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Abstract

Image denoising is a computer vision task that mainly aims to remove unwanted
noise from a given image while preserving all necessary details and related
information. Detection of edges and smooth image generation are required criteria
for measuring the quality of the image denoiser. This paper introduces a new model
for image denoising based on total variation (TV). The unprecedented novelty total
variation (NTV) model combines £;norm-based total variation (TV) and ¢, norm-
based TV regularization. This paper uses the implicit finite difference method to
solve the NTV model numerically. The statistical measurements are used to
compare the results obtained using the NTV model with those obtained using other
models, which show the superiority of the proposed model in terms of its
effectiveness and efficiency through removing different types of noise from images.
This proposed model is effective in detail sharpening and texture preservation.

Keywords: Image Denoising, Regularization Technique, Total Variation,
Anisotropic Technique, Isotropic Technique, Implicit Finite Difference Method.
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Introduction

Over the last two decades, an increased interest in and use of mathematical models has been
observed in different domains, such as engineering, physics, computer science, and so on.
These mathematical models have been used in computer science applications such as
denoising, inpainting, segmentation, zooming, and super-resolution for images [1]. Generally,
many types of noise will be included in images obtained from acquisition and compression,
making certain areas of the image too difficult to interpret. Low-quality cameras and poor
light may also add some noise to the image. Techniques based on regularization variational
and partial differential equations (PDEs) have been used and investigated in these domains
recently due to their modeling flexibility and numerical application advantages [2].

In this paper, the use of PDEs in the noise reduction problem in digital images will be
studied because it is still an active research field that arouses researchers' interest in image
processing. Image noise results from several reasons, such as sensor defects [3], transmission
problems [4], natural noise [5], image compression [6], etc. There are several techniques
introduced for noise removal in images, such as Variational [1], [7], Spatial domain filtering
[8], Transform domain filtering [9], Low-rank denoising [10], Sparse representation [11], and
Deep learning-based denoising [12]. Various challenges remain unresolved in removing noise
from images when using different types of noise.

PDE-based image denoising methods are a tool for image smoothing. As a result, one of
the primary considerations when selecting a technique for creating image noise reduction
models is how well it preserves the image's characteristics during smoothing [13]. The
methods based on a TV concept will be particularly studied. The criterion of TV is high
efficiency in various other image processing tasks. One explanation for this is that the TV
operator enforces a concept of regularity that is well-suited to images: it penalizes oscillations
and random fluctuations while allowing discontinuities. This is an intriguing trait because
genuine images typically have discontinuities in the intensity map generated by occluding
elements in the scene.

In 1992, Rudin, Osher, and Fatemi (ROF) initially proposed the use of Total Variation
(TV) for image-denoising [14]. The ROF approach is introduced based on TV minimization
for noise removal in images, where it often produces denoised images with odd local
configurations that allow for a minimal overall TV. This is known as the gradient effect [15].
TV operators find application in denoising and broader signal restoration issues such as
compressed sensing [16], deconvolution [17], interpolation [18], colorizing [19], and
inpainting [20]. Furthermore, the concept of TV was developed and expanded in various
ways [21]. Yang, Bo, et al. investigated the suitability of the TV denoising technique for
preprocessing NPP signals [22]. Afonso, Manya V. et. al used the TV regularization method
to study image reconstruction with missing pixels or noise-corrupted images [23].

M. Grasmair and F. Lenzen suggested a combination and addition of anisotropy to the TV
regularization to improve the result and treatment of the gradient that the TV suffers from
[24]. C. Qiang et al. created a mathematical model based on TV based on a new edge index
called difference curvature that can distinguish between scarps and slopes [25].
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G. Lin et al. put up a three-dimensional model for the problem of deblurring 3D images,
based on fractional total variation (3DFTV) [26]. P. Cong Thang et al. introduced a novel
model in which the regularization term combined TV and high-order TV. Additionally, the
authors investigated the existence and uniqueness of the minimizer for the model under
consideration. The results of the experiments are given to show how effective the suggested
model is [27].

This paper proposes a new combining denoising model to deal with different types of
noise in images. The model was built based on combining TV-#;, and TV- £,, enabling the
denoising method to remove the noise and preserve the edges and corners in the images
without artifacts; more details can be found in Section 3. The rest of the paper is organized as
follows: Linear and non-linear TV denoising models are presented in Section 2. The proposed
TV denoising model is introduced in Section 3. Several numerical results of the proposed
model and other models for image noise reduction have been presented and compared, and
the conclusions will be discussed and presented in Section 4. Finally, the conclusions are
introduced in Section 5.

2. Image denoising based on linear and nonlinear TV Models

Let an image u defined as u : 2 - R, and M X N represented by the size of u, and 2 is
the image domain. The derivatives d,u, d,u of u in x and y directions respectively were
defined as below:

Ujj — Uj-1,j 1<is<M, 1<jsN

Oxij = {ui,j — Upy,j i=1, 1<jsN O
Ujj —Ujj 1<i<M, 1<jsN

Oyuij = {ui,j — Uiy 1sisM,  j=1 2)

Where x is the horizontal direction, and y is the vertical direction of u. Then the gradient
was defined as follows:
Vu = (O,u,dyu)’, 3)

The nonlinear model of TV-#; was introduced by Rudin et al. in 1992 [14]. It is
formulated by:

A
min= || f = ullz + I7ull,, (4)

where f is a noised image, 4 > 0 is a parameter that controls the trade-off between data
fidelity and regularization, and u is the desired image. The minimization of functional (4) has
been solved by Euler Lagrange equation. Then, the gradient descent method has been applied
to it:

_2 Vu c
(S (f—u)+V'W (5)

Where t represents the time, and u, represents the change of u in the time direction.
Smaller A is useful for eliminating noise, whilst larger A aids in maintaining image features.
The image gradient in the TV-£; model was used to regularize images and performed well in
preserving edges during noise removal. It is frequently utilized in several image problems,
even though it can produce a staircase effect through processing, (for details, see [28]).

While the linear model of TV-£, was also proposed in 1992 by Rudin et al. [14], the formula
for this model is introduced as follows:
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minAllf —ull + [|Vulle,, (6)

The minimization of functional (6) has been solved by Euler Lagrange equation, then the
gradient descent method has been applied to it:
u = A(f —u) + Au (7

Where t represents the time, and u, represents the change of u in the time direction. The
image gradient in TV-£, model was applied to regularize images and performed poorly in
preserving edges during noise removal. Furthermore, the connectivity principle is not
satisfied, and the curvature preservation is not maintained when using this model to remove
noise in images. The information is propagated in all directions by applying this model,
which results in blurry images and the loss of edges.

3. Proposed Total Variation Model
To address the defect of obtaining a blurry image during noise removal and edge loss
using TV-#; and TV-£, models. This paper introduced a novel total variation model (NTV)
for noise removal in the images. This model is introduced based on combining TV-#; and
TV-£, models as below:
minAllf — ull + allVulle, +BlIVull, (8

Where the value of f parameter is used to control noise removal in low-texture images,
while the a is applied to control the texture reconstruction in high-texture images. The
minimization of functional (8) has been solved by Euler Lagrange equation, and then the
gradient descent method has been applied to it:

= Af =) + @V -~ 4 pau ©)
|Vul

Where t represents the time, and u, represents the change of u in the time direction. In
this model, the values of S, a,and A parameters are used to control noise removal and
reconstruct the edges and corners in the images. These parameters will help to control dealing
with different values of texture images. This proposed model is introduced to face the
drawbacks of TV-#; and TV-#, models, its results overcome those obtained using TV-#; and
TV-£, models.

4. Numerical Experiments

In the field of numerical methods, many articles have used these methods to solve
equations numerically [29], [30], [31]. In this paper, TV-#;, TV-£, and NTV models are
numerically solved using the implicit finite difference method (IFDM) to evaluate their
performance. The IFDM is applied to solve TV-#; in (5) TV-¢; in (7) and NTV in (9),
separately. The noise removal procedure was implemented in MATLAB code, where (elapsed
for MATLAB, version R2023a). Natural images in the Berkeley Database [32] are used in
these experiments, where they represent the low- and high-texture color images, as seen in
Figure 1.
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Figure 1: Example of eight out of 100 training naf'ﬁfél imagés.

Figure 2 shows the results of removing the noise from the natural images using TV-£; and
TV-£,, and NTV models.

a-Original image b- Noised image c- Denoised image using TV-£,

d- Denoised image using TV-£, e- Denoised image using NTV

Figure 2: Example of Gaussian noise removal using TV models at 800 iterations.

In Figure 2, it is observed that the denoised image using the NTV model is almost the

same as the original image, while the denoised images using TV-£; and TV-£, models are
not the same as the original image. To further check the quality of a denoised image,
statistical measurements are used, in particular, to check the efficacy of TV models.
Different types of experiments have been done to study the efficacy and efficiency of the
proposed mathematical model for noise removal in the images. In these experiments, the
quality of denoised images is checked through comparison with original noise images, using
several statistical quality measures (SQMS), such as mean square error (MSE), peak signal-
to-noise ratio (PSNR) [33], structural similarity (SSIM) [34], and entropy - of original (Eo), -
of denoised (Ed) images [35].
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4.1. Different types of noise

The proposed model has been used to remove different types of standard ratio noise in
images, such as Gaussian, Speckle, Poisson, and Salt & Pepper [36]. In this experiment, the
values of parameters «, and 8 are used as 0.001, and the iteration is 1000. This experiment is
conducted on 100 color images, and the results of the NTV model are contrasted with those
obtained using TV-#;, and TV-#,. Figure 3 gives different types of standard ratio noise in
color images.

a- Gaussian noise c- Poisson noise

b- Speckle noise

d- Salt & Pepper noise

Figure 3: Different types of standard ratio noise in color images.

Tables 1-4 summarize the average values of MSE, PSNR, SSIM, entropy, and the time
taken to obtain results utilizing these models.

Table 1: Statistical Quality measurements for Gaussian noise removal in images, obtained
results using TV-#,, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢, 62.96939 30.33977 0.50031 7.14413 6.77245 29.26082
TV-¢, 49.95006 31.41951 0.56405 7.14413 6.89734 13.77505
NTV 36.51081 32.85549 0.73667 7.14413 6.99208 19.51194

Table 2: Statistical Quality measurements for Speckle noise removal in images, obtained
results using TV-#,, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-£, 67.34984 30.05256 0.50396 7.14413 6.77181 22.48796
TV-£, 56.54304 30.85985 0.56369 7.14413 6.87485 18.11611
NTV 45.73279 31.88311 0.70418 7.14413 7.01277 23.04775
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Table 3: Statistical Quality measurements for Poisson noise removal in images, obtained
results using TV-#;, TV-¢,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-?, 63.30611 30.29901 0.50602 7.14413 6.79922 28.12821
TV-¢, 50.48122 31.38211 0.57105 7.14413 6.85615 21.47309
NTV 34.79938 33.09532 0.74005 7.14413 6.94308 25.53961

Table 4: Statistical Quality measurements for Salt & Pepper noise removal in images,
obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-£; 61.7071 30.46544 0.49712 7.14413 6.74956 22.79845
TV-¢, 47.9755 31.62312 0.57182 7.14413 6.85447 14.27302
NTV 35.4588 32.94485 0.41603 7.14413 6.93746 16.78843

Tables 1-4 showed the results using the NTV model outperformed those obtained using
TV-£,, and TV-Z, in terms of noise removal and keeping edges for all these different kinds
of noise. Moreover, the above tables indicate that the NTV model is better at removing noise,
it yields a higher PSNR with less MSE and gives an SSIM value closer to one. The NTV
model also has an entropy closer to the original image entropy than the TV-#;, and TV-
£,models.

4.2. Different ratios of added noise

In this experiment, the different ratios of added Salt &Pepper noise to images have been
studied to check the performance of the proposed model. The ratios of Salt &Pepper noise are
0.1, 0.2, 0.3, and 0.4 which are applied in this experiment, the iteration is 1000, and the a and
B are 0.5. This experiment is conducted on 100 color images, and the results of the NTV
model are contrasted with those obtained using TV-#,;, and TV-£, models. Figure 4 gives
different ratios of added Salt &Pepper noise to color images. Figure 5 gives different ratios of
added Gaussian noise to color images.

c- A ratio is 0.3

b- A ratio is 0.2

a- A ratio is 0.1
Figure 4: Different ratios of adde

d- A ratio is 0.4

d- A ratio is 0.4

a8 2l vy R

c- A ratio is 0.3

b- A ratio is 0.2

a- A ratio is 0.1

Figure 5: Different ratios of added Gaussian noise to color images.
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Tables 5—8 summarize the average values of MSE, PSNR, SSIM, entropy, and the time taken
to obtain results utilizing these models.

Table S: Statistical quality measurements for Salt & Pepper noise removal in images, noise
ratio = 0.1, obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 15.4133 36.31721 0.23876 7.14413 7.03763 0.57254
TV-?, 13.1203 37.00402 0.23884 7.14413 7.02166 0.83402
NTV 12.3707 37.25565 0.23872 7.14413 6.98050 1.13303

Table 6: Statistical quality measurements for Salt & Pepper noise removal in images, noise
ratio = 0.2, obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 27.0363 33.87323 0.12687 7.14413 6.87304 0.57968
TV-¢, 25.1877 34.17228 0.12580 7.14413 6.78711 0.82976
NTV 24.6728 34.25736 0.12535 7.14413 6.65482 1.13269

Table 7: Statistical quality measurements for Salt & Pepper noise removal in images, noise
ratio = 0.3, obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-£, 38.73609 32.31198 0.08284 7.14413 6.66909 0.57587
TV-£, 37.28883 32.46829 0.08145 7.14413 6.51606 0.81025
NTV 36.99196 32.49846 0.08093 7.14413 6.25985 1.14645

Table 8: Statistical quality measurements for Salt & Pepper noise removal in images, noise
ratio = 0.4, obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 50.54876 31.15618 0.05797 7.14413 6.42015 0.58367
TV-?, 49.42895 31.24427 0.05666 7.14413 6.21817 0.81161
NTV 49.26637 31.25439 0.05632 7.14413 5.80235 1.13793

Tables 5-8 showed the results using the NTV model outperformed those obtained using
TV-£,, and TV-#, in terms of noise removal and keeping edges for all these different noise
ratios. Where, in the Salt & Pepper, Speckle, and Poisson noises, the MSE has a positive
relationship with the noise ratios, where the value of MSE is increased when the value of
noise ratios is increased, while the value of PSNR is increased when the noise ratios are
decreased. While, in the Gaussian noise, MSE has an inverse relationship with the noise
ratios because of the mechanism of adding Gaussian noise. Moreover, the above tables
indicate that the NTV model is better at removing noise, it yields a higher PSNR with less
MSE and gives an SSIM value closer to one. The NTV model also has an entropy close to the
original image entropy than the TV-#;, and TV-£,models.
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4.3. Different iterations of numerical solutions

Statistical measurements are used in this experiment to examine the execution of the
proposed model and the outcomes of these models at various iterations are compared with the
TV-¢£{, and TV-£, models. Those parabolic equations have a finite iteration number of
numerical solutions to use for the removal of noise. The solutions of those models are
examined at different iterations, and it is seen which model achieves a stable state very early
and thus comes to the noise removal in images at a low iteration number. This experiment is
conducted on 100 color images, the a and  are 0.001, and the Gaussian noise to images has
been studied to check the performance of the proposed model at different iterations. Tables 9—
12 summarize the average values of MSE, PSNR, SSIM, entropy, and the time taken to
obtain results utilizing these models at different iterations.

Table 9: Statistical Quality measurements for Gaussian noise removal in images, iteration =

600, obtained results using TV-#;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢, 57.04483 30.79851 0.52891 7.14413 6.82955 13.55861
TV-¢, 49.07543 31.50311 0.56846 7.14413 6.91802 8.76532
NTV 41.15065 32.16501 0.68813 7.14413 7.13686 10.51648

Table 10: Statistical Quality measurements for Gaussian noise removal in images, iteration =

800, obtained results using TV-¢;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 60.46011 30.52612 0.51163 7.14413 6.79819 17.91182
TV-¢, 49.60392 31.45191 0.56576 7.14413 6.90715 11.39328
NTV 36.93461 32.73582 0.73674 7.14413 7.05192 13.50584

Table 11: Statistical Quality measurements for Gaussian noise removal in images, iteration =

1000, obtained results using TV-¢;, TV-£,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢, 62.96939 30.33977 0.50031 7.14413 6.77245 29.26082
TV-?, 49.95006 31.41951 0.56405 7.14413 6.89734 13.77505
NTV 36.51081 32.85549 0.73667 7.14413 6.99208 19.51194

Table 12: Statistical Quality measurements for Gaussian noise removal in images, iteration =

1200, obtained results using TV-#;, TV-#,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢4 65.14019 30.18467 0.49203 7.14413 6.75092 31.77059
TV-¢, 50.33899 31.38188 0.56303 7.14413 6.89375 16.74161
NTV 37.68867 32.73836 0.71700 7.14413 6.94867 20.10283

Tables 9-12 showed the results using the NTV model outperformed those obtained using
TV-£;, and TV-#, in terms of noise removal and keeping edges for all these iterations. The
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solutions of the NTV model take a higher number of iterations to arrive at a steady state
rapidly than TV-#;, and TV-£, models through removing noise from the image. Moreover,
the values of MSE, PSNR, SSIM, and entropy using the NTV model are better than those
obtained using the TV-#;, and TV-£,models.

4.4. Different values of a and [ parameters

In this experiment, the NTV model performance is studied using different values of a and
parameters and their effects on it. Firstly, different values of a and f parameters are studied
in this experiment as seen in Table 13.

Table 13: Different values of o, and f parameters.

B value a value
1 0.001
0.001 1
1.5 0.5
0.5 1.5

This experiment was conducted on 100 color images. The Gaussian noise to images has
been used, the iteration was 1000, and the results of the NTV model are contrasted with those
obtained using TV-#;, and TV-£, models. Tables 14-17 summarize the average values of
MSE, PSNR, SSIM, entropy, and the time taken to obtain results utilizing these models.

Table 14: Statistical Quality measurements for Gaussian noise removal in images, iteration
=1000 obtained results using NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)

a=0.001,5=1 36.49688 32.85785 0.73653 7.14413 6.99210 17.75818

a=1p=0.001 42.73888 32.08741 0.72267 7.14413 7.10464 17.38383
a=15p=05 38.65261 32.55823 0.73838 7.14413 7.07381 17.33134
a=05p=15 46.48681 31.72723 0.69439 7.14413 7.04370 17.97016

The results of the proposed model were not promising, as seen in Table 14. The results
weren't stable, and the model's performance wasn't good. Therefore, the a and § parameters
are chosen at the same value and are applied in this experiment under the same conditions as
seen in Table 15.

Table 15: The same values of a, and f parameters.

P value a value
0.001 0.001
0.5 0.5
1 1
1.5 1.5

This experiment is conducted on 100 color images. The Gaussian noise to images has been
used, the iteration was 1000, and the results of the NTV model are contrasted with those
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obtained using TV-#;, and TV-£, models. Tables 16—19 summarize the average values of
MSE, PSNR, SSIM, entropy, and the time taken to obtain results utilizing these models.

Table 16: Statistical Quality measurements for Gaussian noise removal in images, a =
0.001, 8 = 0.001, obtained results using TV-#;, TV-#,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 62.96938 30.33976 7.14413 0.50031 6.77245 29.26081
TV-¢, 49.95005 31.41951 7.14413 0.56405 6.89734 13.77505
NTV 36.51079 32.85549 7.14413 0.73667 6.99208 19.51193
Table 17: Statistical Quality measurements for Gaussian noise removal in images, a =
0.5, 8 = 0.5, obtained results using TV-#;, TV-£,, and NTV models.
SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢,; 63.60143 30.28420 7.14413 0.49819 6.71307 22.04809
TV-¢, 80.13568 29.14319 7.14413 0.38034 7.46905 14.76103
NTV 42.70003 32.09748 7.14413 0.72428 7.06660 17.08428

Table 18: Statistical Quality measurements for Gaussian noise removal in images, @ =

1,5 = 1, obtained results using TV-¢;, TV-#,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢; 63.04330 30.32704 7.14413 0.49798 6.73488 22.11825
TV-¢, 82.04102 29.03929 7.14413 0.37040 7.45529 14.07832
NTV 46.30421 31.74700 7.14413 0.69541 7.04172 17.10227

Table 19: Statistical Quality measurements for Gaussian noise removal in images, a =
1.5, 8 = 1.5, obtained results using TV-¢;, TV-#,, and NTV models.

SQMs MSE PSNR SSIM Eo Ed Time (s)
TV-¢, 62.62307 30.35748 7.14413 0.49800 6.75294 22.14567
TV-¢, 82.54623 29.01225 7.14413 0.36723 7.44972 14.07469
NTV 46.41346 31.73357 7.14413 0.69454 7.04323 17.10031

Tables 16—-19 showed the results using the NTV model outperformed those obtained
using TV-#4, and TV-£, in terms of noise removal and keeping edges for all these different
values of a and f parameters. The best results of the proposed model were when the values
of a and f parameters were 0.001. Moreover, the above tables indicate that the NTV model is
better at removing noise, it yields a higher PSNR with less MSE and gives an SSIM value
closer to one. The NTV model also has an entropy closer to the original image entropy than
the TV-¢,, and TV-£,models.

5. Conclusion and Future Work
In this paper, a new image-denoising model was proposed based on combining TV-#,, and
TV-£,. Then IFDM is used to find the numerical solutions for the proposed model. These
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numerical results have been compared with those obtained using TV-£,and TV-£, models
based on statistical metrics. Different numerical experiments have been conducted to study
and check the efficacy and efficiency of the performance proposed model for noise removal
in color images. The quality of denoised images is checked through comparison with original
noise images, using MSE, PSNR, SSIM, and entropy, which is seen in these experiments as
follows:

Firstly, the NTV model has been applied to remove different types of noise, such as
Gaussian, Speckle, Poisson, and Salt & Pepper. It is shown that the numerical solutions of the
NTV model are the best, and its performance surpasses that of other models for all these
types of noise.

Secondly, evaluating the performance of the proposed model compared to other models
using different Salt &Pepper noise ratios, which are 0.1, 0.2, 0.3, and 0.4, it is noticed that the
model's performance is inversely proportional to the noise ratio. In comparison, maintaining
its efficiency compared to other models based on all these SQMs. It is also observed that the
model performance is proportional to the noise ratio when using the Gaussian noise type.
This is due to adding noise to this type, which improves the model's performance when the
noise percentage increases. From these results, it is noted that when there is a significant
amount of noise in the data, the model can adapt to these conditions and maintain acceptable
performance compared to other models.

In another experiment, the behavior of the proposed model was studied using different
iterations through Gaussian noise removal. It was noticed that the proposed model needed a
high number of iterations to reach a steady state, while other models required a few iterations.
Fourthly, the efficiency of the proposed model is studied using different a and B values. In
this experiment, two different procedures were conducted for choosing these parameters
when the values of @ and f are different through Gaussian noise removal in images. It was
found that the proposed model has better efficiency than other models, but the results weren't
stable. While the values of a and f are the same through Gaussian noise removal in images,
it is found that the proposed model has better efficiency than other models, and its efficiency
increases as the parameter values approach zero.

Finally, all these experiments have proven the results of the NTV model to overcome the
results of other models. Also, the NTV model visually succeeded in removing the noise in the
images in terms of preserving the texture (i.e. edges and corners) in the photos. This means
the NTV model was applied to remove noise in images and performed well in preserving
edges during noise removal. Furthermore, the connectivity principle is satisfied, and the
curvature is maintained.
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