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Abstract — Deep learning is a machine learning sub-field that uses deep neural networks. Instead of customized algorithms for
each study in this field, it is aimed to cover the wider data set of solutions based on learning the data. Deep learning is a promising
approach to solving artificial intelligence problems in machine learning. Nowadays, deep learning algorithms have begun to
show themselves in many applications also being studied in biomedical fields. In this medical image processing study, Carotid
Artery Intima Media Thickness Ultrasound images were used. Carotid Artery is a type of cardiovascular disease that can result
in stroke. If stroke is not diagnosed early, it is in the first place among the disabling diseases. On the other hand, it is the third
most common cause of death after cancer and heart disease. For an early diagnose, biomedical image classification performances
of VGGNet architecture, which had successful results in the Imagenet competition and an original convolutional neural network
model were compared in this study. 501 ultrasound images from 153 patients were used to test the models’ classification
performances. It is seen that VGG16, VGG19 and CNNcc models achieved rates of 93%, 90% and 89.1% respectively. These
results showed that deep architectures can provide proper classification on biomedical images and this can help clinics to
diagnose the disease.

Keywords — Deep learning, carotid artery, intima media thickness, vggnet, convolutional neural network, machine learning,
artificial intelligence.

|. INTRODUCTION formulas and computations specific to each problem used by
computers. When the hierarchical structure is considered as a
graph, a deep multi-layered structure is formed, each of which
is installed on top of the other. Therefore, artificial intelligence
methods based on hierarchical structure emerge as deep
learning [3].

Deep learning is a machine learning sub-field that uses deep
neural networks. Deep neural networks are multilayer neural
networks containing two or more hidden layers [1]. In addition
to be a sub-field of machine learning, it is the application field
of deep neural networks, which is becoming more common
day by day. Instead of customized algorithms for each study in
this field, it is aimed to cover the wider data set of solutions
based on learning the data. Deep learning is a promising
approach to solving artificial intelligence problems in machine
learning. In recent years, the techniques developed in deep
learning research have influenced a wide range of information
processing, both in traditional and new forms, in expanded
contexts, including the most effective and important aspects of
machine learning and artificial intelligence.

In deep learning, there is a structure based on learning
multiple levels or representations of data. Top-level properties
are derived from lower-level properties to form a hierarchical
representation. This representation learns multiple levels of
representation that correspond to different levels of abstraction
[2].

It is difficult for artificial intelligence methods to solve
problems such as picture and/or sound identification, which
can easily be done by humans. These heuristic problems can
be solved by the computer learning of the ability to understand
and experience the world in a hierarchical way of the simplest
concepts that can be defined in relation to each other. With the
knowledge gained from experience, there is no need for Fig. 1 Deep learning circle
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The research areas of deep neural networks are at the
intersection between artificial intelligence, graphic modeling,
optimization, pattern recognition and signal processing [4].
Nowadays, these algorithms have begun to show themselves
in many applications such as driverless vehicles, health
services, film suggestions, translation services, chatbot, page
suggestions, and advertising services (Fig. 1).

The elements that make deep learning architectures such an
attractive field of study are as follows:

« Introducing worldwide text, image and audio data sets
for research.

o Start to produce high-performance graphics cards
(GPUs).

« Introduction of deep architectures such as AlexNet,
ZFNet, ResNet, GoogLeNet, VGG16-19, Inception and

S0 on.

« Starting to use deep learning platforms and libraries like
Keras, Tensorflow, Theano, Caffe, Pytorch,
MatConvNet etc.

o Activation functions, data training and data

enhancement methods, and the development and use of
effective optimizers by researchers.

When creating deep learning architectures, the algorithm to
be used has great importance. These algorithms may vary
according to the type, size, volume and structure of the data
and the parameters to be used. Convolutional Neural Network
(CNN), Recurrent Neural Network (RNN), Restricted
Boltzmann Machines (RBM) and Deep Belief Nets (DBN) are
some of them.

There are many libraries used to run deep learning
algorithms, carry out studies and solve problems. Today,
existing libraries are constantly updated and new libraries are
also available. However, there is no fully dominant one among
these libraries. Users are working in different libraries based
on their experience. Some of the libraries used to carry out
deep learning activities are:

e TensorFlow
« Theano

« Caffe

« Caffe2

o Keras

e PyTorch

e MXNet

¢ CNTK

o KNet

In addition, The VELES, DIGITS, Chainer, PaddlePaddle,
Covnetjs, Deeplearning4j, PyLearn2, Deep Learn Toolbox-
Matlab, Sci-Kit Learn, Accord.NET, Apache Spark,
Accord.MachineLearning and more machine learning libraries
and tools are available. They are offered to users in different
areas of use.

Deep learning algorithms are also being studied in
biomedical fields. Microscopic image, biomedical image or
automatic abdominal multi-organ segmentation [5]-[7],
detection of metastatic breast cancer and detection of mitosis
in histology of this cancer [8], [9], diagnosis in diabetic retinal
fundus photographs [10], retinopathy with false positive
reduction in detection of pulmonary nodules [11] and
automatically seizure detection/diagnosis in encephalogram
signals [12] are some of these studies. Deep learning
algorithms have produced particularly important results in
image processing studies in recent years. Although it has
recently started to be used in medicine, it is not yet sufficient.

In order to prevent human error in medical imaging
techniques, studies in this area are important.

In this medical image processing study, Carotid Artery (CA)
Intima Media Thickness (IMT) Ultrasound (US) images were
used. The CA (jugular vein) is the first vessel to be separated
from the large vein that emerges from the heart and as it shown
in Fig. 2, they carries clean blood to the brain.
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Fig. 2 Internal structures of the CA

CA is a type of cardiovascular disease that can result in
stroke. Atherosclerosis is the most important cause [13]. A
number of factors accelerate the natural process of aging in all
vessels of the body, causing some arteries to contract, blockage
or plague in the vessels at an early age. Considering that the
blood flow in the vessel during the development of the disease,
the breakage in the plaque and the clot formed after the
clogging of the vessels in the brain start to show signs, it is the
most important study to determine the patients at the time
when the blood flow decreases and the symptoms do not occur
completely [14].

If stroke is not diagnosed early, it is in the first place among
the disabling diseases [15]. On the other hand, it is the third
most common cause of death after cancer and heart disease
[16]. Approximately 16 million people have a stroke each year
in the world [17]. Cerebrovascular Diseases (CVD) caused by
stroke is calculated 64780 at the beginning of 2000s in Turkey
[18].

Il. MATERIALS AND METHOD

In this study, biomedical image classification performances
of VGGNet architecture which had successful results in the
Imagenet competition and an original CNN model were
compared. Since different imaging techniques and different
types of images are used in the studies carried out in the field
of medicine, it has not yet come to the stage of producing
solutions with common models and algorithms. However, the
architectures created in the Imagenet competition can classify
from thousands of different image types. The deep aspects of
deep architectures that are open to development in this area
will be an important area for researchers in the near future.
After the congress, an article comparing the performance of all
the models that succeeded in the Imagenet competition on
biomedical images will be prepared with the results and
feedback from the congress. This paper is a preliminary study
to investigate the performance of deep architectures on
biomedical images.

VGGNet architecture has two different types, including 16
and 19 layers; VGG16, VGG19. The number of layers is
determined by the number of weight layers. VGG16
architecture is an architecture that consists of 13 convolution
3 fully connected layers used for better results in ImageNet
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In this study, 501 ultrasound images of 153 patients who
were treated in the Radiology Clinic of Ankara Training and
Research Hospital were obtained with the Ethics Approval
Certificate of Gazi University Ethics Commission dated
08/05/2018 and numbered 2018-217. These images were
classified as “IMT: 1” and “IMT: 0” by two specialist doctors.
203 images were classified as “IMT: 1” while the remaining
298 were classified as “IMT: 0”.

I1l. RESULTS AND DISCUSSION

Several studies have tried various methods for early
diagnosis and treatment of CA. These studies were mostly
performed for segmentation operations on varying numbers of
patient images using different machine learning algorithms
[21]-[28]. These studies can be examined in two different
sections:

« CA Intima Media Segmentation Studies
« CA Intima Media Classification Studies

IMT classification studies of CA were mostly done with
machine learning methods of Support Vector Machines
(SVM) and Neural Networks (NN), and these studies produce
different results. Classification studies with NN were gave
accuracy between 71% and 73% when working with more than
200 images [29], [30] that was 99.1% in a study with 54
images [31]. It is understood from these results that the
accuracy rate decreases as the number of images increases
when working with NN. The use of SVM is slightly different.
In different studies ranging from 270 to 350 images, different
rates of performance rates were obtained between 73% and
83% [32], [33]. SVM methods have achieved better results
than NN. After the NN and SVM algorithms used in the
literature, the performances of the deep architectures are
explained in this study.

The performances of VGG16 and VGG19 models in
classifying CA IMT US images were compared with a deep
learning model created by the authors (CNNcc - CNN Carotid
Classifier). In the post-congress period, with the feedback
received from the congress, in addition to these models, new
analyzes will be realized with the models that have succeeded
in Imagenet competition and the study will be turned into an
article. The accuracy graphs of the deep learning models run
on the available images are shown in Fig. 5 and the results are
shown in Table 1.

Model Accuracy

064
E
>
gosd
0.4+
0.3+
0.2 +—— frain
test
0.1 - .
1] 20 40 B0 80 100
Num of Epochs
a)
10 Model Accuracy
AN A NN T
0.9 T
0817
0.7
206
3 05
04
03
p2 4~ tain
test
01 T T T .
0 20 40 B0 80 100
Mum of Epochs
b)
Model Accuracy
10
09 4 v
VAV A e o ke td i
08 { J
_f
0.7 4 M’\/J_,f
2 06 HA_
3 05 |
04
0.3 A
2l train
test
01 T T T T
o 20 40 (] B0 100
Num of Epachs
c)
Fig. 5 Accuracy graphs a) VGG16 b) VGG19 ¢) CNNcc
Table 1. Accuracy rates and Loss results
Model | Test Accuracy | Loss | Train Accuracy
VGG16 %93 0.65 %100
VGG19 %90 1.46 %94,5
CNNCcc %89,1 0.29 %89,4

When the graphics and results of the models used in the
classification process on CA IMT US images are examined, it
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is seen that VGG16, VGG19 and CNNcc models reached rates
of 93%, 90% and 89.1% respectively. While considering the
accuracy of the model, the accuracy rate and loss parameters
during the training are also taken into consideration. The graph
of the loss functions of the models is shown in Fig. 6. The loss
function is an important indicator because it is used to measure
the inconsistency between the predicted value and the actual
label. It is stated that the robustness of the model increases
with decreasing value of loss function [34]. In this case, the
VGG16 model produced the best result from the test accuracy,
while the consistency in the loss parameter lagged behind the
CNNcc model. Another decisive factor is the 100% accuracy
achieved during training in the VGG16 model. From this result
and the graph, it is easily seen that the VGG16 model has over-
fitted while training on images. Thus, the result obtained is not
a reliable result. On the other hand, the VGG19 is different
from the VGG16. The VGG19 model has a 90% accuracy rate
close to the CNNcc model. The accuracy rate obtained during
the training was acceptable at 94.5% and no overfitting was
performed on the data. On the other hand, the loss parameter,
which is the other determinant parameter, has a value of 1.46
which is well above the CNNcc model. When all of these
results were examined, the CNNcc model did not fall into the
overfitting state, produced a result close to the VGG19 model
at the accuracy rate, and consistency with the lowest result in
the loss parameter provided the most feasible model on
biomedical images.
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Fig. 6 Loss graphs a) VGG16 b) VGG19 c) CNNcc

In order to perform a more in-depth analysis of the results of
the models on the images, the results of the confusion matrix
were calculated separately for each model. The confusion
matrix rows and columns are a square matrix (G x G)
representing experimental and predicted classes, respectively.
The confusion matrix contains all the information about the
distribution of samples in the class and the classification
performance [35]. The confusion matrix results for VGG16,
VGG19 and Original CNNcc models are shown in Fig. 7.a,
Fig. 7.b and Fig. 7.c, respectively.

Predicted
Number =101
Negative Positive
‘_:‘; Negative| TN =56 FP=5 61
B
% Positive FN=2 TP =38 40
58 43
a)
Predicted
Number =101
Negative Positive
?; Negative| TN =59 FP=2 61
©
< |positive| FN=8 | TP=32 40
67 34

b)
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Table 3. Performance measures of models

c)
Fig. 7 Confusion matrix a) VGG16 b) VGG19 c) CNNcc

Calculations such as accuracy, true/false positive rate, true
negative rate, error rate, precision, prevalence and f1 score can
be done with confusion matrix. Confusion matrix calculations

Predicted Precision Recall
Beis 101 VGG16 | VGG19 | CNN | VGG16 | VGG19 | CNN
Number IMT:0 | 097 | 088 | 0.88 | 092 | 097 | 0.95
Negative Positive IMT:1 0.88 094 | 092 095 0.80 | 0.80
avg/total 0.93 0.90 0.89 0.93 0.90 0.89

— |Negative| TN=57 FP=3 60 F1-score Support
3 VGG16 | VGG19 | CNN | VGG16 | VGG19 | CNN
g IMT:0 0.94 092 | 091 61 61 60
Positive FN=8 TP =33 41 IMT:1 0.92 0.86 0.86 40 40 41
avg/total 0.93 0.90 0.89 101 101 101

65 36 The estimated results of the models on the labeled images

according to the performance criteria shown in Table 3 are
shown in Table 4.

Table 4. Test and predict results

VGG16
Test values 0 0 1 1 1 0 0 0
Predicted [1. [1. [O. [O. [O. [1. [1. [1.

for each model are shown in Table 2. Values o] o] | 1] | 1] } 1] ] 0] | O] | O]
. . Result \ V v V \ V V \
Table 2. Confusion matrix results
Value Calculation VGG16 | VGG19 | CNNce VGG19
Accuracy TP +TN 94/101 | 91/101 | 90/101 Testvalues | 0 | 0 | 1 | 1 ] 0] 0] 00O
(Acc) Total =0,93 =0,90 =0,891 Predicted [1. [1. [0. [O. [o. [1. [1. [1.
ErrorRate | FP+FN 7/101 | 10/101 | 11/101 Vajues | 0] 1 0] [ 1] | 1] | 1] 1 0] | 0] | O]
(ER) Total =0,07 =0,10 =0,108 Result v \ v \ X \ \ v
Recall TP 38/40 32/40 33/41
TP + FN =095 | =080 |=0804 CNNce
Test values 0 1 0 0 1 0 0 0
False Positive | _FP __ 5/61 2/61 3/60 Predicted | [0. | [0. | [ | [ | o | @ | @ | o
Rate (FPR) | FP+TN =008 ] =003 =005 Values | 1] | 11 | 01 ] 01| 11| 01| 01| 0]
True Negative TN 56/61 59/61 57/60 Result X v \ \ \ \ \ \
Precision P 38/43 32/34 33/36 Th_e results o_f the stud)_/ shovv_ed thaf[ the p_erformapc_e of deep
TP T FP =088 | =094 |=0916 architectures in the biomedical field is promising. The
TP FN classification results of the deep learning models used in the
Prevalence - 407101 | 40/101 | 41/101 study were more pronounced than the machine learning
Total =040 | =040 | =0405 . : X . h .
algorithms. This study is especially important in terms of
F1 Score 2TP 76/83 | 64/74 | 66/77 revealing certain deep learning models that can be applied to
2TP+FP+FN | =0916 | =0865 | =0857 | (ifferent imaging techniques in biomedical field. Thus,

In confusion matrix, accuracy calculation gives the results
of overall, how often is the classifier correct. Error rate is a
measure of how often the classifier has incorrectly predicted.
True positive rate indicates when it is actually positive and
how often does it predict positive. False positive rate gives the
results of negative actual value’s positive prediction. True
negative rate indicates when it is actually negative and how
often does it predict negative. Precision is a measure of how
accurately all classes are predicted. Prevalence is estimation of
how often “positive” value is found at the end of the prediction
and F1-score is the harmonic mean of precision and recall. The
predicted performance results of the models on the labeled data
for each class are shown in Table 3.

researchers and clinicians will be able to use a common model
instead of using separate solutions and algorithms for each
problem.

IV.CONCLUSION

In this study, the classification performance of deep learning
models on CA IMT US images was compared. The proposed
classification methods are important for early diagnosis and
treatment of CVD. VGG16 and VGG19 models, which were
successful in the Imagenet competition, and a CNNcc model,
prepared by the authors, were tested and their classification
performances were compared. In addition, the results obtained
were compared with the results of the machine learning
algorithms, which were previously performed classification
studies.

501 US images from 153 patients in Ankara Training and
Research Hospital were used to test the models. While the
VGG16 model achieved an accuracy of 93%, the reliability of
the result was reduced due to overfitting to the data during
training. Changes and additions to the hyper-parameters
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should be made in this model and adapted to the data. The
VGG19 model achieved 90% performance and produced
positive results. The loss parameter of the VGG19 model is
1.46. This value means inconsistency in the detection of
labeled data for the model and some layer arrangements are
required in the model by drop out method. Finally, the
accuracy rate of the CNNcc model was measured as 89.1% and
it was determined to be the most suitable model for
classification with 0.29 loss parameter ratio.

In this study, it is important to show that the performance of
deep architectures to make classification using medical
imaging methods can be more efficient than the machine
learning algorithms used before. It has been proven that deep
architectures can be used in different types of images in
various competitions. From this point of view, the formation
of certain common deep learning models on biomedical
images will be an important development in terms of artificial
intelligence discipline. This study will be expanded with the
feedbacks from the Congress and new models to be added, and
the results will be published.
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