in an
adequate Banach space, which verifies in f ( fk) ≤ uk ≤ sup( fk) and uk is the solution of
the following corresponding nonstandard PDE problem :⎧⎪⎪⎨

⎪⎪⎩
�2

α,q(x)uk − �β,p(x)uk + u2k − f 2k
u2k

= 0 in �,

∂(|�uk |q(x)−2�uk)

∂n
= (|∇uk |p(x)−2∇uk).n = 0 on ∂�,

for k = 1, 2, 3, where �2
α,q(.) = �(α|�.|q(x)−2�.) and �β,p(.) = div(β|∇.|p(x)−2∇.) are

called the q(.)-biharmonic and p(.)-Laplacian operators (see [21, 22]).
The smoothness degree of the operators �2

α,q(.) and �β,p(.) depends on the way the
exponents p and q are defined. In order to couple the three color channels and obtain a
relaxed smoothness in the homogeneous regions with preservation of the main geometric
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structures (such as edges and thin structures), we define the exponents p and q with the Di
Zenzo gradient, which is a multichannel color gradient [8], and the p(.)-Laplacian operator.
The Di Zenzo gradient is one of the best coupled multichannel color gradient for edge
detection. This color gradient is studied in [20] in the additive noise case, and it gave very
satisfactory results for the detection of main edges, especially when there is a high level of
noise. Some recent works in [21, 23, 24] have proved the interest of second (or higher) order
differential operators to detect thin structures.

Inspired by these works, we propose the p(.)-Laplacian to identify filaments and points,
which are supposed to be thin structures. In our model, we make an adaptive choice for
p(.) and q(.). After the identification of the edges and thin structures using the Di Zenzo
gradient and the p(.)-Laplacian operator, we consider the exponent p(.) (respectively q(.))
as a function of the standard norm of the Di Zenzo gradient (respectively the p(.)-Laplacian
vector) so that p(.) and q(.) ∈ [1, 2], homogeneous regions are smoothed, and thin structures
are preserved in the restoration process.

This paper is organized as follows. Section 2 is devoted to the mathematical study of the
proposedmodel. First, we remind some definitions and generalized Sobolev spaces with vari-
able exponents. Next, we prove the existence and uniqueness of theminimum of the proposed
energy. Then, we propose a fully-discrete forward Euler–Galerkin semi-implicit scheme to
find the numerical solution and we study its convergence towards the continuous solution of
the corresponding nonstandard PDE problem. The algorithm of resolution and its detailed
steps are presented in Sect. 3. In Sect. 4, we present the results of several numerical tests in
order to study the efficiency of our approach. Finally, some conclusions are given in Sect. 5.

2 Mathematical study of the proposedmodel

In order to remove speckle noise in color images, we propose to solve the following problem:

min
u∈X ,uk>0

{
J (u) :=

3∑
k=1

Jk(uk)

}
, (1)

where

• Jk(uk) :=
∫

�

α

q(x)
|�uk |q(x) +

∫
�

β

p(x)
|∇uk |p(x) +

∫
�

(
fk − uk√

uk

)2

,

• � is an open bounded subset of R2,
• f = ( f1, f2, f3) is the noisy color image (with speckle noise), we assume that fk ∈

L∞(�) and in f ( fk) > 0,
• u = (u1, u2, u3) is the restored color image,

• X =⊗3
k=1 X

k
p,q , where Xk

p,q =
{
uk ∈ W 2,q(.)(�) ∩ W 1,p(.)(�) such that

∂uk
∂n

= 0

}
,

• q(x) and p(x) ∈ [1, 2] are the variable exponent functions,
• α and β are adjustment parameters.

Beforemoving to the resolution of problem (1), let first remind somedefinitions andproperties
of the following spaces: Lq(x)(�), L p(x)(�), W 1,p(.)(�) and W 2,q(.)(�) (for more details,
see [22, 25, 26]).

For a given function r(.) ∈ C(�), which satisfies the following condition:

1 ≤ r− = min
x∈�

r(x) ≤ r(x) ≤ r+ = max
x∈�

r(x) ≤ 2, (2)
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we define the following space :

Lr(x) =
{
real measurable functions v :

∫
�

|v(x)|r(x)dx < +∞
}

.

Here Lr(x) is called the variable exponent generalized Lebesgue space and is equipped with
the following norm:

‖v‖Lr(.) = inf

{
μ > 0 :

∫
�

∣∣v(x)

μ

∣∣r(x)dx ≤ 1

}
.

In the same way, we define the generalized Sobolev spaces as follows:

Wk,r(.)(�) =
{
v ∈ Lr(.) : Dαv ∈ Lr(.) with |α| ≤ k

}
,

where Dαv = ∂ |α|v
∂α1x∂α2 y

, with |α| = α1 + α2 and k ∈ N.

Wk,r(.)(�) is a reflexive and separable Banach space equipped with the following norm:

‖v‖Wk,r(.) =
∑
|α|≤k

∥∥Dαv
∥∥
Lr(.) .

In particular, we will use the Banach space Y = W 2,q(.)(�)∩W 1,p(.)(�) for solving problem
(1), equipped with the norm:

‖v‖Y = ‖v‖W 2,q(.) + ‖v‖W 1,p(.) .

Proposition 1 Let j(x), r(x) ∈ C(�) satisfying (2).

• We have the following continuous embedding :

L j(x) ↪→ Lr(x), if j(x) ≤ r(x).

• We have(‖Kv‖Lr(.)
)r− ≤

∫
�

1

r(x)

∣∣Kv
∣∣r(x)dx ≤ (‖Kv‖Lr(.)

)r+
, if ‖Kv‖Lr(.) ≥ 1,

(‖Kv‖Lr(.)
)r+ ≤

∫
�

1

r(x)

∣∣Kv
∣∣r(x)dx ≤ (‖Kv‖Lr(.)

)r−
, if ‖Kv‖Lr(.) ≤ 1,

where K is a linear operator, typically the identity, ∇ or �.

The rest of this section is devoted to the development of the theoretical resolution of
problem (1).

Lemma 1 Problem (1) admits a unique solution u = (u1, u2, u3) in X, and it satisfies:

in f ( fk) ≤ uk ≤ sup ( fk) , ∀k = 1, 2, 3.

Proof Let (unk ) ⊂ Xk be a minimizing sequence of Jk , where Xk = {v ∈ Xk
p,q such that v >

0}. First, let us show that we can assume in f ( fk) ≤ (unk ) ≤ sup( fk).
Let K = {x ∈ � such that unk (x) ≤ in f ( fk)} and vnk = max(unk , in f ( fk)). Then we

have:

Jk(u
n
k ) − Jk(v

n
k ) =

∫
K

α

q(x)
|�unk |q(x) +

∫
K

β

p(x)
|∇unk |p(x)

)
+
∫
K

w(unk ) − w(in f ( fk)),
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where w(u) =
(

fk − u√
u

)2
.

The function w is strictly convex, because w
′′
(u) = 2

fk
u3

> 0, ∀u ∈ Xk,

and then we have:

w
(
unk
)− w (in f ( fk)) ≥ Dwu (in f ( fk))

(
unk − in f ( fk)

)
,

where Dwu(in f ( fk)) = (in f ( fk))2 − ( fk)2

(in f ( fk))2
≤ 0. So we deduce that w(ui+1

k ) −
w(in f ( fk)) ≥ 0 on K . And then that Jk(unk ) − Jk(vnk ) ≥ 0, so that we can assume that:

unk ≥ in f ( fk) , ∀n ∈ N.

The proof of the other half of the property can be achieved in a similar way.
Then, we can easily show that ‖unk‖Lq(x) and ‖unk‖L p(x) are uniformly bounded. Moreover,

Jq,p
k (unk ) =

∫
�

α

q(x)
|�unk |q(x) +

∫
�

β

p(x)
|∇unk |p(x) is uniformly bounded ((unk ) is a mini-

mizing sequence). So we deduce that unk is uniformly bounded in Xk
p,q , which implies the

existence of a subsequence uφ(n)
k that weakly converges to uk in Xk

p,q , and uk satisfies:

in f ( fk) ≤ uk ≤ sup ( fk) , ∀k = 1, 2, 3.

Then we deduce uk ∈ Y k = {v ∈ Xk
p,q such that: in f ( fk) ≤ v ≤ sup( fk)}.

Finally, using the fact that J is strictly convex and weakly lower semi continuous in the set
Y k , we deduce the uniqueness of the minimum uk in Y k . ��

As uk is the argmin of Jk in Y k , then we have:

0 ∈ ∂ J p,q
k (uk) + u2k − f 2k

u2k
,

where ∂ J p,q
k is the subdifferential form of J p,q

k .
In order to find uk , we consider the following Euler–Lagrange equation associated to

problem (1) :⎧⎪⎪⎨
⎪⎪⎩

�
(
α|�uk |q(x)−2�uk

)− div
(
β|∇uk |p(x)−2∇uk

)+ u2k − f 2k
u2k

= 0 in �,

∂
(|�uk |q(x)−2�uk

)
∂n

=
(
|∇uk |p(x)−2∇uk

)
.n = 0 on ∂�,

(3)

for k = 1, 2, 3.
The operators �2

α,q(.) = �(α|�.|q(x)−2�.) and �β,p(.) = div(β|∇.|p(x)−2∇.) are called
the q(.)-biharmonic and p(.)-Laplacian operators (see [21–23]).

Inspired by the work of the authors in [27, 28], we propose to solve numerically the Eq.
(3) by using the fully-discrete forward Euler–Galerkin stepping algorithm [29]. The idea is
to introduce an artificial time parameter t and then to solve the following equation:⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

∂uk
∂t

+ �2
α,q(x)uk − �β,p(x)uk + u2k − f 2k

u2k
= 0 in � × [0, T ],

∂
(|�uk |q(x)−2�uk

)
∂n

=
(
|∇uk |p(x)−2∇uk

)
.n = 0 on ∂� × [0, T ],

uk(., 0) = u0k in �,

(4)
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for k = 1, 2, 3, some final time T > 0.
By considering a uniform partition of the time interval [0,T] as follows: ti = i�t, for i =

0, ...,m where �t = T
m and m ∈ N

∗, we define the discrete solution as: uik(x) = uk(x, ti ).
Then, the discrete semi-implicit scheme of resolution for an initial condition u0k becomes:

ui+1
k − uik

�t
= −�2

α,q(x)u
i+1
k + �β,p(x)u

i+1
k − ui+1

k uik − ( fk)2

(uik)
2

, (5)

with Neumann boundary conditions:

∂
(|�uik |q(x)−2�uik

)
∂n

=
(
|∇uik |p(x)−2∇uik

)
.n = 0 on ∂�.

Lemma 2 Let uik ∈ Y k = {v ∈ Xk
p,q such that: in f ( fk) ≤ v ≤ sup( fk)}, then problem (5)

has a unique solution ui+1
k ∈ Y k.

Proof We consider the following function:

H(u) =
∫

�

(
1 + �t

uik

)
u2

2
−
∫

�

(
�t

f 2k
(uik)

2
+ uik

)
u

+�t

(∫
�

α

q(x)
|�u|q(x) +

∫
�

β

p(x)
|∇u|p(x)

)
,

= Gk,i (u) + �t J q,p
k (u),

where Gk,i (u) =
∫

�

(
1 + �t

uik

)
u2

2
−
∫

�

(
�t

f 2k
(uik)

2
+ uik

)
u.

G is strictly convex in Y k , as we have:

< ∇G(u)h, h >=
∫

�

g′′(u)h2, ∀h ∈ Y k,

where g(u) =
(
1 + �t

uik

)
u2

2
−
(

�t
f 2k

(uik)
2

+ uik

)
u, and then g′′(u) = 1 + �t

uik
> 0, ∀u ∈

Y k , hence the result of convexity. Jq,p
k is also strictly convex in Y k . Then, we deduce that H

is strictly convex in Y k and the existence and uniqueness of ui+1
k become straightforward. ��

Lemma 3 ∀i ∈ N, we have

in f
(
in f ( fk) , in f

(
u0k
)) ≤ uik ≤ sup

(
sup ( fk) , sup

(
u0k
))

, if �t is small enough.

Proof We denote by αi = in f (in f ( fk), in f (uik)) and β i = sup(sup( fk), sup(uik)).
Let K = {x ∈ � such that ui+1

k (x) ≥ β i } and vik = min(ui+1
k , β i ) , then we have:

H
(
ui+1
k

)
− H

(
vik

) =
∫
K
z
(
ui+1
k

)
− z

(
β i
)

+�t

(∫
K

α

q(x)

∣∣∣�ui+1
k

∣∣∣q(x) +
∫
K

β

p(x)

∣∣∣∇ui+1
k

∣∣∣p(x)) ,

=
∫
K1

z(ui+1
k ) − z(β i )

+�t

(∫
K

α

q(x)

∣∣∣�ui+1
k

∣∣∣q(x) +
∫
K

β

p(x)
|∇ui+1

k |p(x)
)

,
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where z(u) =
(
1 + �t

uik

)
u2

2
−
(

�t
f 2k

(uik)
2

+ uik

)
u and K1 = {x ∈ � such that ui+1

k (x) >

β i }.

The function z is increasing if u ∈
⎡
⎢⎣�t

f 2k
(uik )

2 + uik

1 + �t
uik

,+∞
⎡
⎢⎣, then we can deduce that for

a small enough �t , z is increasing if u ∈ [a,+∞[, ∀a > uik . Then z(ui+1
k ) − z(β i ) ≥ 0

on K1. Indeed: u
i+1
k > β i on K1, which implies the existence of a sequence (ain) such that

ui+1
k > ain > β i and ain −→ β i when n −→ +∞. We take for example:

ain = ui+1
k − β i

2n
+ β i ,∀n ∈ N

∗.

Then we deduce that z(ui+1
k ) ≥ z(ain) on K1. Using the continuity of z and by taking the

limit at +∞, we obtain:

z
(
ui+1
k

)
≥ z

(
β i
)
on K1.

In conclusion, we deduce that H(ui+1
k ) − H(vik) ≥ 0, so we can assume that :

ui+1
k ≤ sup

(
sup ( fk) , sup

(
uik

))
, ∀i ∈ N,

and we iteratively deduce that:

uik ≤ sup
(
sup ( fk) , sup

(
u0k
))

.

The proof of the other half of the property is achieved in a similary way. ��
Lemma 4 Let u0k ∈ Y k, then the sequence of solutions (uik) of problem (5) is strongly con-
vergent in L2(�), Lq(x)(�) and L p(x)(�), if �t is small enough.

Proof First, we prove the strong convergence of the sequence (uik) in L2(�). We have

H
(
ui+1
k

)
− H

(
uik
) = 1

2

∫
�

(
ui+1
k

)2 − 2ui+1
k uik +

(
uik

)2
+
∫

�

�t

2uik

((
ui+1
k

)2 −
(
uik

)2)+ �t
f 2k(
uik
)2
(
uik − ui+1

k

)
+�t

(
Jq,p
k

(
ui+1
k

)
− Jq,p

k

(
uik
))

,

= 1

2

∫
�

(
ui+1
k − uik

)2
+
∫

�

(
�t

2uik

(
ui+1
k + uik

)
− �t

f 2k(
uik
)2
)

(ui+1
k − uik)

+�t
(
Jq,p
k

(
ui+1
k

)
− Jq,p

k

(
uik
))

.

From Lemma 3, we have α = in f (in f ( fk), in f (u0k)) ≤ uik ≤ β = sup(sup( fk), sup(u0k))
if �t is small enough. Then we deduce that:

�t
α2 − β2

β2 ≤ �t

2uik

(
ui+1
k + uik

)
− �t

f 2k(
uik
)2 ≤ �t

β2 − α2

α2 ,
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which implies

H
(
ui+1
k

)
− H

(
uik

)
≥ 1

2

∫
�

(
ui+1
k − uik

)2
+
∫

�

�t inf
(
C1

(
uik − ui+1

k

)
,C2

(
uik − ui+1

k

))
+�t(Jq,p

k (ui+1
k ) − Jq,p

k (uik)),

where C1 = α2 − β2

β2 and C2 = β2 − α2

α2 .

As we have ui+1
k = argminY K H(u), then we get:

1

2

∫
�

(
ui+1
k − uik

)2 ≤
∫

�

�t inf
(
C1

(
ui+1
k − uik

)
,C2

(
ui+1
k − uik

))
+�t

(
Jq,p
k

(
uik

)
− Jq,p

k

(
ui+1
k

))
.

Then for any N ∈ N
∗, we obtain

N−1∑
i=0

1

2

∥∥∥ui+1
k − uik

∥∥∥2
L2

= ∑N−1
i=0

1

2

∫
�

(
ui+1
k − uik

)2
≤
∫

�

�t inf
(
C1

(
uN
k − u0k

)
,C2

(
uN
k − u0k

))
+�t

(
Jq,p
k

(
u0k
)− Jq,p

k

(
uN
k

))
≤
∫

�

�t inf
(
C1

(
uN
k − u0k

)
,C2

(
uN
k − u0k

))
+�t J q,p

k

(
u0k
)

< +∞.

So we deduce the strong convergence of the sequence (uik) in L2(�).
For the rest of the proof, the strong convergence of the sequence (uik) in Lq(x)(�) and
L p(x)(�) derives from the continuous embedding L2(�) ↪→ Lq(x)(�) and L2(�) ↪→
L p(x)(�). ��
Lemma 5 Let u0k ∈ Y k, then the sequence of solutions (uik) of problem (5) converges to the
solution of problem (3).

Proof Multiplying equation (5) by ui+1
k and integrating on � leads to:

∫
�

(
ui+1
k

)2 − uiku
i+1
k

�t
= −J p,q

k

(
ui+1
k

)
−
∫

�

uik

(
ui+1
k

)2 − f 2k u
i+1
k(

uik
)2 ,

which implies that

J p,q
k

(
ui+1
k

)
= −

∫
�

(
ui+1
k

)2 − uiku
i+1
k

�t
−
∫

�

uik

(
ui+1
k

)2 − f 2k u
i+1
k(

uik
)2 .

From Lemma 3, α = in f (in f ( f ), in f (u0k)) ≤ uik ≤ β = sup(sup( f ), sup(u0k)) if �t is
small enough. As u0k ∈ Y k , we have:

in f ( fk) ≤ uik ≤ sup ( fk) ,
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then we deduce that the sequence (J p,q
k (uik)) is bounded. In addition, from Lemma 4, we

have the strong convergence of the sequence (uik) in L
q(x)(�) and L p(x)(�). Then we deduce

that the sequence (uik) is bounded in Xk
p,q . And then there exists a subsequence uφ(i)

k that

weakly converges to uk in Xk
p,q , where uk satisfies:

in f ( fk) ≤ uk ≤ sup( fk),

which implies that uk ∈ Y k .
As uφ(i)

k is a solution of Eq. (5), then we have

0 ∈ uφ(i+1)
k − uφ(i)

k

�t
+ ∂ J p,q

k

(
uφ(i+1)
k

)
+ uφ(i+1)

k uφ(i)
k − f 2k(

uφ(i)
k

)2 ,

where ∂ J p,q
k is the subdifferential form of J p,q

k .
This is equivalent to:

∀v ∈ Y k ,

J p,q
k (v) ≥ J p,q

k

(
uφ(i+1)
k

)
+
∫

�

(
v − uφ(i+1)

k

)⎛⎜⎝uφ(i+1)
k − uφ(i)

k

�t
+ uφ(i+1)

k uφ(i)
k − f 2k(

uφ(i)
k

)2
⎞
⎟⎠ ,

which implies that

∀v ∈ Y k ,

J p,q
k (v) ≥ lim J p,q

k

(
uφ(i+1)
k

)
+
∫

�

(
v − uφ(i+1)

k

)(uφ(i+1)
k − uφ(i)

k

�t
+ uφ(i+1)

k uφ(i)
k − f 2k

(uφ(i)
k )2

)
.

Finally, using the fact that J p,q
k is weakly lower semi continuous in the space Xk , and the

dominated convergence theorem, we deduce that

∀v ∈ Y k , J p,q
k (v) ≥ J p,q

k (uk) +
∫

�

(v − uk)

(
u2k − f 2k

u2k

)
,

which implies

0 ∈ ∂ J p,q
k (uk) + u2k − f 2k

u2k
.

Then uk is the solution of problem (3). ��

3 Proposed algorithm

In this section we first present our algorithm for solving problem (5), giving the description
of its steps and in particular, how to choose the variable exponent functions p(.) and q(.). In
the second part, we give some classical methods of speckle noise reduction.

3.1 Algorithm of resolution

For given f , α, β, and �t , the numerical algorithm of resolution of problem (5) is the
following:
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Algorithm 1 Proposed Algorithm

Initialize : i = 0, u0 = (u01, u
0
2, u

0
3), p

0 and q0

For i =0 to N (iterations) do

1. For k = 1 to 3 do
Compute the solution ui+1

k of equation (5)
End for

2. Compute the relative error:

Errori+1 = max
k=1,2,3

{ ‖uik − ui+1
k ‖

‖uik‖

}

If Errori+1 < ε2, break.
3. Compute pi+1 and qi+1:

pi+1 = 1 + exp(−k1‖∇ui+1‖DZ )

qi+1 = 1 + exp

⎛
⎝−k2

√√√√ 3∑
k=1

(�pu
i+1
k )2

⎞
⎠

End for

where

• u = (u1, u2, u3) is the original color image,
• k1, k2 are positive constants,
• ‖.‖ is one of the standard norms in R2,
• ‖∇ui+1‖DZ is the Di Zenzo gradient norm (see [8, 20, 30]).

The stopping criterion in this algorithm is given by step 2: the algorithm is stopped after
N iterations when the relative difference between consecutive iterates ErrorN+1 is smaller
than a (small) positive threshold ε2.

In step 1, we compute the solution of Eq. (5) as follows:

ui+1
k = uik

uik + �t

(
uik − α�t F1

ε

(
uik

)
+ β�t F2

ε

(
uik

)
+ �t

f 2k
(uik)

2

)
(6)

where

F1
ε

(
uik

)
= �

((
|�uik | + ε

)q(x)−2
�uik

)
,

F2
ε

(
uik

)
= div

((
|∇uik | + ε

)p(x)−2 ∇uik

)
,

ε being a small positive regularisation constant.
In this algorithm, there are two particular cases:

• First case: p = q = 2 leads to the so-called biharmonic model.
We compute ui+1

k using Eq. (6) with F1
ε (uik) = �(�uik), and F2

ε (uik) = �uik . It is
not surprising to obtain modest results with this model, as its isotropic diffusion gives a
blurred restored image. This justifies the fact that the diffusion should be relaxed between
the homogeneous parts and the geometric structures of the image.
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• Second case: p = q = 1 leads to the so-called second order TV model.
We compute ui+1

k using Eq. (6) with F1
ε (uik) = �

(
(|�uik | + ε)−1�uik

)
, and F2

ε (uik) =
div

(
(|∇uik | + ε)−1∇uik

)
. Note that this model is the slowest one (particularly when ε is

too small)

Step 3 is the most important part in this algorithm. In order to relax the process of
restoration between homogeneous parts and important geometric structures in the image, we
adaptively set the indicators p and q based on the Di Zenzo gradient and the p(.)-Laplacian
operator as follows:

pi+1 = 1 + exp(−k1‖∇ui+1‖DZ ) and qi+1 = 1 + exp

⎛
⎝−k2

√√√√ 3∑
k=1

(�pu
i+1
k )2

⎞
⎠ .

Remarks:

• The Di Zenzo gradient is currently one of the best edge detector for color images. Its
particularity is that it not only gives an accurate edge detection, but it is also easy to
compute. The multichannel gradient operator is defined in [8] by the square root of the
largest eigenvalue of the following tensor matrix:

T =
(
T11 T12
T12 T22

)
,

where Tlm = ∑3
k=1

∂ui+1
k

∂xl

∂ui+1
k

∂xm
, 1 ≤ l,m ≤ 2, and the norm of this gradient is given

by: ∥∥∥∇ui+1
∥∥∥2
DZ

= 1

2

[
T11 + T22 +

√
(T11 − T22)2 + 4T 2

12

]
. (7)

In [20], the authors give a simplified equivalent formulation as follows:

∥∥∥∇ui+1
∥∥∥2
DZ

= F(∇ui+1)

3∑
k=1

∣∣∣∇ui+1
k

∣∣∣2 (8)

where the function F is defined by:

F(∇ui+1) =
⎧⎨
⎩

1 +√1 − 4g(∇ui+1)

2
if ∇ui+1 �= 0,

1 if ∇ui+1 = 0,

with

g(∇u) = det2(∇ui+1
1 ,∇ui+1

2 ) + det2(∇ui+1
1 ,∇ui+1

3 ) + det2(∇ui+1
2 ,∇ui+1

3 )(∣∣∣∇ui+1
1

∣∣∣2 +
∣∣∣∇ui+1

2

∣∣∣2 +
∣∣∣∇ui+1

3

∣∣∣2)2 (9)

with

det2(∇ui+1
r ,∇ui+1

s ) =
(

∂ui+1
r

∂x1

∂ui+1
s

∂x2
− ∂ui+1

r

∂x2

∂ui+1
s

∂x1

)2

, for r , s = 1, 2, 3,

and |.| is the Frobenius norm in R
2.
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Fig. 1 Evolution in logarithmic scale of the CPU time as a function of the number of pixels for different noise
levels with ε2 = 10−4

• Inspired from the previous works in [21, 23, 24, 31, 32], we choose the p(.)-Laplacian
operator to detect thin structures in the color image. However, first order differential
operators (such as the classical gradient) cannot see thin structures [24]. Filaments and
points in the image are usually considered as thin structures, as there is nomodification of
the intensity across the jump, which is not the case for edges. In the presence of noise, the
detection of such small irregular objects becomes more difficult. For the above reason,
we need to use a higher order differential operator, as the p(.)-Laplacian, to enhance the
detection of thin structures.

• In the smoothest parts of the image, the Di Zenzo gradient and the multichannel p-
Laplacian have small normvalues, close to zero, thus pi+1 and qi+1 take values close to 2,
and the restoration process becomes then isotropic in these regions. Nearby the geometric

thin structures of the image, the following norms ‖∇ui+1‖DZ and
√∑3

k=1(�pu
i+1
k )2

have much larger values, thus pi+1 and qi+1 will take values close to 1 and the diffusion
becomes relaxed and anisotropic.

• The complexity of this algorithm is based on three key factors: the size of the image,
the noise level and the stopping criterion threshold. We mention that the complexity of
the biharmonic model and the second-order TV model, applied to grayscale problems, is
respectively O(n log(n)) and O(n2), where n is the number of pixels in the image (see
[2, 20, 28]). As our algorithm diffuses in a relaxed manner between homogeneous areas
and geometric structures of the image, we can expect a complexity of at best O(n log(n))

and at worst O(n2). We performed the numerical simulation using Matlab 8.5 (R2015a)
by running the program on a desktop computer with an Intel Core i5, 4.6 GHz CPU and
8 GB of RAM.
Figure 1 illustrates the complexity behavior of our algorithm with respect to O(n2) and
O(nlog(n)) for different noise levels, with ε2 = 10−4.
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3.2 Some classical methods of speckle noise reduction

• Median Filter [33] :Themedian filter is a nonlinear methodwhere each pixel is replaced
by the median value of its 3 × 3 neighboring pixels.

• Kuan Filter [34]: The Kuan filter approach transforms the speckle noise model into an
additive linear resolution form as shown in the following equation :

IF = I .W + I . (1 − W ),

where :

– I is the observed image (corrupted with speckle noise),
– IF is the filtered image,

– W =
1 − c2u

c2i
1 + c2u

is the weighting factor,

– cu = σu

u
and ci = σI

I
– u is the mean value of the speckle noise image u ,
– σu is the speckle noise variance,
– I is the mean value of I ,
– σI is the variance of I .

• Frost Filter [35]: Filtering the image with a Frost filter consists in estimating the filtered
pixel values as follows:

– Define a fixed n× n (n=5 or 3) pixels local window in the noisy image centred at the
pixel of interest.

– Convolve the local window with a weighting factor as follows:

y =
∑

x ∗ w∑
w

,

where:
* x is the defined local window,
* w = exp(−kcx |t0|) is the weighting factor,
* cx = σx

x , where x and σx are the mean value and the variance of x ,
* |t0| is the distance between the center pixel and the other pixels in x ,
* k is the damping factor.

– Replace the value of the pixel of interest with the corresponding filtered pixel value.

• A variational adaptive method: Second-order TGVmodel This model was proposed
in [36] to eliminate the additive noise present in MRI images. In order to adapt it to
speckle noise suppression, we minimize the following energy:

min
uk>0

{
TGV 2

α (uk) +
∫

�

(
fk − uk√

uk

)2

dμ(x)

}
,∀k = 1, 2, 3, (10)

where

TGV 2
α (uk) = sup{

∫
�

ukdiv
2(w)dμ(x) | w ∈ C2

c

(
�, Sym2 (

R
2)) ,

‖divi (w)‖ ≤ αi , i = 0, 1}.
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Fig. 2 Example of identified geometric structures on some tested color images

4 Numerical tests

In this section, we present several numerical tests, in order to study the efficiency of our
algorithm.

Figure 2 shows some examples of original images and corresponding p and q indicators.
The original images are corrupted with a speckle noise for different levels of variance σ 2 ∈
{0.01, 0.02, 0.04, 0.1, 0.3}. In these tests, in order to quantify the quality of restoration, we
choose the SSIM indicator (Structural Similarity), the PSNR (Peak Signal to Noise Ratio),

the MSE (relative mean squared error) and the speckle index SSI = σ 2

I
, where I is the mean

value of the restored image. Restored images that have a SSIM index between 0.7 and 1,
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Table 1 Sensitivity of indicators with respect to α with σ 2 = 0.01, β = 20 and �t = 0.01

Indicator Structure image Lena image

SSIM PSNR MSE SSI SSIM PSNR MSE SSI

α = 0 0.804 28.38 0.0539 0.0142 0.903 31.06 0.0534 0.0192

α = 0.01 0.807 28.54 0.0529 0.0142 0.904 31.14 0.0536 0.0192

α = 0.1 0.827 30.54 0.042 0.0140 0.912 32 0.05 0.0190

α = 1 0.810 28.71 0.0510 0.0142 0.902 31.04 0.0533 0.00191

α = 10 0.799 28.48 0.0535 0.0142 0.900 31 0.0541 0.0192

α = 100 0.753 28.19 0.0563 0.0142 0.848 29.27 0.0696 0.0192

α = 200 0.69 26.76 0.0669 0.0143 0.756 26.53 0.1 0.0193

α = 1000 0.0376 9.2 16.22 0.0160 0.110 11.49 2.09 0.0210

Optimal values are in bold

Table 2 Sensitivity of indicators with respect to β with σ 2 = 0.01, α = 0.1 and �t = 0.01

Structure image Lena image

Indicator SSIM PSNR MSE SSI SSIM PSNR MSE SSI

β = 0 0.594 23.16 0.0989 0.0142 0.756 25.84 0.1 0.0192

β = 0.5 0.605 23.43 0.0962 0.0142 0.763 26.08 0.0967 0.0192

β = 2 0.627 23.96 0.0897 0.0142 0.7841 26.81 0.0898 0.00192

β = 10 0.7266 26.48 0.0668 0.0141 0.8618 29.74 0.0626 0.0191

β = 20 0.827 30.54 0.042 0.0140 0.912 32 0.05 0.0190

β = 50 0.56 25.09 0.0812 0.0142 0.650 23.98 0.13 0.0193

β = 100 0.237 17 0.216 0.0145 0.361 17.18 0.339 0.0194

Optimal values are in bold

Table 3 Sensitivity of indicators according to �t with σ 2 = 0.01, α = 0.1 and β = 20

Structure image Lena image

Indicator SSIM PSNR MSE SSI SSIM PSNR MSE SSI

�t = 0.001 0.62 23.58 0.0915 0.0142 0.78 26.69 0.0901 0.0194

�t = 0.01 0.827 30.54 0.042 0.0140 0.912 32 0.05 0.0190

�t = 0.1 0.151 14.38 0.52 0.0147 0.226 14.23 1.94 0.0197

Optimal values are in bold

PSNR values between 25db and 40db, MSE value close to or smaller than 10−2 and a SSI
value close to that of the original image are assumed to be of good quality.

The choice of parameters α and β will affect the level of regularization of the images.
These parameters keep a balance between denoising and preserving the important objects
and edges. k1 and k2 are two threshold positive parameters, generally we take them very
small to reduce the effect of noise on geometric structures (edges and thin structures).

For all numerical examples presented here, we set α = 0.1, β ∈ {10, 15, 20}, �t = 0.01,
k1 = 0.005, k2 = 0.03, p0 ≡ 2 and q0 ≡ 1, and the algorithm is stopped when ErrorN+1 is
smaller than ε2, with typical values of ε2 = 10−4, 10−6, or 10−8. The choices of the optimal
values of the parameters α, β and�t have been studied on the Lena image example in Tables
1, 2 and 3, in which we study the indicators sensitivity with respect to these parameters for
a standard level of noise (σ 2 = 0.01).
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Fig. 3 The map generated by the indicator q of the Lena image with k1 = 0.005 and different values of k2

Fig. 4 The map generated by the indicator p of the Lena image with k2 = 0.01 and different values of k1

Based on previous works on the second order variational model to remove speckle noise
[21, 23, 28], we take β = 20, �t = 0.01, k1 of the order of 10−3 and k2 of the order of 10−2.
Figure 3 shows the map generated by the indicator q of the Lena image with k1 = 0.005 and
different values of k2, Fig. 4 shows the map generated by the indicator p of the Lena image
with k2 = 0.01 and different values of k1.
Table 1 shows the evolution of the indicators of restoration quality according to the parameter
α with β = 20, �t = 0.01 and σ 2 = 0.01. We can see that the optimal value of α is 0.1, for
which the values of the indicators are the best. The obtained values of SSIM, PSNR, MSE
and SSI according to β with α = 0.1, σ 2 = 0.01 and �t = 0.01 shown in Table 2, confirm
our choice of the optimal value of β.

In order to confirm the results of convergence in Lemmas 3 and 4, we present in Table
3 the indicators sensitivity according to three values of �t with σ 2 = 0.01, α = 0.1 and
β = 20. The optimal value of �t is 0.01, for which we obtained the best values of SSIM,
PSNR, SSI and a relative error (MSE) smaller than 5%. For�t = 0.001, the obtained results
are modest, the SSIM is smaller than 0.7 and the relative error is between 9% and 10%. These
results are not suprising, in fact, if we replace �t by 0 in the Eq. (6), we obtain ui+1

k = uik ,
∀i proving the convergence of the sequence (uik) to the initial solution u0k . The bad results
obtained with �t = 0.1 confirm that �t should be very small to have the convergence of the
solutions sequence (uik).

Figures 5a, e and i show the noised color images with a speckle noise variance σ 2 = 0.02.
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Fig. 5 Restored image with our method from the noised image (σ 2 = 0.02)

Figures 5b, f, j, 6a, e and i show the restored color images by our approach with their
corresponding SSIM and PSNR indicators when σ 2 = 0.02 and σ 2 = 0.04.

One can see the efficiency of our approach for this level of noise. This shows that this
method is not very sensitive to the presence of high level of noise. The obtained restoration
quality indicators are very good for the two levels of noise. The SSIM index are larger than
0.7, PSNR values are between 26db and 38db and the SSI index is close to that of the original
image (see Fig. 7d–f).

Figures 5c, g, k, 9c, g, k and o, show the isovalues of the variable exponent p(.) edge
indicator in the image.

Figures 5d, h, l, 9d, h, l and p, show the isovalues of the variable exponent q(.) (indicator
of thin structures) in the image. p and q describe the different objects in the image. Nearby
the geometric structures, i.e. edges and thin structures, the values of p and q are close to 1,
while the values of p and q are close to 2 in homogenous regions. We can say that this result
highlights the importance of the high-order terms in thin structure detection and preserving.

In order to prove the efficiency of our method, we make a comparison with three standard
methods of speckle noise reduction: the median filter, the Kuan filter and the Frost filter. The
color images presented in Fig. 2a, d and g, are chosen for comparaison. The indicators of
the quality of the restored images, the SSIM, PSNR, SSI and the relative error are given in
Tables 4, 5 and 6. The evolution of SSIM and SSI depending on noise level is presented in
Fig. 7.

We can see in these tables and on Fig. 7 that the best indicator results are achieved with
our approach for the different noise levels. For σ 2 ≤ 0.04, the SSIM indicator is larger than
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Fig. 6 Comparison of the restored images with some classical methods with σ 2 = 0.04

Fig. 7 Evolution of SSIM and SSI versus noise level

123



Partial Differential Equations and Applications             (2025) 6:34 Page 19 of 30    34 

Table 4 Comparison with some classical methods on the Lena image

Level of Noise σ 2 = 0.01 σ 2 = 0.02

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.912 32 0.05 0.0199 0.85 30.37 0.060 0.0398

Frost filter 0.798 27.98 0.10 0.0199 0.767 27.64 0.102 0.0399

Kuan filter 0.802 28.47 0.0814 0.0199 0.77 28.21 0.082 0.04

Median filter 0.743 29 0.09 0.02 0.66 26.97 0.148 0.0401

Level of Noise σ 2 = 0.04 σ 2 = 0.1

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.80 28.03 0.08 0.0797 0.7 26 0.09 0.2

Frost filter 0.72 26.96 0.106 0.0802 0.638 25 0.11 0.203

Kuan filter 0.73 27.5 0.085 0.0803 0.62 24.8 0.117 0.203

Median filter 0.575 24.54 0.2 0.0805 0.44 21 0.3 0.207

Level of Noise σ 2 = 0.3

Indicators SSIM PSNR Error SSI

Our proposed model 0.6 22.3 0.13 0.62

Frost filter 0.48 20.57 0.18 0.64

Kuan filter 0.254 16 0.33 0.67

Median filter 0.29 16.88 0.3 0.67

Table 5 Comparison with some classical methods on the structure image

Level of Noise σ 2 = 0.01 σ 2 = 0.02

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.827 30.54 0.042 0.0144 0.76 28.8 0.050 0.0289

Frost filter 0.73 26.97 0.0655 0.0145 0.69 26.4 0.0691 0.0290

Kuan filter 0.722 26.59 0.0685 0.0145 0.67 26.09 0.0719 0.0291

Median filter 0.682 25.61 0.109 0.0146 0.574 23.8 0.14 0.0292

Level of Noise σ 2 = 0.04 σ 2 = 0.1

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.70 26.68 0.065 0.0580 0.63 24 0.087 0.147

Frost filter 0.61 25.57 0.0754 0.0584 0.52 23 0.098 0.15

Kuan filter 0.60 25.17 0.0789 0.0586 0.48 22 0.1 0.151

Median filter 0.465 21.66 0.192 0.0585 0.3 17 0.2 0.153

Level of Noise σ 2 = 0.3

Indicators SSIM PSNR Error SSI

Our proposed model 0.46 20 0.15 0.451

Frost filter 0.35 18.6 0.175 0.47

Kuan filter 0.162 14 0.28 0.49

Median filter 0.192 14.3 0.27 0.48
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Table 6 Comparison with some classical methods on the Foetus image

Level of Noise σ 2 = 0.01 σ 2 = 0.02

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.946 37.11 0.0540 0.0418 0.922 35.12 0.070 0.0837

Frost filter 0.9201 33.34 0.0919 0.0418 0.908 32.96 0.0944 0.0837

Kuan filter 0.9206 33.57 0.0856 0.0418 0.908 33.22 0.0894 0.0838

Median filter 0.903 34.88 0.104 0.0419 0.8542 32.56 0.143 0.0840

Level of Noise σ 2 = 0.04 σ 2 = 0.1

Indicators SSIM PSNR Error SSI SSIM PSNR Error SSI

Our proposed model 0.901 33.6 0.08 0.1676 0.86 31.2 0.09 0.419

Frost filter 0.88 32.25 0.099 0.1678 0.84 30.9 0.108 0.4217

Kuan filter 0.887 32.55 0.093 0.1678 0.81 30 0.118 0.4218

Median filter 0.785 29.9 0.19 0.1682 0.66 26.4 0.299 0.4215

Level of Noise σ 2 = 0.3

Indicators SSIM PSNR Error SSI

Our proposed model 0.8 29 0.12 1.268

Frost filter 0.7 27 0.15 1.293

Kuan filter 0.41 20.5 0.347 1.3

Median filter 0.48 21.66 0.31 1.295

70%, the relative error is smaller than 8%, the PSNR is the best one and the SSI value is the
nearest one to that of the original image.
The results obtained by the Frost filter, Kuan filter and median filter are globally worse, the
SSIM indicator is not always larger than 70%, the relative error is not close to 8% in most
cases, the SSI value is not the nearest one to that of the original image, only the value of the
PSNR is good. It is not surprising to obtain such results with these filters, as they process
the image locally in small windows centred at the pixel of interest, leading to artifacts in the
restoration process. These results confirm the fact that the restoration diffusion should be
relaxed between the homogeneous parts and the geometric structures of the image. We can
also see in these tables, that our approach is much less degraded when the level of noise is
increased (σ 2 > 0.04).
For the same images, we show in Fig. 8 a comparison of the extrema between restored images
by our approach and the noisy ones for every iteration. We can see that the three channels of
the restored image verify the condition of Lemma 1:

in f ( fk) ≤ uik ≤ sup( fk), ∀k = 1, 2, 3.

Still for validating the effectiveness of our approach, we propose to test it on less synthetic
and more realistic medical images as shown in Fig. 9.
Figures 10, 11 andTables 7, 8 highlight that ourmodel provides better image quality compared
to the second-order TGV model for the two levels of noise (σ 2 = 0.04 and σ 2 = 0.1).
The results obtained by the second-order TGV model are generally satisfactory, but the
SSIM, PSNR, and SNR values are lower than those produced by our approach for different
noise levels. The comparison results are not surprising, given that the second order TGV

123



Partial Differential Equations and Applications             (2025) 6:34 Page 21 of 30    34 

Fig. 8 The extremum principle with a comparison between restored image and noisy one for every iteration

model removes noise in the image independently for each channel. In contrast, our approach
considers the coordination between channels during the restoration process.
Figures 12 and 13 show the results of our approach in the presence of other types of noise
that may appear in an image during a clinical examination. Examples include Gaussian noise,
Poisson noise and salt and pepper noise. The noise level tested in this experiment is set by
default. We see that the elimination of Gaussian noise and Poisson noise was carried out
very satisfactorily, as evidenced by the SSIM and PSNR values displayed. However, it is less
effective for salt and pepper noise.
Among the important phases in medical imaging, segmentation is a crucial step. It consists
of extracting, from the image, one or more regions representative of the area of interest. In
our experiment, represented in Fig. 14, we used the watershed method for segmentation (for
more details, see [37]). This method is mainly based on good restoration and detection of the
geometric structures of the image, which is ensured by our approach.
Figure 14c shows red blood cells segmented as 31 regions, each surrounded by black lines;
Fig. 14f shows the tumor area in the brain segmented, a single region surrounded by an
orange line; Fig. 14i shows the coronavirus-infected area in the lung segmented, with the
region colored in green; Finally, Fig. 14l shows the tumor area in the lung segmented, a single
region surrounded by an orange line.
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Fig. 9 Some other results obtained with our method from noised medical images where σ 2 = 0.1

5 Conclusion

In this work, we generalized to color images the non standard q(.)-Kirchhoff model for
removing speckle noise in gray level images. The proposed model is based on the resolu-
tion of the q(.)-biharmonic and p(.)-Laplacian coupled problem with Neumann boundary
conditions, where p and q are adaptively chosen based on the Di Zenzo gradient and the
p(.)-Laplacian operator of the image.

We studied the semi-implicit scheme used to numerically solve the proposed problem,
and we proved the existence and uniqueness of a sequence converging to the exact solution
of the original problem in an adequate Banach space.

The numerical experiments we presented here confirm the efficiency of this approach. The
obtained numerical results showa very good quality of the restored images,with identification
and preservation of important geometric structures.
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Fig. 10 Comparaison of the restored images obtained by our and TGV model with σ 2 = 0.04
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Fig. 11 Comparison of the restored images obtained by our and TGV model with σ 2 = 0.1
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Table 7 Table for comparaison of results presented in Fig. 10

Image Indicators Noisy image TGV model Our proposed model

Blood SSIM 0.562 0.73 0.83

PSNR 20.37 23.09 27.7

SNR 13.98 16.7 21.39

Brain color SSIM 0.76 0.8 0.9

PSNR 23 21.15 26.6

SNR 14.62 15 18.5

X-ray horizontal cut SSIM 0.5455 0.80 0.85

PSNR 19.23 22.15 24.93

SNR 15.85 18.74 22.55

Lung cancer SSIM 0.3124 0.94 0.957

PSNR 18.8 22.52 24.57

SNR 15.9 22.17 22.19

Table 8 Table for comparaison of results presented in Figure 11

Image Indicators Noisy image TGV model Our proposed model

Blood SSIM 0.43 0.69 0.75

PSNR 16 22.48 25.1

SNR 10 16 18.72

Brain color SSIM 0.68 0.74 0.875

PSNR 19.41 20 24.15

SNR 10.9 13.65 16

X-ray horizontal cut SSIM 0.438 0.76 0.8

PSNR 15.48 19.7 21.4

SNR 12 16.34 17.97

Lung cancer SSIM 0.24 0.9 0.928

PSNR 15 17.93 21

SNR 12 17.58 18.6
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Fig. 12 From left to right: removal of Gaussian noise, Poisson noise, and salt and pepper noise by our approach
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Fig. 13 From left to right: removal of Gaussian noise, Poisson noise, and salt and pepper noise by our approach
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Fig. 14 From left to right: noised image (σ 2 = 0.04), edges detection by our approach, segmented areas of
interest
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