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Abstract. This article describes the use of the Atangana-Baleanu fractal operator for the task
of enhancing textures in medical MRI images. It provides a detailed explanation of the mathematical
framework of the Atangana-Baleanu fractal differential. A numerical approach for calculating the
fractal differential using the finite difference method is considered. Based on the approximated
solution, approximation coefficients are determined. These coefficients are used to create eight
differently oriented masks, which serve as filters for spatial image processing in various directions.
A corresponding algorithm for applying fractal masks is developed and described. The obtained
results of the algorithm's performance on medical image processing are compared. The impact of the
image enhancement algorithm on image parameters is also investigated. Furthermore, a comparison
with other texture enhancement algorithms is conducted.

Keywords: Magnetic Resonance Imaging (MRI), Atangana-Baleanu Fractal Operator, Image
Enhancement, Python.

Introduction

Medical images are an integral part of diagnosing and treating patients, as they allow doctors to
visualize the internal structures of organs and tissues without the need for surgical intervention. They
enable the detection of diseases at early stages, monitor treatment effectiveness, and plan future surgeries.
It is crucial for doctors that these images are as clear and detailed as possible, as this significantly enhances
diagnostic accuracy and helps in selecting the optimal treatment approach.

One of the most widely used methods of medical imaging is Magnetic Resonance Imaging (MRI) of
the brain. It produces detailed images of brain tissues using a magnetic field and radiofrequency pulses.
However, MRI also has certain drawbacks: noise and artifacts can affect images, and the smallest
structures may sometimes lose clarity. These limitations can make it challenging to establish an accurate
diagnosis.

To overcome these limitations, computer-based image processing methods are used, which help
make the texture of MRI images more detailed and comprehensible. By applying various techniques to
enhance textures and increase contrast, the fine details of brain structures become clearer and easier to
analyze. Among modern approaches, a method that uses the fractal differential for texture enhancement
stands out. This approach, based on the principles of fractal mathematics, allows for flexible enhancement
of complex details that exhibit self-similarity. Fractal operators have a unique ability to operate across
different scales, which aids in analyzing and emphasizing the smallest elements of an image. While
traditional methods have limitations in reproducing the finest details, fractal processing can highlight these
elements without losing clarity, making the images more informative and accurate for clinical purposes.

Problem statement
The object of the study is the textures of medical images produced by MRI. The subject of the study
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is the algorithms and methods for enhancing MRI image textures using fractal derivatives. The objective of
the work is to apply the mathematical framework of the Atangana-Baleanu fractal operator and develop
algorithmic and software tools for enhancing the textures of medical MRI images of the brain. To achieve
this goal, the following sub-tasks can be identified:

* To examine the theoretical foundations of the Atangana-Baleanu fractal derivative.

« To develop an algorithm for enhancing image textures using the fractal derivative.

» To create a software implementation of the texture enhancement algorithm.

» To conduct visual and numerical studies to assess the effectiveness of the developed algorithm.

» To compare the results of texture enhancement using the fractal derivative with other conventional
methods.

» To analyze the obtained results and draw conclusions about the feasibility of using the Atangana-
Baleanu fractal derivative for image texture enhancement.

The scientific novelty of the work lies in the adaptation of an algorithm for enhancing medical MRI
image textures using the Atangana-Baleanu fractal derivative.

The practical significance of the work is in the application of software and algorithmic tools for
enhancing medical MRI image textures using the Atangana-Baleanu fractal derivative. The use of this
method will improve the textures of MRI images, which will contribute to more accurate disease diagnosis,
facilitate the identification and analysis of small brain structures, and enhance the effectiveness of
treatment planning and surgical interventions.

Review of Modern Information Sources on the Subject of the Paper

Existing image texture enhancement methods play an important role in processing complex
structures, particularly in medical diagnostics. Various techniques are commonly used to enhance texture
features, detect edges, and improve contrast. The main approaches include nonlinear transformation
methods (Laplace pyramid) [1], wavelet transformation [2], filters based on derivatives of integer orders
(Prewitt, Sobel) [3, 4], fractal methods [5], and others. Each approach has its unique properties and
limitations.

Methods based on nonlinear transformations, such as the Laplace pyramid, create multi-level
representations of an image, allowing the processing of different frequency regions. They are suitable for
texture enhancement by amplifying details, but they can cause artifacts and distortions in the form of
artificial contours, especially in areas with smooth brightness transitions. Wavelet transformation is used
for analyzing and enhancing various frequency components, helping to achieve sharper textures. However,
it may not retain enough information in low-frequency regions, leading to the loss of important low-
frequency structures. Filters based on derivatives of integer orders are commonly used to detect edges and
high-frequency components of an image. However, these methods struggle to correctly process textures on
complex and irregular surfaces, especially under low contrast conditions, which are typical for medical
images.

MRI visualization enables the acquisition of high-quality images of the brain's internal structures.
However, MRI images often suffer from low contrast and the presence of artifacts, especially within fine
and high-frequency structures. Additionally, MRI images are prone to signal inhomogeneity and exhibit
varying intensities in different areas, making it difficult to highlight small structures. The main issues
affecting the quality of MRI images include low contrast between neighboring tissues, signal
inhomogeneity, and poor definition of high-frequency details. These challenges complicate the extraction
of details critical for diagnosis. Texture enhancement helps to increase the contrast of small structures and
improve the clarity of boundaries between different tissue types, which is crucial for anatomical analysis
and early diagnosis.

Fractal methods are a promising approach for texture enhancement, especially in MRI images, due
to their ability to emphasize high-frequency components while preserving information about low-
frequency regions. Fractal methods utilize the self-similarity of texture to process various frequency
components of an image, allowing for effective extraction of even irregular and complex textures. The
fractal properties of natural structures (including brain tissue) enable the effective highlighting of
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characteristic irregular details. In the context of MRI images of the brain, where it is important to preserve
information about low-frequency regions (such as the boundaries of different tissues) while simultaneously
improving the visibility of high-frequency details, fractal methods have a significant advantage. Due to
their ability to enhance details of different sizes equally well, these methods allow for precise identification
of boundaries and contours while maintaining the overall structure of the image.

In the article [6], the creation of fractal differential masks, including YuiFeiPU2 based on the
Griinwald-Letnikov fractal operator, is described. In article [7], the Atangana-Baleanu fractal differential is
discussed. The Atangana-Baleanu fractal differential is used to describe complex natural and artificial
processes that possess both local and global properties. The Atangana-Baleanu model includes infinite
memory and long-term dependence—two properties that are important for systems where the current state
depends not only on the present time but also on the entire history of changes. The Mittag-Leffler function,
which serves as the kernel in the Atangana-Baleanu operator, better reflects complex natural phenomena
and does not have the strict locality constraints that are present in the usual exponential function. The
Atangana-Baleanu fractal operator has already been used for image processing, as seen in references [8, 9],
which discuss the approximation of the Atangana-Baleanu integral and the creation of masks for edge
enhancement and noise reduction in images.

Objectives and Problems of Research

The article [10] describes the approximation of the Atangana-Baleanu fractal differential using the
finite difference method. A review of the literature reveals that there are no studies on the application of
the mathematical framework of the Atangana-Baleanu fractal operator for processing medical MRI scans
of the brain in the context of comparison with other algorithms. This work is dedicated to reviewing the
Atangana-Baleanu fractal differential, its approximation, and the adaptation of algorithms and software for
processing medical MRI images of the brain.

Main Material Presentation

In this section, a review of fractal operators for derivatives is provided: Griinwald-Letnikov,
Riemann-Liouville, Caputo, Atangana-Baleanu, and others [11].
The Griinwald-Letnikov fractional derivative can be expressed as:

X—a
Vs 9 il NNk, (L (x-a
P800 eyt e M Ty & 1k {X k( N D | w

where Dg_L— Grunwald-Letnikov fractional differential operator, for signal s(x) in between [a,X], v- any

real number (including fractional), I" — gamma function.
Caputo's fractional derivative can be expressed as:

v _ 1 x s (t)
DCS(X) - [,(n —V) J.a (X _ t)v—n+1 dt’ (2)

where DY - the Caputo fractional differential operator, for signal s(x) in between [a,x], of order v,s™ (1)

classical n-th derivative s(t).
The Atangana-Belean fractional derivative in the context of Caputo (ABC) [7] can be expressed as:

DY..S(x) = ';"f(vv) j:S'(t)EV(—vo(l_—t)det, 3)

where DY, .- fractional derivative of Atangana-Beleanu, for signal s(x) in between [a,x], of order v. M(v)

ABC
— is a normalization function, E,-Mittag-Leffler function, S'(t) classical derivative of a function s(t).

The Mittag-Leffler function is expressed as:
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k
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The normalization function M(v)is expressed as:
M(V)=1-v+—— 5
F( ) ()

To construct a fractal differential mask for image processing, it is necessary to determine the mask
coefficients. This section describes the numerical approximation of the expression (3) of the Atangana-
Baleanu fractional differential. In article [10], numerical approximations are performed using the backward
finite difference method (FDM). In our case, it was decided to use the central finite difference scheme.
This method allows determining the value of the derivative at a specific point based on the function values
at the next and previous points. The calculation formula involves the difference between the function
values at the previous and next points, divided by two approximation steps.:

dy _y"™ -y ©)
dx  2Ax

Using the discretization techniques from article [10], let the signal S(x) be discretized into L equal
parts X1, X2 ... x. in the interval [0, X]. Then, the L+1 parts of the signal can be written as follows:

S, =S(0)
S, =S(x—kx/L), (7)
S, =S(x)

The numerical approximation of operator (3), according to the discretization described in formula
(7), will have the following form:

DecS(X) = I;-/If(vv) J.OX % s(x—t) EV(— V%jdt

M L1 kx+x v ! (8)
= (V)[Zj s(x t)E( ()VJdt}

k=0 L

To calculate the first-order differential in formula (8), we will use the central finite difference
scheme (6), then the integrand will be transformed using the Newton-Leibniz formula:

I::Xis(x—t)Ev(—v ®° jdt
T dx 1-v

L

Cs(x+x/L)—s(x—x/L—kx/L) Ikxgx 3 (t)
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where A=v/1-v i E ,- the two-parameter Mittag-Leffler function E, ;(X) = z ,where
' ’ ko I (ak B)
value f=2.

Substituting the integral expression from formula (9) into (8), we get:

DlpeS () = 2 {Z(sk 1)

{(k +1) Ev{— A(k +1)V(8 } , (10)
_KE, 2{— sz(ﬁﬂ}
/ L

The approximated L+1 differences can be written as follows:
M (V)

DacS( = 5 o (4509

M (v) - y
ooy )[ZEVVZ(—ﬁZ h')—E, ,(-Ah") s(x—h)

LMW |

2(1_ ){Z(k DE, ,(-A(k +1)'h") (11)
—KE, ,(~2k"h")

—(k-DE, ,(-A(k-1)"h")
+(k=2)E, ,(~A(k —2)"h")s(x — kh)}

where h=t/L. Expression (11) can be rewritten to the following compact form:

D2ecS(9 = 5 S CIS(—kh). @)

where C(K) filter coefficient, which can be calculated using the formula:
E,,(-4h"),k=0

2E,,(-12'h")—E, ,(-4h"),k =1

CK){(K +DE, ,(~A(k +1)'h") (13)
—KE, ,(~2k"h")

—(k-1E, ,(-A(k -1)"h")

+(k—2)E, ,(~A(k —2)'h")s(x—kh)} 1< k < L

To process an image, where each pixel has its own finite color value and a specific position in the
matrix, masks are used. Considering the function f as the image function with two parameters for the
coordinates x and y, the expression for processing along the coordinates x and y can be written as follows:
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DY f(x,y)=C,f(X,y)+C,f(x=1,y)+C,f(Xx-2,y) +...
YDV (X, y) =C,f (X, y)+C,f (X, y=1) +C,f (X, y—2)+...

Based on the expressions from (14), we will construct eight masks with coefficients C(0) ... C(L-1)
for image processing. According to [6] they will have the following form:

(14)
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Fig. 1. Fractal differential masks for the eight directions: (a) W1 negative along the x-axis; (b) W2 positive
along the x-axis; (c) W3 negative along the y-axis; (d) W4 positive along the y-axis; (¢) W5 left ascending diagonal;
(f) W6 right descending diagonal; (g) W7 right ascending diagonal; (h) W8 left descending diagonal

Each coefficient C(k) corresponds to a pixel on the image, where C(0) = S(0), C(k) = S(x - kx/L),
and so on. The required number of masks ensures the preservation of texture details regardless of the
orientation of the image, providing anti-rotation properties, meaning the same processing result is achieved
regardless of the position of the texture on the image.

Software implementation

The software implementation is carried out using the Python programming language [12]. To
simplify the implementation, ready-made library functions are used. For image processing, image reading
and writing functions are provided by the OpenCV library [13]. The image processing utilizes the scipy
[14] and numpy libraries. The step-by-step algorithm for improving the texture using the Atangana-
Baleanu fractional differential will proceed as follows:

1. The MRI image is read in grayscale. The code for reading the image is shown in Fig. 2.

image = cv2.imread(input_image_path, cv2.IMREAD_GRAYSCALE)

Fig. 2. The code for reading the image.

2. Based on Fig. 1, eight matrices W1-W8 are created. The coefficients for the masks are calculated
using formula (12). Fig. 3 shows the code for creating masks W1-W8, with input parameters being the
mask size — L and v — the order of the fractional derivative.
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def create_masks():
coefficients = create_coefficients(L, v)
W1l = vutil.create_matrix_with_column_results(coefficients)
W2 = vutil.create_matrix_with_row_results(coefficients)
W3 = vtil.create_matrix_with_column_results(coefficients, invertresulis: False)
W4 = vutil.create_matrix_with_row_results(coefficients, inveriresultss False)

W5 = util.create_diagonal_matrix(coefficients, comer "top-right")

= "bottom-left")
© "top-left")

© "bottom-right")

)

Wé = vtil.create_diagonal_matrix(coefficients, cor

)

W7 = vtil.create_diagonal_matrix(coefficients, con

)

W8 = util.create_diagonal_matrix(coefficients, cor

masks_array = [W1, W2, W3, W4, W5, Wé, W7, W8]

return masks_array

Fig. 3. The function for creating eight masks.

3. The image is processed using a convolution operation. The convolution of the original image with
each of the eight masks W1-W8 is performed using the convolution function from the scipy library. As a
result, eight different images are obtained, each corresponding to the enhancement of texture in one of the
directions. The corresponding code is shown in Fig.4.

def convolution_operation(image, masks_array):
convolved_results = []
for mask in masks_array:
convolved_image = convolve2d(image, mask, mode='same')
convolved_results.append(convolved_image)
return convolved_results

Fig. 4. The convolution operation function

4. At this stage, all the obtained images are combined into one, and then pixel normalization is
performed. The corresponding code is shown in Fig.5.

def results_concatenation(convolved_results):
coefficients = create_coefficients(L, v)
results_sum = np.sum(convolved_results, axis=0)
normalization_value = np.sum(coefficients) * 8
result = results_sum / normalization_value
return result

Fig. 5. Concatenation function

5. The obtained enhanced image is saved to the disk as a separate file, Fig.6.

cv2.imwrite(output_image_path, result)

Fig. 6. The code for writing the image

When working with medical data, it is important to choose the input set correctly, as it affects the
accuracy of the study. One of the main problems is access to medical images due to their confidentiality, as
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they contain personal information protected by laws. This limits the possibility of using a wide range of
images and requires anonymized datasets. Another important issue is image quality. Low-resolution
images or distortions can complicate texture analysis and lead to inaccurate results. Therefore, it is
important to use high-quality images that adequately reflect the structures for enhancement.

In this study, an anonymized dataset from an open source [15] containing several hundred MRI
images of the brain in jpg format was used. This dataset was chosen to maintain patient confidentiality
while still obtaining sufficiently diverse data for testing the algorithm. The images have a high resolution
(512x512 pixels), which allows for accurate analysis and processing of texture features.

Results and Discussion

In this section, the results of the algorithm described above will be discussed. The algorithm based
on fractal coefficients was executed for the range v =[0,1;0.9] , with the size of the applied masks L =7 .
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Fig. 7. MRI of the brain enhanced using the algorithm based on the ABC
fractal differential coefficients: (a) original image, (b) v=0.1, (c) v=0.2,
(dv=03,()v=04,(f)v=05(Q) v=06,(h)v=0.7,()v=038,(jv=
0.9

)

According to Fig. 7, the images that underwent processing to enhance texture definition using a
mask based on fractal differential coefficients demonstrate a gradual intensification of details and edges as
the value of v increases. At the early stages (b), (c), (d), the changes are minimal: the texture barely differs
from the original (a), and fine elements are only slightly accentuated. However, as the images progress to
(e), (f), (9), a more noticeable emphasis on structural details becomes evident, particularly in the soft tissue
areas and contours. The fractal effect becomes more pronounced, contributing to the increased contrast of
these elements. In images (h) and (i), there is a significant enhancement of high-frequency components,
allowing for clearer representation of fine structures, while low-frequency elements are slightly muted. The
most pronounced changes are observed in image (j), where the texture and details are maximally
highlighted, giving the image a relief effect, although this may create a sense of excessive sharpness.

The image with index (b) stands out with the softest appearance and minimal interference with the
texture. As the images progress to higher values of v (from 0.1 to 0.9), there is a gradual increase in
contrast at the structural boundaries, indicating a systematic enhancement of the texture elements. This
dynamic suggests that the fractal differential coefficients are changing, leading to a gradual increase in
detailing and clarity of the contours.

The fractal differential demonstrates its effectiveness in enhancing texture while preserving
important anatomical structures. Even in images with strong enhancement (h), (i), the main brain contours
remain clear, which is a critical aspect of medical imaging.

In particular, the masks based on the fractal differential are highly effective in enhancing high-
frequency components, such as fine edges and microstructures, while maintaining a significant portion of
the information from low-frequency regions, which correspond to smooth surfaces and large structures.
However, in image (i), it is evident that excessive enhancement can lead to an effect of "over-saturation" of
the edges, which may negatively impact the perception of details and the overall quality of the
visualization.

Parameters comparison

For numerical comparison of images, we will use the Gray-Level Co-Occurrence Matrix (GLCM)
[16]. GLCM is a matrix used for image texture analysis. It reflects the frequency with which pairs of pixels
with specific intensity values appear adjacent to each other at a specified distance and in a given direction.
This method allows us to evaluate the spatial relationships between pixels and highlight the texture
characteristics of an image. GLCM is widely applied in various fields such as medical imaging, remote
sensing, and material analysis, as it provides a rich set of statistical features for texture classification. We
will construct the GLCM matrix with the following parameters: the pixel distance is set to 5, and the angles
are 0, 45, 90, and 135 degrees. After constructing the GLCM, the following numerical parameters can be
extracted: contrast, correlation, energy, and homogeneity.

Contrast measures the difference in intensities between adjacent pixels. High contrast indicates the
presence of sharp changes between pixel intensities, which is characteristic of images with clear edges and
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defined details. Low contrast, on the other hand, suggests a more uniform texture without abrupt brightness
variations.

contrast=»_(i— j)*P(i, j), (15)
¥

where, P(i,j) the coefficient of the GLCM matrix, i,j — are the indexes of matrix P.

Correlation - reflects the dependency between the intensities of neighboring pixels. High correlation
indicates a strong relationship between pixel intensities, which is typical for regular or repetitive textures.
Low correlation suggests less regularity or a random distribution of intensities.
Z(i —1)(] _ﬂj)p(iy )

i, 00

correlation =

(16)

a=\/%i(p(i,j)—u) , a7

where, P(i,j) the coefficient of the GLCM matrix, i,j — are the indexes of matrix P, o; i o;— standard

deviations are calculated using the formula (17).

Energy characterizes the degree of texture repetitiveness. A high energy value indicates a uniform,
regular texture where pixel values frequently repeat. Low energy means a more complex or chaotic image
structure.

energy= Z PG, j)?, (18)
i

Homogeneity shows how similar the intensities of neighboring pixels are. High homogeneity indicates
that the pixels have similar values, which is characteristic of uniform textures. Low homogeneity means
the pixel intensities differ significantly, indicating a more complex, heterogeneous texture.

i)
h-y 20D 19
2 oo (19)
Table 1 presents the values of the gray-level co-occurrence matrix for different angles of the original
image.

Table 1
The values of the analytical data of the gray-level co-occurrence matrix for the original image.
Angle 0° 45° 90° 135°
Contrast 861.98 772.43 827.35 853.03
Correlation 0.76 0.78 0.77 0.76
Energy 0.07 0.07 0.07 0.07
Homogeneity 0.23 0.24 0.25 0.23

- 0
- 45°
—a— 90°

—— 135°
20000 0.7

25000

g 15000

Correlation

Q
10000 0.4

5000

4] - 0.1

0.2 04 0.6 0.8 0.2 0.4 0.6 08

a) b)
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0.2 0.4 0.6 08
v

0.2 0.4 0.6 0.8

c) d)

Fig. 8. The graphs of the values of contrast (a), correlation (b), energy (c), and homogeneity (d) for four angles
depending on the parameter v.

In Fig.8, the relationship between contrast (a), correlation (b), energy (c), and homogeneity (d) with
the fractional derivative parameter v is shown for four angles (0°, 45°, 90°, and 135°). The curves
demonstrate a similar trend for all texture features, suggesting that the changes in contrast, correlation,
energy, and homogeneity occur uniformly across all directions.

The graph shows that contrast increases as the value of v rises. Up to v = 0.6, all curves remain close
to each other, and the contrast for all orientations stays relatively stable and low. However, after v = 0.6, a
sharp rise in contrast is observed, especially when v > 0.8. This indicates that at low values of the
fractional derivative, the effect of the fractal filter is minimal, while higher values significantly enhance
contrast. Overall, the graph suggests that the fractal filter is effective for boosting image contrast at higher
v values, contributing to a better detection of textures and edges in the image.

Correlation starts high for all orientations at low v values and gradually decreases as v increases. Up
to v = 0.6, correlation remains stable and nearly identical across all angles (0°, 45°, 90°, 135°), indicating
that the fractal filter has a minimal effect on correlation at low fractional derivative values. After v = 0.6,
however, correlation starts to drop rapidly, with the largest decrease at v > 0.8, where correlation falls to
around 0.1. This suggests that at higher v values, the fractal filter significantly reduces the level of
correlation between neighboring pixels. The decrease in correlation indicates a reduction in the regularity
and an increase in the complexity of the image texture, which is helpful for tasks like texture or edge
detection.

In graph (c), the energy dependence on the value of v for several orientations (0°, 45°, 90°, 135°) is
shown. For v = 0.6, the energy remains stable and nearly unchanged for all orientations, indicating minimal
impact. However, at v > 0.7, the energy begins to rise sharply, especially towards the end of the graph,
where it increases significantly for all orientations. Despite the different angles, the overall trend is similar:
initially, the energy remains stable and then increases at higher v values. This suggests the presence of
complex structures, sharp intensity changes, or textured areas that become more noticeable due to the
effect of the mask.

The graph (d) also shows the dependence of homogeneity on the value of v for several orientations
(0°, 45°, 90°, 135°). For v = 0.6, homogeneity gradually decreases but remains stable across all
orientations, indicating minor changes. However, at v > 0.8, a sharp increase in homogeneity is observed,
especially towards the end of the graph, where this parameter significantly rises for all orientations.
Despite the different angles, the general trend is similar: initially, homogeneity decreases, and then it
sharply increases at higher v values. This indicates that at large values of the parameter v, the image
becomes more homogeneous, which is related to the smoothing of textures or a reduction in sharp changes
between areas.
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Comparison with other algorithms

As a result of the above comparisons, it was shown that images enhanced using the fractal
derivative-based algorithm effectively enhance texture, specifically strengthening high-frequency areas
while preserving low-frequency ones. This section presents a comparison of this algorithm with other
typical texture enhancement algorithms, as well as with the algorithm based on the fractal differential of
the Griinwald-Letnikov derivative. The typical algorithms include: a nonlinear image enhancement
algorithm based on the Laplace transform [1], the wavelet algorithm [2], and the Sobel algorithm [3].

d) €) f)
Fig. 9. MRI of the brain (a) original image, (b) enhanced with ABC fractional derivative 0.7, (c) enhanced with GL
fractional derivative of order 0.7, (d) enhanced using the nonlinear algorithm based on the Laplace pyramid
transform, (e) enhanced using the wavelet algorithm, (f) enhanced using the Sobel algorithm.

In Fig. 9, MRI images of the brain are shown. Image (a) is the original MRI without any processing.
This is the initial image, where the main anatomical structures of the brain, fine details, and boundaries
between tissues are visible. In image (b), the filter based on the ABC fractional derivative with parameter v
= 0.7 is applied. This filter enhances contrast and highlights fine textural features of the brain tissue,
emphasizing the boundaries between different structures. The algorithm sharpens the contours, making
them clearer, which allows for better differentiation of various brain areas. The areas between the contours
retain their color and remain unchanged. Image (c) is also enhanced using a fractional derivative, but this
time the GL algorithm is applied with the same parameter v = 0.7. Visually, the same effects as in
algorithm (b) are noticeable. The areas between the contours remain, but the contours are not as clearly
defined as in image (b). Image (d) demonstrates enhancement using the nonlinear algorithm based on the
Laplace pyramid transform. This algorithm provides a multi-layered representation of the image, enabling
the highlighting of both global and local features. In reality, as seen, fine textures are not as well
emphasized as with the fractional operator-based algorithms. In image (e), the wavelet algorithm is used to
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enhance the texture. The wavelet transform simultaneously highlights both fine and large structures while
preserving information about all frequency levels of the image. In image (e), it can be seen that the image
has become more contrasty, but the boundaries of the areas are not as strongly highlighted, as well as the
fine structures. The last image, (f), is enhanced using the Sobel algorithm, which specializes in edge
detection. This method identifies sharp intensity changes between pixels, which effectively emphasizes
contours and boundaries between different brain tissues. The disadvantage of this algorithm, as seen in
image (f), is the complete loss of information about the large gray areas between the contours. These areas
simply become black, leading to a loss of valuable information for doctors.

Comparing the enhanced images in Fig. 9, it can be concluded that the algorithms based on
fractional operators performed the best in the task of texture enhancement, specifically in highlighting
edges while preserving the gray areas.

Next, for a numerical evaluation of the enhancement quality, comparisons of the information entropy
and the average gradient of images (b) and (c) are performed.

Information entropy [17] is a measure of how unpredictable or diverse the data is. It shows how
much information is contained in the data and how difficult it is to accurately transmit or understand them.
If the entropy is high, it means there are many variations in the data, and they are less organized. High
entropy values indicate that the data are difficult to predict and that the system they describe is more
complex or chaotic. The formula for information entropy is:

H() =Y p(x)10g, p(x). (20)

From formula (20), H(X) represents the value of the information entropy, p(x;) is the probability of
occurrence of event x;, and n is the number of unique pixel values that occur. The value of information
entropy corresponds to the complexity and chaotic nature of the image.

The average gradient [17] is calculated as the average value of the sum of all pixel values in the
image. It measures the rate of change in pixel intensity, which corresponds to the sharpness and contrast of
the image.

Table 2
Numerical Comparison of Algorithms
Image Information entropy Average gradient
(b) 5.27 38.705
(c) 5.264 38.187

Table 2 shows the parameters of information entropy and average gradient for the images from Fig.
4 (b) and (c). The image enhanced using the fractal differential ABC shows higher values of information
entropy and average gradient. This indicates that image (b) contains less organized, more chaotic data and
is more complex. Regarding the high gradient value for image (b), it is also higher, meaning the image has
greater contrast and sharpness compared to image (c).

Conclusions

The algorithm based on the Atangana-Baleanu fractal operator has proven effective in enhancing the
textures of medical MRI images. Visual comparisons confirm that the enhanced images have better
contrast, making them appear more expressive and clearer. The results of numerical comparisons show
changes in numerical parameters, specifically correlation, energy, and homogeneity. These changes
indicate that the enhanced images have become less homogeneous, more complex, and more contrasted.
Therefore, the results of comparisons and numerical indicators suggest that this algorithm indeed improves
the quality and informativeness of MRI images.

The image processing results indicate that the numerical approximation method using finite
differences for the ABC fractal differential has proven effective. The approximation coefficients can be
used across the entire range of values v = [0.1; 0.9].
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Comparisons show that the algorithm based on the ABC fractal operator yields better texture
processing results than typical image enhancement methods. Additionally, numerical comparisons of
information entropy and average gradient parameters highlight its advantages over the YiFePu2 algorithm
in these parameters.

The study confirmed the relevance of using the Atangana-Baleanu fractal derivative algorithm for
processing medical MRI images. Specifically, the properties of the fractal differential nonlinearly enhance
the frequency components of the image. Further research in this field remains relevant.
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AHoTamisg. Y MaHid CTaTTI ONMUCYEThCS BUKOPUCTaHHS (hpaKTalbHOTO omeparopa ArtaHraHa-beneany
JUTS 3a/1a4i OKpalueHHs! Teketyp Meananux MPT 300paxkens. [leTanbHO HaBOOUTHCS MaTeMaTHYHHUN arapaT
¢dpakranpHOrOo audepeHmiania AtanraHa-beneano. Po3rismaeThcs  YMCIOBHMEA  MIAXiN — OOYMCIICHHS
¢TpakTanpHOro AudepeHiiana 3a JOMOMOIOI0 METOAY CKIHYEHHHX pi3HHMIE. Ha OCHOBI ampoOKCHMOBaHOTO
PO3B’sI3Ky, 3HAXOIThCS KoedimieHTH ampokcumanii. KoedimieHTn anpokcumariii BUKOPHCTOBYIOTHCS JUIS
CTBOPEHHSI BOCBMH Di3HOHAIIPABJICHUX MAaCOK, SIKi 3aCTOCOBYIOTHCS SIK (DUIBTPH IJIsI MPOCTOPOBOI 00pOOKH
300pakeHb B pi3HHX HampsMkax. CTBOPEHO 1 OMHCAHO BiAIMOBITHUN aITOPUTM 3aCTOCYBaHHS (PpaKkTaIbHUX
Macok. [TpoBesieHO MOPIBHSHHS OTPUMAHUX PE3yJbTaTiB POOOTH anropuTMy 0OpoOKH MEJINYHHX 300paXKeHb.
[IpoBeneHo mociikeHHS 3MIiHM TapaMeTpiB 300pakeHb B HACHiIOK pOOOTH alNrOpuTMy IOKpAIeHHS
300pakeHb. A TaK0X MPOBOAUTHCS TOPIBHSIHHS POOOTH ajIrOpPUTMY 3 IHIIMMH aarOPHTMaMH ISl TIOKPAIeHHS
TEKCTYP.

Karuosi cioBa: MarnitHo-pe3onancHa tomorpadiss (MPT), ¢pakranpHuii omepatop ArtaHrana-
Beneany, mokparieHHs 300paskeHs, Python.
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