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Abstract. The exact evaluation of breast cancer im-
ages for patients is very important, because they can
be early treated for lasting their life. This article pro-
poses a classification system for finding breast cancer
1mages, in which each breast lesion image is segmented
to produce a largest Region of Interest (ROI) and a
VGG16 deep learning network is applied for classifi-
cation. An Otsu threshold is utilized on two datasets
from two sources of CBIS-DDSM and MIAS to create
largest ROI with main features. For the classification
with high performance, two datasets of the breast le-
sions were augmented by rotating, flipping, and bright-
ness variation. This article was proposed an algorithm
with processing images sets before classification using
VGG16. In particular, the results of the largest ROI
datasets for four types of breast lesions were repre-
sented through segmentation, mormalization and en-
hancement. In addition, the results of classifying four
types of breast lesions (BC, BM, MC, MM) were eval-
uated using confusion matriz, with the high accuracy
of around 95%. Another evaluation was that these im-
age sets without ROI/with ROI parts/With the largest
ROI only using the Otsu segmentation were compared
and the highest accuracy was of the image sets with the
largest ROI. The results with the high accuracy demon-
strated to illustrate the effectiveness of the proposed
method. It means that this method can be developed to
classify many stages of breast cancers during diagnosis
and treatment.
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1. Introduction

Breast cancer in humans is one of the most dangerous
diseases and also it is very difficult to treat [I]. The
cause of breast cancer is still unclear, so it is very neces-
sary to recognize soon for treatment. However, many
researches have suggested that mutations of genes in
the BRCA1 or BRCA2 are the main causes [2] such as
environmental pollution, radiation, chemicals in food,
smoking habits and other issues, which can increase
the risk for having breast cancer treatment.

With many different cancers, breast cancer often ap-
pears in women, the majority of women are over 40
years old [3]. In particular, 2.3 million women were di-
agnosed with breast cancer and 685,000 died globally
in 2020. About the end of 2020, there were 7.8 million
women alive, who had been diagnosed with breast can-
cer in the past five years [4]. However, if cancers with
early diagnosis can be detected, human can have a very
high chance of treatment [5]. In particular, if the can-
cers are early detected in the first stage, the treatment
rate is 80%, while second stage is about 60% [6].
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An Otsu segmentation algorithm is often employed
for determining thresholds to be able to ROI [7]. In
particular, the Otsu segmentation is to determine gray
level, where a gray level image is calculated to divide
pixels into two groups: background pixels, and object
pixels. In addition, breast images with many different
parts on them are difficult for classifying high perfor-
mance. Therefore, creating ROI from the breast image
using segmentation methods is very necessary [, 9] [10].
In this research, the largest ROI with features is de-
tected before training VGG16. It is obvious that the
obtained results can be better compared to previous
works with the same datasets.

Image enhancement using histogram equalization
method will make the image clearer and extract fea-
tures [11]. It means that a histogram equalization tech-
nique is often used for enhancing contrast in a variety
of different image types such as medical and satellite
images. There are many methods of histogram equal-
ization and essentially they are divided into two types
of global and local histogram equalization. In partic-
ular, the algorithm proposed, in [11], used Gaussian
Mixture Model for the model of the gray level distri-
bution of the image. Furthermore, the intersections of
the Gaussian Model were used to model the dynamic
range of the images into input gray level intervals. An-
other research is that based on histogram equalization
and superpixel segmentation, the method was intro-
duced to find whether an image with grayscale. Thus,
this paper can infer whether an image is dark, bright,
or a small dynamic range [12].

In recent years, there has been a lot of researches on
Artificial Intelligence (AI) in the medical field, partic-
ularly applying AI technology in identifying and clas-
sifying diseases such as heart [I3] [I4], human skin [I5],
brain cancer [16], breast cancer [17] and others. This
article proposed an automatic segmentation method
based on CNN with a 3x3 kernel. With this method
of using a small kernel, it allows the design of a deep
learning network architecture and also limits overfit-
ting. The proposed method was applied on the CNN
network for the MRI image set of the Brain Tumor
Segmentation Challenge 2013 database (BRATS 2013)
[16]. In these reseahces, AI has been applied for recog-
nition of breast cancer and evaluating the level of can-
cers based on mammograms. In addition, using Al
to classify and identify cancers, the cancers for early
treatment are very important based on images taken
from different technologies such as CT scanner, MRI
[18], X-ray [19].

In the problem of identifying and classifying breast
cancer, largest sets of mammograms with information
related to breast lesions are provided by experienced
doctors for building a machine learning system. In par-
ticular, the mammography data reports such as Breast
Imaging Reporting & Data System BIRADS with 7
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points from BIRADS 0 to BIRADS 6 are used with
the machine learning systems for evaluation. With this
evaluation, testing can be utilized to help doctors to
reach a more exact conclusion related to breast cancer
[20].

Currently, there are many researches using Convolu-
tional Neural Networks (CNNs) for classifying breast
lesions, in which breast cancer detection is very im-
portant [2I]. In addition, the CNNs are applied for
classifying benign and malignant tumors on digital im-
ages with the accuracy of up to 91%. Another CNN,
called Convolutional Neural Network Improvement for
Breast Cancer Classification (CNNI-BCC), was struc-
tured in 2019 and applied for classifying 3 lesion cases
such as benign, malignant, and normal with its accu-
racy of 89.5%, 90.5% and 90.7%, respectively [22].

X-ray images of diseases related to breast lesions are
often of inconsistent quality and also contain many un-
necessary artifacts. Therefore, in most researches, im-
age preprocessing algorithms are applied to uniformly
improve image quality and enhance the effectiveness of
classification. Thus, image preprocessing before apply-
ing for training advanced deep learning networks such
as VGGI16 [23], EfficientNet [24], or others can increase
the effectiveness of classification performance. In this
research, the extract largest ROI image normalization
and enhancement will be employed before using train-
ing the VGG16 deep learning network for classification
of breast lesions.

This article is to evaluate the effectiveness of image
preprocessing with largest ROI and enhancement be-
fore training a deep learning network of VGG16. More-
over, four types of breast x-ray images (Benign Mass,
Benign Calcification, Malignant Calcification, Malig-
nant Mass) were obtained from CBIS-DDSM [25] and
MIAS [26], in which data augmentation was suggested
in this research so that the classification effectiveness is
increased using VGG16. In particular, image datasets
have been extracted ROI, enhanced and other process-
ing methods are applied, including rotating, flipping
images and their brightness changes. It is obvious that
the classification performance is increased and the ob-
tained results are also compared to previous works for
evaluation of the proposed algorithm.

2. Materials and methods

In this article, the method of a process for classifica-
tion of breast lesion is proposed as described in Fig.
In particular, datasets are obtained from CBIS-DDSM
[25] and MIAS [26] and augmentation image datasets
using rotating, flipping and brightness change, in which
four types of lesion images (Benign Mass, Benign Calci-
fication, Malignant Mass, Malignant Calcification) are
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Fig. 1: Block diagram of the classification and process: (1) two datasets with four breast lesion image sets; (2) Images segmented
to find the largest ROI and enhanced; (3) Images augmented from the largest ROI images; (4) and (5) the VGG16 with

four outputs for breast lesion classification.

used. All image datasets are preprocessed before Otsu
segmentation to choose the largest ROI containing fea-
tures in each lesion image. Therefore, the largest ROI
datasets are fed into a VGG16 deep learning network.
This network is configured to refine the last two layers
and also added appropriate output layers. Finally, the
Confusion matrix is applied to evaluate the effective-
ness of the proposed classification.

In addition, this article performs three cases of in-
put image sets to the input of the VGG16 network for
evaluating accuracy between them. In particular, the
image sets are used for three cases such as the image
sets without the Otsu segmentation, ones with just the
Otsu segmentation, and the sets with the largest ROI
using the Otsu segmentation.

2.1. Materials

Mammograms are used in this research from two im-
age sources: CBIS-DDSM and MIAS. Moreover, CBIS-
DDSM is an updated version of the DDSM providing
easily accessible data and improved ROI segmentation
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[25]. The original DDSM is a database of 2,620 scanned
film mammography studies, while the CBIS-DDSM has
1,644 images of four types of breast lesions (Benign
Mass; Malignant Mass; Benign Calcification; Malig-
nant Calcification) and the image number in each type
and their information are shown in Tab. [l In simi-
larity, the MIAS Mammography dataset includes 1,128
images of 362 women and only 322 images of four types
of breast lesions with their information and the image
number are described in Tab. 2

Tab. 1: Information of the CBIS-DDSM dataset.

Properties Value
Total Number of Images 1644
Image Dimension 224 x 224

Color Codec RGB
Benign Mass 753
Benign Calcification 414
Malignant Calcification 339
Malignant Mass 419
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Fig. 2: Description of process for creating the largest ROI with enhancement.

Tab. 2: Information of MIAS dataset.

Properties Value

Total Number of Images 322
Image Dimension 224 x 224

Color Codec RGB
Benign Mass 37
Benign Calcification 12
Malignant Calcification 13
Malignant Mass 19

2.2. Determination of the largest

ROI

In this research, all images are processed to determine
the largest ROI focused on the breast lesion area be-
fore used to train the VGG16 network for classification
of breast lesion images. With processing the images to
just produce the largest ROI, the accuracy classifica-
tion is high and also the classification system reduces
the model’s computation time. In particular, the Otsu
algorithm is applied to an original image to determine
a threshold for image segmentation to obtain objects in
the image. Moreover, the largest ROI with the breast
lesion part is determined based on the largest pixel
number and the smaller ROI parts are eliminated. This
image with the largest ROI is a binary image which
is multiplied with the original image to produce the
original image with the largest ROI only. Finally, the
largest ROI image is normalized and adjusted to pro-
duce the wanted ROI image as shown in Fig. [

An original mammogram may contain unwanted
components which do not contribute for accurate image
classification, but also reduce classification accuracy.
Furthermore, these components can increase training
and recognition times for classifiers. In particular, lines
of text or notes on the image or bright areas at the
edges of the image can affect the training and clas-
sification process. To increase classification accuracy,
mammograms need to be processed to remove these
areas. Furthermore, the background component of the
image will be removed to determine the largest ROI
before entering the network for training and classifica-
tion.

(© 2024 ADVANCES IN ELECTRICAL AND ELECTRONIC ENGINEERING

Image segmentation is the process of dividing an
image into regions with similar features. In addi-
tion, edges and textures are important features which
need to obtain for segmentation. In this article, gray
mammograms are segmented based on thresholding us-
ing the Otsu method. Suppose the threshold ¢ =
1,2...,(L — 1) is chosen to divide the number of gray
levels L into two sets Cy and C7 and the Otsu threshold
method allows to find ¢ based on the largest variance
between the two sets Cp and C; and its equation is
expressed as follows:

0% = wolpo — pr)” +wi(ps — pr)? (1)

in which ur is the average gray level of one image.

In order to determine this variance, the weight wq
and the average gray level pg of the set Cy, the weight
wy and the average gray level uq of the set C are cal-
culated as follows:

k—1

wo = Zq:o Pq (rq) (2)
wy = Zj:_kl pq (rq) (3)
po =3 apa (r4) [ @)

L—-1

=2, apq(rg) /w1

Therefore, the probability density p, of the gray level
is calculated as follows:
g

pq(rq) = U x N (6)
in which, n, is the pixel number of the ¢'* gray level

and M x N is the pixel number of one gray image.

The Otsu segmentation method will give many dif-
ferent thresholds, but to choose a suitable threshold,
one is based on the variance value of the two sets as in
Eq. . In particular, the largest variance is the value
considered to obtain the best threshold for segmenta-
tion. However, a threshold close to the recommended
threshold can be chosen for the best segmentation and
it is suitable for the typical data.
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To effectively remove unwanted components and ob-
tain only the largest ROI, an algorithm to find the
largest region based on pixels is applied. In particu-
lar, the gray segmented image will be converted to the
binary image for determining the largest ROI based
on the white pixels, while eliminating smaller regions.
Furthermore, to obtain the original image with only the
largest ROI, the binary image with the largest ROI will
be multiplied with the original image.

For determining the largest ROI, an Otsu threshold
is applied to produce objects with the same pixel gray
levels and then a largest object, called the largest ROI,
will be found. In particular, the algorithm for finding
the largest ROI will be determined as follows:

=3 3 o) (7)

in which, x; is the sum of the white pixels, O; is the
it ROI with the size of h; x w; (i = 1,2,...,n).

After completing the largest ROI segmentation, the
images are normalized and enhanced using histogram
equalization. The enhancement will make all syn-
chronous images with features and brigthness and the
classification will be more accurate. The images after
enhancement will be fed into the VGG16 network for
training and classification.

To normalize images, the method with the values
of min and max gray levels is applied in this study.
Therefore, the new gray level value is normalized using
the following equation:

Lold — Tmin

(8)

Tnew = Told
Tmax — Tmin
in which, ¢, is the new gray level of pixel. x,;4 is the
old gray level of pixel. ,.x describes the maximum
gray level of image. And x,i, describes the minimum
gray level of image.

To enhance the image, the histogram method is uti-
lized. In particular, this method will recalculate the
gray level values based on the probability density of
each gray level, in which it has the relationship be-
tween the probability density of the next gray level
and that of the previous gray level through sum cal-
culation. Therefore, each gray level is calculated for
equlization based on histogram in the image described
by the following equation:

Sq:(L_l)Z

in which, L is the number of the gray level with ¢ =
0,1,2,...,L — 1.

L=1
o Pa (74)

9)

q=

Assume that 74 is the gray level value in the original
and s, is the gray level in the equalized image and the
probability density p, of the gray levels of the original
image as in Eq. @ Furthermore, nq is the number of
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pixels at the gray level ¢ = 0,1,2,...,L—1and M x N
is the number of pixels horizontally and vertically in an
image.

2.3. VGG16 network model

VGG16 is a model of a Deep Convolutional Neural Net-
work (DCNN) [19]. This model achieved 92.7% accu-
racy in the top-5 of testing in the ImageNet dataset
[23]. The increased depth of the VGG model can sup-
port kernels for extracting more complex features. In
this article, VGG16 was used to classify four types of
breast lesions (Benign Mass; Malignant Mass; Benign
Calcification; Malignant Calcification) of breast X-ray
image sets with lesions. In addition, the VGG16 net-
work is fine-tuned so that it can achieve higher accu-
racy compared to the full network as depicted in Fig.
[l Furthermore, the computer configuration was used
to train the VGG16 network includes an Intel Core
i9-9980HK processor, NVidia Tesla P4 GPU, 32GB
DDR4 Ram Memory, and 1TB SSD for storage. With
this configuration, the network performs relatively well
and gives more accurate classification results.

In this article, a VGG16 with the total 39 layers and
each layer has five blocks. Moreover, each block con-
tains two convolutional layers followed by a Maxpool-
ing layer. Therefore, each convolution layer is multi-
plied to a two-dimensional array with weights of input
data for performing a linear operation. The input layer
of the architecture requires the size of the image with
(224%x224x3) and the input size for the first convo-
lutional layer is similar. In particular, the first block
has two convolutional layers with 64 channels with the
kernel size (3x3) and the same padding, followed by a
(2x2) Maxpooling layer. In similarity, the second block
contains two convolutional layers of 128 channels with
th 3x3 kernel and they are followed by a Maxpooling
layer with the (2x2) size. The last three blocks contain
three convolutional layers with the Maxpooling layer.
In addition, the channel sizes of the three convolutional
layers in blocks 3, 4, and 5 are 256, 512, and 512, re-
spectively and all of them are the (3x3) kernel size.
Thus, the original input image is scaled down to half
its size within each Maxpooling layer. After stacking
the convolutional and Maxpooling layers, the feature
output from the final Maxpooling layer has a size of
(Tx7x512). A flattening layer is added to create a
(1x25,088) features vector. Moreover, a dense layer is
added to produce four channels for the layers. In this
deep learning network, there is a Softmax activation
function at the end for normalizing the classification
vector obtained from FC. Finally, the VGG16 model is
pre-trained on the ImageNet database.

The convolutional layers in the VGG16 model use
the ReLU loss function, which is equal to 0 for z < 0
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Fig. 3: Architecture of the fine-tuned VGG16 network used in this article.

Fig. 4: Description of the last FC layer.

and equal to x for all x > 0 and it is described as

follows:

ReLU (x) = max {z,0} { 3 ZJ{ ;ig
(10)

In this article, the VGG16 model has two phases:
training and fine-tuning. During training, the last two
layers of 16 layers in the VGG16 model are fine-tuned,
and weights in the remaining layers are kept from the
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prototype trained on ImageNet. In the output layer
of the model, the dense and FC layers of the network
model are updated by the new features of the images
during the fine-tuning process. Moreover, the final FC
layer will be modified for classifying four types of breast
lesion images. In particular, to achieve the purpose of
classifying 4 breast lesion image layers including Be-
nign Mass, Benign Calcification, Malignant Calcifica-
tion, and Malignant Mass, the last FC layer is adjusted
to have 4 outputs as shown in Fig. [4

Therefore, the pre-trained weights of layers are
transferred by using transfer learning and then the
model is retrained using the image datasets. In this
model, the ‘Softmax’ activation function is used to cal-
culate the probability for each class and to create the
prediction results. Therefore, Softmax is expressed by
the following equation:

Zi= w0y j=1,2,...,n

S e (11)

To train the model in this research, the maximum
number of epochs is set to 350 and the batch size to
16. The Adam optimization algorithm is applied with a
learning rate of 0.001. In addition, the Adam algorithm
is an enhanced version of Stochastic Gradient Descent,
which is a combination of the Momentum and RMSP
algorithms and is described by the following mathe-
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matical equation:

WT+1 = W¢— X Mg (12)

in which,

(13)

my = Bmy—1 + (1 —5) [(SL]

(5wt

and, Wr,4q is weights at time t+1. wy is weights at
time t. o is learning rate. m; is aggregate of gradi-
ents at time t. 0L is derivative of Loss Function. dw;
is derivative of weights at time t. And (8 is moving
average parameter.

3. Results and discussions

This article proposes an algorithm for the classifica-
tion of breast lesions, in which image sets are processed
to extract the largest ROI before inserting them into
VGGI16. In this algorithm, the results of image process-
ing and classification using VGG16 are demonstrated
to illustrate the effectiveness of this algorithm. Finally,
the comparison and evaluation of the results are per-
formed to illustrate that the proposed method is effec-
tive.

3.1. Determination of largest ROI

With a breast lesion image, it is very necessary to ac-
curately determine whether it is breast cancer because
this can help doctors have more information to de-
cide breast cancer. In this study, image datasets with
breast lesions were segmented to extract the largest
ROI parts with many features for better lesion classifi-
cation using deep learning networks. In particular, to
remove unwanted components in the images for creat-
ing the largest ROI, the image segmentation method
using Otsu thresholding was utilized as shown in Fig.

Segmentation with different threshold values can
produce segmented images with different ROI parts.
Therefore, simulation results in this research showed
that adjusting image brightness before segmentation
significantly improved the regions segmented with the
Otsu algorithm. With a chosen Otsu threshold, ex-
tracting the largest ROI is obtained. In particular,
the breast lesion image only retains the largest ROI
containing many possible features and most of the un-
wanted components in the original image could be elim-
inated as shown in Fig.

In Fig. the images of (ad), (b4), (c4), (d4) just
have the largest ROI and smaller ROI parts are elim-
inated compared to the images (al), (bl), (c1), (d1).
Moreover, the images of (a4), (b4), (c4), and (d4) after
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eliminating can be seen more clearly lesions, called fea-
tures, around ROI. The processed images make it easy
to see the difference between the four types of breast
lesions (BM, MM, BC, MC).

Fig. [0] shows the ROI image normalized and ad-
justed for contrast using the Histogram equalization
algorithm. In particular, the images after correction
were clearer with features focusing on the largest ROI
parts and this can help the cancer classification sys-
tem achieve better performance. In addition, the en-
hanced images of (a3), (b3), (c3), and (d3) produced
the largest ROI parts nearly synchronous, clearer com-
pared to the images of (al), (bl), (cl), (d1). This is
important due to the ability to classify with higher ac-
curacy using VGG16 compared to the images without
enhancement.

3.2. Determination of largest ROI

In this article, two main datasets of CBIS-DDSM and
MIAS are used for the classification of four breast le-
sions using the deep learning network. However, they
are not enough for training and classifying to produce
the desired accuracy. Thus, an augmentation of image
sets is necessary for using the deep learning network.
The rotation and flip images in these two datasets and

also the brightness adjustment applied were performed
as shown in Tab. [3land Tab. [

All image sets after the largest ROI extraction and
enhancement are used for training the network. In this
article, the VGG16 is applied for the classification of
four types of breast lesions. To evaluate the perfor-
mance of training, the datasets were divided into the
training set (80%) and the testing set (20%), respec-
tively. In particular, after data augmentation, 15,118
X-ray images of breast lesions were extracted with the
largest ROI divided into 12,093 for training (80%) and
3,025 images for testing (20%) as depicted in Fig.
In particular, the average class for training is around
3,000 images and similarly it is 750 images for testing
in this research.

Results for classification of
breast lesion images

3.3.

Fig. [§ shows the training curves for the classification
model, including the loss curve and the accuracy curve.
It is obvious that the training curve smoothly converges
from the first stage to the last stage without collisions.
Furthermore, the distance between the validation ac-
curacy curve (red) and the training one (blue) shows
that they nearly have no overfitting during the train-
ing process. In similarity to the training curve, the loss
curve shown in Fig. [8] converges steadily. With these
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Fig. 5: Description of extracting the largest contour-based ROI and eliminating unwanted components: (al-a4) Original images
of four breast lesions; (b1-b4) Segmented images with the Otsu threshold method (cl-c4) Binary images with the largest
ROI eliminated unwanted components; (d1-d4) Original image with the largest ROI without unwanted components.
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Fig. 6: Description of results for normalizing and the largest ROI image enhancement using histogram equalization: (al-a3)
Original images; (b1-b3) Normalized images; (c) Image with the histogram equalization.
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Tab. 3: Description of four types of the augmented image sets of CBIS-DDSM.

The augmented sets divided
Original images | Augmented images for training and testing
Training Testing

Image No. 1644 12542 10033 2509
Benign Mass 753 3165 2532 633
Benign Calcification 414 2897 2318 579
Malignant Calcification 339 2985 2387 598
Malignant Mass 419 3495 2796 699

Tab. 4: Description of four types of the augmented image sets of CBIS-DDSM.

The augmented sets divided
Original images | Augmented images for training and testing
Training Testing
Image No. 322 2576 2060 516
Benign Mass 146 1168 934 234
Benign Calcification 48 384 307 77
Malignant Calcification 52 416 333 83
Malignant Mass 419 3495 2796 699
Class distribution
gggg 3466 3282
3000 2625 2720 Accuracy curve
2500
2000 1.00
1500
1000 867 656 681 821 095
500 090
o Hl o o O
Benign Mass Benign Malignant Malignant Mass 0.85
Calcification Calcification 0.80
® Train ™ Test 075
0.70 —
Fig. 7: Distribution of four types of datasets for training (blue) 065 —Training Accuracy
and validation (red). ’ —Validation Accuracy
060
0.55
1 26 51 76 101 126 151 176 201 226 251 276 301 326 351
results of the training and loss curves without over- (a)
fitting or underfitting, we can see that the proposed
model for the classification of four breast lesions is ef- Loss Curve
fective. In addition, the accuracy rate over the epochs 1.00
curve shows that the accuracy increases when the num- 0.90
ber of iterations increases, in which the blue line is for 080
« . . . 0.70
the training set, and the red line is for the test set. 060
Fig. [O[a) and Fig. [9|(b) show the results of using the ~ °*° ==TFealaing Loss
confusion matrix for the VGG16 classification model 2‘:2 T Valdation toss
with the highest accuracy. In particular, the row val- 020
ues represent the actual labels of the image sets, BC, 0.10
BM, MC, and MM, the column values describe the pre- 0.00
1 26 51 76 101 126 151 176 201 226 251 276 301 326 351

dicted labels of four types of these image sets, and the
diagonal lines express the True Positive (TP) values. In
addition, the confusion matrix shows that no bias exists
for any layer and also, they predict all similar layers.
Specifically, with the CBIS-DDSM dataset, the model
can classify MM and BM lesions with the highest accu-
racies of 95.71% and 95.58% respectively. Meanwhile,
with the MIAS dataset, BM and BC lesions yield the
highest classification accuracies of 93.16% and 92.21%

(© 2024 ADVANCES IN ELECTRICAL AND ELECTRONIC ENGINEERING

(b)

Fig. 8: Description of training process with over 350 epochs for
Adam with learning rate 0.0001: (a) accuracy curve for
training and validation; (b) loss curve for training and
validation.
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Fig. 9: Description of training process with over 350 epochs for
Adam with learning rate 0.0001: (a) accuracy curve for
training and validation; (b) loss curve for training and
validation.

respectively. The average accuracy over the CBIS-
DDSM dataset is 95.23%, which is higher than the ac-
curacy achieved when classifying on the MIAS dataset
at 91.78%. Notably from Fig. EI, the misclassification
rates from BM to MM are high for both test datasets
at 1.74% and 2.99% respectively. Additionally, MM
is also misclassified as BM with rates of 2.00% and
4.10% on the CBIS-DDSM and MIAS datasets. These
classification results demonstrate the effectiveness and
potential of the proposed model.

In Fig. 10, the accuracy curves for testing and val-
idating show that the model achieves high accuracy
with a low false positive rate for the data sets. In
particular, the yellow curve is the result of the train-
ing set and the blue curve is the result of the testing
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Fig. 10: Accuracy rate curves of training and testing using the
proposed model.

set. Thus, the receiving operating curve (ROC) and
the area under the curve (AUC) taken from the ROC
curve show that the proposed model along with the
proposed method is effective for distinguishing differ-
ent classes. In particular, an AUC value close to 1 in-
dicates that this model can detect most classes, where
the ROC curve almost touches the peak of the y-axis,
which means the false positive rate is close to 0. The
true positive rate is close to 1, which proves that the
model’s effectiveness is very high.

Extracting the largest ROI and enhancing images
has improved the classification performance of the pro-
posed model, particularly, the proposed model in this
article achieved 95% accuracy. For the high perfor-
mance, the image sets were extracted with the largest
ROIs to capture many features of breast lesions and
then normalized and enhanced. For the effective eval-
uation of the proposed model, this article shows three
cases of data sets as shown in Tab. [5] In particular,
the image set is processed following the proposed with
the largest ROI producing the highest performance of
95%, while the image set without processing is 82.1%
of accuracy smaller than that of just Otsu segmenta-
tion. This result proves that the proposed model can
classify four types of breast lesions to make it easier
to identify breast cancer from mammograms with the
highest accuracy. One outstanding point is that ap-
plying the large ROI region segmentation based on the
Otsu algorithm allows for quick segmentation without
using pre-segmented data for training. Furthermore,
compared to other deep learning networks, such as U-
Net, for segmented data, this method is simpler, and
less time-consuming, but still increases the average ac-
curacy of the system.

To evaluate the reliability of the results, with a lim-
ited number of data sets, we use the cross-validation
method with 5-fold on the same data set. Fig. [11]illus-
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Tab. 5: Information of the CBIS-DDSM dataset.

Methods Average Accuracy
No image processing 82.1%
Otsu segmentation 89.2%
Otsu segmentation 95%
with the largest ROI

Performance
Evaluation

Iteration 2 Péigtztaigie
e Performance
Evaluation

Performance
Iteration 5 Test Performalnce
Evaluation

Evaluation
Fig. 11: 5-fold cross validation.

Iteration 1 Test

Iteration 3

a8eroAy

Iteration 4

trates how to divide the data set for use in this evalua-
tion process. In particular, the data set is divided into
5 segments, each iteration uses 1 of the 5 segments in
turn as the validation set, while the remaining 4 seg-
ments are used for training. The results of 5 iterations
are used to compare with each other for evaluating the
stability of the model.

With the results of the 5 iterations as shown in Tab.
[6] there is no big difference between the iterations and
these results are reliable. Moreover, from these results,
Confidence Intervals (Cls) are calculated and shown in
Fig. In particular, the CI of Accuracy is quite
narrow, showing the stability of accuracy. The confi-
dence intervals of Sensitivity, Precision, and F1 score
are larger but still do not have too large deviations be-
tween iterations. These results show the stability of
the model.

Tab. [7] shows the highest accuracy achieved by the
proposed model compared to previous works with sim-
ilar methods, datasets, or models. More than half of

Hyper-parameter for evaluattion system

1
96
wur =
2
= i —_
g 9
2
o3
a
88
T e
I
86 - !
I
I
84 - }
—1
Accuracy Sensitivity Precision F18

Evaluation parameters

Fig. 12: Mean value and confidence interval of Accuracy, Sen-
sitivity, Precision, and F1s.
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the previous studies in Tab. [7] used the VGG16 and
similar datasets compared to the study in this article.
In [27], the transfer learning method with the MVGG
model was proposed for image classification based on
the VGG16 model and the result was 94.3% with 15
epochs using the DDSM database.

In a study by Shallu and Mehra [28] using the
pre-trained and fine-tuned VGG16, its performance
achieved the highest accuracy of 92.60%. With VGG16
and VGG19s using the same dataset, Hameed et al.
[29] had the result with the obtained accuracy of
94.71%. Similarly, in the research of Li et al. [30],
his article applied several pre-trained models and the
highest accuracy was 92.78% with VGGNet. Our fine-
tuned VGG16 network with the FC layer achieved 95%
accuracy in breast lesion classification using the CBIS-
DDSM dataset after Adam optimization. In general,
with the above statistics, the models using VGG16
achieved the classification with a very high accuracy.

Two image sets (CBIS-DDSM and MIAS) are very
popular for research related to breast lesions. Although
different algorithms of classification, the accuracy is
very high, around 92%. In our research, these two im-
age sets with four types of breast lesions were used,
in which there were the augmented image sets to cre-
ate the large dataset. In addition, these image sets
were processed to extract the largest ROI, which was
used for the fine-tuned VGG16 and produced the re-
sults with a high accuracy of 94% to 95%. This means
that the obtained results demonstrate to illustrate the
effectiveness of the proposed algorithm.

4. Conclusion

This article has proposed a classification model using
four breast lesion image sets, including Benign Calci-
fications (BC), Benign Mass (BM), Malignant Calci-
fications (MC), and Malignant Mass (MM) from two
image sets of CBIS-DDSM and MIAS. All images were
extracted with the largest ROI and then normalized
and enhanced before applying to train the VGG16 net-
work. Extracting the largest ROI gave a higher classi-
fication efficiency of 95% compared to images without
extracting the largest ROI. Furthermore, to increase
accuracy, these image sets were processed to augment
the number of images by rotating and flipping images.
In addition, in VGG16, the last two layers are fine-
tuned during training and classification to contribute
to the classification performance. Therefore, the re-
sults demonstrate to illustrate that removing unwanted
components and extracting only the largest ROI signif-
icantly contributes to improving the proposed model
performance. The proposed model with VGG16 shows
high performance for classifying four types of breast
lesions of CBIS-DDSM and MIAS sets. With the clas-
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Tab. 6: Accuracy, Sensitivity, Precision, and F1ls over 5 iterations.

Iteration | Accuracy | Sensitivity | Precision Fils
1 95.30% 0.9631 0.9214 0.8763
2 95.40% 0.9712 0.9213 0.8912
3 94.10% 0.9354 0.8914 0.9126
4 94.90% 0.9127 0.9143 0.8730
5 95.20% 0.9214 0.8314 0.9151
Average 94.98% 0.9408 0.8960 0.8936

Tab. 7: Comparison between this research with previous work.

Paper Model Dataset Epoch | Accuracy
Khampari et al. | Hybrid MVGG16 Digital Database Wlth ]?DSM having 2620 s 94.3%
(2021) [27] ImageNet HHages.
Shallu and VGG16 + LR 2042 full-field digital images provided by 92.60%
Mehra, VGG19 + LR the 1st Hospital of Shanxi Medical - 90.40%
(2018) [28] ResNet50 + LR University and 30,630 augmented images 79.40%
Full trained
Iila nz;%(;oe)t V\(/;(Ejé?; 544 images provided by Colsanitas 9200 93.53%
' 9] Fine-tuned Colombia University
VGG16 + 95.29%
VGG19
AlexNet 92.70%
Li et al VGGNet 2042 full-field from the First Hospital of 92.78%
(2019) [30] GoogLeNet Shanxi Medical University and - 93.54%
DenseNet augmentation of 30,630 images 93.87%
DenseNet-IT 94.55%
Al-antari et Fully C
al. (2018) Integrated 410 Full-field Dlgtltzl images and 896 100 95.64%
30 CAD augmented images
Nasir Khan .
ot al. (2019) MVFF 3568 CBIS-DDSM images and 322 MIAS 100 93.73%
31 CADx mammograms
Zahra Jaf
& r:n da o Manlcat.. .
Ebrahim odel wit 54,713 images of RSNA dataset - 96%
Karami tlh? ‘%N
(2023) [32] classiiier
LargeSthOI 12,093 images of CBIS-DDSM including
This study atl augmentation and 3,025 augmented 350 95%
fine-tuned images of MIAS
VGG16

sification performance up to 95%, the proposed model Acknowledgment
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ABSTRACT

The number of breast cancer patients is rapidly increasing worldwide, with Asia currently accounting for
45% of global breast cancer cases. In addition, the number of breast cancer cases is expected to increase by
21.0%, and the mortality rate is projected to increase by 27.8% during the 2020-2030 period. This paper
proposes a method for classifying breast cancer from Digital Imaging and Communications in Medicine
(DICOM) images. In particular, an image segmentation technique was developed for extracting the breast
region from DICOM images of varying sizes. The extracted images were then enhanced using multiple
augmentation techniques to improve classification performance. Finally, a deep learning network was
applied to classify breast cancer from the processed DICOM images. The VinDr-Mammo dataset was used
to evaluate the effectiveness of the proposed method, and the experimental results showed an accuracy of
81.45%, demonstrating that the proposed approach is highly suitable for breast cancer detection and
classification.

Keywords-breast cancer classification; deep learning; DICOM image preprocessing; image augmentation;
ResNet50

I.  INTRODUCTION

recorded annually, accounting for 25.8% of all cancers in

Currently, the number of Breast Cancer (BC) patients is
rapidly increasing worldwide each year. According to statistics
from the Global Cancer Organization (GLOBOCAN), in 2022,
more than 2.3 million women were diagnosed with BC, with
almost 670,000 deaths [1]. In Asia, the region accounts for
45% of global BC cases, and the number of cases is projected
to increase by 21.0%, while the mortality rate is expected to
increase by 27.8% during the 2020-2030 period [2]. In Vietnam
alone, approximately 21,555 new cases and 9,345 deaths are

women [3]. BC is currently the second most common cancer
among women worldwide. Early classification and treatment
can significantly improve outcomes. Studies in Asian countries
have shown a 5-year survival rate ranging from 56.5% to
86.7%.

In Vietnam, patients with BC diagnosed at an early stage
can have a five-year survival rate of up to 90%. Moreover, a
recent study on women under 35 years of age revealed that the
overall 10-year survival rate for early-stage cases exceeds 80%
[3]. In practice, physicians face challenges in classifying and
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diagnosing BC due to difficulties in interpreting medical
images (such as identifying tumors and calcifications).
Furthermore, the need to analyze a large number of breast
images daily can impact diagnostic accuracy. Therefore,
developing a supportive system for BC diagnosis is essential.
Such a system would help physicians analyze and interpret
mammographic images more effectively, enabling timely and
appropriate treatment decisions.

With the advancement of Artificial Intelligence (AI), Deep
Learning (DL) techniques have been used effectively in BC
classification, enabling early diagnosis and, thus, increasing
patient survival rates [4-6]. Several recent studies have
employed DL methods to classify BC using different imaging
approaches. In [7], a VGG16 network model was combined
with transfer learning to extract features from the BreakHis
histopathological image dataset, achieving an accuracy of 89%.
In [8], a model based on k-means, GMM, and CNN, utilizing
Region Of Interest (ROI) for feature extraction, achieved an
accuracy of 95.8%. The study in [9] focused on Lloyd's
algorithm for clustering combined with CNN for classification,
achieving an accuracy of 96%. These studies demonstrate the
effectiveness of DL applications in BC classification.

TABLE L A SUMMARY OF PREPROCESSING AND DEEP
LEARNING METHODS FOR BC CLASSIFICATION
Dataset Preprocessing

Ref. (Output classes) method Model Result
The NYU BC screening Image Custom

(10] dataset V1.0 yvnh over normalization, ResNet- AUC = 0.895

1,000,000 images data augmentation based
(benign and malignant) ‘| CNN
Removal of low-
Assessment on the EDA | variance features,

(1] dataset with 3,002 univariate feature | CNNI- High
mammographic images selection, BCC efficiency
(benign and malignant) | recursive feature

elimination.
Wiener filtering, Vit .
Breast ultrasound total variation ViT.U. ~ Accuracy:
[12]| images, MIAS, Mini- filtering, image K A’N 99.3%, U-
DDSM, - KAN: 93.3%
segmentation.
accuracy
3,002 digital CNN deep feature | CNN- Improved

[13] | mammography images |extraction, feature| ELM | classification

(benign and malignant) fusion. hybrid accuracy

Table I provides a comparative analysis of some research
studies focused on BC classification using various Machine
Learning (ML) and DL approaches. Each study employed
different  preprocessing techniques, such as image
normalization, feature selection, filtering, and contrast
enhancement, to improve data quality prior to classification.
The classification methods range from traditional ML models
[11] to advanced DL models (e.g., CNN, Vision Transformer,
U-Net, and Extreme Learning Machine) [10, 12, 13]. The
datasets used include mammographic images from large-scale
screening examinations (eg, more than 200,000 mammograms
in [10]), as well as multiple public datasets (BreastDM, MIAS,
BUSI, BreakHis, DDSM) [12]. The classification outputs focus
mainly on distinguishing benign and malignant tumors, with
some studies extending to subtype classification [12]. The
results indicate that DL models generally outperform

traditional ML approaches, with CNN-based and transformer
models achieving the highest accuracies (up to 99.3% in some
cases). However, generalizability and computational efficiency
remain challenging, highlighting the need for further DL
systems to enhance the accuracy of BC classification. This
comparative study underscores the rapid advancements in Al-
driven BC classification and the potential of DL to improve
diagnostic accuracy and support radiologists in clinical settings.

With the above statistics, BC classification plays a crucial
role in current research. This paper proposes a robust method
for classifying BC based on DICOM images. In particular, a
DICOM image preprocessing method is applied to enhance
image quality and improve classification performance. A DL
network is then utilized to classify the DICOM images after
preprocessing, as well as distinguishing different types of BC.
The research results aim to help physicians diagnose early BC,
enabling better treatment for patients. The main contributions
of this study involve:

e Developing a method for extracting breast regions from
DICOM images of various sizes captured by different
imaging devices,

e Building a DL system for BC classification using DICOM
images,

e Identifying multiple types of BC images with high
accuracy.

II. MATERIAL AND METHOD

To classify different types of BC, images need to be
processed and fed into a classification network. This section
presents a proposed system for BC classification and the core
theoretical concepts utilized.

A. Proposed Framework for BC Classification

The proposed system for BC classification, shown in Figure
1, consists of the following blocks: BC image data, image
preprocessing, DL network for classification, and classification
results. In particular, BC images are a DICOM dataset of breast
images, which are automatically preprocessed by cropping and
resizing. Data augmentation is applied to increase the number
of images in the four different classes of the dataset for
balancing their number of images. The training and testing
blocks are designed for training and classifying different BC
types. Finally, the classification results provide an evaluation of
the proposed system.

Deep neural I
Datafor [ | ™ 0 work |
| traing model
Breast Preprocessing: I
Cancer X | | | Breast
— - Aut ti
dataset [ oo dicomimage. | | | I Cancer
(with dicom - Data i detection
image) I I
Data for Trained I result
| testing model |
|_Training and testing stage_|
Fig. 1. Block diagram of the proposed method for BC classification.
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B. Breast Cancer Dataset

This study used the VinDr-Mammo image dataset [14],
which contains BC images in DICOM format, as described in
Table II. DICOM images not only provide high-quality medical
imaging but also store important patient information and
technical parameters of the imaging device, such as patient
name, age, imaging date, imaging machine type, and specific
technical details. This direct connection between medical
images and patient information enhances the accuracy and
efficiency of diagnosis and treatment. Each patient underwent
imaging in multiple views: L-CC (Left Craniocaudal), L-MLO
(Left Mediolateral Oblique), R-CC (Right Craniocaudal), and
R-MLO (Right Mediolateral Oblique). An example illustration
of a breast cancer patient includes images from L-CC, L-MLO,
R-CC, and R-MLO views.

TABLE II. BREAST CANCER DATASET [14]

Class Label BI-RADS Total
Mass 3,4,and 5 1113
Calcification 3,4,and 5 212
Architectural and Asymmetry 3,4,and 5 390
Normal 1and?2 18232

AN —

C. DICOM Image Preprocessing

The VinDr-Mammo dataset was collected from multiple
imaging devices, resulting in inconsistent image sizes. The
dataset includes images captured from four different
mammography machines: Mammomat Inspiration (image size:
3518%x2800), Planmed Nuance (image size: 2812x2012), Giotto
Image 3DL (image size: 3580x2812), and Giotto Class (image
sizes: 3580x2531 and 3580x2543). The breast region in the
images is often positioned to one side and occupies a relatively
small area compared to the entire image frame. Therefore,
preprocessing breast cancer images is essential. The
preprocessing steps used in this study are described below.

D. Otsu and Contours Methods for Classification of Image
Boundaries

The Otsu method is used to automatically determine a
threshold to distinguish between the background and the object
in an image. After loading the image and converting it into a
NumPy array for easier processing, if the image format is not
the type of uintl6, it is converted to it. Therefore, the dataset
containing these images with different resolutions requires
standardization to be in 16-bit format. For processing these
images, the Otsu method is applied to construct the image
histogram, which represents the number of pixels for each
grayscale value from O to 65,535. For determining each
threshold value, the Otsu method can calculate the proportion
of pixels belonging to the background and object classes. Then,
the probability of each grayscale level p(i) is determined,
which divides the number of pixels at that grayscale level by
the total number of pixels. Thus, the overall mean puy of the
whole image is calculated using the following formula:

pr = Yo i *p(i) (1)

where L is the total number of grayscale levels.

The mean of the background and object classes for each
threshold k are calculated as follows:

IO
k = —l 0 2
.UB( ) @) 2)
D J0)
k — L: +1 3
#F( ) —wp(k) 3)

where wg (k) and wg (k) are the weights of the background and
object classes, respectively. Thus, the between-class variance
o5 (k) is calculated as follows:

02(k) = wp(k) * wp (k) (up(l) — up())° (@)

Comparing all threshold values k and calculating a2 (k) for
each threshold aims to determine the optimal threshold that
reaches the maximum value. In addition, the output is a binary
image, where pixels having values greater than the threshold
are assigned the maximum value (65535), and the other pixels
are assigned 0. From the obtained binary image, the contours
method is used to classify the boundaries around objects in the
image. Identifying contours can help to more accurately and
efficiently distinguish objects from the background.

1) Creating a Bounding Box and Cropping the Image

A bounding box technique and a common image annotation
method were used to accurately crop the identified object. The
bounding box creates a rectangular region around the target
object. After detecting the object's shape using the contour
method, a bounding box is generated for the largest contour in
the image. The dimensions of the bounding box correspond to
the height and width of the contour. The coordinates for
cropping the image at the correct position can then be
calculated, ensuring the mammogram is fully captured without
distortion.

2) Image Resizing Method

To ensure a uniform output size after cropping, the image is
resized to 512x512 maintaining the original aspect ratio. If only
one dimension is adjusted without preserving the aspect ratio,
the image will be distorted. To avoid this distortion, it is crucial
to calculate using a consistent scaling factor to both dimensions
(width and height). The resizing process maintaining the
original aspect ratio follows these steps:

e To calculate the scaling ratio for each height or width, the
target size can be divided by using the original image size
as follows:

. target height
h_ratio = —9= 12927

(&)

original height

target width

6)

w_ratio = — -
original width
e To prevent the image from being stretched or compressed
unevenly, the smallest scaling ratio between the height and
width should be selected. This ensures that the image is
proportionally resized and no dimension exceeds the target
size:

scale_factor = (h_ratio,w_ratio) (@)
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e Based on the selected scale_factor , the new image
dimensions can be calculated to adjust proportionally both
the height and width according to the following chosen
ratio:

n_height = o_height * scale_factor (8)
n_width = o_width * scale_factor )

where o_height and n_height are the original and new
heights of the image, and o_width and n_width are the
original and new widths of the DICOM image, respectively.

As mentioned above, the dataset contains images of various
sizes from different mammography machines. Using a standard
cropping and resizing method, some images may have white
padding after resizing and may not accurately capture the
breast region. With the proposed cropping method, the process
is automated, ensuring that the cropped images accurately
match the desired breast region without unnecessary
background.

3) Image Augmentation

Image augmentation is a popular technique to enhance the
diversity and balance of training data. Using balanced datasets
to train DL networks results in higher classification
performance. Image augmentation can generate more images
from the original ones without collecting additional images. In
practice, common augmentation techniques include rotation,
flipping, cropping, and others. Applying augmentation
techniques can make the model more generalized, reduce
overfitting, as well as improve performance on test data.

E. Deep Learning for Breast Cancer Classification

This study used the ResNet50 DL model to classify BC.
ResNet50 consists of 50 deep layers, with its main components
being residual blocks, where each block contains convolutional
layers, batch normalization layers, and the ReLU activation
function. The network structure is divided into five main
stages, each consisting of multiple convolutional and pooling
layers, enabling the model to learn complex features from the
input data. The stages are described as follows:

e Convl: The first convolutional layer has a 7x7 filter with a
stride of 2 to reduce the size of the input image and capture
general features. Following this, a 3x3 max pooling layer is
applied to further decrease the data dimensions.

e Conv2-Conv5: These stages consist of multiple bottleneck
residual blocks, each containing three consecutive
convolutional layers with filter sizes of 1x1, 3x3, and 1x1,
respectively. The first 1x1 layer reduces the number of
channels in the input data and minimizes the number of
parameters for computation. The 3x3 layer performs the
main convolution operation and extracts important spatial
features. The final 1x1 layer restores the number of
channels to match the expected output dimensions and also
ensure compatibility with the rest of the network, as
described in Figure 2.

1x1 conv layer

3x3 conv layer

1x1 conv layer

[

The bottleneck residual block in the ResNet50 architecture.

Fig. 2.

III. RESULTS AND DISCUSSION

The proposed system's performance was evaluated using
the VinDr-Mammo BC image dataset [14].

A. DICOM Image Preprocessing Results

The VinDr-Mammo BC image dataset contains numerous
DICOM images with varying sizes and diverse breast region
positions. Therefore, the DICOM images need to be
preprocessed to extract the most distinct breast regions to train
the deep learning network for BC classification. BC images
were segmented using the Otsu method combined with
thresholding. Next, the contours method was applied to identify
objects within the images. Finally, a bounding box was
generated around the breast region of each image, and the
extracted breast region was cropped for classification. Figure 3
illustrates the segmentation process using Otsu, object
boundary detection with contours, and the identification of the
breast region using a bounding box.

(b) © (C))
DICOM image preprocessing results:

Fig. 3.
(b) segmentation process using Otsu, (c) boundary with object contours,
(d) bounding box.

(a) original image,

Figures 4 and 5 present the results of image cropping and
resizing to 512x512. Figure 6 shows cases where the breast
parts in an image are positioned on the left and right, while
Figure 5 represents cases of the breasts positioned diagonally at
the upper left and upper right. The results indicate that in all
these cases, the cropping and resizing process effectively
preserves the breast regions, ensuring high-quality outputs.

In addition, the dataset includes special cases where images
have black-and-white backgrounds, as shown in Figure 6. In
these cases, the image cropping algorithm still produces good
results. The preprocessing results show that all images,
regardless of breast position and size, can be accurately
cropped to extract the necessary breast region and resized to
512x512.
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(b) (b)

(@
Fig. 4. Representation of the small-sized breast cancer images located on Fig. 6.
the left and right sides: (a) and (b) Original images, (c) and (d) images after
cropping and resizing to 512x512.

(d)

Representation of the breast cancer images with some special
cases: (a) and (b) original images, (c) and (d) images after cropping and
resizing to 512x512.

12 = Train Loss
1. Validation Loss
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Fig.5. Representation of the small-sized breast cancer image positioned
diagonally in the top left and top right corners: (a) - (b) Original images, (c) -
(d) images after cropping and resizing to 512x512.

0 15 20 25 30
Epochs

Fig. 7. Training results for Case 3 (10,000 images per class).

Four experimental scenarios were tested: In Case 1, each
B. Breast Cancer Classification result class contains 2,000 images, in Case 2, each class contains
5,000 images, in Case 3, each class contains 10,000 images,
and in Case 4, each class contains 10,000 images, except for
class 4, which retains 18,232 images. For class 4, a random
selection was applied to match the number of images in the
other classes. The total dataset was split into 80% for training,
10% for validation, and 10% for testing the model.

The dataset has a significant imbalance in the number of
images across classes. In particular, the number of images in
classes 2 and 4 is 212 and 18,232, respectively. Therefore, data
augmentation is essential to improve classification
performance. Image augmentation involved vertical and
horizontal flipping and image rotation within the range of +50°.
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The ResNet50 model was used to classify BC images. The
images were resized to be 512x512 and trained the network for
30 epochs. Figure 7 presents the training results for Case 3,
where the number of processed images per class is 10,000. The
results show that the loss continuously decreased and the
accuracy improved significantly as the number of epochs
increased. Figure 8 presents the confusion matrix for Case 3, in
which the classification performance for the Calcification
category is excellent. However, the classification performance
for the Mass category is lower.

Confusion matrix

1. Mass

- 600

True labels
2. Calcification

3. Asymmetry-
Architetural

- 400

- 200

4. Normal

4. Normal

3. Asyrﬁ metry-
Architetural
Predicted labels

1. Mass 2. Calcification

Fig. 8. Confusion matrix for Case 3 (10,000 images in each class).

Based on the confusion matrix results, evaluation metrics
such as Accuracy (Acc), Precision (Pre), Recall (Rec), and F1-
score (F1s) were calculated to evaluate the classification
performance across different classes [15]. Figure 8 presents the
confusion matrix results for Case 3, where it can be seen that
the classification performance across all classes is relatively
good. In particular, the Calcification category had the highest
classification accuracy of 92%, while the Mass category had an
accuracy of 61%. Table Il summarizes the image classification
results for Case 3.

TABLE III. RESULTS FOR BREAST CANCER
CLASSIFICATION
Class Label Acc Pre Rec Fls
1 Mass 0.61 0.86 0.61 0.72
2 Calcification 0.92 0.89 0.92 | 0.90
3 Architectural-Asymmetry 0.87 0.79 0.87 | 0.82
4 Normal 0.86 0.75 0.86 | 0.80

Table VI presents the comparative performance results of
the four cases. In Case 1, where the number of images per class
was augmented to 2,000, classification performance was the
lowest, with results for Acc, Pre, Rec, and Fls of 72.92%,
75.64%, 72.92%, and 70.66%, respectively. As the number of
augmented images increased, the classification performance
improved. In practice, Acc reached 77.83% when the number
of images increased to 5,000 and 81.45% when it increased to
10,000. However, in Case 4, since the number of images in the

Normal class was 18,232, the classification performance
decreased when increasing the number of images in the Mass,
Calcification, and Architectural and Asymmetry classes to
10,000. In this case, the results were Acc=81.65%,
Pre=84.14%, Rec=78.41%, and F1s=79.95%. These results
indicate that the classification performance across different
classes was inconsistent, leading to performance discrepancies
between classes.

TABLE IV. PERFORMANCE COMPARISON FOR THE FOUR
CASES
Case 1 Case 2 Case 3 Case 4
Acc 72.92 77.83 81.45 81.65
Pre 75.64 77.80 82.09 84.14
Rec 72.92 77.84 81.45 78.41
Fls 70.66 77.82 81.07 79.95

DL has been widely applied for classification in various
domains, including agriculture, healthcare, aviation, and
industry. In the medical field, DL is increasingly utilized for
early diagnosis, disease classification, and other applications.
For BC classification, the ResNet50 deep learning model has
been employed with promising results [16-18]. In particular, in
[16] ResNet50 was applied for BC classification on the
BreakHis open dataset, achieving a high accuracy of 92.24%,
but this system was limited to distinguishing between benign
and malignant tumor types. In [17], ResNet50 used a self-
collected breast cancer dataset consisting of 2,088 images
classified into Healthy and Sick categories, achieving an
accuracy of more than 80% [17]. This study applied ResNet50
to classify four different subtypes of BC, achieving an accuracy
of 81.45%.

The VinDr-Mammo dataset consists of BC images
collected from Vietnamese patients. Since this is a relatively
new dataset, there are limited studies on it. Research on the
VinDr-Mammo could provide valuable support for BC
diagnosis in Vietnam. Moreover, this study serves as a
foundation for developing more advanced algorithms to
enhance BC detection and classification in the country. This
study proposes a combination of DICOM image preprocessing
and the ResNet DL model to classify different BC subtypes
using this dataset. The results indicate that increasing the
number of images per class to 10,000 improves classification
performance. However, when the Normal class remains at
18,232 images, the classification performance across different
classes is still suboptimal. Future research will aim to expand
the dataset and enhance deep learning models to further
improve classification performance. This study could serve as a
basis for scientists to develop algorithms to improve BC
detection and classification.

IV. CONCLUSION

Early and accurate diagnosis of BC can significantly
improve patient recovery outcomes. This study combined an
automatic image segmentation method with DL for BC
classification in DICOM images. The experimental results
demonstrated that the proposed method is well-suited for this
purpose. In particular, when data augmentation was applied to
increase the number of images per class to 10,000,
classification performance improved significantly, achieving
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Acc=81.45%, Pre=82.09%, Rec=81.45%, and F1s=81.07%.
However, due to the imbalance in the number of images across
different classes, the classification performance for certain
classes remained lower, requiring further augmentation of the
underrepresented classes. This research on BC detection and
classification using the VinDr-Mammo dataset can serve as a
foundation for scientists to develop further studies using this
dataset. In the future, larger and more diverse datasets will be
explored and integrated to create a more balanced dataset for
improving BC detection and classification.
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ABSTRACT

Breast cancer is a serious health concern worldwide, particularly affecting many women. Therefore, using
image processing techniques to enhance mammographic images is essential for accurate and early
diagnosis. This study proposes a method for segmenting and extracting the Gray Region of Interest
(GROI) from mammographic images and creating a corresponding Color Region of Interest (CROI) to
improve classification performance. An EfficientNet-B7 model is used to classify image sets containing
CROL. To accurately evaluate the effectiveness of CROI compared to GROI, the proposed method is
applied to five categories of mammography image sets before training the EfficientNet-B7 model.
Specifically, an automated algorithm is introduced to determine the thresholds values for extracting the
GROI. The CROI is the generated using the proposed Identification and Comparison (IaC) algorithm. The
results show that the classification accuracy improves from 84.3% with GROI to 92.6% with CROI,
demonstrating the effectiveness of the proposed enhancement method for breast cancer image
classification.

Keywords-five mammography categories; 1aC algorithm for CROI; segmentation algorithm for GROI; breast

cancer classification

I.  INTRODUCTION

Breast cancer is a malignant disease that develops from
breast cells. Although it is most common in women, men can
also develop it. Breast lesions are often classified into many
different types, including mass, suspicious calcification,
asymmetry (focal or global), architectural distortion, skin
thickening, skin retraction, and nipple retraction, among others
[1-4]. Each type of breast lesion in these images can be a sign
of breast cancer. Therefore, determining the correct type of
lesion is an important part of the diagnosis process and can
assist doctors accurately assess cancer risk. Early breast cancer
detection increases the chances of successful treatment with
less invasive methods. Moreover, early detection based on
mammography images can significantly improve the survival
rate of breast cancer patients. According to statistics, women
diagnosed in the first stage of breast cancer have a 5-year
survival rate of up to 99%, which is much higher than for those
diagnosed in later stages. Besides, analyzing mammography

images is a safe, non-invasive technique suitable for most
women aged 40 and over [5].

In practice, many different image segmentation methods
exist to identify objects known as Regions of Interest (ROIs).
These methods include region-based methods, boundary-based
methods, atlas-based methods, and model-based methods, as
well as deep learning in medical images [6, 7]. These methods
can be used to remove the background and noise and keep only
the object to be evaluated, called a tumor, in cancer images [8,

9].

One of the most popular methods is the Otsu method, which
is widely used in medical images such as X-ray and CT scan
images [10]. Specifically, the Otsu method was applied in
conjunction with the Hounsfield unit to determine the threshold
value needed to convert CT scan images into binary images.
Using this method, the highest segmentation result was
77.43%. In this paper, an optimal Otsu threshold is used to
extract the ROI from gray images with a black background
from a mammography image set containing four lesion
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categories. After processing the images to produce the Gray
Region of Interest (GROI) with enhanced contrast and
brightness, the resulting images are used for training neural
networks. Notably, combining image enhancement techniques
with Artificial Intelligence (AI) models has shown improved
classification performance [11, 12]. Adaptive contrast
enhancement algorithms are often applied to achieve uniform
contrast, contributing to better outcomes when using Al
models. To further improve image quality, Adaptive Gamma
Correction Weighted Distribution (AGCWD) has been
employed to optimize contrast and brightness, while
Recursively Separated and Weighted Histogram Equalization
(RSWHE) preserves brightness and enhance contrast [13].

Images containing GROIs have been used in various
domains with different techniques. For example, the watershed
algorithm was applied for over-segmentation using the
luminance and saturation characteristics of color images to
enable automatic ROI extraction [14]. In another study, focused
on printed fabric patterns, the mean shift algorithm combined
with color measurements enabled consistent and reliable
detection of multiple color patterns [15]. In our work,
mammography images with Color Regions of Interest (CROIs)
are used for breast cancer classification. The EfficientNet-B7
model is employed, demonstrating its effectiveness when
learning from CROI-enhanced image sets.

Deep-learning models require large, balanced datasets and
data augmentation is a common approach to expand the data.
Typical techniques include geometric transformation, pixel
level augmentation, pseudo-color augmentation; random
erasing, and kernel filters [16]. In this study, we use rotation
and flipping to increase the dataset size. With this image set
enhancement and balancing, the EfficientNet-B7 classifier can
achieve high classification accuracy.

Al is widely applied in the medical field, particularly for
diagnosing breast cancer based on mammography images [17-
19]. Recent studies have applied Convolutional Neural
Networks (CNNs) for mammography classification [20-22].
For instance, AlexNet achieved 83.1 % accuracy on the DDSM
dataset when classifying normal images, Invasive Breast
Cancer (IBC), and Ductal Carcinoma in Situ (DCIS) [23],
whereas the GoogLeNet network achieved 96.37% accuracy on
a separately collected dataset [24].

With the development of deep learning networks, the
classification accuracy has improved. VGG16 achieved
sensitivity and specificity of 95.4 % and 98.3 %, respectively,
on the CBIS dataset [25], and ResNet50 achieved 96.2 %
sensitivity and 99.1 % specificity on the INbreast dataset [26].
Furthermore, DenseNet classified malignancy with 92.5%
accuracy based on five categories on the Breast Cancer
Histopathology Image Database dataset [27], whereas AlexNet
achieved 83.4% [28].

EfficientNet began with version BO and expanded to B1-
B7. EfficientNet-B7 achieves higher accuracy compared to
other deep learning models, especially on ImageNet, while
being 8.4x smaller and 6.1x faster than current deep learning
networks [29]. In recent researches, EfficientNet models have
been combined with other algorithms in many different

classification fields. In particular, Lung-EfficientNet was
proposed for lung cancer classification based on CT-scan
image sets, achieving an accuracy of 99.10% [30]. EfficientNet
based U-Net models have been applied for the segmentation of
kidney tumors on CT-scan images, producing highly accurate
kidney-tumor segmentation [31, 32]. In this paper, we
appropriately fine-tune EfficientNet-B7 to classify images with
CROIs on the VinDr-Mammo dataset, achieving high accuracy.

This study aims to develop a method for processing breast
lesion image datasets that maximizes the effectiveness of
classification before applying it to a deep learning network.
Classification is performed on five main types of lesions: mass,
calcification, architectural distortion, asymmetry, and normal
(no finding). The proposed method applies image segmentation
to extract GROIs and then converts them to CROIs to enhance
classification performance. Since most deep learning networks
are pre-trained on three-channel image datasets such as
ImageNet, converting single-channel mammograms into
CROIs aligns the data format with the network's input
requirements. Additionally, this study uses a relatively new set
of mammography images called the VinDr-Mammo image
dataset [33], collected from hospitals in Vietnam.

II. MATERIALS AND METHODS

This study assesses the effectiveness of the proposed
method by applying both GROIs and CROIs of breast cancer

images before training the EfficientNet-B7 model.
Mammography image sets are categorized into five lesion
categories: mass, calcification, architectural distortion,

asymmetry, and normal. Classification using the EfficientNet-
B7 model is performed in two steps: first, GROIs are extracted
from the image sets, and then CROIs are converted to GROIs.
Furthermore, to balance the datasets, images are increased, and
image sets that are overrepresented are randomly reduced. To
augment the images, two geometric transformation methods are
used: rotation and flipping. With this balance, the classification
accuracy using an EfficientNet-B7 will increase.

As shown in Figure 1, the following methods are applied to
the mammography image sets: extracting GROI, converting
GROI into CROI, augmenting the image sets for balance, and
using an EfficientNet-B7 model. After balancing, the image
sets are fed into the EfficientNet-B7 model, initialized with
pre-trained ImageNet weights. The model is fine-tuned by
modifying the final layers and adding appropriate output layers.
Classification results are then compared to determine the most
effective approach for classifying breast mammography images
across five lesion categories. Figure 1 presents the proposed
framework, which includes the VinDr-Mammo dataset [33],
the blocks for extracting GROI and CROI, data augmentation,
and the EfficientNet-B7 classifier to evaluate the classification
of three cases (original images, GROI, and CROI) across five
breast lesion categories.

A. Introduction to the VinDr-Mammo Dataset

In this research, we used the VinDr-Mammo dataset [33],
which contains mammography images collected between 2018
and 2020. These image sets were stored in the Picture
Archiving and Communication System (PACS) of Hanoi
Medical University Hospital (HMUH) and Hospital 108
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(H108). The dataset includes 5,000 mammograms scans,
corresponding to 20,000 mammography images, because each
scan produces four breast images including: Right Cranial-
Caudal (CC), Left CC, Right Mediolateral-Oblique (MLO),
and Left MLO, as illustrated in Figure 2. It is important to note
that the personal information of the patients in the images is
always protected, and these images only contain information
related to lesions. The VinDr-Mammo dataset categorizes these
images into five lesion types and eleven breast abnormalities,
including mass, suspicious calcification, asymmetry, focal
asymmetry, global asymmetry, architectural distortion, skin
thickening, skin retraction, nipple retraction, and suspicious
lymph nodes. The age of patients ranges from 20 to 86 years,
with the highest concentration in the 40-45 age group. Since
the dataset is imbalanced with regard to the different lesion
categories, we only selected four categories of lesions and one
category without lesions for this research, as described in Table

TABLE L. DESCRIPTION OF LESION CATEGORIES IN THE

VINDR-MAMMO BREAST IMAGE DATASET

Lesion category Number of images
Mass 1,226
Suspicious calcification 543
Focal asymmetry 269
Architectural distortion 119
Normal (no finding) 2,551

B. Balance of Mammography Image Sets

The image sets for the five lesion categories have different
sizes. Therefore, transformation methods such as flipping and
rotating images were applied to increase the number of images
to 3,000 for each category.

In the flipping method, images are flipped horizontally and
vertically to create mirror images of the originals. Assuming
pin(x,y) is the original image at coordinates (x,y), where x €
[0,w — 1] and y € [0, h — 1], flipping is described as follows:

* Horizontal flip: poyew (X, ¥) = Dinw(W — x,¥)

o Vertical flip: Poyen (X, ¥) = Dinn(x, h —y)

Here, pinw (x,y) and p;,p(x, y) are the pixels at (x,y) in the
input image, whereas Pyyew (X, y) and Py (x, y) denote the
pixels of the output flipped image. The parameters w and h
denote the width and height of the image in pixels,
respectively.

For image rotation, images are rotated around the center by
different angles to generate variations in the GROI position. In
this study, images are rotated by 45°, 90°, 135°, 180°, 225, 270",
and 315°. Assuming that an original pixel at (x,y) moves to a
new position (x, , y,-), the new coordinates are computed as:

x, = rcos(a + ) (1
vy, = rsin(a + 6) 2)

— [y2 2 — X) ; ;
where r = \/x% + y?, a = arctan (x , and 6 is the rotation
angle.

EfficientNet-B7
Models

Ontfnts

CALCIFICATION

E===
— LN
— ===

=TmTETETEEAN

Fig. 1. Block diagram of the proposed method for breast lesion
classification.

(b)

(@

Fig. 2. A sample set of four breast images from a single mammography
exam in the VinDr-Mammo dataset: (a) left CC, (b) right CC, (c) left MLO,
(d) right MLO.

C. Extraction of Gray Region of Interest

Image preprocessing is an important step in classifying
images using deep learning networks. In fact, applying
preprocessing techniques to mammography images enables
deep learning networks to achieve more accurate classifications
and reduce training time. This study applies Otsu segmentation
to extract images with GROI, which are then converted into
images with CROL.

To extract an effective GROI without losing important
image features, the Otsu segmentation is applied to determine
an optimal threshold. Specifically, the images are segmented
based on this threshold to produce images with GROI and a
black background [8]. Assuming the gray levels in the input
image I(x,y) arek = 0,1,2...,L — 1, a threshold k is chosen
to divide the image pixels into two sets, Cy and C;. The optimal
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threshold is found based on the variance between C, and C;
using the following equation:

Tope = argmaxr(wo(to — pr)* + w; (g — pir)?) 3)

where [y, 4, are the average gray levels of the sets Cy and C;,
and ur is the average gray level of the image. The Algorithm 1
for determining the optimal Otsu threshold is summarized in
Figure 3. For each original image, an adaptive optimal
threshold using the Otsu method is determined, followed by
segmentation to produce the ROI. Next, morphological
operations (TopHat and BlackHat) and a cleaning mask are
applied to produce the final image with GROI and a black
background.

et

Morphological

operations
//// X

Clean up the masked

Read source
image

L

image
Calculate adaptive
threshold No
Yes

| Post-Processing |

¥
Image Segmentation |— / Qutput image /

Fig. 3. Workflow of Algorithm 1 for determining the Otsu threshold to
extract the GROI from mammography images.

D. Extraction of Color Region of Interest

Mammography images are grayscale images with one color
channel, whereas deep learning models, such as the
EfficientNet-B7 model, are pre-trained on the ImageNet dataset
and can effectively work with color images that have three
color channels. To align the data with these models, each
GROI is converted into a CROI that highlights the tumor,
dense tissues, and surrounding cells in different colors.

To create the CROI, we developed an algorithm that
visualizes features that need to be identified, such as tumor
areas in mammogram images, by applying a selected color

gradient to highlight the lesion areas. The algorithm consists of
two tasks: Identification and Comparison (IaC). In the
identification task, areas in the GROI that exhibit abnormal
gray levels are marked as signs of tumors or other types of
lesions. The comparison task involves detecting differences
between regions of a small group of points and the surrounding
background, which may indicate signs of damage or
calcification. For the first task, a gray level index is calculated
and then converted into color levels to add to the ROI image.
Meanwhile, suspicious areas such as calcifications are detected
using two morphological transformations: TopHat and
BlackHat. The final CROI image I-pp; is produced using the
following expression:

Icror = (G(x,¥) + Iry) — Ipy —
Z|[SEz; N G(x,y)] € G(x,y) 4)

where G (x,y) is the input image, SE is the structuring element
of the image, and Iy and I are determined as follows:

ITH = G(x,J/) - (G(x'y) 6 SE)GBSE (5)
IBH = (G(x:}’)@SE) eSE - G(x‘}’) (6)

Based on (4), the algorithm for converting a GROI into a
CROI is described as follows:

Algorithm 2.
1. START

2 READ source image G(x,y)

3. Generate dilated image Ip from the
source image

Converting GROI into CROI

4. Calculate TopHat image Iry
5. Calculate BlackHat image lpy
6. Generate ColorROI image Icror
7. OUTPUT Icgor
8 END

E

. CNN Model for Lesion Classification

This research applies an EfficientNet-B7 model to evaluate
the classification performance for three cases: original images,
images with GROI, and images with CROL. Specifically, GROI
is extracted from the image sets and converted into images with
CROI, which are then fed into the EfficientNet-B7 model for
classification. The proposed model employs EfficientNet-B7,
which has approximately 66 million parameters, as illustrated
in Figure 4. This network is highly suitable for color images
and produces high classification performance.

% || BLOCKI BLOCK 2 BLOCK 3 BLOCK 4
»
= 4x - - -
° 7x 7x 10x
© MB;‘;“VI' MBConv6.3x3 | | MBConvé. 5x5 MBConvé. 3x3
g
BLOCK 5 BLOCK 6 BLOCK 7 +5 2
2% 4J&
10 Il 13x N« 3571 B
MBConv6. 5x5 MBConv6. 5x5 MBConvl. 3x3 - ;: 5 L,

Fig. 4.

Architecture of the fine-tuned EfficientNet-B7 for classifying five categories of mammography image sets.
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Furthermore, EfficientNet-B7 is designed not only to
increase classification accuracy, but also to improve model
performance by reducing the number of parameters, as well as
the computational load, measured as Floating Point Operations
per Second (FLOPS), compared to other models. EfficientNet-
B7 uses a new, complex expansion method with an aggregation
factor that uniformly scales the width, depth, and resolution,
enabling it to achieve better accuracy.

In this article, the EfficientNet-B7 model includes 9 blocks
and a total of 59 layers. The first 7 blocks are used for
separating features from GROI images that are converted into
RGB 3-channel color images. These blocks use weights that
were pre-trained on the ImageNet dataset. The feature
extraction and classification blocks are added to perform the
task of classifying the input images into five lesion categories.
Moreover, training is performed on a computer with an Intel
Core 19-9980 processor, 32 GB of DDR4 RAM, and a Tesla P4
graphics card. During training, the network runs for 350 epochs
under established stopping conditions. Furthermore, the Adam
optimization algorithm is used during training with a learning
rate of 0.001.

1. RESULTS AND DISCUSSION

A. Augmentation of Image Sets

The original VinDr-Mammo dataset provides grayscale
Digital Imaging and Communications in Medicine (DICOM)
images at a resolution of 2012x2812, which were converted to
JPEG format before being processed into the next steps. After
segmentation and image enhancement, it is necessary to
balance the five image sets. For example, the ROI image in
Figure 5(a) is flipped horizontally and vertically, as shown in
Figures 5(b) and 5(c), respectively, creating two additional
images. Another example of augmentation is rotating an image
at different angles to create multiple images. In this study, we
rotate an image at seven different angles: 45°, 90°, 135°, 180°,
225°, 270°, and 315° creating seven additional images, as
shown in Figure 6.

After image preprocessing and data augmentation, the
images are classified using the EfficientNet-B7 model. The
original dataset was divided into training and test sets at a ratio
of 0.8 to 0.2. These sets were augmented independently, as
shown in Table II.

TABLE IL. ORIGINAL IMAGE COUNTS, TRAIN/TEST
SPLITS, AND BALANCED DATASET SIZES AFTER
AUGMENTATION OR REDUCTION

. . . Balanced | Balanced
Category Original | Train | Test train test
Mass 1,226 981 245 2,400 600
Suspicious calcification 543 434 109 2,400 600
Focal asymmetry 269 215 54 2,400 600
Architectural distortion 119 95 24 2,400 600
Normal (no finding) 2,551 | 2,041 | 510 2,400 600
Total 4708 | 3766 | 942 12000 3000

Vol. 15, No. 5, 2025, 26330-26338 26334
() (b) (©)

Fig. 5. Representation of flipped images: (a) original GROI image, (b)

horizontally flipped image, (c) vertically flipped image.

) Pa S

(a) (b) (©) (d)

(e () (€3] )
Fig. 6. Representation of rotated images: (a) original GROI image, (b)
image rotated by 45, (c) 90°, (d) 135°, (e) 180°, (f) 225°, (g) 270°, (h) 315°.

B. Results of GROI and CROI Extraction

Original breast lesion images often contain a lot of
information about the patient and other components that can
affect the classification process. Algorithm 1 removes these
components and retains only the GROI and the black
background. Figure 7 illustrates these image processing steps,
whereas Figure 8 shows representative GROIs from the five
lesion classes.

Subsequently, the TaC algorithm converted each GROI to a
CROI, highlighting suspicious structures. Figure 9 shows the
results for the five lesion categories, where the colored areas in
the CROI are distinct from normal tissue regions, indicating
areas at high risk of breast cancer. Thus, these CROI images
can enable highly accurate classification using EfficientNet-B7.

In Figure 9, images with CROI show signs of abnormalities
through different color characteristics compared to cases
without lesions. Specifically, red areas may indicate tumors,
whereas calcifications appear as blue regions with red spots.
This clear color differentiation suggests that the classification
performance on images with CROI will be high using deep
learning networks.

Figure 10 compares the confusion matrices for GROI and
CROI inputs. The rows represent the actual labels of image
sets, whereas the columns represent the predicted labels. The
diagonal elements indicate the number of True Positives (TP).
The results show that the classification accuracy for images
with CROI (Figure 10(b)) is superior to that of images with
GROL Specifically, the average classification accuracy is
92.6% for CROI compared to 84.3% for GROIL This
demonstrates the effectiveness of the EfficientNet-B7 model
when applied to images with CROI.
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(a) (b)

Fig. 7.

(©)

morphological operations and clean up, (¢) image with GROI after postprocessing.

(a) (b)
Fig. 8.

calcification, (¢) mass.

(b)

Representation of five images categories with CROI: (a) normal, (b) focal asymmetry, (c) architectural distortion, (d) calcification, (¢) mass.

Fig. 9.

To verify the reliability of the results, the classification was
repeated three times to obtain statistical consistency. Table III
presents the results from the three iterations along with their
averages. The simulation outcomes confirm that the proposed
image preprocessing methods significantly increase overall
accuracy, demonstrating that the EfficientNet-B7 model is
highly suitable for the image dataset with CROI. Furthermore,
Table IV presents the precision, recall, and F1 score for each
lesion category when using CROI inputs.

C. Comparison with Related Work

In recent years, numerous studies have focused on the
classification of breast images. One such study focused on
classifying images with benign and malignant masses using
multiple classifiers, including Support Vector Machine (SVM),
and Neural Networks (NN) [12]. In particular, 320
mammograms from 80 patients were enhanced using Contrast

(©)

(@

Image processing workflow for GROI extraction: (a) original image, (b) masted image using optimal threshold, (c) segmented image, (d) image after

(d) ©

Representation of five images categories with GROI and black background: (a) normal, (b) focal asymmetry, (c) architectural distortion, (d)

(d

Limited Adaptive Histogram Equalization (CLAHE) and then
segmented to produce optimal threshold values before feature
extraction. The classification results demonstrated a high
accuracy rate of 97% using NN. These results illustrate the
effectiveness of image processing before entering the classifier.

Another study applied a variety of preprocessing
techniques, including image resizing, data normalization, and
data augmentation, to prepare data for analysis. These
techniques optimized the format and improved the model's
generalizability [34]. After preprocessing, the image sets were
trained and analyzed using an Ensemble Deep Convolutional
Neural Network (EDCNN) model. The dataset included 943
ultrasound images and was divided into Dataset-1 (780 images)
and Dataset-2 (163 images). The results demonstrated an
exceptional accuracy: 87.82% for Dataset-1 and 85.69% for
Dataset-2.
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image sets with: (a) GROI, (b) CROL
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Confusion matrices illustrating the classification performance for

CLASSIFICATION PERFORMANCE BASED ON
DIFFERENT IMAGE PROCESSING METHODS ACROSS

THREE ITERATIONS (R1-R3)

Proposed Train Accuracy Validating F1 score (%)
method (%) accuracy (%)
R1 | R2|R3|Avr|R1|R2|R3|Avr| R1 [ R2| R3 |Avr
?;f;‘éi] 75.1(75.9|77.376.1|72.6|73.1/72.6(72.8| 72.7|73.8| 745 |73.7
GROI  |86.6|89.2|88.1[88.0[82.2|83.7|83.5(83.1/82.2[83.6] 84.1 |83.3
CROI  [94.1]93.2194.4/93.9/191.9/91.9/92.7[92.2|91.6|91.7| 92.5 [91.9

TABLEIV. PRECISION, RECALL AND F1 SCORE FOR EACH

IMAGE CLASS WHEN USING CROI INPUTS

Type Precision Recall F1 score
(%) (%) (%)
Mass 90.97 92.33 91.65
Calcification 91.65 91.50 91.58
Focal asymmetry 92.94 92.17 92.55
Architectural distortion 91.69 92.00 91.85
Normal 92.61 91.83 92.22
Average 91.97 91.97 91.97

In [35], a breast ultrasound dataset was utilized with the
modern DeepLabV3+ architecture to segment breast lesions.
To enhance the representation of informative features, the
study proposed a modified DeepLabV3+ model by
incorporating the Convolutional Block Attention Module
(CBAM) into both the encoder and decoder components. A
comparative analysis was conducted between the original and
the modified DeepLabV3+ models using performance metrics
such as dice coefficient, Intersection over Union (IoU),
precision, recall, and specificity. The modified model
demonstrated superior performance achieving precision, recall,
specificity, dice coefficient, and IoU values of 0.974, 0.933,
0.997, 0.951, and 0.933, respectively.

A previous study used the MIAS image set, which contains
three types of breast lesions: fatty, dense-glandular, and fatty-
glandular. The ROIs were extracted by identifying abnormal
regions within the mammograms [36]. Then, the image sets
with ROIs were used to train a ResNet with 50 layers. The
results of this study show that the average classification
accuracy was 97.81% after 70% of the training process, 98%
after 80%, and reached the optimal value after 90%.

In our study, five categories of mammography image sets
were segmented using the Otsu algorithm for extracting the
GROIs and these image sets were converted into images with
the CROL. For evaluating the efficiency of the CROI images
EfficientNet-B7 was applied, achieving an average F1 score of
91.9%, as show in Table III. The results indicate that the
proposed method is highly effective compared to previous
methods.

However, it is important to note that the dataset used in our
study differs from those used in previous works. Therefore, our
performance evaluation focuses only on the proposed
algorithms. Specifically, we used five types of the breast lesion
images from the VinDr-Mammo dataset, whereas previous
researches often used other datasets, such as MIAS or CBIS-
DDSM, which include three classes: normal, benign, and
malignant. The accuracy of our proposed approach may be
affected by datasets with low-quality, noisy input images.
Moreover, the algorithm must be evaluated using different
network models to determine its application range and
compatibility. These aspects will be explored in future studies.

IV. CONCLUSION

This study introduced a novel image preprocessing pipeline
for enhancing breast cancer classification from mammography
images, specifically addressing the imbalanced nature of the
VinDr-Mammo dataset. Our approach involved two key
algorithms: an optimal adaptive Otsu segmentation for
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extracting the Gray Region of Interest (GROI) and an
Identification and Comparison (IaC) algorithm for converting
GROI into Color Region of Interest (CROI). To counter data
imbalance, we extensively augmented the dataset using rotation
and flipping, ensuring that each of the five lesion categories
contained 3000 images, thus providing a robust foundation for
deep learning.

We rigorously evaluated the effectiveness of our proposed
methods by classifying breast images in three states—original,
GROL and CROI—using a fine-tuned EfficientNet-B7 model.
The results demonstrated the superior performance of CROI
images, achieving an average classification accuracy of 92.6%.
This significantly outperformed both the original images and
GROI images. Compared to a recent study using the same
VinDR-Mammo dataset, which directly used grayscale images
with the YOLOVS5 model and achieved a peak accuracy of 81%
[37], our proposed method shows better performance, affirming
the efficacy of our preprocessing algorithms in highlighting
critical features for breast cancer detection.

The success of our methodology, particularly with CROI,
highlights its potential for broader application in classifying
diverse breast cancer image sets and for integration into real-
world diagnostic systems. Future work will explore the
generalizability of these algorithms across different image
datasets and investigate their compatibility with a wider array
of advanced deep learning architectures to further enhance
classification performance and adaptability for clinical
applications.
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Abstract—Mammography is the golden standard for
imaging and diagnosis of breast cancer in early stages. However,
it is difficult for radiologists to interpret results from
mammograms, particularly mammogram images have low
contrast and the image quality related to technician and devices.
In this paper, optimal features from a Gray Level Co-
occurrence Matrix (GLCM) algorithm are applied to the
mammography images for increseasing the accuracy of breast
cancer detection. In particular, two datasets of the
mammography images are filtered and segmented to produce
Glandular Tissue Region (GTR) which contain significant
features. Therefore, we just choose 4 optimal features of 10 ones
using the GLCM algorithm through statistic evaluation. The
results show that the optimal selected features have significant
impact to produce breast cancer detection with high
performance using a SVM classifier.

Keywords—Mammograms, GTR images, Optimal features
using GLCM, SVM algorithm.

1. INTRODUCTION

Breast Cancer (BC) is one of cancer diseases that can
occurs in both men and women, but it is far more common in
women. In Globalcan statistics in 2018, BC has the third high
rate (9.2%) and is behind lung and liver cancers. In [1], there
were about 164,671 deaths due to BC in Vietnam. It is obvious
that BC is very dangerous. Therefore, besides knowledge and
experience of physicians for early diagnosis, using image
processing and artificial intelligence for support in diagnosis
is very necessary. This can support physicians in the sooner
diagnosis of BC.

There are different medical imaging techniques [2-4] for
breast cancer. Mammography [5] is popular due to being
cheaper and often using for cancer screening. In addition, if
there is an X-ray image without being obvious, an accurate
diagnostic result is very difficult. The difficulty of exactly
diagnosing is being low intensity or many similar things in the
X-ray image. Therefore, image processing techniques are
applied for enhancement of the image or segmentation for
extracting Region of Interest (ROI) before diagnosing and
showing result. The image processing techniques, which can
be employed in this paper, are enhancement, filtering,
segmentation, morphology, feature extraction of breast
images for detecting cancer.

To diagnosing more exactly, a breast image is necessary
to be enhanced and filtering the image is often applied. There
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are different filters such as median, mean, Gaussian and others
which are often employed for smoothing or denoising [6-8].
To smoothing and removing noise in mammograms for
classifying breast cancer, a mean filter was applied [9]. In this
research, authors combined different filters for eliminating
noise and artifacts to produce the smoothing output images for
early detection of breast cancer. Therefore, enhancement of
images as filtering is necessary before performing detection or
classifying of cancer diseases.

A breast image with many parts on it is difficult so that
physicians can make decision related to cancer soon.
Therefore, processing images to separate ROI from the image
using segmentation methods are very necessary [10-13]. An
optimized region growing technique for detecting breast
masses in an image was proposed [14], in which the initial
seed points and thresholds were applied to create optimization.
In this research, from images with ROIs detected, features
extracted using a GLCM method and a Feed Forward Neural
Network (FFNN) for classifying benign and malignant. The
result showed that the sensitivity of this proposed method is
around 98% on 300 images for both training and testing. It is
obvious that this is a good result with the proposed method,
but time for training and testing should be considered.

GLCM is one of feature extraction methods, in which its
features are relative to different values [ 15]. From ROI image,
one method based on grey level co-occurrence matrix and
optical density, called GLCM-OD, was proposed for
extracting features of mammogram for detecting abnormal
Regions [16]. With the GLCM-OD features from 358
mammographic cases, the sensitivity of the proposed system
is about 97.3% with 4.9 false positives per image and the Az
is 0.981. This is obvious that the GLCM is useful in extracting
features for classifying or detecting types of cancer diseases.

From breast images, there are types of different artificial
intelligence systems such as Neural networks, Support Vector
Machine (SVM), Convolutional Neural Networks (CNNs) for
classifying or detecting breast cancer [17-18]. Raw
mammograms were pre-processed before features extraction
using GLCM, in which each mammographic image was
extracted at four different angular directions: 6={0°, 45°, 90°,
135°}, and two distances: D={1,2}. Therefore, a two-stage
support vector machine was applied for training and testing to
classifying classes of normal, benign and malignant [ 19]. With
this proposed method, the results showed that the sensitivity,



specificity, positive predictive, and negative predictive values
are high, around 92%. However, the number of mammograms
in this research are not many to be able to evaluate exactly.

This paper is organized as follows. Section I is
introduction about methods of mean filter, segmentation for
extracting GTR, GLCM algorithm for extracting features and
artificial intelligence for detection and classification of breast
cancer. In Section II, the paper will present methodology of
filtering images using mean filter, segmentation for searching
GTR, GLCM algorithm for extracting optimal features, and
SVM method for detection of breast cancer. The objective of
Section III is that simulation results and discussion are
expressed, in which a statistic of breast image datasets is
performed to evaluate the accuracy of cancer images. Finally,
conclusion will be shown in this Section I'V.

II. METHODOLOGY

A. Average filter for removing noise

Mammograms will be resized to be the same size before
performing next steps. Therefore, an average filter is applied
to remove the unnecessary features and noise. The output
image of the average filter I(x,y) is calculated using to the
following formula:

n/2  n/2

I(x,y)zz Z Z H(i+§,j+g)l<‘(x+i,y+j)(l)

i=—n/2 j=—n/2

where H is the average filter transfer with the nxn size, n is
odd. K is the sum of the coefficients of H and F, in which F is
the input image,

B. Segmentation Using Gray Level Histogram Difference

Partitioning an image based on the histogram gray-level
difference is the method developed from the amplitude
threshold-based partitioning method [20]. For an 8-bit
grayscale image, the gray histogram has 256 values, meaning
that a vector has 256 dimensions. To compare two vectors,
cosf of the angle between the two vectors is calculated to
provide the distance between the two vectors. If these two gray
histograms are the same, then cos6 = 1, if it is orthogonal, then
cosf = 0. Therefore, we can classify parts of the mammogram
based on the difference between pairs of the gray histograms.
The difference d of the two vectors u and v is determined
using the following formula:

d =coy —Y ] @)

[ullv]

The magnitude of the difference between two gray
histograms of adjacent sub-images provides a very good
means of detecting gradual changes in the luminance density
of mammograms. In addition, the edge between pectoral
muscle and glandular tissue and between glandular tissue and
image background may be blurred by noise. However, the
comparison between gray histograms helps to accurately
determine the edges between the pectoral muscle, glandular
tissue, subcutaneous fat layer and image background.

For the effectiveness of using this method, we can build a
sampling method. In particular, the original mammogram is
divided into rows and columns for forming sub-images. These
sub-images may overlap or not together. To accurately
determine the edges between glandular tissues, pectoral
muscles, fat layer, and image background, adjacent sub-

images are used from left to right and from top to bottom.
After the sampling procedure, the scalar product of two
vectors is calculated between the gray histograms of the pairs
of sub-images. This scalar product is used to construct a new
image representing the changes in the luminance density on
the original mammogram.

The next step is to determine the edges between the
components in the new image by creating a weighted gray
histogram of the original mammogram with the weights being
the gray histogram difference values. All of these values are
in the range of from 0 to 1. Creating the weighted gray
histogram is to emphasize the intensities that appear in
variable regions of the mammogram.

After having a new image from creating a weighted gray
histogram, the calculation of the threshold is performed to
segment this new image for separating the GTR in the new
image. Let A be the input image vector converted to a row
vector and B is the row vector of the image after using the
weighted gray histogram. In addition, the interpolation
method is applied to determine the approximation function of
the vectors A and B. The result of the regression function is
the matrix R with the 1x2 size containing the angle and
freedom coefficients. The slope of the regression function is a
constant considered as the threshold value T for segmentation
using the following formula:

R
r=2> 3)
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C. Feature Extraction

With 10 features obtained using the GLCM, we selected 4
features which are suitable for the dataset of mammograms
used in the SVM classifier. The datasets for detection of breast
cancer are extracted 4 features of 10 ones such as Contrast,
Energy, Homogeneity and Mean, in which meaning and its
formula are described as follows:

» Contrast shows the matrix with the elements distribution,
in which each element is located far away from the main
diagonal and its value of contrast is greater. The contrast value
let us know the amount of the gray intensity diversity
contained in the sample breast image and it is calculated using
the following formula:

C0n=LilLil(i—j)2P(i,j) “4)

L

in which |i-j| is the grayscale difference between adjacent
pixels, P(i,j) is the element (i,j) of the normalized symmetrical
GLCM, called the distribution probability of the different
grayscale levels between the adjacent pixels. L is the number
of gray levels in the mammographic image.

» The energy can be determined by measuring the image
gray-scale in a breast image that reflects the distribution of
weight uniformity and its texture. The energy value is
expressed as follows:

AV
Egy=>""Pli,j) ®)
ij
» The Homogeneity value can describe the structure
uniformity of the grayscales in a breast image and is calculated
as follows:
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» Mean is the average gray level of the mammographic
image, where G(x,y) is the image with the mxn size. In
addition, the gray intensity of pixels is normalized in the range

[0,1] before calculating the average of mammographic image
as follows:

m=1 n-1

D.6(x)

Me = 7=22=0 (7
1216 -1 ix mxn
D. SVM Classification
For detection of breast cancer, a SVM is applied, in which
4 types of the optimal features are used to train and test the
input of the SVM. This classifier system allows to be able to
detect breast cancer. From features extracted using the
GLCM, the linear hyperplane in the SVM algorithm is
determined to divide the feature datasets for training and
classifying to detect breast cancer.

For classifying breast cancer using the SVM algorithm
[21], a Lagrange multiplier is necessary. In this algorithm, the
Lagrange multipliers &;, withi =1, 2, ..., m correspond to the

inequality constraints and their Lagrangian relating to the
normal vector w and the feature vector v and it is represented
as follows:

L(V,W,a) = %HWHZ - Zp:aiyi (wTvi +b) +Zp: <,
i=1 i=1
®)

In this algorithm, each training sample corresponds to v;

and the Lagrange multipliers ¢; . Thus, after training,

a; >0 is the support vector located on one of the two
hyperplanes.

III. RESULTS AND DISCUSSION

A. Digital mammogram database

The image data exploited in this research was obtained
from the Mini-DDSM datasets [22]. The mammograms
adopted is in the form of 16-bit gray level images. The image
format is in the form of Portable Network Graphics, including
9684 images of 3 types (Benign, Cancer and Normal). In
particular, this paper used the part of the Mini-DDSM datasets
for processing, extracting features and classifying breast
cancer as described in Table I:

Table 1. Representation of datasets for training and testing of 2 types of

mammograms
Training  Cancer Normal
and
testing
images
Training 100 100
Testing 50 50

B. Extraction of Region of Interest

The original image as shown in Figure 1 after
normalization is applied to an averaging filter and its result is

described in Figure 2, in which the small features were
removed. In addition, the method of finding the gray level
difference from a histogram is applied to enhance the filtered
image and its result is as shown in Figure 3. the threshold
detection algorithm for segmentation of the enhanced image
is based on the path approximation of the gray histogram, in
which the weights are performed and Figure 4 is the result
after segmentation. It is obvious that the segmentation is to
remove pectoral muscle and extraneous parts for obtaining
GTR of the glandular tissue.

Figure 1. Original breast image Figure 2. Breast image after using

the average filter

Figure 3. Image after using gray
level difference

Figure 4. Image after segmenting
to separate glandular tissue

Figure 5 is the segmentation result with different
thresholds T, in which the thresholds are T = 9,3260 (Figure
Sa), T = 29,3260 (Figure 5b) and T = 0.93260 (Figure 5c). In
these results, there is a poor segmentation result, with the
threshold T = 19,3260 (Figure 5d) using the Histogram
Difference method.

(a) T=9.3260 (b) T =29.3260

(¢) T=0.93260

(d) T=19.3260



Figure 5. Segmentation of breast images with different thresholds T

C. Feature Extraction Using GLCM

Breast images containing GTR are analyzed for feature
extraction using the GLCM and this allows to detect latent
cancers in breasts. Therefore, the GLCM features are
employed for training and classifying using a SVM method.
The feature extraction procedure is based on statistics for
finding the best group of features for the SVM classification.
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(b) 10 features of the cancer images
Figure 6. Feature statistics of breast images using GLCM

From Figure 6, it can be seen that from the statistics of the
GLCM feature extraction results for 10 types of 300 breast
images, 4 optimal features are found in 10 feature types,
including Contrast, Energy, Homogeneity and Mean as
described in Figure 7. In addition, these features show best
description of the difference between lesion and non-lesion
areas in breast images. Therefore, the 4 optimal features are
the inputs of the SVM classifier for classifying normal and
cancer cases.

Contrast Energy
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Figure 7. Optimal features using GLCM of two types of Normal and
Cancer images

D. Results of SVM Classification

In the testing step after the SVM classification for the
tested data, the calculation to find out the accuracy and
sensitivity of the system is performed using the confusion
matrix as shown in Figure 8. With the cancer image dataset of
50 images, 45 images were used for classifying and it
produced the accuracy of 90%. Furthermore, with 50 normal
images, the system was classified to produce the accurate
result of 41 images, accounting for 82%. Therefore, it means
that the average accuracy for both types was 86%. In [23], the
research used 4 types of features including Contrast,
Correlation, Energy, Entropy and the SVM classifier applied
on the MIAS (mammographic Image Analysis Society) image
set with the average accuracy of 88.2%. In particular, the
accuracy with 2 types of normal and cancer is 100% and 69%,
respectively. Although the average accuracy is 2.2% lower
than that of the research in [23], the proposed method gives
21% higher ability to classify cancer images. Moreover, the
study in [24] used the GLCM feature extraction method and
the SVM classifier with the accuracy of just 74.5%.

Normalized confusion matrix

Cancer

True label

Normal

Cancer Normal

Predicted label

Figure 8. Confusion matrix for evaluation of 50 testing images each class

IV. CONCLUSION

In this paper, we studied the problem of classifying breast
images for detecting cancer and evaluating its accuracy. The
breast image datasets were re-sized and filtered to enhance
them before segmentation to produce GTR areas. In this
research, the GLCM was applied to extract 4 optimal features
which were performed based on the statistic of 10 features for
classifying. The SVM classifier was employed to classify 2
types of breast images (normal and cancer) and produced the
significant accuracy evaluated using the confusion matrix.
This result shows that the proposed method is effective with
the datasets of just 300 breast images. In addition, the
processing breast images with proposed method can be
developed to larger datasets and other classifiers.
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Abstract—Breast cancer is one of dangerous diseases and
difficult to cure. It is observed that early detection of
malignancy can help in the diagnosis of the disease and patient
can be saved. For the detection of breast cancer, breast images
will be enhanced using a Fuzzy logic and possibility
distribution algorithm and then segmented to produce images
with region of interest, in which just cancer shape appearsin
the image for detecting and estimating disease status. This
paper proposes a statistic method based on the gray level of
pixelsin the image through histograms of two breast image sets
to classify two cases of cancer and normal one. Simulation
results on breast image sets will show that the proposed
method is effective and it can be developed for detection of
benign and malignant tumorsin artificial intelligent systems.

Keywords— Breast image sets; | mage enhancement; | mage
segmentation; Histogram for evaluation; Statistics of contrast

I. INTRODUCTION
Introduction.

Cancer is one of the most dangerous and very difficult
diseases to treat for one patient. In types of cancer, Breast
Cancer (BC) often appears in women, the most women are
40 years old. In current, there are about 164,671 breast
cancer diseases in Vietnam and about 114,871 people were
died [1]. In addition, BC has the third high rate (9.2%) and is
behind liver and lung cancers. In particular, BC in women
accounted about 15,229 of the 73,849 cancer cases according
to Globalcan dtatistics in 2018. Therefore, BC is possibly
diagnosed early, the chance of complete cure is very high.
Thus, using methods of image processing for analysing and
diagnosing diseases early are very important.

Diagnostic imaging doctors often use various imaging
methods including Computerized Tomography (CT) [2],
ultrasound [3], mammography [4] and Magnetic Resonance
Imaging (MRI) [5] for screening and diagnosis to detect
cancer disease early. In these methods, ultrasound and x-ray
images mainly used to detect and diagnose breast cancer.
The blurred image edges and the low contrast of the
ultrasound image are one challenge in automatic image
segmentation. During capturing x-ray breast image, high-

XXX-X-XXXX-XXXX-XIXXI$XX.00 ©20X X |EEE

resolution images with low-energy X-rays alow to detect
abnormalities or tumors obscured or overlapped by
surrounding breast tissue [6-7]. To extract anomalies or areas
of interest from x-ray breast images, image segmentation can
be applied. In practice, there are various segmentation and in
diagnostic techniques, pre-processing needs to be applied to
remove labels, tags, patient names or other unwanted
information. In addition, these techniques increase image
contrast and eliminate noise for making the segmented
images more accurate and reliable.

After image preprocessing, image segmentation
algorithms play an important role in determining whether
tumor in image is malignance or benign. To detect malignant
tumor, features such as intensity, shape, size, texture, gray
scale histogram for describing the tumor can be calculated.
These segmentation algorithms can be classified into groups
including regional approach (grouping pixels into
homogeneous regions during large computation based on
high resolution) [8]; based on contours (meaning based on
discontinuity of color, gray level or texture of image edges
detected respectively), based on cluster (pixel clusters with
the same property) [9]; threshold method (foreground
segmentation from background through information from
gray level histogram); methods based on energy function
[20].

Region-based agorithm applied on mini-MIAS database
for chest muscle segmentation was the 98% accuracy [11-12]
and in the case of EPIC data sets, this agorithm had the
91.5% accuracy. The accuracy of this algorithm in removing
noise and extraneous components from the mini-MIAS
dataset was very good, about 98.8% [13]. However, this
technique is mostly used due to its high resolution, so it takes
more time during segmentation as well as requiring the
selection of same points is difficult. Another technique is
based on analyzing the energy of components in the image to
eliminate unnecessary components for enhancing the image
and removing chest muscle from image, with the 90.37%
accuracy [14]. This technique is very flexible and just
requires little calculation.
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Clustering techniques were proposed to apply in methods
of SVM, fuzzy c-means and decision trees [15-21], in which
they could work well for overlapping data, giving high
accuracy in clustering and detecting breast tumors from
images having sensitive problems to initial clusters and
peripheral values. In addition, clustering and texture filters
can effectively detect calcification even with smal noise
image or large tumors inside the breast. Moreover, the c-
mean fuzzy clustering technique has large tolerance for
contrast, fuzzy boundaries, noise and this can produce high
precision in image segmentation. Therefore, this method is
better for segmenting breast tumor lesions.

This paper is organized as follows. Section | is
introduction about methods of enhancement, segmentation,
binary conversion related to classification of breast images.
In Section 1, the paper will present methods of enhancement,
segmentation for searching ROI, binary conversion and gray
level statistics for searching features of breast images. The
objective of Section Il is that simulation results and
discussion are expressed, in which a statistic of breast image
sets is produced to evaluate cancer images. Finaly,
conclusion will be shown in this Section V.

Il. MATERIAL AND METHOD
A. Algorithmfor Image Enhancememt

Breast cancer diseaseis very dangerous and very difficult
to detect it in the first stage. This difficulty can be due to two
reasons. patient is not regularly screened to detect cancer and
breast image sometimes does obvious for diagnoss.
Therefore, processing breast images to detect breast cancer
soon is very necessary. In this paper, the source of datasets
was collected from Mammographic Image Analysis Society
(MIAS). Origina images are often hard to accurately
diagnose breast image status with cancer or normal.
Therefore, the images can be enhanced before segmentation
for detecting Region of Interest (ROI) and then statistics for
evaluation of disease status asshown in Fig. 1.

Enhance- N Segmen- N
ment tation

Binary
image
v
o MuIFi plica)

tion
v
Histo-
gram
v
Evalua
tion

Image P

Fig. 1. Block diagram of cancer evaluation process

After collecting the datasets from MIAS, the input
images are enhanced using a Fuzzy logic and possibility
distribution algorithm [21]. In the research, the minimum,
maximum and mean values of pixels of one gray level image
are calculated and then two thresholds of Thy, Th, are
calculated asfollows:

Th, = (mean + min)/2 1)

Th, = (mean + max)/2 2

From the two threshold values, the gray level image is
divided into four groups for determining four corresponding
thresholds as follows:

min < Py <Th,
Th, < P, < mean
mean < P, <Th,
Th, < P; < max

in which,
- Po, Py, Py, Pzarethe new gray level thresholds

- min denotes the smallest gray level vdue in the
image

- maxisthelargest gray level value

- mean describesthe gray level average value

The gray level of pixelsin each group is adjusted and
then al pixels in the image are calculated to correspond to
gray levels using the following equations:

Pyo =2 % (%)2 (3
Pyy=1-2x (%)2 (4
P =1-2x (220 ®

Pys =2 (%)2 6)

where Pyno, Pni, Pro, Pz @re four new thresholds calculated
based on previous thresholds and the values of min, max and
mean in the breast image.

From Eq. (3) to Eq. (6), al breast images are enhanced
and contrast levels are adjusted. It is obvious that the breast
images after enhancement for image segmentation are better
to search ROI areas.

B. Otsu Image Segmentation

After enhancement of images, an Otsu segmentation
algorithm is applied to determine thresholds of gray level for
convert gray level images to binary images [22]. In
particular, the Otsu segmentation is to determine gray level,
where a gray level image is caculated to divide pixels into
two groups. background pixels, and object pixels. Moreover,
the threshold is calculated to minimize the intra-class
variance of two classes (background and object). In order to
search this threshold, the algorithm is described as follows:

1. Cadculate histogram and probabilities of each class
inimage

2. Setupinitial probabilities

3. Update probabilities and calculate mean values of
two classes. Step through all possible

4. Desired threshold corresponds to the maximum
value of
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The Otsu threshold is applied to convert the gray level
image into a binary image, in which the ROI areais 1s pixels
and the background is Os pixels. For representation of ROI
histogram, the binary image is multiplied to the origina
image to produce the gray level ROI. Therefore, the
probability density of pixelsin the image with the gray ROI
will produce a gray level histogram, which alows us
calculate the different gray level area between two types of
breast image (cancer and normal). From these different gray
level areas of the cancer and normal images, we can calculate
to determine breast cancer image.

C. Determination of Breast Image

In this paper, datistics of contrast and corresponding
pixel amount in two breast image sets are performed based
on gray level histograms of two types of breast image
(cancer and normal). These statistic represents two types of
gray level corresponding to two groups of cancer and normal
breast images which can be considered as features of these
types. Therefore, we can determine an ability of breast
cancer disease based these features. The contrast C of gray
level ROI and the corresponding pixelsin a breast image sets
are determined by using the following formulas:

€= L3t SN I~ IPpGi )] @

in which N, M are the dimensions of the Gray-Level Co-
Occurrence Matrix (GLCM) of the image, and p(i,j) is the
frequency related to the gray levels i, j of two adjacent
pixels.

I11. RESULTS AND DISCUSSION

In this research, smulation results are worked out from
original breast image sets using algorithms of enhancement,
segmentation, binary image conversion and statistics based
on gray level histograms, in which the breast image sets
consist of ten normal images and ten cancer ones.

A. Results of Image Enhancement

For enhancement of a breast image, min, max and mean
values in each image are caculated for determining
thresholds of Pyo, Pni, Pnz, Pne. Fig.2 shows origina and
enhanced breast images. It is obvious that the breast images
after enhancing show gray level areas which we can identify
cancer status through next processing.

(b)

(d)
Fig. 2. Representation of original and enhanced images
(a) original image of normal case

(b) enhanced image of normal case

(c) original image of cancer case

(d) enhanced image of cancer case

B. Results of Image Segmentation

From enhanced breast images, the Otsu segmentation
method was applied to produce threshold which alow to
separate ROI for evaluation of image status. Breast images
after segmentation were converted into binary images as
shown in Fig. 2. With these binary images, basically we can
see the difference between white areas (0 gray level) and
back ones (1 gray level) in two cases of cancer and normal.
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© (d)
Fig. 3. Representation of enhanced and segmented images
(a) enhanced image of normal case
(b) segmented image of normal case
(c) enhanced image of cancer case
(d) segmented image of cancer case

C. Breast Image Evaluation

For evaluation of cancer status, binary images were
multiplied with original breast images to produce images
with gray level ROI which dlow to identify between cancer
and normal images. Therefore, probabilities of gray level
pixels were caculated to create a gray level histogram for
breast image evaluation.

From breast images with the ROI, all breast images were
calculated to create gray level histograms. Therefore, the
gray level densities between two types breast images (cancer
and normal) were different as shown in Fig. 4 and Fig.5. In
particular, the pixel density of cancer images has the sudden
change in the gray level range of around 0.18-0.20, while
that of normal images dlowly changes in the same range.

I

Fig. 4. Gray level histograms of normal case
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Fig. 5.

Fig. 4 and Fig. 5 show that in cancer cases, pixels
corresponding to the gray level range of around 50 to 130 in
the histograms change suddenly from low to high, while
those corresponding to the same gray level range in normal
cases increase dowly. Therefore, we can basically evaluate
the difference between two types of breast images. However,
contrast values and corresponding pixel amount provided
more information for evaluation of breast disease status.

Gray level histogram of cancer case

TABLEI. FEATURER EXTRACTION OF CANCER AND NORMAL CASES
Case Cancer i Normal .
Contrast | ROI pixels Contrast ROI pixels
1 0.1927 558 0.0758 319
2 0.1478 417 0.0711 331
3 0.1582 484 0.0702 207
4 0.1419 402 0.0269 343
5 0.1501 601 0.0458 391
6 0.0817 513 0.0181 212
7 0.2799 527 0.0584 388
8 0.2483 560 0.0855 326.
9 0.1185 442 0.0746 98
10 0.1455 420 0.0295 77

Table 1 shows the contrast values corresponding to the
average pixel amount of ROIs in cancer and normal images

in the gray level range of 0.2-0.3 in the histograms. It is
obvious that the contrast values in the normal images are
from 0.0181 to 0.0855, while those in the cancer images are
from 0.0817 to 0.2799. In addition, ROl pixels
corresponding to image contrast of ten ROI images for each
type were different. Particular, ROI pixels in cancer images
were the range of 402 to 601, while the range of ROI pixels
in normal images was 77 to 391.

With the experiment of 20 breast images including ten
image for each type, one can evaluate the ability of disease
status based on image after processing. In particular, with
this statistic table, we can evaluate breast image status and
this can be one of information for doctor in disease
diagnosis.

Mammography images were segmented using fuzzy c-
means clustering and then ROIs in these image were
calculated for determining normal and abnormal regions
[21]. Result of the classification accuracy in this research
was around 92%. In our research, image processing
techniques were applied, histograms of ROIs in
mammography images were represented and then datistics
of pixel densities on both normal and abnormal images were
performed to be the basic for evaluation. Contrast values and
corresponding pixel amount were determined for evaluation
of disease status.

IV. CONCLUSION

In this paper, the set of 20 breast images including 10
image for each type were processed to produce features for
evaluation of disease status. Therefore, this paper presented
the proposed method consisting of the image enhancement
using the Fuzzy logic and possibility distribution algorithm,
Otsu segmentation and statitics on ROl image based on
histograms for evaluation of breast cancer. In particular,
from cancer and normal images, features based on contrast
values and the corresponding pixel amount were obtained as
shown in Table 1, in which the ranges from the minimum
and maximum values between two types of norma and
cancer images were really obvious. Simulation results
showed the effectiveness of the proposed method and also it
is very significant for development of breast image
recognition using artificial intelligence with higher
performance.
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1. Introduction

Breast cancer is one of th ing\death in women worldwide, in which an incidence is
increasing, especially among tnam. According to recent statistics [1], each year in
Vietnam, approximately 22,000 sed with the breast cancer and there are more than
ses in women. Moreover, according to data of Bach
diagnosed at late stages (I11-1V), which significantly

specialized resources. Furthermore, Bach Mai Hospital receives
hich puts great pressure on the team of diagnostic imaging doctors

reast cancer detection by up to 20%, but also reduces the workload for doctors by
44% [4]. Several large Vietnamese hospitals, including Bach Mai Hospital and the Hospital of Thai
Binh Medical University, have successfully implemented Al solutions like Cadai-BTM for interpreting
ultrasound images. This not only help the automatically diagnostic process, also support doctors in better
diagnosing X-ray or ultrasound breast images [2], [5].

Traditional diagnostic methods are mainly based on mammography or ultrasound imaging [6], and
this requires doctors with high skills to be able to detect small lesions such as microcalcifications or
tumors less than 1 cm in diameter [7]. However, subjectivity of doctors in image reading and overloaded
working can sometimes lead to errors in diagnosing breast cancer images. In particular, a research from
Lund University in Sweden indicates that about 15% to 30% of breast cancer cases have been missed in
routine screening [8]. This is obvious that it is very unfortunate and dangerous for many patients.
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With increasing workload and pressure to doctors at hospitals, this can lead to inaccurate diagnosis
results. Therefore, a remote diagnostic system integrated with Al is a solution for improving accuracy
and also reduce the workload for doctors. It means that the integration of Al into a telemedicine system
is reshaping the approach to breast cancer globally. Recent researches have shown that Al not only
improves diagnostic accuracy, but also provides diagnostic results of up to 94.5% compared to 88% for
traditional diagnosis [9]. Furthermore, the use of the Al-based telemedicine system reduces the number
of visits by approximately 40% compared to in-person visits. In Vietnam, where the rate of late detection
of breast cancer is up to 70% [1], this telemedicine system promises to narrow the gap in access to
quality healthcare services.

In recent years, many deep learning models for image analysis have been developed, particularly
YOLO, ResNet-50 and other models have been applied for different lesion recognition. One research is

for evaluating the entire mammogram and a bottom-up approach for analyzin
resulting in a 44% reduction in physician workload [4].

Recent healthcare systems have been developed for asm’”ug doc n medical diagnosis and
treatment [11] [12] and Al is one ofthetechnologles develop dlns e ofithese syStems. Google Health
ge Model (LLM) for

ns. In India, a trial of the

icious region,

analyzing results of test, images, and then recommending
IBM Watson system achieved 90% agreement wit the deci

new cI|n|caI data for optimizing personallzed treatme dations. In particular, Google Health's
Al-powered system reduced 5.7% of false positives and 9.4% Ise negatives compared to traditional
methods. Another study is that with the analysis of 44,755 ultrasound images and AUROC 0.976, the
system detected lesions with very small sizesgrom 0.5mm to 2mm that are easily missed by the human
eye [14].

The EfficientNet model h through several stages and the EfficientNet-B7 model
achieves higher accuracy tha rning models. Furthermore, EfficientNet-B7 not only
produces good accuracy with ima has a network size 8.4 times smaller and 6.1 times
faster than some other deep led@rhi . In recent studies, the EfficientNet model has been
i many different classification fields. In particular,
ssifying lung cancer based on a set of CT scan images and
produced results with#a 99.10% [16]. Another research is that EfficientNet family U-Net
models ha appli ggmenting renal tumors on CT-scan images and achieved high accuracy

results 3 [17], [18]. In the telemedicine breast cancer imaging diagnosis system,
we u ici image classification for evaluating the remote classification results.

i ized as follows: Section 2 briefly describes the proposed methods and materials
includin ware architecture of the telemedicine system, image processing, Al model using
EfficientNe otocols for interfacing input-output blocks. In Section 3, the results of methods for
classifying usipg this system and result evaluations. The final section is the conclusion points.

2. Materials and Methods

This article proposes a telemedicine diagnosis system using an EfficientNet-B7 model to support
doctors in classifying breast cancer images. It means that the system needs to ensure the transmission
and processing of standard medical images over the internet to the server to produce breast cancer image
classification results. Moreover, with this telemedicine system, doctors in many remote locations can
join to perform diagnosis and receive this classification result for urgent case of dangerous and
complicated diseases.

Furthermore, this telemedicine breast cancer diagnosis system will be designed using a web platform
to help doctors easily access on different devices such as mobile phone or computer with the web. An
important problem is that the computer application has good security and hardware support with a web
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application which is compatible with a variety of the different devices, and is also easy to access anytime.
Moreover, in this study, the choice of a web-based system is easy for remote access. Therefore, this
system is designed with the following basic requirements: 1. Operate on a server in the Internet
environment and provides access anytime, anywhere; 2. Support DICOM protocol and the ability to
upload JPEG images; 3. Allow user communication based on a web platform; 4. Provide output results
including lesion type, risk level of benign or malignant.

2.1. Hardware architecture of the telemedicine system

Figure 1 shows a proposed telemedicine system for remote breast cancer image classification. This
system encompasses the core components, interacting peripheral devices, and the connections between
them. In particular, the system is composed of three main components: 1. Picture Archiving and
Communication System server (PACS) for images; 2. Web server for data connection with the Al model
and PACS; 3. Al model for image classification.

Telemedecine System

DICOM Al Model

Protocol | Internal Internal
Protocol Protocol

DICOM

Image Protocol
; PA rver W rver
Workstation CS Serve “‘ eb Serve

Figure 1. Representation of the telemedicine system for classification b breast cancer images using a Al model.

Therefore, this telemedicine system connects to peripheral devices such as X-ray imaging equipment,
image viewing devices, and terminal devices for remote access. Details of each component in the system

are described as follows: o ‘

(i) PACS server can receive and store images, particularly the images are uploaded from medical
imaging devices with DICOM standard. Moreover, the system allows uploading the images in
JPEG format for storing and processing. This server also interfaces with terminals, other
components in the system throug'h protocols and APIs.

(if) Web server is to provide web services for creating an access interface for users. In particular,
the web interface is built using modern web technology, providing high adaptability to many
different types of terminal devices.

(iii)4Al model is applied an EfficientNet-B7 model trained for classifying mammogram images. In

‘ﬁarticular, when receiving a request from the web server, the Al model performs the
classification process and then returns classified results through the system's internal
protocols. /~

(iv) Peripheral devices connected to the above system include: DICOM Modalities being breast X-
ray imaging devices compatible with the DICOM standard; Imaging workstations for doctors
to view images; remote users such as doctors or patients can access remotely via the website.

2.2. Description of EfficientNet-B7 model

In this system, the Al model plays an important role in the telemedicine diagnosis system of breast
cancer problems. In particular, EfficientNet-B7 is used in the Al model for classifying 3 types of breast
cancer lesions such as Benign, Malignant and Normal. Moreover, EfficientNet-B7 is one of the models
suitable for breast cancer image classification. In particular, the Fully Connected (FC) and Classifier
layers at the output of the pre-trained models are tuned to the breast cancer image sets for better
classification performance. In this EfficientNet-B7 model, a Transfer Learning (TL) method is used with
the Efficientnet-B7 pre-trained on ImageNet. In addition, EfficientNet-B7 features a compound scaling
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method, which allows the depth, width, and resolution of the network to be adjusted simultaneously.
Thus, the compound scaling formula is defined as follows:

d= a®,w= p®r=y® (1)

in which a, B, y are the scaling factors for depth, width, and resolution, respectively and ¢ is the
compound coefficient.

EfficientNet-B7 is designed with scaling factors of «, 3, y determined through a neural architecture
search and their following values are a=1.2, f=1.1, y=1.15. In addition, EfficientNet-B7 uses a baseline
network with the following parameters: input resolution=224x224, width=1, depth=1.

For high performance of classifying three types of breast lesions such as Benign, Malignant and
Normal, we changed the final FC layer of the pre-trained EfficientNet-B7 model to an output layer with
three units. In particular, the original FC layer was replaced by a subnetwork consisting of two Dense
layers with a ReLU activation layer. In addition to this, determining the hyper-parameters for the pre-
trained model is an important contribution. This process includes fine-tuning parameters such as batch
size, number of epochs, optimizer, and learning rate to suit the training process: .

- Batch size = 32: Each training run will process 32 data samples. gy,

- Epochs = 100: The entire dataset will be passed through the model 100 times. The training process
will end after completing 100 epochs. L.

- Optimizer = Adam: The Adam optimizer is chosen for its good adaptability and high performance
in deep learning problems.

- Learning rate = 0.001: This learning rate determines the degree to which the model's weights are
adjusted in each training step.

After training the model, we will evaluate its performance and accuracy to ensure its reliability.
Evaluation criteria during training includes Loss Function (LF) using the CrossEntropyLoss function; a
popular choice for classification problems. Thus, this function, which measures the difference between
the model’s predictions and the actual labels, is expressed as follows:

&755@2?:1 x; log(y;) 2

in which loss(x,y) is the value of the loss function, representing the error between the predicted value
and the actual value. C is the number of classes. xi is the actual label of the i class. If class i is the actual
class of the data sample, xi = 1, otherwise x; = 0. yi is the prediction probability of the model for the ith
class.

Accuracy is calculated as the percentage of correct predictions over the total number of data samples.
In each epoch, accuracy is calculated for both the training dataset and the testing dataset.

U
TP+TN
. Accuracy = ————— ©

in which TP: Number of correctly predicted positive samples. TN: Number of correctly predicted
negative samples. FP: Number of incorrectly predicted negative samples. FN: Number of incorrectly
predicted positive samples.

4

2.3. Image processing

For better classification performance, the breast cancer images need to be preprocessed for extracting
regions containing many features, as well as to synchronize the image size as described in Figure 2.
Furthermore, the original image of the system is in DICOM format and has a large size and this is not
suitable for the input of the Al classifier. Moreover, the original image contains some unnecessary
background image information that may affect the classification accuracy. Therefore, image
preprocessing is necessary before being fed into the system with the Al model as described in Figure 2.

In Figure 2, before being classified by the EfficientNet-B7 model, the images from PACS are
processed through 3 steps: First, the original image in DICOM format is converted to JPEG format for
matching the input format of the EfficientNet-B7 and the JPEG image still keep its unchanged size;
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Next, the JPEG image is automatically cropped to focus on the part of breast object and also remove
unnecessary components such as patient information and image background; Finally, the image is
resized to be suitable to the input of the Al classifier.

Convert |
format to . mage
JPEG Crop
Image
Background
el _ - - Removal
esize

Figure 2. Representation of Image pre-processing

2.4. Describing internal protocols of the system core
g P y P

Protocols in the telemedicine system play an important role. Therefore, in this system, we describe
and propose some methods for the protocols to be compatible with the DICOM imaging system. In order
for the parts of the system as described in Figure 1 to interact and exchange information each other,
internal protocols are needed to perform this function. In the proposed system, the internal protocols,
managing the communication between the PACS server, the web interface server and the EfficientNet-
B7 model are the important part of the telemedicine system for breast cancer diagnosis. In particular,
the PACS server, which stores medical images, relies on protocols to securely transmit relevant breast
imaging studies to the web interface server upon user request. Therefore, the web interface server uses
its own protocols to forward these images to the Al model for analysis, assigning tasks and the expected
output format. Finally, the protocols determine how the Al model communicates its diagnostic
predictions back to the web interface server, which then presents these results to the remote healthcare
doctors. In this system, the internal communication paths are standardized to ensure data security and
this will increase processing efficiency. With this good communication, the workflow will be highly
reliable throughout the image retrieval process, as well as Al-assisted diagnosis.

I
Al Model M3 | Web Server
_ Upload
Image processing Classification
__ request
Image Read
¢ Classification Classification
Image Send Mammogram
> report
DICOM »
SERVER l
Results
Image List request
= i Result
Image List Send _ reports
P Image Read
Image Send _

Figure 3. Description of the internal protocols for information exchange between three main components in the
system core.
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In this article, the Al model is designed to use the internal protocols for establishing to exchange
information and coordinate with other components in the core of the system as depicted in Figure 2. In
particular, the types of messages exchanged between the components need to be determined. In addition,
the system is designed to interface with external peripherals such as X-ray devices, image display
devices, and user terminals through appropriate protocols. Including the DICOM protocol for
communication between the system and X-ray devices, DICOM image display devices already have the
support of the protocol as a common standard in medicine. Image communication with user terminals
uses the HTTP/HTTPS standard protocol for websites. The use of standard and popular protocols for
external communications allows the system to be easily deployed and connected to existing medical
facilities' equipment.

To process images before classification, the Al model needs to get images from the PACS server.
Therefore, the communication between the Al model and the PACS needs to provide messages for
performing this function. Meanwhile, the Web server needs not only to exchange images with the PACS
server, but also to access the list of images stored on the server and other information which display on
the web interface for users. Meanwhile, the communication between the web server and the Al model
needs to provide a means to request the Al model for performing diagnosis and then returning results
for generating user reports. -

Furthermore, the proposed system is built using parameters for operating at the highest performance.
Therefore, the specific system parameters relate to image size, storage capacity and other parameters
which are determined based on the expected input data set, usage requirements and other system factors
as described in Table 1.

Table 1. Technical specifications of the telemedicine diagnostic system.

No. Parameters Value
1 Storage capacity 200GByte
2 Transmissicln‘bandwidth 100Mbps
3 Maximum file size for upload 10Mbyte
S 2 )
4 Processing time <20s

2.5. Data acquisition
q P

In this study, DICOM mammogram images collected from the Oncology Hospital in Vietnam are
used to train the Al model. For image collection, a strictly designed process is carried out to ensure the
validity of the dataset as shown in Figure 3. First, the DICOM mammogram images are collected from
the hospital's PACS image storage device and they are anonymized to protect patient privacy. Next, the
dataset is annotated by some radiologists through a labelling tool on the hospital's computer. Finally,
the annotated images areitored as a dataset.

Patients »  Modalities > PACS
A\ 4
Doctor Image
Selection

) | {4 ¥
. . «— R | of
E;.‘Eh View station [* peggr?;ain?‘o.

Figure 4. Data collection diagram at the Ho Chi Minh City Oncology Hospital
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In this step, more than 4000 DICOM mammogram images from 2018 to 2023 in the PACS server of
the Ho Chi Minh City Oncology Hospital DICOM system were selected. In particular, these images
were collected on devices from the vendor SIEMENS. For ensuring patient privacy on the images such
as identifiable patient information in the DICOM tags are completely erased. It means that only
necessary information such as patient age and sex are retained. In addition to DICOM metadata, relevant
information such as the angle and perspective of the image may appear in the images for preprocessing
and feature extraction. Some sample images collected from the Ho Chi Minh City Oncology Hospital
are shown in Figure 5. In addition, all are digital images collected from the DICOM system and
unnecessary personal information has been removed. After preprocessing the images, the detailed
information about the collected image set is described in Table 2.

©4 | A9
Figure 5. Sample images of a patient’s exam at the Ho Chi Minh City Oncology Hospital:
(a) Left CC; (b) Right CC; (cl) Right Mko; (d) Left l\ﬁLO

Table 2. Representation of the detail information of an image after preprocessing.

No. Parameters Value
1 Number of Images 4034
2 Image size 1024x1024
3 For;at DICOM
4 File size‘ 8.8MB

For the purpose of this study, the image collection was diagnosed and classified by specialists into
three primary categories: normal (no lesions), benign, and malignant, as presented in Table 3. To ensure
a balance in the number of images during training, images from the original image set were reselected
with a number of 800 images per category.

/ ‘ Table 3. Representation of the number of lesion types in the image set

/No. Classification ’;#2;2? of Training Testing
1 Normal 1815 640 160
2 Benign 877 640 160
3 7 Malignant 838 640 160

3. Results and Discussion

After completion of the telemedicine diagnosis system, the results are obtained for evaluating and
we would like to show two main independent aspects: Classification accuracy of the EfficientNet-B7
model; Operational parameters of the telemedicine system. Therefore, each aspect is evaluated through
many parameters for determining the effectiveness of the proposed methods, as well as the level of
meeting the requirements. During this evaluation, the system indicators some problems, including
accuracy, system reliability, transmission parameters, processing time, delay, protocols and other
parameters.
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3.1. Result of Breast cancer classification

In this article, the classification accuracy is evaluated through the confusion matrix, in which the
image sets are collected from the Ho Chi Minh city Oncology Hospital and the test dataset is completely
independent of the dataset for training, with a quantity ratio of 8:2. Basically, there are 3 types of image
sets such as Benign, Malignant and Normal. Therefore, the training results of the EfficientNet-B7 model
are evaluated by the Loss and Accuracy functions.

90%

90.00% 80%
144/160

NORMAL

70%

60%

88.12%
141/160

True Label
BENIGN

-40%

*30"/1:’

90.62% -20%
145/160

10%

MALIGNANT

NORMAL BENIGN MALIGNANT
Predicted Label

v

- u
Figure 6. Representation of the confusion matrix for three types of lesion such as Benign,
Malignant and Normal.

Figure 6 presents the confusion matrix, showing the model’s classification ability for three breast
lesion categories: Benign, Malignant and Normal. In particular, the EfficientNet-B7 model predicted
related to correction and mistake as shown in Table 4. It means that when classifying, the category of
Benign has 141 of True Positive and in case of False Positive, it recognizes 11 Benign to Malignant and
8 Benign to Normal, it is similart‘othe categoriﬁof Malignant and Normal.

Table 4. Representation of the prediction related to the classification using the confusion matrix.

Number o

Categories Jimages True Positive False Positive
Normal 160 144 7 to Benign 9 to Malignant
Bﬁnia]\ 160 141 8 to Normal 11 to Malignant
ali 160 145 9 to Normal 6 to Benign

ing results shows that the Al model with EfficientNet-B7 achieves high training
converging at around 97%, indicating good learning ability on the training data.
However, the racy on the test set is only around 89.58 % and this may be a small problem related
to constructing new data. The difference between the training and testing accuracy may be due to the
fact that the data set used is real data, has a large difference in quality and is collected from different
devices. The precision and F1-score are showed in Table 5.

accuracy,

Table 5. Representation of the precision and F1-score.

Categories Precision recall fl-score
Normal 0.8944 0.9000 0.8972
Benign 0.9156 0.8812 0.8981

Malignant 0.8788 0.9062 0.8923
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3.2. Result of Telemedicine model

The system is evaluated for telemedicine functionality through comprehensive tests of data
transmission, stability, and system bandwidth through the following detailed test steps.

- Simulated data transmission: Simulate the transmission of a diverse set of test images through the
system, simulating various network conditions such as different bandwidths or latency.

- Latency measurement: Measure the time required for images to be uploaded, processed by the Al
model, and displayed; Record these delays.

- Error rate assessment: Introduce controlled errors during the simulated transmission such as
packet loss to evaluate the system’s robustness and error handling; monitor for data corruption or
system failures.

- System uptime monitoring: monitor the uptime and stability of the web interface
model over a period of time and record any errors.

- Qualitative evaluation: Evaluate the user experience of the web interface i
and clarity of presentation results.

The evaluation steps provided data for calculating specific parameters rage latency
for processing images and delivering results; Transmission error rate or s g re rate under stress;
System uptime rate. In addition, this protocol provides a framewOFk for evialfting altelemedicine system
for breast cancer diagnosis based on EfficientNet-B7. Thus, spegific paran S and thresholds for
acceptable performance will be determined based on tHeSkequi ontext of the intended
application. During the evaluation of the imaging da}ta, the real DICO are collected.

Bandwidth Test

-
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w200
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7. Meas%ment results of the system bandwidth.

Figure 7 shows t s of g the telemedicine system. In particular, the graph shows that the
system R ritefSpe ys above the allowable limit of 200Mbps and the average speed is
284Mb
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Figure 8. Measurement results of the classification duration.
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Figure 8 shows the test results of the system’s classification time with 30 trials. In particular, the
results show that the longest classification time is 7.3s and the fastest is 2.3s and the average
classification time is 4.514s.

Table 6. Representation of the system evaluation results.

Parameter Number of Test Result Standard deviation
Accuracy 1500 84% -
Bandwidth - 284Mbps 32.23

Fault ratio 1500 0.47% -

Average classification

duration 30 4.514s

The results are presented in Table 6, in which the system meets the requirem

need to be followed such as: input image quality related to substandard lightin images; The
requirement of large computational resources for the training process is with limited
infrastructure. o

This result is comparable to other telemedicine systemssfor breast ¢ nosis. For example,
VinDr Al's solution for breast cancer diagnosis - Vin am tem a practical BI-RADS
classification accuracy of over 80% [19]. Other technical parame similar systems are not
published, making comparison difficult.

3.3. Discussion

In recent years, deep learning networks have attracted researchers for image classification in different
fields, in which medical images for diagnosis support are classified. A study utilizing YOLOv6
combined with Federated Learning (FedL) od the BreakHis and BUSI datasets achieved a remarkable
98% accuracy in differentiating between benign and malignant tissues [10]. A research is that general

an Al-based diagnostic system repakt to reach an accuracy as high as 94.5% [14]. Although,
our results of the proposed t ave not yet reached this state-of-the-art threshold, its
strength points are to complete th ici stem architecture from input data to end results. In

particular, the performance
accuracy is a significant ste
challenge of integrating th
communication, we use
telemedicipe,the system

odel presents a nuanced picture and the 89.58%

ithin a telemedicine infrastructure, including PACS server
ss, and defined internal protocols for data exchange. Focusing on
tion is a key contribution in this article.

s with developing the telemedicine system using Al model in medicine

area i i errors and physician workload. Although, we did not directly measure error
reduc ing the telemedicine compared to doctor diagnosis, the high accuracy in identifying the
Normal of 92%fprecision as shown in Figure 5 is very significant. Thus, it means that our proposed

system cou ively produce a significant number of right cases and this can allow specialists to
focus on more @mbiguous or potentially malignant ones. In addition, it aligns with the 44% reduction in
physician workload reported by MammoScreen [20].

In this article, the classification accuracy of the EfficientNet-B7 model in the telemedicine system is
not the highest compared to previous researches, but our telemedicine system has made a significant
contribution by presenting a complete, practical, and efficient telemedicine system designed for real-
world deployment. In particular, the system’s architecture is robust and its performance can allow to
apply for clinical testing. Therefore, this system can focus on enhancing and improving its diagnostic
accuracy to be able to apple at Vietnam hospitals.

4. Conclusions

This article proposes a telemedicine system for classifying breast cancer images using an
EfficientNet-B7 model and this system can be applied for classifying breast lesions at hospitals in
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Vietnam. In the proposed telemedicine system with the EfficientNet-B7 model, a dataset of DICOM
mammogram images from the Oncology Hospital in Ho Chi Minh City were used to train this
EfficientNet-B7. The results produced a high training accuracy of approximately 97%. However, the
validation accuracy on the test set was just 89.58%.

The importance is that the telemedicine system demonstrated robust performance, meeting the
technical requirements for practical deployment. In particular, it achieved an average data transmission
speed of 284Mbps, which is higher than the 200Mbps requirement and also an average classification
time of 4.514 seconds per image. These results illustrate the system’s capability to operate efficiently
for real clinical applications and this can provide timely support for many doctors in remote diagnosis
at the same time. In addition to this, our telemedicine system shows great promise in reducing physician
workload and improving diagnostic access. This system can focus on enhancing the model’s accuracy,
in which image sets should be obtained more and Al model should be improved and upg
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