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Abstract: - Breast mass segmentation in mammography plays a very important role in computer-aided
diagnosis (CAD) systems. In this article, we propose a mammography image segmentation method based on a
combined approach. The fuzzy clustering method and thresholding segmentation. Subsequently, we use the

wavelet transform and the Canny filter for edge detection.
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1 Introduction

Modern methods of medical diagnosis and
biomedical research largely rely on the analysis of
images obtained through various technical means
(optical and electron microscopes, X-ray and
thermographic devices, tomography, etc.). However,
effectively addressing diagnostic and scientific
challenges when using visual information
necessitates knowledge of specific methods for
image acquisition, registration, digital processing,
and analysis. This becomes particularly evident
when utilizing new types of information systems
that solve the problem of extracting hidden
information for diagnosis (e.g., CT scanners, laser
confocal microscopes, ultrasound diagnostic
devices, etc.).

Magnetic Resonance Imaging (MRI) is a
powerful method in medical diagnosis as it enables
the extraction of valuable information about the
patient's internal organs and tissues. MRI is widely
used to monitor disease dynamics such as breast
cancer, Alzheimer's disease, brain tumors, and more.
Visual inspection of these images allows specialists
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to detect the emergence of certain anomalies.
However, the massive number of medical images
stored in the database makes visual analysis
challenging, and in some cases, it may not lead to a
better diagnostic outcome. Indeed, diagnostic tools
and digital image processing methods significantly
influence the diagnostic result.

One of the current trends in the development of
medical informatics is digital image processing,
including image quality enhancement, restoration of
damaged images, and recognition of individual
elements. Diagnosis and identification of
pathological processes are among the most
important tasks in the processing and analysis of
medical images. Early diagnosis of the mentioned
diseases can reduce mortality rates among patients.
To automate the process of MRI image analysis and
improve diagnostic outcomes, it is necessary to
develop new algorithms capable of addressing
problems such as image -classification, contour
detection, and image segmentation.
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2 Segmentation Methods

Numerous studies have been conducted in the field
of medical image processing, [1], [2], such as the
utilization of Magnetic Resonance Imaging [3], the
extraction of white brain tissue regions and single-
cell detection, [4] and topological visualization of
human brain proliferation via MRI, [5]. However,
there is no single method that would provide an
acceptable analysis for any image. For the diagnosis
of brain tumors, for example, many researchers
employ a wide range of techniques based on MRI
image segmentation. Regardless of the approach
used, the problem of MRI image segmentation
remains one of the fundamental challenges in digital
image analysis and processing.

We can categorize segmentation methods into three
main classes:

Region-based segmentation [6], edge-based
segmentation [7], and pixel-based classification or
thresholding segmentation, [8].

Methods within the first class [9], [10], [11],
[12], search for sets of pixels that exhibit a certain
degree of similarity. These techniques reduce
operator involvement by automating certain aspects
of low-level operations such as threshold selection,
histogram analysis, classification, etc. Generally,
these methods only use local information for each
pixel and do not incorporate information about the
shape of objects and their boundaries. Edge-based
methods rely on the evolution of a curve based on
internal and external forces, such as image gradient,
to delineate the boundary of the object structure
under analysis or pathology.

Pixel thresholding methods are more frequently
employed for image binarization, [13], [14], [15].
These methods are straightforward, and require
minimal computational costs, but are effective only
when all objects and backgrounds in the images are
clearly distinguished in terms of color or grayscale.
Hence, it is necessary to control the segmentation
process and adjust the results interactively.

In this context, in the article [16], a
segmentation of medical images is proposed based
on morphological operators in combination with
threshold value selection. In [17], morphological
operations were also used in combination with
threshold and  division-based segmentation.
Furthermore, fuzzy methods are often employed for
image segmentation, such as Fuzzy C-Means
clustering (FCM), [18], [19].

n [17], for brain tumor extraction, an approach
based on morphological operations with threshold-
based segmentation and watershed line (LPE)
methods was utilized. Additionally, the Fuzzy C-
Means method, [18], [19], is widely used in medical
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image segmentation. This method aims to separate
objects from each other and the background in the
image by extracting contours or segmenting them
into homogeneous regions.

In [20], to detect tumor boundaries in MRI
images for various cases of brain tumors, a hybrid
approach was proposed, combining the watershed
method and the Canny edge detection method. One
of these methods for representing medical image
contours uses color encoding, [21].

3 Thresholding Methods

This pertains to a fundamental method in image
segmentation, [22]. The general principle of
thresholding involves finding an appropriate
threshold value and then classifying all pixels in the
image based on the value of their grayscale levels
compared to this threshold to separate the regions of
interest from the image background. Some threshold
determination methods are based on parameters
other than grayscale level, such as entropy, [23] or
Tsallis entropy, [24]. For example, [25], formulated
the image thresholding problem as an iterative
discriminant analysis problem that allows for the
selection of an optimal threshold value. The
criterion used for threshold selection is based on
maximizing a statistical measure of separation
between classes. In all cases, the threshold obtained
through the methods mentioned above is ultimately
used for pixel classification based on their grayscale
levels.

In general, thresholding methods can be classified
into two categories:

* Global thresholding methods: These
methods are widely used in the segmentation of
mammographic images, [26], to detect tumor areas
or microcalcifications. The principle of these
methods is to determine the threshold value using
the overall information contained in the image. This
information is often presented in the form of a
histogram of grayscale levels in the image, [27],

[28]. Despite their widespread use, global
thresholding is not very effective in accurately
identifying regions of interest. In reality,

mammographic images represent the projection of a
3D scene onto a 2D observation space. This
projection results in significant overlaps of regions
that make up the breast tissue, [29], which limits the
effectiveness of these methods.

* Local thresholding methods: These
methods aim to locally refine the threshold value to
better identify regions of interest. The threshold
value is determined by considering only the
information contained in the local neighborhood of
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cach pixel, [29]. These methods have often
demonstrated better detection efficiency compared
to global thresholding methods. It's worth noting
that local thresholding methods have not only been
used for image segmentation but have also been
utilized as a preprocessing step for other algorithms,
such as those based on Markov fields, [30].

4 The Proposed Method

In [31], the approach used has led to improved
segmentation compared to classical methods.
However, the complexity of the method lies in the
selection of the initial contour point.

The major disadvantage of the level set method
is that it requires considerable thought to construct
appropriate speeds to progress the level set function.
Very high computational complexity and often very
slow convergence.

Among the disadvantages of the approach is the
lack of a reset term. In reality, the reset is a very
important step for the evolution of the contour, on
the one hand. On the other hand, the approach uses
an algorithm with very high computational
complexity and often very slow convergence, which
limits its use in real-time applications. Indeed, this
algorithm requires updating and calculating the
function for all points in the image and not just for
the zero level curve.

In this article, we propose a segmentation
approach based on the enhancement of the Otsu
thresholding and fuzzy C-means -clustering, as
illustrated in Figure 1. The proposed method has
been applied for breast tumor detection.

For contour detection, various algorithms can be
used, such as Roberts, Prewitt, and Sobel, and more
complex ones like wavelet and Canny. In this
article, we used the Canny operator for contour
detection as it is considered to be a more efficient
tool for contour extraction.

After segmenting the image into a series of
homogeneous classes using the proposed
segmentation method, we apply the Canny operator.
The steps of this method can be described as
follows. In the first step, a Gaussian filter is used to
smooth the original images. Additionally, for each
pixel in the image, we calculate the magnitude and
direction of the gradient. The next step involves
selecting edge pixels (extreme pixels). A pixel is
considered an edge pixel if its gradient value is
greater than that of its two neighbors in the direction
of the gradient.
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Fig. 1: Functional Diagram of the Proposed Method

However, the traditional Canny operator only
extracts gradients in the x and y directions within
2x2 neighborhoods. This method loses some
important contour information in the slope direction
(45° and 135°). To address this issue, we use a
method that calculates information about the
gradient magnitude and direction to determine the
gradient module of the pixel. This method takes into
account both localization accuracy and noise
immunity. For each pixel (i, j) in an image I, the
partial derivatives with respect to x and y for 45°
and 135° are as follows:

Pi(i)=(@+1)—(i—1,),

Py(i,)=(i,+1) — (i, — 1),

Psse (ij)=1(i—1,j+1)—-(i—1,-1),
Pise(i)=(Gi—1, + 1) - (i+1, - 1).
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The gradient magnitude is:

G, )
= (PG + B + PEsCi)) + PR (i)
(1)
Gradient direction:
0@,j) = arctan &0 ?2)
’ Py(i,))

5 Informative Features Extraction
The certainty of object classification in the
segmented image is strongly linked to the method
used for extracting informative features. In this
article, we proposed a classification algorithm based
on the application of Discrete Wavelet Transform
(DWT) and the Gray-Level Co-occurrence Matrix
(GLCM). The coefficients obtained through discrete
wavelet transform are analyzed to extract some of
the most informative statistical features, such as
energy, contrast, correlation, entropy, homogeneity,
and others.

Finally, the procedure for diagnosing
mammography images involves using a machine
learning algorithm for the classification of tumor-
infected areas (benign or malignant). The
segmentation method proposed in this article has
yielded good results, making it easier to choose a
simple and effective learning algorithm, such as the
Support Vector Machine (SVM) method.

6 Results and Discussion
In this experimental study, we used the database
(mini-MIAS), [32], for mammography analysis
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(breast cancer).In this work, we formed two classes
of data with 100 images each of size 256 x 256. One
class consists of healthy breast MRI images. While
the second consists of MRI images with
abnormalities. The two classes are used for learning
the diagnostic system. An additional breast cancer
dataset consisting of 50 images is used to test the
system. The results of the experimental study of
breast tumor segmentation and detection are shown
in Figure 2.

We can also notice that the brightness and
contrast of the image vary from one image to
another (The upper part of the figure from left to
right). The first column (from left) represents the
original images, and the second column represents
the image results after the preprocessing step.The
third and last column illustrates the result after
masking and processing (final edge images).
Comparing the proposed method with the methods
[28], [29] for identifying and segmenting a breast
tumor presented, one can notice the developed
algorithms capable of segmenting tumors and
normal regions better than other methods.Indeed ,
the results obtained in [28], [29] include a non-
tumor region in the segmented image, which
represents an ambiguity for the diagnosis (without
outline of the tumors). The proposed method
successfully detects the tumor region (as well as the
normal breast region in the original image) as shown
in Figure 2.

Fig. 2: Experimental result of the proposed method for breast tumor detection
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7 Conclusion

The experimental results obtained show that the
effectiveness of the proposed method of
segmentation by groups. The effectiveness of the
approach lies in the combination of two
approaches, the Otsu thresholding method and
fuzzy clustering. The application of the discrete
wavelet transform (DWT) and the GLCM co-
occurrence matrix ensured an improvement in the
analysis quality during the extraction of image
features.

In comparison with other segmentation
methods, the new threshold used in the proposed
approach significantly increased the precision and
quality of medical image segmentation. Which will
subsequently contribute to improving the
diagnostic results of MRI images while detecting
breast tumors.
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