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A Hybrid Model Combining Anisotropic Diffusion and Variable-Order Total Variation for
Poisson Denoising

Anouar Ben-Loghfyry1 and Youness El Yazidi2

abstract: In this paper, we present and analyze a new model for Poisson denoising, integrating variable-
order fractional derivatives with anisotropic diffusion. The unique challenge of Poisson image denoising lies in
its dependence on image intensity, which introduces significant complexities in the restoration process. The
intricate geometry of natural images demands robust regularization techniques that can preserve fine details
and maintain piecewise smooth regions. To achieve this, we employ a variable-order approach that adapts to
image features and an anisotropic diffusion term that accommodates directional variations within the image.
For the numerical solution, we implement the Alternating Direction Method of Multipliers (ADMM) algorithm,
a powerful tool for handling complex optimization problems. Extensive experimental results highlight the
effectiveness of our method, demonstrating marked improvements over existing state-of-the-art techniques for
denoising images corrupted by Poisson noise.
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1. Introduction

In real world applications, the appearance of the Poisson noise is seen due to the statistical behavior
of electromagnetic waves such as positron emission tomography, astronomical imaging x-rays, visible
lights, gamma rays [9,18,32]. For instance, the x-ray and gamma sources can emit a certain number
of photons. These sources have a random fluctuation considered as a Poisson distribution. In image
processing especially with Poisson noise type, even if the peak value is smaller, the image will be noisier.

In general, Poisson denoising models seek to reconstruct a clean image u based on the knowledge of
a observed noisy image f by solving the next problem

min
u

∫
Ω

(u− f log u) dx

where Ω ⊂ R2 is assumed to be the image domain.
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Nowadays, many regularization approaches have been presented and investigated in the case of Poisson
denoising field, including Tikhonov regularization [31], Total Variation approaches (TV) [7,28]. This
latter aims to solve the following problem

min
u

∫
Ω

|∇u|+ β(u− f log u))dx (1.1)

where β > 0 is a regularization parameter. In literature, there exist efficient algorithms for solving
Poisson denoising model based on TV-regularized (1.1), we mention for example: a primal-dual algo-
rithm [34], an alternating extra-gradient method [3], the well-known split Bregman method [20], and an
augmented Lagrangian method [14,10].

It is wildly known that the TV-based models can perform well by seeking piecewise constant images
for preserving edges and corners while removing the noise. But it has many drawbacks, such as the
staircasing effects and the loss of image contrasts [21]. To remedy these problems, some high-order
regularization terms in the Gaussian noise case have been presented, including anisotropic total variation
regularization [2,6], non-local TV model [16], a generalized version of TV regularization in [5].

In terms of fractional calculus, the fractional-order total variation (FOTV) is a generalization of
TV based models. Simulation results have shown that FOTV is able to fix the infamous drawbacks of
staircasing and speckle artifacts [1], as an advantage of the non-local property of fractional calculus.
The FOTV based models show also an important propriety, preserving features, edges and corners.
For instance, the FOTV can keep image contrasts [35] and preserve textures [26]. FOTV regularization
approach has been also applied in other situations such as image denoising in Gaussian noise case [8,35,15]
and in super-resolution field [17]. However, in this paper we introduce a variable-order fractional total
variation, which is generally a novelty in image processing. The idea behind this choice lays, as mentioned
above, in the effectiveness of the fractional derivative. Another reason for this choice is that the variable
order FOTV extends and generalizes the famous models TV and TV 2 for values in (1, 2) (see [15]).
The modeling process with this tool shows great results in real world applications especially the memory
characteristics of variable-order operators [24].

A novel attempt in this work lays in the anisotropic total variation regularization [2,6]. This term
was originally extracted from the PDE of Weickert [33]. This PDE shows a great performance in many
image processing fields, specially in facing the Staicasing effect and speckle artifacts.

The main contributions of this work lay in combining two novel models, the first is based on FOTV
with a variable order [15] and an anisotropic model based on Weickert model [33]. The combined model
is novelty in the field of Poisson denoising qnd in image processing. Besides to implementing the ADMM
algorithm for this kind of problems.

This paper is organized as follows. We begin in Section 2 by introducing the proposed model and
reviewing key formulas for fractional derivatives, covering both constant and variable-order cases for
comparison. In Section 3, we detail our finite difference approach for discretizing these derivatives and
then formulate the ADMM algorithm. Section 4 presents numerical simulations to illustrate our results,
and we offer concluding remarks in Section 5.

2. The proposed approach

Our proposed model integrates a variable-order derivative with anisotropic total variation. The model
takes the following form:

min
u

{
γ1(x) TV

α̂(u) + γ2(x)

∫
Ω

∇uTD(f)∇udx+ γ3(x)

∫
Ω

(u− f log u)dx

}
(2.1)

where γi(x) for i = 1, 2, 3 are the regularization parameters, verifying γ1(x) + γ2(x) + γ3(x) = 1 and the
function α̂ varies with respect to the norm of x and 1 ≤ α̂ ≤ 2. The diffusion matrix D will be discussed
in the next subsection(2.1).

In our model (2.1), we have two regularization terms. The first term TV α̂(u) is the Total Variation
model based on the fractional variable-order derivative. In literature, it is known that the fractional calcu-
lus has potentials, especially in image processing [15]. In the case of fractional derivatives, implementing
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this tools as a regularization term leads to improve the reconstruction quality of image by preserving
edges and corners, and also leads to enforce a reduced smoothness compared to famous regularizations
such as TV . The second term in (2.1) is an anisotropic total variation regularization based on diffusion
tensor. The idea behind this term is to try to combine the benefits of anisotropic filtering approach the
well-known Weickert model [33] and the known total variation. Which is famous for its noise deleting
quality.

It is clear that our model composition is based on two major ideas. The first is the use of a term that
can preserve features and control smoothness. Another term that can easily delete noises in a robust way.
The denoising procedure of our model is to start by the second regularization term in order to detect the
characteristics of the observed image. The result image will still be noisy but perfect to denoise thanks
to the anisotropic total variation which we will mention in the ADMM algorithm.

2.1. preliminary

In this section, we introduce the seminorm TV α̂. For all 1 ≤ α̂ ≤ 2 and x ∈ Ω, we introduce the space
Cα̂
0 (Ω) of α̂-order continuous and differentiable with a compact support functions on Ω. Thereafter, the

total variation of α̂-order reads

TV α̂(u) = sup

{∫
Ω

u divα̂ φdx : φ = (φ1, φ2) ∈
(
Cα̂
0 (Ω)

)2
, |φi|L∞(Ω) ≤ 1, i = 1, 2

}
,

and the divergence of α̂-order is defined as follows

divα̂ φ =
∂α̂φ1

∂xα̂
+
∂α̂φ2

∂yα̂

To this end, the bounded functions of α̂-order TV space, is defined by

BV α̂(Ω) :=
{
u ∈ L1(Ω) : TV α̂(u) <∞

}
.

Moving to the second regularization term. D = D(Jρ(∇αfσ)) is an anisotropic diffusion tensor and Jρ is
its structure, which is given by

Jρ(∇αfσ) = Gρ ∗ (∇αfσ ⊗∇αfσ) = Gρ ∗ (∇α(Gσ ∗ f)×∇α(Gσ ∗ f)T ), (2.2)

where ∇α is defined as the fractional constant-order Grunwald-Letnikov derivative, with Gρ and Gσ are

Gaussian convolution kernels given by Gτ = 1
2πτ2 exp(− |x|2

2τ2 ).
Defining the diffusion tensor D, recognize an eigenvalue decomposition of the tensor Jρ that we can

express it via an orthogonal matrix as V ∈ R2×2 by Jρ = V TΣV , where Σ := diag (λ+, λ−) ∈ R2×2 A
diagonal matrix, λ+ and λ+ represents the tensor Jρ eigenvalues. Those latter are given by the next

λ+/− =
1

2

(
trace(Jρ)±

√
trace2(Jρ)− 4det(Jρ)

)
(2.3)

From another side, the diffusion tensor D is expressed by

x ∈ D : Ω 7→ V T (x) diag (θ (λ+(x)− λ−(x)) , 1)V (x) (2.4)

with

θ(s) :=

(
1 +

s2

θ0

)−1

(2.5)

for some threshold θ0 > 0.
This choice is based on the geometric proprieties observed in the image. Indeed, if λ+/− ≈ 0, The
smoothing behaves isotropically in homogeneous regions, which are areas where u is nearly constant.
While if λ+ ≫ λ− ≈ 0 (or λ− ≫ λ+ ≈ 0), the smoothing process is anisotropic and oriented along the
edges. However, if λ+ ≫ λ− ≫ 0, the smoothing goes into corners.

The function θ in (2.5) is chosen carefully in order to satisfy the following constraints:

• Isotropic: in the homogeneous zones (u is almost constant), the diffusion process will be isotropic.

• Anisotropic: close to corners and edges, the diffusion process is anisotropic.
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3. Discretization and ADMM algorithm

We start by introducing the variable order derivative tools and the discretization of the diffusion
matrix D using the finite difference method.

3.1. Fractional variable order derivatives

To simplify the presentation, let’s first examine the 1D case. We consider a function f defined on
[a, b] ⊂ R and a fractional order α from R+.
We use the standard constant-order Grunwald-Letnikov derivative, defined as [25]. We introduce the
constant-order fractional derivative as follows:

G
aD

α
xf(x) = lim

h→0

1

hα

[ x−a
h ]∑

j=0

(−1)j
(
α

j

)
f(x− jh),

Where : (
α

j

)
=
α(α− 1) . . . (α− j + 1)

j!
.

This definition describes the left-sided constant-order fractional derivative.
Now, we move to a valuable properties about the recursive fractional derivative definitions.

Definition 1 We define the B-type fractional variable order derivative as next

B
aD

α(x)
x f(x) = lim

h→0

[ x−a
h ]∑

j=0

(−1)j

hα(x−jh)

(
α(x− jh)

j

)
f(x− jh)

The B-type fractional variable-order can be expressed in discrete form as next:

B∆αlfl =

l∑
j=0

(−1)j

hαl−j

(
αl−j

j

)
fl−j

Here, l = 0, 1, ...,M, and fl represents the l-th element of the discrete function f .

Remark 1 The B-type definition calculates the coefficients for past samples using the fractional order
that was present at each of those locations.

Another definition proposed in [23] offers a recursive alternative, which was mainly derived from the
previous definition. It is given by:

Definition 2 We define the E-type fractional variable order derivative by

E
aD

α(x)
x f(x) = lim

h→0

(
f(x)

hα(x)
−

[ x−a
h ]∑

j=1

(−1)j
(
−α(x− jh)

j

)
hα(x−jh)

hα(x)
E
aD

α(x)
x−jhf(x)

)
Following the same logic as the B-type, the discrete form of the E-type fractional variable-order derivative
is given as:

E∆αlfl =
fl
hαl

−
l∑

j=1

(−1)j
(
−αl−j

j

)
hαl−j

hαl

E∆αl−jfl−j (3.1)

where l = 1, ...,M .

Remark 2 In the special case of a constant order (i.e., α(x) = const), all three definitions coincide and
simplify to the standard constant-order derivative:

G
aD

α
xf(x) = B

aD
α
xf(x) = E

aD
α
xf(x)
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Now, we aim to establish the discrete form associated to E-type fractional variable-order derivative [22].

Theorem 1 The fractional operator E-type stated in (3.1) has a discrete form expressed as next

E∆α0f0
E∆α1f1

...

...
E∆αN fN

 = DN
0



f0
f1
...
...
fN

 (3.2)

where
DN

0 = D(αN , N) . . .D(α1, 1)D(α0, 0), (3.3)

and

D(αr, r) =

 Ir,r 0r,1 0r,N−r

qr h−αr 01,N−r

0N−r,r 0N−r,1 IN−r,N−r

 , for all r = 0, 1, . . . ,M

(qr)m = (−1)r−m+1

(
−αm−1

r −m+ 1

)
3.2. Diffusion matrix discretization

Let the image domain Ω be partitioned by a grid (xk, yl), where k = 0, ..., N +1 and l = 0, ...,M +1.
We perform our discretization along the x-direction at the inner grid points, corresponding to k = 1, ..., N
and l = 1, ...,M .

There are different approaches in the literature to perform discretization of div(D∇ψ) term. We
rewrite the fractional diffusion matrix in (2.4)

D := V T (x) diag (θ (λ+(x)− λ−(x)) , 1)V (x)

The discretization of the operator D is trivial. Furthermore, the eigenvalues are calculated as in (2.3).
For simplicity reasons, we denote:

D =

(
a b
b c

)
Now, we compute div(D∇ψ),

div(D∇ψ) = div

[(
a b
b c

)(
∂xψ
∂yψ

)]
= ∂x(a∂xψ) + ∂x(b∂yψ) + ∂y(b∂xψ) + ∂y(c∂yψ)

= ∂xa ∂xψ + a ∂xxψ + ∂xb ∂yψ + b ∂xyψ

+ ∂yb ∂xψ + b ∂yxψ + ∂yc∂yψ + c ∂yyψ

where ∂xu and ∂xu are given by

(∂xψ)i,k =

{
ψi+1,k − ψi,k if i < N

0 if i = N

(∂yψ)i,k =

{
ψi,k+1 − ψi,k if k < M

0 if k =M

Also for the second derivatives:

(∂xxψ)i,k =


ψi+1,k − 2ψi,k + ψi−1,k if 1 < i < N

ψi+1,k − ψi,k if i = 1

ψi−1,k − ψi,k if i = N
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(∂yyψ)i,k =


ψi,k+1 − 2ψi,k + ψi,k−1 if 1 < k < M

ψi,k+1 − ψi,k if k = 1

ψi,k−1 − ψi,k if k = N

(∂xyψ)i,k =


ψi,k+1 − ψi,k + ψi−1,k+1 + ψi−1,k if 1 < i < N , 1 < k < M

0 if i = 1

0 if i = N

(∂xyψ)i,k =


ψi+1,k − ψi,k + ψi+1,k−1 + ψi,k−1 if 1 < i < N , 1 < k < M

0 if k = 1

0 if k =M

Based of the foregoing quantities, the divergence operator div(D∇ψ) can be expressed in a new form as

[(∇)∗ (D(f)∇ψ)]i,k = (∂xa)i,k (∂xψ)i,k + ai,k (∂xxψ)i,k + (∂xb)i,k (∂yψ)i,k + bi,k (∂xyψ)i,k

+ (∂yb)i,k (∂xψ)i,k + bi,k (∂yxψ)i,k + (∂yc)i,k(∂yψ)i,k + ci,k (∂yyψ)i,k. (3.4)

The discretization of (3.4) at any inner point (i, j) is equivalent to convolving the image u with a 3×3
array, often called a stencil. For the numerical scheme to be stable, Weickert’s condition was that every
element of the diffusion matrix must be positive. The standard discretization (3.4) doesn’t guarantee this,
though. To fix this, Weickert [33] proposed a new non-negative discretization, which we’ve summarized
in Table (1).

|bk−1,l−1|− bk−1,l−1

4

+
|bk,l|−bk,l

4

ck,l+1+ck,l
2 − |bk,l+1|+|bk,l|

2
|bk+1,l+1|+ bk+1,l+1

4

+
|bk,l|+bk,l

4
ak−1,l + ak,l

2

− |bk−1,l| + |bk,l|
2

−ak−1,l +2ak,l +ak+1,l

2

− |bk−1,l−1|−bk−1,l−1+|bk+1,l+1|+bk+1,l+1

4

− |bk−1,l−1|+bk−1,l−1+|bk+1,l−1|−bk+1,l−1

4

− |bk−1,l|+|bk+1,l|+|bk,l−1|+|bk,l+1|+2|bk,l|
2

−ck,l−1+2ck,l+ck,l+1

2

ak+1,l+ ak,l
2

− |bk+1,l|+|bk,l|
2

|bk−1,l−1|+bk−1,l−1

4

+
|bk,l|+bk,l

4

ck,l−1+ck,l
2 − |bk,l−1|+|ck,l|

2
|bk+1,l−1|−bk+1,l−1

4

+
|bk,l|−bk,l

4

Table 1: Non-negative discretization stencil

We denote by A(u) the matrix containing the elements of the operator div(D∇u). Let S be the 3× 3
matrix whose components are given in Table (1):

S =

s11 s12 s13
s21 s22 s23
s31 s32 s33


For a fixed point (i, j), the term [A(u)]i,j is calculated as follows:

[A(u)]i,j = ui−1,j−1 s11 + ui−1,j s12 + ui−1,j+1 s13

+ ui,j−1 s21 + ui,j s22 + ui,j+1 s23

+ ui+1,j−1 s31 + ui+1,j s32 + ui+1,j+1 s33

which conclude the discretization with (∇)∗ (D(f)∇u).
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3.3. ADMM algorithm

Having established the discrete forms of the variable-order derivative and the diffusion matrix, we now
apply the ADMM algorithm. For the numerical implementation, we consider the following discretized
version of the Poisson denoising model (2.1):

min
u∈RN×M

γ1(x)
∥∥∇α̂u

∥∥
1
+ γ2(x) ⟨D(f)∇u,∇u⟩+ γ3(x) ⟨u− f log u,1Ω⟩

where 1Ω denotes the indicator function on a discrete grid of the image domain Ω.

Remark 3.1 γ1,2,3(x) are taken as constant parameters.

To solve the proposed model (2.1), we employ the alternating direction method of multipliers (ADMM)
[4,13]. We first introduce an auxiliary variable z to reformulate (2.1) as:,

min
u,z

γ1∥z∥1 + γ2
〈
∇uTD(f)∇u,1Ω

〉
+ γ3 ⟨u− f log u,1Ω⟩ s.t. z = ∇α̂u (3.5)

The augmented Lagrangian functional associated to (3.5) reads

L(u, z;λ) = γ1∥z∥1+
〈
λ, z−∇α̂u

〉
+
µ

2

∥∥z−∇α̂u
∥∥2
2
+γ2

〈
∇uTD(f)∇u,1Ω

〉
+γ3 ⟨u− f log u,1Ω⟩ (3.6)

where λ is the Lagrangian multiplier and µ is a positive parameter. The ADMM algorithm is then given
by the following subproblems: 

uk+1 = argmin
u

L
(
u, zk;λk

)
,

zk+1 = argmin
z

L
(
uk+1, z;λk

)
,

λk+1 = λk + µ
(
zk+1 −∇α̂uk+1

)
.

(3.7)

To solve the u-subproblem (3.7), we consider its Euler-Lagrange equation. With respect to u, this
equation takes the form:

−
(
∇α̂
)∗

λk − µ
(
∇α̂
)∗ (

zk −∇α̂u
)
+ 2 γ2 (∇u)∗ (D(f)∇u) + γ3

(u− f)

u
= 0 (3.8)

To handle the nonlinearity in (3.8), we use a fixed-point approach. We replace u in the denominator
and in the anisotropic TV term with uk. The update uk+1 is then found by solving the resulting linear
equation with the FFT, assuming periodic boundary conditions. uk+1 is given by:

uk+1 = F−1

F
[
γ3f + µuk ◦

(
∇α̂
)∗

λk + uk ◦
(
∇α̂
)∗

zk + 2γ2u
k ◦ (∇)∗ (D(f)∇u)

]
γ3 + µuk ◦ (∇u)∗F

(
(∇α̂)

∗)F (∇α̂)

 , (3.9)

where (∇)∗ (D(f)∇u) is given in (3.4), ∇α̂ is stated in (3.2) and F is the Fourier transform and ◦ is
component-wise multiplication. While the iterations in (3.9) are needed to approximate the solution for
(3.8), the z-subproblem has a direct, closed-form solution:

zk+1 = shrink

(
∇α̂uk+1 − λk

µ
,
1

µ

)

where shrink(s, ξ) := sgn(s)max{|s| − ξ, 0}. We summarize the complete ADMM algorithm for our
Poisson denoising model in Algorithm (1).
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Algorithm 1 The proposed ADMM approach

Inputs:
f observed noisy image.
Choose α̂, β, µ, ϵ, γ1,2,3

Initialize:
z0 = 0,λ0 = 0, u0 = f

While:
∥uk+1−uk∥

∥uk∥ < ϵ

Do:

uk+1 = F−1

F
[
γ3f + µuk ◦

(
∇α̂
)∗

λk + uk ◦
(
∇α̂
)∗

zk + 2γ2u
k ◦ (∇)∗ (D(f)∇u)

]
γ3 + µuk ◦ (∇u)∗F

(
(∇α̂)

∗)F (∇α̂)

 ,

zk+1 = shrink
(
∇α̂uk+1 − λk

µ ,
1
µ

)
λk+1 = λk + µ

(
zk+1 −∇α̂uk+1

)
k = k + 1

4. Numerical results and discussions

In this section, we present the numerical results to show the effectiveness of our approach compared
to existing Poisson restoration models. We compare our proposed model with TV α models using various
values of α. A quick note on our setup: we use the ADMM algorithm for the comparison models. All
tests were performed in Matlab 2018 on a computer with a 3 GHz processor and 16 Gb of RAM. We
check the performance of the models by measuring the PSNR and SSIM of the restored images. The
PSNR metric is defined as follow:

PSNR(A,B) = 10 log10
K2

1
MN

∑M
i=1

∑N
j=1 (Ai,j −Bi,j)

2

Here,K represents the original image U maximum peak value’s, and V is the recovered image. Calculating
the SSIM starts with the local similarity index (ssim), which is computed between two small patches, u
and v,

ssim(u, v) =
(2µuµv + c1) (2σuv + c2)

(µ2
u + µ2

v + c1) (σ2
u + σ2

v + c2)

where µu/σ
2
u and µv/σ

2
v are the average and variance of u and v respectively, and σuv is their covariance.

c1 and c2 are positive coefficients that just keep the denominator from being zero. The global SSIM is
the mean of all these local ssim values.

SSIM(U, V ) =
1

L

L∑
k=1

ssim (uk, vk)

with uk and vk being the corresponding patches and L as the total number of patches.

4.1. Results comparisons

Poisson noise is known to depend on the original image’s peak intensity. Because of this, we will test
the performance of different Poisson denoising methods using a noise level of 55.
While other peak values (like 55, 155, or 255) are possible, we restricted our tests to 55. This is because
a lower peak value results in a significantly noisier image, as Figure 1 illustrates, providing a better stress
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test for our model’s robustness. The reconstructed synthetic image used in the first figure 1 has the
following form, for any (x, y) ∈ [−50, 50]× [−50, 50]

u(x, y) = |x|a + |y|0.8 (4.1)

(a) Original image (b) Peak = 55 (c) Peak = 155 (d) Peak = 255

Figure 1: Different peak values of the image u defined in (4.1)

For the synthetic image, the optimal value of the fractional order for denoising is α = a + 1 = 1.8.
The denoising results for the synthetic image (4.1) are shown in Figure 2. We compare the results for
α = 1.8 and α = 1 (the TV model). Other test images are shown in the figures (3)-(6). They present the
denoising results at peak 55 using zoom-in patch to simplify the analysis later. The results are made by
our approach and the TV α models with α ∈ (1, 2). The values were taken differently, for β ∈ {4, 7, 9, 12},
for θ0 in the diffusion matrix (2.5), we took θ0 = 50, for γ1,2,3 in (2.1) we manage with γ1 = 1

peak while

verifying γ1 + γ2 + γ3 = 1 and finally for the values of σ and ρ in (2.2), we took σ = 1.5 and ρ = 4.5.

Remark 4.1 The fractional variable order α̂ was chosen numerically based on obtained values in
PSNR and SSIM. In future works, to obtain optimal values of α̂, one can employ heuristic methods
for example [11,12].

(a) Original (b) peak = 55 (c) TV [19] (d) TV α [27] (e) Ours

Figure 2: Comparison results of Poisson denoising using the synthetic image (4.1) with peak at 55
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(a) Original image (b) peak = 55

(c) TV [19] (d) TV α model [27] (e) Our approach

Figure 3: Comparison results of Poisson denoising using Barbara image with peak at 55

(a) Original image (b) peak = 55

(c) TV [19] (d) TV α model [27] (e) Our approach

Figure 4: Comparison results of Poisson denoising using Cameraman image with peak at 55
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(a) Original image (b) peak = 55

(c) TV [19] (d) TV α model [27] (e) Our approach

Figure 5: Comparison results of Poisson denoising using Einstein image with peak at 55

(a) Original image (b) peak = 55

(c) TV [19] (d) TV α model [27] (e) Our approach

Figure 6: Comparison results of Poisson denoising using Penguin image with peak at 55
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The Poisson denoising test results show the effectiveness of our model compared to the TV α models.
We assimilate the capability to preserve edges and corners of the original image, beside the robustness
of the denoising process. As we can see, the proposed model reduces Poisson noise well while preserving
important features, like the sharp edges and corners in the Barbara and Einstein images. Table (2)
provides the quantitative results, listing the PSNR and SSIM values.

Table 2: PSNR and SSIM values records for different models.

image Peak TV [28] TV α [27] proposed
55 PSNR=24.42 PSNR=25.87 PSNR= 26.98

SSIM=0.78 SSIM= 0.81 SSIM= 0.87
Barbara 155 PSNR=27.20 PSNR= 29.14 PSNR= 30.02

SSIM=0.84 SSIM=0.89 SSIM=0.91
255 PSNR=29.27 PSNR= 30.78 PSNR= 31.49

SSIM=0.89 SSIM= 0.92 SSIM=0.94
55 PSNR=26.67 PSNR=28.15 PSNR= 29.28

SSIM=0.80 SSIM= 0.87 SSIM= 0.90
Cameraman 155 PSNR=28.55 PSNR= 30.90 PSNR= 31.75

SSIM=0.83 SSIM=0.92 SSIM=0.94
255 PSNR=29.88 PSNR= 32.31 PSNR= 33.22

SSIM=0.87 SSIM= 0.94 SSIM=0.96

Our approach is mainly corrects the previous TV-based models drawbacks. The two regularizers
rectify the common issues such as the Staicasing effects. In general, the robustness in the Poisson noise
is rare, but our model shows a robustness against big values of noise (peak = 55). The suppression of
the noise while preserving important features and details give our approach a great deal compared to the
other models.

5. Conclusion

In this work, we proposed a model that combines two effective regularizers: variable-order Total
Variation and anisotropic Total Variation. This combination successfully avoids common artifacts like
staircasing and loss of contrast. We used the ADMM algorithm to solve the model and compared our
approach to the standard TV model and a fractional TV α model. Our method demonstrated strong
performance, both visually and quantitatively. It effectively removes noise while preserving important
edges and features. The quantitative results, presented in the table above, show higher PSNR and SSIM
values than the competing models. For future work, we plan to explore using artificial neural networks
(ANNs) to find optimal parameters and functions for the model.
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