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Abstract: Breast cancer is the most common cause of death in women. Early detection of this disease
and diagnosis can cut the passing of women. Segmentation is an imperative technique in digital image
analysis science. The aim of this work is focused on image analysis of breast tumors using image
processing. The infected area of breast tumor identified by applying edge detection, filling gaps,
dilating gaps, removing the border, smoothing objects have been used. This method appears more
familiar to radiologists to check the abnormality of benign and malignant breast tumors. The analysis
shows that both benign and malignant tumors have well-detected to find the tumors at the first stages.
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INTRODUCTION

Breast cancer is a type of vulnerable disease. The cell in the breast can easily
damage and invade other parts of the body. There are different types of breast
tumors. Infiltrating ductal carcinoma cancer is found in the milk ducts of the breast.
The second type is ductal carcinoma in Situ in its early stage. The third type is
infiltrating lobular carcinoma, found in the region where breast milk is produced,
but it can distribute to other parts of the breast. The other type is lobular carcinoma
is found only on lobules of the breast [10].

According to Siegel et al. [21, 22], breast abrasion is one of the significant
problems in the world. Detecting the breast tumors helps to improve the prognosis
of cancer and other health problem related to the breast shown in [13, 21, 22].
Treatment and prognosis are essential in clinical practice in the era of precision
medicine [14, 26].

The tumor size, shape, and intensity give an inclusive tumor characterization,
defining what has been called the radiomics signature of the tumor [8]. Different
scholar reports [5, 14, 17, 20, 25, 28] show the most common challenges in patient
sides are lack of awareness of the signs and symptoms of cancer, travel, diagnosis,
and treatment costs.
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Recent studies [16] show that breast lumps appear in the breast region with
different shapes and sizes. Breast cancer is a malignant tumor found in the cells of
the tissue [13, 16]. A malignant tumor is a bunch of cancer cells that can invade
and spread to nearby tissues [18].

Benign breast masses are non-cancerous and not violent, but they can nurture
and invade the nearby tissues that force other problems [18]. The benign tumor is
not cancer but can rise upsurge the risk of developing breast cancer. The study
done by Rosenberg et al. [18] shows that benign tumors have three clusters,
according to whether they have no menace, a slight upsurge, and a moderate
increase in risk.

Moreover, the shortage of well-trained oncologists, specialized cancer nurses,
and medical physicists have added tailbacks of fighting cancer in developing
countries like Ethiopia [6, 15, 20]. Therefore, this study aims to analyze the image
of cancer from the mini MAIS database [23] using MATLAB software to detect
and segment the tumor.

MATERIALS AND METHODS

The mini-MIAS (mini-mammographic) is a reduced version of the
Mammography Image Analysis Society (MIAS) database with a resolution of 200
microns by a pixel and clipped/padded so that every image size is equal to 1024 x
1024 pixels [23]. We randomly selected a representative dataset that included diverse
classes of abnormalities: calcifications, well-defined/circumscribed masses,
spiculated masses, ill-defined masses, architectural distortions, and asymmetries [23].

The database has a character of background tissues represent by F stands for
fatty, G stands for fatty glandular, D stands for dense glandular. The class of
abnormality of the breast tumor is shown in Table 1.

Table1
Class of abnormality of breast tumors [23]
Class Abnormality
CALC Calcification
CIRC Well-defined or circumscribed densities
SPIC Speculated densities
ARCH Architectural distortion
ASYM Asymmetry
NORM Normal

This work aims at CIRC, MISC, and ARCH abnormality breast tumors
shown in Table 2 and selected only three malignant and three benign
mammographic images [23]. Therefore, we apply MATLAB codes to the analysis
of these images [24].
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Image enhancement is the process of upsurge its view to be more suitable for
an analysis of the image [24]. The method is vital to produce quality output. The
techniques can enhance a digital image without change the nature of the input
image. There are two types of image enhancement methods; spatial and frequency
domain-based methods [27]. The media filter techniques help to call the function in
MATLAB to improve the quality of the image. This technique helps to explain the
enhancements of input images at each point and local operations. The operations
depend on the region of interest input pixel values [3, 4, 13].

Image segmentation is another technique used for extracting the image. The
aim is to make the input images easy to analyze and interpret [3, 4]. The borders
assessment is within the input images, and the pixels are according to their
intensity and characteristics.

Edge detection is a segmentation technique to assess the border of the image
strictly associated with the pixels of the regions [29]. It helps to find the
discontinuity of the border images. Identification of the input image is to analyze
the border where a massive variation in intensity arises [19, 29].

Morphology is an operation in image processing to analyze the shape in the
image [3, 4, 16, 29]. The basic processes are dilation and erosion [3, 4, 16].
Dilation enhances pixels to the boundaries in the image, while erosion removes
pixels from the image boundaries [2, 3, 4, 16]. The pixels added or removed from
the images depend on the size and shape of the input image. Dilation and erosion
processes are given pixel to the output image by applying the rule to the input
image. The operation is applicable to evaluate the pixels and by defining the
operation as dilation or erosion.

A histogram of an image describes the image. It represents the occurrence of
various gray levels on frequencies.

RESULTS AND DISCUSSION

RESULTS

The research and technology in medical science change because of the fast-
shifting field with technology. Nowadays, treatment for detection and cure of
cancer at the infant stage. Nowadays, breast cancer detection technologies have the
potential to enhance the detection processes.

Input images were taken from the mini MIAS mammogram database [23].
The first three images are from the benign group, and the other three are from the
malignant ones. The nature and the characteristics of the input images are shown in
Table 2 and have a different class of abnormality. The background issues of the
breast contain fatty (F), fatty-glandular (G), and dense-glandular (D) are shown in
Table 2. The size of the input images of the breasts is 1024x1024 gray levels, in
10 bits [23].
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Table 2
Characteristics of benign (B) and malignant (M) mammographic image [23]

Database reference Background Class of Severity of
issue abnormality abnormality

Mdb001 G CIRC B

Mdb030 G MISC B

Mdb080 F CIRC B

Mdb072 G ASYM M

Mdb075 F ASYM M

Mdb105 D ASYM M

4] ¢

(&) Input image (b) Median filtered () Edge detector (Canny)

Fig. 1. a) Input image of benign and a class of abnormality CIRC breast cancer (mdb001) [23], b)
median filtered, and c) edge detection of the tumor.

The right breast image shown in Figure 1 was benign, fatty-glandular, and the
class of abnormality is well-defined or circumscribed masses. The median filtered
technique is applied in this work and is shown in Figure 1(b). The median filter
process is applied to carry out by sliding a window over the image by removing the
unwanted part from the original image. The edge of the image is applied using the
Canny gradient [3, 4, 29] shown in Figure 1(c).

{a) Input image (b) Wledian filtered {c) Edge detection (Canny)

Fig. 2. Left image of breast cancer a class of abnormality MISC pre-processing a) input image
(mdb030) [23], b) median filtered, and c) edge detection of benign tumor.
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Figure 2 shows the second left breast benign image in Figure 2(a); Figure
2(b) is the median filtered image of the input, and the last Figure 2(c) is the edge
detection using the Canny method. The principle of the median filter is applied to
obtain the gray level of each level pixel. The output image is shown in Figure 2(b)
by median filters and replaces each value with the median value of neighbored
pixels. Figure 2(c) is the detected image obtained by applying the Canny edge
method using a morphological operation.

{a) Input image (b Median filtered {c) Edge detection (Canny)

Fig. 3. a) Input image (mdb080) and a class of abnormality CIRC [23], median filtered (b), and c)
edge detection of benign tumor.

Figure 3 shows left benign input image, median filter, and edge detection.
The median filtering is shown in Figure 3(b), and edge detection in Figure 3(c).
Edge finds the structural information of the image. The nature of all input images
shown in Figures 1(a), 2(a), and 3(a) have the same characteristics, but they have
different natures of abnormality, as shown in Figure 4. The contrast limited
adaptive equalization of input images shown in Figure 4(b) is more exposed than
the other two input images shown in Figure 4(a) and 4(c). The contrast
enhancement is an extensive technique for the image which uses for improving the
image quality for human perception and recognition [11]. It can enhance the detail

part of regions of interest of the images.
Contrast-limited adaptive equalization

by

%q_

(a) ndb001 b} mdbl30 () mdbOa0

Fig. 4. Contrast-limited adaptive equalization of benign breast tumors of mdb001, mdb030, and
mdb080 [23].
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(a) Input image b) Segmented image (c) Detected breast turmaor

Fig. 5. Breast tumor detection for benign breast whose class of abnormality CIRC; a) input image
(mdb001) [23], b) segmented image, and c¢) detected breast tumor.

(a) Input image (b} Segrmented image (c) Detected breast tumor

Fig. 6. Breast tumor detection from benign tumor whose class of abnormality MISC; a) input image
(mdb030) [23], b) segmented image, and c) detected breast tumor.

(a) Input image b1 Segrnented image ] Detected breast turmaor

Fig. 7. Breast tumor detection from benign tumor whose class of abnormality CIRC; a) input image
(mdb080) [23], b) segmented image, and c¢) detected breast tumor.

The efficiency of breast cancer diagnosis depends on the accuracy of the
segmentation and its classification. The segmentation techniques help to split the
image into different regions of the breast tumors. The differentiation was
conducted on the segmented image by a hole-filling operation. Figures 5— show the
input image and detection after median filter applied, shown in red-circled. Figures
5-7(a) are input images, denoted by mdb001, mdb030, and mdb080 [23]. Figures
5-7(b) shows the output images where the borders are removed by extracting the
region of interest. Figures 5—7(c) represent the tumor-detected part of the breast.

The breast tumor segmented image shown in Figure 6(b) has a large area
portion compare to the above two Figures 5(b) and 7(c). White spots shown in
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figures 5—7(b) are the results of the threshold segmentation. The results are shown
in Figures 5-7(c), encircled by red color the regions of the tumor.

a) Input image by Segmented image (c) Detected breast tumar

Fig. 8. Malignant breast tumor whose class of abnormality ASYM; (a) input image (mdb072) [23], b)
segmented image, and c¢) detected image as breast tumor.

{a) Input image {b) Segmented image {c) Detected breast tumar

Fig. 9. Malignant breast tumor whose class of abnormality ASYM; (a) input image (mdb075) [23], b)
segmented image, and c) detected breast tumor.

(a) Input image {b) Segmented image {c) Detected breast tumor

Fig. 10. Malignant breast tumor whose class of abnormality ASYM; (a) input image (mdb105) [23],
b) segmented image, and c¢) detected breast tumor.

The possible outcomes of malignant tumors are shown in Figures 8—10. They
illustrate three breast tumor images from the MIAS database for the malignant
severity of the abnormality [23]. The left part of Figures 8(a), 9(a), and 10(a) show
the input images. The images after reducing the noise using filter techniques and
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segmentation are shown in Figures 8—10(b). Enhancing the image is applied to
increase image contrast, as shown in Figures 8—10(c). The red marked points show
the region where the tumor was detected. In general, the results shown in Figures
8—10(b) that segmented breast cancer for malignant tumors was the area of interest
for this study.

mdb072
mdb105 7
mdb030
mdn001
- mdb030

probability
=

[ mdb0g0 7

1D' I I I I
a al 100 140 200
pinels

Fig. 11. Probabilistic distribution of malignant and benign breast tumors [23].

Probability distribution of selected breast abnormality from mini IMAS
database as depicted in Figure 11. The maximum probability of irregularity is
found near 15 pixels in mdb080 mammography. Furthermore, mdb080 and
mdb105 mammography show a peak probability of around 210 pixels.
Approximately at the lower grayscale values between 50 and 100 pixels, they all
have an equal chance, except mbd001 mammography [23].

DISCUSSION

In this study, segmentation techniques and the Canny edge detection are
applied to extract breast cancer from tumor cells images. Furthermore, Figures 8—
10(b) show the size of cells exposed to cancer with the clear border of the masses,
as found using edge detection.

The results show in Figures 8—10(b) of malignant tumors, compared to [16,
21], are highly dependent on the grayscale. Extraction of any clot from the input
image, the regions in segmented output images shown in Figures 5-10(b) have
homogenous properties with textures and gray level or color. The segmentation
techniques improve the quality of the output image shown in Figures 5-10(b), as it
was suggested by [3, 4].
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Tumor size is one of the most influential predictors of tumor behavior in
breast cancer [7, 12]. The detected tumor masses which appear in Figures 5(c),
6(c), and 7(c) are as a lump in the breast region with different shapes and sizes. The
size of output images shown in Figure 6(c) is larger than the other two figures
shown in 5(c) and 7(c). The benign tumor is non-cancerous and not aggressive, but
it can grow and invade the surrounding tissues for complications [11]. Increasing
tumor size has been reported by [9, 17] to be related as influential prognostic
factors in breast cancer. Therefore, the result is shown in Figure 6(c) might be at
the stage of cancer symptoms [12].

CONCLUSIONS

Breast cancer is one of the leading killers of women in the world. In the
diagnosis processes, due to the nature of abnormalities, there are misinterpretations
of the results. In this work, we found benign and malignant tumors using image
processing algorithm codes by MATLAB. Computer-aided detection diagnoses are
very useful nowadays. Image enhancement techniques have been applied to
improve the visual quality of the image form suited for the analysis. The system
automatically segments the image and distinguishes the tumor regions from other
regions. Here, an extended method of edge detection was applied based on the
Canny edge method for the final segmentation of the images. Radiologists can
effortlessly detect the diseases which cause by the growth of cells or design a
strategy for early detection of breast cancer in a shorter time at the earlier stage of
development. Segmentation techniques help the extraction of cancer in malignant
tumors compared with [1, 29] works.
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