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Abstract — One of the most common diseases in the world
is cancer. There are many different forms of cancer, and one
of the most frequent is breast cancer. Breast cancer can
affect anybody, but it most usually affects women. Breast
cancer can be cured quickly with early identification and a
better knowledge of the illness. A computer-aided diagnostic
(CAD) system allows us to uncover several ways to identify
and diagnose cancer problems. The primary motivation is
for accurate detection to detect cancer as soon as possible.
Pre-processing, segmentation, feature extraction, and
classification are the four critical steps of detection and
identification. Pre-processing techniques employed in this
study include median filtering and histogram equalization.
For segmentation, a hybrid technique is utilized, and for
feature extraction, fundamental methods are applied. For
classification, the Support Vector Machine (SVM) is
proposed and employed. SVM's accuracy is then compared
to that of other machine learning approaches such as
boosted tree (BT), random forest (RF), Naive Bayes (NB),
and convolutional neural network (CNN). The results
obtained are tabulated, and an accuracy of 93.4% is
obtained from the SVM classifier.

Keywords — Ultrasound images, Histogram equalization,
Support vector machine, Convolutional neural network,
Accuracy.
I. INTRODUCTION

Ultrasound imaging is a challenging technique. It uses
high-frequency sound waves. It is one of the effective
methods to diagnose breast cancer. The widespread disease
in today’s world is cancer. Breast cancer, lung cancer, skin
cancer, liver cancer etc., are some of the popular forms in
which cancer exists. Each has its own impacts. Cancer itself
is a life-threatening disease, and early-stage detection leads
to an easier cure rather than finding it in an advanced stage.

Cancer is divided into two types: primary cancer and
secondary cancer. Primary cancer is cancer that develops for
the first time in a specific region of the body. Secondary
cancer invades from primary cancer, is quite challenging to
cure when compared to primary cancer. The proposed
research focuses on the identification and categorization of
ultrasound pictures associated with breast cancer in order to
aid in early detection and treatment. It will be extremely
beneficial in today's environment if the procedure can be
made quick and accurate.

There are various types of breast cancer as well.
Broadly, there are four important stages in breast cancer, out
of which the first stage has a better curing rate. However, the
patients in other stages require vigorous medications, but
they are durable too. So, it's always better with earlier
detection. Although detection plays a major role, similarly,
prevention also plays a vital role. It's always advised for a
female of more than forty plus age to undergo a series of
examinations once every year.

This paper proposes to automate the system for
detection and the classification of breast cancer. The initial
phase can help to reduce the noise in the input ultrasound
image by means of the filtering technique. The segmentation
phase aids in the identification of the region of interest
(ROI). After that, the traits, i.e., the features, are selected
and fed into a machine learning classifier to determine
whether they are benign or cancerous. The study article
starts with a discussion of related studies in the subject of
breast cancer detection, then moves on to the overall
architecture and technique proposed. It also discusses the
findings and conclusions, as well as a comparison of various
machine learning classifiers for the task of breast cancer
detection and classification, such as the Boosted Tree (BT),
Random Forest (RT), Naive Bayes (NB), and Convolutional
Neural Network (CNN), as well as the scope of future
research in this field.
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Il. RELATED WORKS

Breast cancers are classified as ductal carcinoma,
invasive ductal carcinoma, lobular carcinoma, inflammatory
carcinoma etc. It's always that the death rate keeps
increasing every year [1]. [2] Speaks on the risk of cancer in
the life of a female. [3] The CAD system helps the
radiologist to find out even the missed malignant cases. It
uses model-based visions in the CAD environment.

In the paper [4], the authors use a binary decision tree
classification algorithm for the classification of lesions.
Before running the mammograms through a computer
algorithm that detects spiculated lesions, they are digitized
and categorized. The essential characteristic for the detection
of spiculated lesions is the examination of local-oriented
edges (ALOE), a textural assessment based on an analysis of
the histogram of edge orientations in local windows. The
process involves collecting picture measurements (known as
features) from each pixel's neighbours, resulting in each
pixel growing into a vector of features. These feature vectors
are used to train a binary decision tree (BDT) classifier,
which assigns a likelihood of finding an anomaly to each
pixel of a new mammogram. So, the CAD, as well as its
stages, play serious roles. The study found that computer
analysis of mammograms can improve radiologist screening
effectiveness by a large and statistically significant amount.

In another paper [5], as part of an integrated framework,
a new supervised cell-image segmentation technique and a
new touching-cell splitting strategy are proposed. The
authors isolate the cell areas from the rest of the image in the
segmentation stage by categorizing the image pixels as cell
or extra-cellular. Using the local Fourier transform, a new
colour space called the most discriminant colour space
(MDC) is then employed to extract the colour texture at each
pixel (LFT). For the splitting portion, they first assess if a
connected component of the segmentation map is a
touching-cell clump or a single non-touching cell. To
distinguish the components, the distance between the most
likely radial-symmetry centre and the geometrical centre of
the connected component is employed by them. The entire
proposed system delivers extremely desired cell-nuclei
segmentation and touching-cell splitting outcomes for a
variety of applications.

The paper [7] speaks about the classifications made with
the help of convolution neural networks and how
convolution neural network works effectively in
classification methodology.

The automatic detection of breast cancer [6] is
explained by means of the Nottingham method. The entire
analysis procedure is explained in [8], the steps involved in
the analysis and other details are explained clearly. The
paper [9] focuses on the histopathological image dataset. It
includes  histogram  equalization, explains  various

morphological processing and helps to classify the images as
benign or malignant.

The paper [11] explains the GLCM feature extraction
methodology. This paper explains the computer-aided
diagnostic system, and it uses the feature selection
algorithm. It states that not only histopathological images
but thermal images can also be effective and can help in
accurate detection. They include the statistical features for
the proper feature extraction and fuzzy classifications. In
paper [12], various classification algorithms are explained as
fuzzy rule-based classifications. The features are calculated
by comparing the left and right breast areas, which are then
used to quantify the bilateral differences discovered. After
this asymmetry study, the features are fed into a fuzzy
classification system. This classifier extracts fuzzy if-then
rules based on a training set of known cases. The
experiments conducted on almost 150 cases show that the
proposed approach is capable of accurately identifying
around 80% of cases, a performance comparable to that of
other imaging modalities such as mammography.

The paper [14] and [15] focuses on the pixel
relationship analysis in detail and improves the efficiency.
The proposed three-dimensional (3-D) ultrasound (US) can
capture the geometry of a breast tumour while also
overcoming the limitations of standard two-dimensional
ultrasound. The performance of the pixel relation analysis
algorithm with 3-D breast US images compared to 2-D
versions of the images is evaluated in this study. The 3-D
US imaging is done with a Voluson 530 scanner. The
rectangular subpictures of the volume-of-interest (VOI) were
manually picked, and the selected VOIs were delineated to
include the whole region of the tumour margin.

In another paper [21], Monte Carlo algorithms are
utilized to construct simulated clusters of microcalcifications
that are placed on normal mammaographic backgrounds. This
allows for a quantitative evaluation of the computer
method's detection accuracy and its link to the
microcalcification's physical attributes. The proposed
technique achieves a true-positive cluster identification rate
of roughly 80% at a false-positive detection rate of one
cluster per image. When combined with signal-extraction
methods, the results show that a matched filter/contrast-
reversal filter or a matched filter/median filter pair may
obtain an almost 80% true positive detection rate for
microcalcification clusters of moderate subtlety with just
one false positive cluster per picture. Monte Carlo
simulations of microcalcifications are effective for
producing known signals on test pictures and hence for
evaluating the performance of image processing systems in
detail.

171



Akila Victoret al. / IJETT, 70(3), 170-178, 2022

To find breast mass tumour candidates, a marker-
controlled watershed segmentation approach is proposed by
Samual H. Lewis and Aijuan Dong [30]. The method
involved smoothing the images using morphological
processes such as opening-by-construction and closing-by-
construction, then identifying foreground and background
markers, and then utilizing a watershed segmentation
technique to isolate a tumour site from its surrounding
tissue. Because watershed segmentation is based on pixel
density fluctuation, which is evident in all bulk tumours, the
proposed approach proved quite successful in recognizing
tumours in almost all circumstances. In a study employing
data from the Mammographic Image Analysis Society, the
total detection percentage for bulk tumours was 90%.

In another paper [40], five feature extraction methods
are compared, which are employed for the detection of
breast cancer. The Gray-map and the set of fractions under
the minimum (SFUM) methods obviously outperform the
others, according to the data. Combining a basic feature
extraction approach like the Gray-map with Principal
Components Analysis appears to be a suitable strategy for
this goal. It's also worth noting that, despite being a simpler
unsupervised approach, the average fraction under the
minimum (AFUM) algorithm performs admirably in this
task. The recommended SFUM technique improves the
behaviour of the original AFUM.

Comparison of mammogram Vs Thermography:
Usually, the mammographic images are done by X-rays,
whereas the thermal images are done by infrared rays. It
speaks on structural imaging and notifies the suspicious part.
It generally focuses on the abnormal part of the body.
Thermal imaging mainly focuses on the temperature and
how the heat is emitted. It focuses on the changes in the
tissues of the breast.

I1l. GENERAL ARCHITECTURE
The general architecture in Fig. 1. speaks about the
major steps involved in the detection and classification of
breast cancer. The four major steps involved are Pre-
Processing of the input image, Segmentation, Feature
Extraction and Image Classification.

A. Pre-Processing of the input image

Pre-Processing is described as a technique for denoising
and removing image distortions. The noise might be caused
by air or a variety of other factors.

The actions performed on the pictures at the most
fundamental level of abstraction, where both the input and
output are intensity images, are referred to as pre-processing.
It's used to enhance picture data by eliminating unwanted
distortions and boosting specific visual features that are
important for subsequent processing. The picture histogram
is often represented as a matrix of image function values,
and these images resemble the sensor's original data

(brightness). To achieve this, a variety of noise reduction

methods can be used.
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Fig. 1 General architecture of the breast cancer detection
and classification system

The nature of apriori information is significant if the
goal of pre-processing is to rectify certain image
degradation:

e The first group of approaches assumes general
degradation properties without knowing the nature of
the deterioration. Pre-processing generally is one of the
most important steps which could help in removing the
noise and also is used to restore any images if
necessary.

e A second group requires information on the image
capturing device's properties as well as the parameters
under which the information was captured. Noise's
nature (typically its spectrum properties) is
occasionally understood.

e A third technique relies on prior knowledge of the
items being searched for in the image, which can
greatly simplify the pre-processing. If object
knowledge is not accessible ahead of time, it might be
approximated during the procedure. It is feasible to use
the following strategy:

Initially, the picture is coarsely processed to decrease the
amount of data and identify what is needed to build a
hypothesis. This idea is then confirmed in a higher-
resolution picture. An iterative procedure like this can be
performed until the presence of knowledge is confirmed or
disapproved. Since segmentation also produces semantic
knowledge about objects, this feedback may extend beyond
pre-processing. As a result, feedback might begin after the
object segmentation.

B. Segmentation

It consists of dividing the entire image into multiple
parts. The segmented image attributes can be collected and
checked for the required region of interest (ROI).
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Segmentation seeks to make a picture simpler to
interpret and analyze by decreasing and/or changing its
representation. It's often used in images to locate items and
borders. Labels are assigned to each pixel in an image such
that the pixels having the same labels implies they have
comparable features.

Segmentation produces a group of segments or contours
that covers the entire image. Each pixel in a region has
similar characteristics or attributes such as texture, intensity
etc. Adjacent regions have drastically different colours when
it comes to considering the same feature. The marching
cubes method can be used to generate three-dimensional (3-
D) reconstructions from the edges obtained by applying
segmentation to a stack of images. This is common in the
case of medical imaging.

C. Feature Extraction

Nowadays, data sets have become massive. They have a
high number of variables to process, which necessitates a lot
of computer power. Feature extraction is used to solve this
problem. It is basically a step in the dimensionality reduction
process that splits the data into smaller groups. It helps in
choosing the best feature from big data sets by combining
variables into features, thereby reducing the amount of data
required. These features are simple to use while still
characterizing the underlying data set precisely.

Mask image21l

Mask Image133

Mask Image717

Fig. 2 Image after masking — real image and its
corresponding masked image

D. Classification

In classification, a class label is predicted for a given
example of input data. Various features are gathered, such as
texture, colour etc., as input data for classification, based on
which image is accurately classified as benign or malignant.
The Support Vector Machine is proposed here to perform

the classification task. Its purpose is to find a hyperplane
that separates data points in an N-dimensional space, where
N is the number of attributes or qualities.

Many hyperplanes are used in SVM to separate and
divide the two types of data points. The primary goal is to
locate the plane with the greatest margin, which is the
distance between the data points from both classes. As the
margin increases, the ease to recognize the subsequent data
points also increases. Thus, the objective is to maximize this
margin distance.

Few of the systems don’t use image pre-processing and
image segmentation components, and rather they use only
the feature extraction techniques as inputs. The computer-
aided diagnostic (CAD) systems are very simple and fast in
nature, whereas the feature extraction, when directly applied,
does not give an accurate or the best performance as
expected.

This section describes the general stages involved in
cancer detection and categorization. The proposed approach
is explored in further depth in the next section.

IV. METHODOLOGY

In this section, the proposed methodology is described.
Also, all the steps described in the above section are dealt in
here, and how these steps are performed in detecting and
classifying cancer in ultrasound images is explained. Median
filtering and histogram equalization are used for pre-
processing. For segmentation, a hybrid technique is utilized,
and for feature extraction, fundamental methods are applied.
For classification, the Support Vector Machine (SVM) is
suggested and used. SVM's accuracy is then compared to
that of other machine learning approaches, including boosted
tree (BT), random forest (RF), naive Bayes (NB), and
convolutional neural networks (CNN). Fig. 3. depicts the
Methodology workflow.

The dataset used consists of 1578 ultrasound images of
the breast, out of which 891 images consists of benign
cancer, 266 are normal, and 421 consists of malignant
cancer. The dataset has been taken from Kaggle. Since the
number of images in the dataset is less, data augmentation is
used - to produce more ultrasound images, to solve the data
imbalance issue and to do regularization as it helps in
preventing overfitting to some extent.

A. Pre-Processing

The image enhancement helps to get the fine details of
an image by means of various noise reduction algorithms. It
improves the quality of the image with low contrast. In
general, filters are used to enhance image quality. Filters are
usually applied with a mask or kernel. A median filter and
histogram equalization are used for pre-processing.
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The input picture is filtered with the median filter. The
median filter [15,16,17,18,19] is one of the widely used
filters which is applied for the treatment of salt and pepper
noise. It smoothens the image. The median is computed by
arranging all of the pixels in ascending order and then
substituting the element's middle value with it. This
technique is preceded till the end. And it is repeated again
and again until the end is reached. We measure it with the
metrics which are discussed in Table I. It measures the
various metrics of the pre-processing function and thereby
gives the various values and measurements to it.

Input Image

I

Pre-Processing for
the removal of noise

. T

Identifying the Region
of interest (ROI)

T

Comparison with the
ground truth value

B

Extracted regions are
analyzed for the
features

N

Features are fed into
the classifier

N T

Comparative analysis

of different Machine
Learning Techniques
J v v v l

Random Naive
Forest
Fig. 3 Methodology workflow

Bayes

The output of the median filter is fed for the histogram
equalization methodology [20, 21] to get the uniform
histogram, i.e., the median filtered image is equalized by the
histogram equalization. The process helps to find if the
image is free from noise. They are arranged accordingly to
the number of pixels allotted. Then the corresponding
running sum is obtained. Then the total number of values are
divided by the levels of pixel intensities and is multiplied by
its highest value to equalize the image and to obtain the best
result for the images fed into.

Boosted

SvM Tree

CNN

Various metrics are used to calculate and assess the
results obtained. The results obtained are further evaluated
by comparing it with various other algorithms and are
proved to be quite efficient comparatively. The evaluation

metrics of pre-processing are [22, 23, 24, 25] used, and the
evaluation parameters include the PSNR, MSE and the SNR
as their prime components. The pre-processing gives the
best of the various results, which could act as a preliminary
step for the other steps. The better the result pre-processing
step brings, the better the final classification result we shall
expect. The major steps will obtain noise-free images. The
pre-processing factors are clearly expressed in Table 1.
which explains the various metrics of the pre-processing.
The other important function of pre-processing is to restore
images if lost, so even if the restoration process also happens
with the effective replacement of the images, the pre-
processing plays a crucial role.

Table 1. Metrics for pre-processing

Input PSNR SNR MSE
image
1 41.38 37.87 36.91
2 44 39.96 16.83
3 33.02 28.36 55.56
4 29.05 22.67 85.63
5 41.43 38.67 73.86

B. Segmentation

This defines splitting the image into multiple regions.
The filtered image is now given to the segmentation phase as
input [26, 27, 28, 9, 30]. After applying the filters, the region
of interest is found by means of the segmentation methods
like the Marker Controlled Watershed Algorithm and the J
Segmentation (JSEG) algorithm. Colour quantization and
spatial segmentation are now segregated from the output
[34, 35]. The foremost step helps us to differentiate the
various regions in the image. The next step, using the class
maps, helps us to differentiate the regions and the border
images [36, 37]. The region-growing technique is used to
expand the area in which the appropriate content may be
found. The colour space quantization act as an input which
is step 1, and then step 2 includes spatial segmentation,
which includes J image and region growing [41,42, 43].
Finally, the similar coloured regions merge together. The
marker control algorithm takes the filtered image as an
input, reads the image and performs its corresponding
gradient magnitude so that the borders appear sharp,
comparatively to the region. [31, 32, 33].

The J calculations are done as follows:

1 ZY
L

n=yj

k-

Ri = X,=ymod (Y — K)?

174



Akila Victoret al. / IJETT, 70(3), 170-178, 2022

Where R stands for the total variance in an image and K is
mean to be calculated for the region.

Ry = 2Ry
where,
Ry = Zia=12y=Ym0d (Y—Ki)z
d =
Rj

Now the watershed transformation is applied to the image
with gradients. The foreground regions are marked by means
of the morphological functions, namely opening and closing,
by the reconstruction operations. Now similar to the
foreground, the background regions are obtained. Gradients
are modified, and the results are obtained. The segmentation
is compared with the ground truth dataset and is evaluated in
Table 2. by using the Jaccard coefficient and the Dice
coefficient. These act as metrics for the segmentation
algorithm. The Pre-Processed image is applied with various
hybrid algorithms where the Dice coefficient and the Jaccard
index are calculated.

Table 2. Jaccard coefficient

Algorithm | Accuracy | Jaccard Dice
Index Coefficient
Proposed 93.4 93.76 93.56
(SVM)

C. Feature extraction and classification

It consists of extracting various components in an
image, for example, colour, texture, size, shape, mean,
variance etc. So, we could include entropy, standard
deviation, dissimilarity, homogeneity, number of pixels [38,
39, 40], autocorrelation, contrast, variance, mean, shape, and
margin.

Equation 1 and 2 shows a sample of how the
calculations for the features are made, and using these, the
values in the tables are calculated accordingly.

N-1N-1

Homogeneity = Z Z{F(X; )}

x=0 y=0

Eqg. 1. Homogeneity equation
N-1N-1

Entropy = — Z Z f(x,y) X log(f(x,y)

x=1y=1

Eqg. 2. Entropy equation

The extracted features are explained and are tabulated in
Table 3. The collected features are then fed into the

classifier. The process of classification helps in classifying
the images into benign or malignant images. The metrics of
sensitivity and selectivity are tabulated with the help of
equations 3, 4 and 5. They calculate the accuracy and other
following factors based on the tabulated values from the
feature extraction and are fed into the classifier. Here we use
an SVM classifier that includes ten-fold cross-validation,
which improves to be 93.4%.

Table 3. Feature extraction values

Features Image 1 Image2
Entropy 0.00245 0.00231
Standard Deviation 0.4145 0.39876
Dissimilarity 0.02341 0.02981
Homogeneity 0.99871 0.99876
Autocorrelation 67.876 64.9876
Contrast 0.123 0.1

Variation 0.1321 0.234

Mean 0.6789 0.5678

The values of Sensitivity and Specificity for the SVM
Classifier are calculated and are tabulated in Table 4. Fig. 4.
explains the Receiver Operating characteristic curve (ROC)
for the retrieved characteristics that are given into the
Support Vector Machine classifier. From the ROC curve, it
is observed that the improvement could be made in the
proposed methodology by increasing the number of dataset
elements. The accuracy rate still is effective.

TP

Sensitivity = e

Eqg. 3

TN
TN+TP

Specificity =

Eq. 4

TP+TN

Accuracy = TP+FP+TN+FN

Eq. 5
Where TP: True Positive, TN: True Negative, FP: False
Positive, FN: False Negative.

Table 4. Classification Values
Classifier Sensitivity Specificity

SVM 82.64% 91.09%
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ROC Curve for: Support Vector Machine

True positive rate
o
n

0 0.2 0.4 0.6 0.8 1

False positive rate

Fig. 4 ROC curve for SVM

The summary of the CNN model is shown in Fig. 5.
Table 5. represents the accuracy metric for each classifier.
Fig. 6. makes an overall comparison of the classifiers by
feeding appropriate features to the corresponding classifiers.
The SVM shows a better accuracy of detection of cancer in
the testing dataset of ultrasound images when compared to
the other classifiers.

Model: "sequential”

Layer (type) output Shape  Param #
comad (ComaD)  (hone, 16, 126, 92)  am
max_pooling2d (MaxPooling2D) (None, 63, 63, 32) o
conv2d.1 (Com20)  (None, 61, 61, 32) a8
max_pooling2d_1 (WaxPooling? (None, 38, 38, 32) e
dropout (Dropout)  (Nome, 30, 30, 32) e
flatten (Flatten)  (None, 28800) e
dense (Dense)  (None, 128) 3686528
dense_1 (Dense)  (None, 3) 87
Trainable params: 3,696,483

Non-trainable params: @

Fig. 5 Summary of CNN Model

Table 5. Accuracy metric for different classifiers

Classifier Accuracy
(On testing dataset)

Random Forest 73.1%

SVM 93.4%

Boosted Tree 82.4%

Naive Bayes 86.2%

CNN 76.8%
100
75
50
25
0

Random Forest SVM Boosted Tree  Naive Bayes CNN

Fig. 6 Accuracy (Y) vs Classifier (X) Bar chart

D. Results and Discussion

The algorithm in the proposed methodology gives an
improved accuracy. The algorithm thus helps in the earlier
detection, which could be a life saving one. Noise removal
using the filtering methods helps in removing the noise
present in the image. It also helps in the segmentation
methodology by identifying the proper region of interest and
collecting the features from the segmented image. These
features are then fed into the classifier. Based on the features
identified, the classifier classifies the images as cancerous or
non-cancerous. The median filtered image is equalized by
the histogram equalization. The process helps us to find if
the image is an error-free image from noise. The pre-
processing factors and various other metrics of the pre-
processing are also discussed in the tables above.

V. CONCLUSION AND FUTURE WORK

To conclude, the system receives a digital ultrasound
image as an input. Support vector machine is used to classify
the images into benign and malignant, which includes ten-
fold cross-validation and gives an accuracy of 93.4%. It gets
the highest accuracy when compared to the other popular
classifiers, as discussed. It clearly shows that it is not always
that neural networks will yield to best results. Also,
considering the complexity and computation constraints of
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the neural networks, using SVM is a better choice. Thus, the
work presented in this paper is quite satisfactory. Still, there
are places we could focus on better improvement.

The future work will focus on a large dataset of
ultrasound images and can be fully automated, which could
lead to an increase in the accuracy, and the present work
shows comparatively a better result with existing
segmentations that were carried out, considering it to be
partially automated. Future work could focus on the
improved segmentation algorithm so that the classifier could
yield a better result. The semi-automated system here can be
converted to a fully automated system to reduce the time
limit and to improve its efficiency as well.

Thus, this paper presents a comparative analysis and
will serve as a base paper for future studies in the field of
detection and classification of breast cancer.
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