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OZET

TRANSFER OGRENMESI iLE TiRAD PUAN TAHMININE
YONELIK GORUNTULEME OZELLIKLERI YAKLASIMI

Yapilan ¢alismada, Tiroid Gorintileme Raporlama ve Veri Sistemi (Thyroid Imaging
Reporting and Data System (TIRADS)) puaninin tahminine yonelik yeni bir gorintileme
ozellikleri yaklagimi dnerilmis ve bu yontemin gergeklenebilirligi en dnemli iki goruntileme
ozelligi analiz edilerek incelenmistir. Elde edilen ilk sonuclar irdelenmis, yardimci metodlar
ile iyilestirilmis, ve yardimci metodlarin etkileri belirtilmistir. Y&ntemin mevcut giincel

yontemlerden farklari, Gstiinliikleri ve eksiklikleri belirlenmistir.

[lk asamada, tiroid ultrason gorintiileri islenerek, goriintiiler ultrason cihazi tarafindan
eklenen yapay isaretler ve diger gereksiz kisimlardan temizlenmistir. Boylece, tiroid
goriintiisiiniin hesaplamalar igin gerekli olan kismi bulunmustur. Onerilen ydntem,
geleneksel ikili sistemde yapilan siniflandirma problemini ¢oklu siniflandirma problemine
cevirmektedir. Bu yontemin uygulanabilmesi igin, ikili sistemde siniflandirma yapmaya
yonelik hazirlanmig goriintii setinden, farkli farkli goriintiileme 6zellikleri i¢in yeni birer
goriintii seti olugturulmasi gerekmektedir. Bu nedenle, orijinal goriintii seti tekrar islenerek,
TIRADS puani belirlenmesinde kullanilan her  bir  6zellik icin  (kireclenmeler
(kalsifikasyon), ekojenite vb.) ayri bir goriintii seti tiiretilmistir. Bu goriintiiler, 6nceden
egitilmis sinir aglarina ¢oklu siniflandirma yapmak iizere girdi olarak verilip, ¢iktilar analiz
edilmistir. Smirli sayida goriintii iceren ve smiflar arasinda dengeli bir dagilima sahip
olmayan bir goriintii seti kullanilmasina ragmen, kalsifikasyonlar yaklasik %85 dogrulukla
siiflandirilabilmistir. Daha az sayida 6rnege, ve yine siniflar arasinda dengesiz dagilima

sahip olan ekojenite 6zelliginde ise dogruluk %80 seviyesinde kalmistir.

Onerilen sistemin her bir goriintiilleme dzelligi icin yeterli sayida érnege ve siiflar arasinda
dengeli dagilima sahip bir goriintii seti kullanilarak egitilmesiyle, yontemin yuksek bir
simiflandirma dogrulugu ve yiikksek c¢ikti ¢oziintrligii ile uygulanabilir olacagi

ongorulmektedir.



ABSTRACT

AN IMAGING FEATURES APPROACH TO TIRADS SCORE
ESTIMATION BY TRANSFER LEARNING

A novel method for Thyroid Imaging Reporting and Data System (TIRADS) score
estimation using the imaging features is proposed. Applicability of the method is
investigated by analyzing the two most important imaging features. Initial results were
evaluated and improved by using auxiliary methods, and the effects of auxiliary methods
were stated. Advantages and disadvantages of the proposed method when compared to state-

of-the-art methods were determined.

In the first step, images were processed to remove artificial markers added by the ultrasound
device and other redundant data. As a result, the region of interest (ROI) is found in the
thyroid image. The proposed method turns the traditional binary classification problem into
multiclass classification. In order to be able to apply the proposed method, the dataset was
processed further and multiple different datasets were derived, one for each of the image
features (calcifications, echogenity etc.) used when determining the TIRADS scores of
thyroid nodules. Then, these derived datasets were fed into pretrained neural networks for
multiclass classification, and the results were evaluated. Even with a dataset of limited size
and biased samples, the calcification property classification accuracy turns out to be 85%,
whereas for echogenity property, again with a limited number of biased samples, stays
around 80%.

By using a dataset which has more number of samples for each imaging feature and a better
balanced distribution among classes, it is anticipated that the proposed method may become

applicable, with a high overall classification accuracy, and a high output resolution.



SYMBOLS

Vi : Expected Output

bz : Predicted Output

n : Number of data points in error calculation
P: : Prediction accuracy

o,y : Focal loss parameters



ABBREVIATIONS

us : Ultrasound

TIRADS : Thyroid Imaging Reporting and Data System

FNA : Fine Needle Aspiration

FNAB : Fine Needle Aspiration Biopsy
NN : Neural Network

ANN - Artificial Neural Network
CNN : Convolutional Neural Network
ROI : Region of Interest

MSE : Mean Square Error

CE : Cross-Entropy Error

FL : Focal Loss
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1.INTRODUCTION

1.1 Motivation and Overview

Thyroid nodules are commonly observed on humans throughout their life span. Even though
the rate of malignant nodules is relatively low, some nodules, such as thyroid cancer, have a
risk of malignancy. Thyroid Imaging Reporting and Data System (TIRADS) is widely used for
classifying thyroid nodules according to their key characteristic features. These features can be

defined as calcifications, echogenity, composition, shape and margin.

Intensive research is still carried on with different appproaches, using image processing
methods, neural networks, or a mixture of both. Successful results were obtained with deep
learning methods, which are presented in [1, 2]. Liu et. al achieved feasible overall accuracy
by using hybrid features [4]. However, taking samples from the nodule is the most important
step in diagnosis for cancer [16]. In order to find out if a nodule is malignant or benign, a fine
needle aspiration biopsy (FNAB, or FNA biopsy) under the guidance of ultrasound (US)
imaging must be performed [16]. On the other hand, lots of unnecessary biopsies are performed
on low risk patients every year because of having misleading conclusions from thyroid US

images.

In this thesis, a multiclass classification approach to the thyroid nodule classification problem
using thyroid US imaging features and transfer learning is proposed, and it’s applicability is
investigated. Even if there is a vast amount of research on the binary classification problem of
thyroid nodules, we develop a multiclass classification approach to determine the TIRADS
scores of thyroid nodules. Instead of having a binary output such as malignant or benign, the
output is the TIRADS score of the thyroid nodule, such as TIRADS 1, 2, 3, 4 or 5. This
multiclass scheme allows an output with increased resolution compared to the traditional
methods, which generally assume during the neural network training that the nodules with
scores 2 or 3 are classified as benign, whereas nodules with scores 4 and above are classified
as malignant. Schematic overviews of traditional binary classification, and the proposed
TIRADS score multiclass classification methods are given in Figures 1.1 and 1.2, respectively.
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Network
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Figure 1.1 Traditional binary classification framework

Binary classification of thyroid nodules such as malignant or benign may provide simpler
implementation and better results, but from a medical perspective, diagnosing a malignant
nodule as benign can cause inacceptible results, so even if modern binary classification systems
can reach very high overall accuracies, they are still susceptible to error. Determining the risk
category of a thyroid nodule by estimating the TIRADS score can also not be done with perfect
accuracy. However, the proposed method can provide predictions in close proximity of the
actual TIRADS score even if individual predictions over the characteristic features are wrong.
Therefore, this method can be safely used in medical diagnosis procedure as a support system
since it can provide an insight on the risk category of the nodule instead of directly classifying

it as malignant or benign.
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Figure 1.2 Overview of the proposed method

Furthermore, estimating the risk category of patients paves the way to reduce the number of
unnecessary biopsies performed on very low risk patients. As a result of this, patients can be
saved from the pain and the costs of biopsy procedures. Also, it will be useful to save the

precious time of radiologists and other medical staff.

1.2 Scope of Thesis

Applicability of the proposed method on the calcification and echogenity features was investigated
as presented in Figure 1.2 by using the Digital Database of Thyroid Images (DDTI) [34], which isan
open access dataset, available on the Internet. Images in the dataset were first preprocessed to extract
the region of interest (ROI), which is the US image of the thyroid gland. Then, in order to transform
the binary classification problem into a multiclass classification problem, new datasets, which are

suitable for multiclass classification are derived from the original one.

These new datasets are then used to fine-tune the parameters of pretrained ResNet-50 CNNs, one for
each of the features. Effects of different loss functions as well as the effect of using a new partial data
augmentation scheme are also discussed. Also, advantages and disadvantages of the proposed method
compared to state-of-the-art methods are presented. Finally, possible future improvements to the

method are stated as future work.



2. MATERIALS AND METHODS

Thyroid US image dataset used in this thesis has open access and it is publicly available from [34].
The dataset has a major drawback due to the fact that it was prepared for the binary classification of
thyroid US images. In order to convert the binary classification problem to a multiclass classification
problem, new datasets were derived from the original one, using the feature properties of thyroid US
images provided with the DDTI dataset. Images were sorted and labeled according to the calcification

and echogenity properties provided with the dataset.

OpenCV, Matlab and Octave were used for different kinds of operations such as dataset
preprocessing, image sorting, image preprocessing, template matching, regional reconstruction,

neural networks training.

Detailed information on the preprocessing steps, as well as thyroid nodules and TIRADS are given

in the following sections.

2.1 Thyroid Nodules and TIRADS

Thyroid nodules are commonly observed on males and females throughout the life span, regardless
of the age. Most of these nodules are benign, but some have malignant characteristics and pose a risk

of thyroid cancer.

Thyroid nodules may have various different characteristics. They can be tiny, or large, shallow or
deeply embedded within the thyroid gland. These nodules might also have a round, circular shape,
but some can be taller than wide (TTW). The region around the thyroid nodules might have
microcalcifications, macrocalcifications or none at all. TIRADS is the gold standard used in the
diagnosis of thyroid nodules and it utilizes these characteristics of thyroid nodules while classifying

them according to their risk category.

TIRADS score of a thyroid nodule is determined by the characteristic features of the nodules. Each
category has multiple different properties, one of which describes the characteristics of the thyroid

nodule and each property has an intermediate score associated with it. The scores of each



feature(category) are summed up to determine the TIRADS score of the nodule. These features and

associated scores are given in Table 2.1.

Feature Property Score

Calcifications Macrocalcifications

Peripheral(rim) calcifications

Microcalcifications

None

Echogenity Hyperechoic

Isoechoic

Hypoechoic

Anechoic

Composition Cystic

Spongiform

Mixed cystic and solid
Solid
Shape Wider than tall

Taller than wide

Margin Smooth or ill defined

N| O] Wl O N| kP O] O] O W| k| P O W N| k-

Lobulated or irregular

Extra-thyroidal extension 3

Table 2.1 Features and associated scores in TIRADS

Overall, many different characteristic features can be seen in thyroid nodules, but some of them are
more important than the others while determining the risk category of the nodule. Calcification and
echogenity features have major effect on determining the TIRADS score. The reason behind this is
that, properties associated with 3 points occur much more frequently for calcification and echogenity

features compared to the other features.

In order to calculate the TIRADS score, intermediate scores of each category should be summed, and
the result is classified according to Table 2.2. TIRADS categories TR1 and TR2 indicate the nodules
which have almost no suspicion of being malignant. Therefore, no FNA biopsy procedure is applied

to patients with these types of nodules. Other risk categories TR3, TR4 and TR5 mostly require a



biopsy, depending on the nodule diameter. For example, FNA biopsy is requested from a patient with
TR4 risk category if the nodule diameter is greater than or equal to 15 mm, whereas for a patient with

TR risk category, FNA biopsy is requested if nodule diameter is greater than or equal to 10 mm.

Points Category Suspicion

0 TR1 Benign

2 TR2 Not suspicious

3 TR3 Mildly suspicious
4-6 TR4 Moderately suspicious
7ormore | TR5 Highly suspicious

Table 2.2 TIRADS categories vs suspicion

Even though TIRADS score of a thyroid nodule provides very important information about its
characteristics, biopsy procedure is the only way to certainly determine if a nodule is malignant or
benign. Even though many biopsies are performed on many patients annually, some biopsies may
turn out to be inconclusive. Thus, doctors may request another biopsy to analyze the sample. Main
reason of having inconclusive biopsies is failing to get a sample from the actual nodule. Sometimes
the nodule is very tiny, or it is deeply embedded within the thyroid gland. Hence, the radiologists may
not hit the nodule under the US guidance. As a result of this, many unnecessary FNA biopsy
procedures can be applied on patients, even if they are in the very low risk categories such as TR1 or
TR2 [5].

2.2 Dataset Preprocessing

The DDTI dataset consists of thyroid ultrasound images and corresponding XML files that contain
the necessary label information about the thyroid imaging features in Table 2.1. Some of these files
did not contain any information about one or more of the thyroid properties such as calcifications,

echogenity, etc. As a result, the samples with missing properties were excluded from the work.

Multiple different operations were applied on the images and the dataset in order to convert

everything into a suitable format for multiclass classification. The preprocessing steps can be



summarized as: ROI extraction and cropping, reduction of computational complexity by discarding
redundant channels, template matching and removal, and regional reconstruction with image

inpainting by fast marching method. Details of these steps are presented in the following subsections.

2.2.1 ROI Extraction by Connected Component Labeling

Images included in the DDTI dataset contain redundant information in addition to the ROI. This

redundant information must be removed before any further processing.

Figure 2.1 Unprocessed thyroid ultrasound image

In Figure 2.1, the ROI is located in the middle of the unprocessed image. This rectangular ROI is
surrounded by artificially generated black pixels with zero intensity value, and some other artificially
generated white pixels. Converting the image in Figure 2.1 to a binary image with a very low constant
threshold such as 5% (of the maximum intensity 255) produces the image provided in Figure 2.2a.
The ROI can be identified as the huge white blob in the middle of the binary image provided in Figure
2.2a. First, connected component detection is applied to this binary image to detect and label the 8-
connected regions in Matlab. Then, the areas are calculated by counting the number of pixels

belonging to each label separately. The pixels belonging to the label with the largest area are kept as



(b)

(c)
Figure 2.2 Overview of the ROI extraction process
(@) Conversion to binary with a fixed threshold
(b) Labeling the ROI using its area
(c) ROI after closing and opening morphological operations



one, and the rest of the pixel values are set to zero. Result of this operation is provided in Figure 2.2b.

In the obtained binary image, only the pixels which belong to a coarse ROI are set to one.

This coarse ROI does not have a perfect rectangular shape due to the non-idealities around its
perimeter. A series of morphological operations such as opening and closing are performed on this
binary image to remove these non-idealities around the perimeter to obtain a perfect rectangular
shape. First, closing operation is applied with a 5x5 structuring element to remove the small gaps(zero
pixels) within the ROI, by replacing their values with one. Then, two opening operations are applied
with 3x200 and 200x3 structuring elements. These opening operations remove the non-idealities
around the perimeter of the ROI. As a result, a perfect rectangular ROI is obtained and it is provided
in Figure 2.2c. Sizes of all structuring elements were determined experimentally during

implementation and all structuring elements consist of only ones and no zeros.

Corners of the rectangular ROI presented in Figure 2.2c are found by a simple pixel coordinate
comparison algorithm. Nonzero pixel positions are compared and the X,,in, Xmax> Ymin» Ymax Values
are found. These values are used to determine (x;, y;) pairs which are the coordinates of the corners
of the ROI. The original image is cropped from these coordinates to extract the ROI provided in
Figure 2.3. As a result, most of the redundant information is removed and the ROI is extracted from

the original unprocessed image.

Figure 2.3 Thyroid ultrasound image after ROI extraction



2.2.2 Template Matching and Removal

Template matching is a digital image processing technique used to find regions of a larger image that
match a smaller template image. Some application areas of template matching are manufacturing
quality control [20], robot motion control [21] and edge detection [22]. In this thesis, template
matching is used to detect the location of the T-shaped marker given in Figure 2.4, in the upper-right
region of Figure 2.5. This marker indicates the brand of the US device. It is artificially created by the
US imaging device and inserted into the image as a visible watermark. The locations of these markers
in all images were found by use of template matching algorithm, and then marker regions were

removed from the images, by setting the pixel intensities to zero.

Different matching metrics can be used to determine how similar the inspected region of the larger
image is to the template. The most straightforward approach is to check the sum of absolute
differences between the source image regions and the template image. The region in the source image

which has the minimum absolute difference to the template is the best match.

A small template image (an 11x11 mask) which contains the artificially generated marker is moved
throughout all pixels in the ROI, similar to a 2D convolution operation. At each pixel position, sum
of absolute differences are calculated for the overlapping pixels in the mask and the larger image. As
the algorithm runs, these calculated values are temporarily stored in memory along with their pixel
position information. Lower sum of absolute differences is equivalent to more similarity between the
template and the source image. Therefore, the template location is determined as the location with

the minimum sum of absolute differences.

This kind of matching metric is susceptible to error if multiple matches occur for a given source
image. In order to prevent this, the following precautions were taken. The region in which the T-
shaped marker occurs is around the upper-right corner of the original image. Therefore, template
matching is applied only in a 40x40 pixel region in the upper-right part of the US image. This
approach greatly reduces the computational complexity as well as the probability of getting multiple
matches. Also, an if-condition is added to the end of the matching algorithm which is triggered when
there are multiple matches with the same sum of absolute differences. This if-condition introduces
weights to some of the pixels and performs template matching again, only for the multiple best match

points. Only the pixel intensities which form the T-shape in the template are multiplied by 1.1

10



(weight), and the sum of absolute differences are calculated for these best matching points again. The
weight is gradually increased and computation is performed iteratively until only one best matching
position remains. Even though this precaution was taken, none of the images had multiple best
matches during implementation, due to restricting the template matching area into a 40x40 pixel

region in the upper-right part of the thyroid US images.

Figure 2.4 Artificially generated US imaging device brand marker

Figure 2.5 Example image with US device brand marker

In Figure 2.5, watermark of the US imaging device can be seen in the upper-right region. In order to
remove this redundant information, template matching algorithm was used with minimum absolute
difference matching metric. As a result of this, markers in all images were detected and removed by
setting the pixel intensities to zero. An example thyroid US image after template matching and

removal operation of the watermark can be seen in Figure 2.6.

11
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Figure 2.6 Example thyroid US image after template matching and watermark removal

2.2.3 Reconstruction by Image Inpainting

Image inpainting is used in image restoration, for reconstructing degraded areas in images by using
the similarities with the pixels around the degraded neighborhood. First, the region to be inpainted is
found and represented as a closed contour. This closed contour is represented by an 11x11 square
which has the center position found in the previous template matching step. Then, the algorithm starts
from the boundary of this region and iterates through all pixels. Each pixel is replaced by the
normalized weighted average of the other known pixels in the predefined neighborhood. Once a pixel
is painted, the Fast Marching Method (FMM) [3, 25] algorithm moves to the nearest pixel and
eventually iterates through all pixels. By using this approach, it is ensured that the unknown pixels

which are nearest to the known pixels are painted before any other pixel in the reconstructed region.

12
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Figure 2.7 A thyroid US image restored with image inpainting method.

In the previous step, center of the artificial marker position was found by template matching algorithm
and size of the removed region is also known. Implementation was done in C++ by OpenCV due to
the fact that it provides the image inpainting by FMM algorithm. An example thyroid US image after
template matching and watermark removal is given in Figure 2.6, and the same image after the

application of image inpainting is presented in Figure 2.7.

2.2.4 Reduction of Computational Complexity

All images included in the dataset were in three-channel 24-bit RGB format, prepared with lossless
JPEG compression. However, the ROI in the US image is actually in grayscale, thus, having three
channels provides redundant information. The cropped ROIs are converted from 24-bit RGB to 8-bit
grayscale inherently lossless PNG format. All three channels had the same data, so the R channel is

picked as the reference.
This operation greatly reduces the neural network model complexity and saves a significant amount

of training and validation time, since the input matrix size to the ResNet-50 model can be reduced by

approximately 67% after dropping two out of three redundant channels.

13



2.2.5 Derivation of New Datasets for Thyroid Ultrasound Image Features

Before training the CNNs, new separate datasets for each of the image features(calcifications,
echogenity, etc.) should be derived from the original dataset. The XML files containing the thyroid
US image features are parsed, and the images in the dataset are sorted according to these image
features. For example, for the calcification feature, a new dataset is created by sorting the images by
different labels according to their calcification property. Thyroid images with macrocalcifications are
collected into one folder, whereas images with microcalcifications are collected into another,

respectively. This kind of sorting is repeated for the other features as well.

It should be noted that some image features occur more frequently than the others. Therefore, the
derived datasets had unbalanced distribution among different classes. An example of this type of
result is presented in Table 2.3, which gives an overview of the number of samples for the

calcification feature.

Feature Classes Number of Samples
Calcifications Macrocalcifications 43
Microcalcifications 216
None 137

Table 2.3 Number of samples for calcification feature

2.3 Neural Networks

Neural networks (NN) use labelled events from a set of examples, and establish a relationship
between the given set of inputs to predict the outcomes of the other events. Artificial neural networks
(ANN) consist of different layers with specific functionalities and weighted connections between
them. The learning processs is basically storing information as these weights between connections

and optimizing the weights according to the data provided to the network.

In general, there are three different types of learning strategies such as:
e Supervised Learning
e Reinforcement Learning

e Unsupervised Learning

14



Supervised learning is the most commonly used learning method with ANNSs. Samples are provided
to the network along with the expected outputs, and the network makes predictions. The output of
the network (predicted output) is compared to the expected output. Then, the weights
(hyperparameters) are tuned according to a loss function and according to the difference between the
predicted and the expected output (error). The described procedure is performed iteratively while
trying to minimize the error. In the presented work, mentioned iterative learning method is used to
train the ResNet-50 CNNS.

In reinforcement learning, the sample outputs are not directly provided to the system. However, the
correctness of the prediction is provided after having the prediction. The learning algorithm is
designed such that the system takes the correctness of its previous prediction into account. Then it

optimizes the parameters which will be used in the next prediction calculations.

Unsupervised learning is the type of learning that does not supply the output values to the system,

and expects the system to learn the relationship between the parameters by itself.

2.3.1 ResNet-50

In this thesis, supervised learning strategy is used in a transfer learning scheme. Initial testing and
performance comparison was performed between GoogleNet and ResNet-50 CNN architectures.
ResNet-50 was chosen due to its slightly better overall performance compared to GoogleNet. The
main reason behind this result is that, GoogleNet CNN architecture consists of 22 layers, while
ResNet-50 consists of 50 layers. Therefore, ResNet-50 has 25.6 million hyperparameters while
GoogleNet has 7 million. This hyperparameter comparison is given in Table 2.4. As a result of this,
ResNet-50 performs better while detecting deep features in the thyroid US images. Relative
prediction times and accuracies of different types of NN architectures trained with the ImageNet
database were compared [27], and it can be seen that ResNet-50 has a balance between low prediction
time (also training time) and relatively high accuracy. This was also tested with the DDTI thyroid

image dataset and confirmed, during the initial testing.

Using a more complicated NN architecture with better performance than ResNet-50 was not possible

due the the memory limitation of the GTX 970 GPU used during training. Using a more complex
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NN model would have required multiple GPUs with much more memory than the GTX 970.

Conclusively, the research and implementation proceeded with ResNet-50.

Network Depth Number of Parameters(Millions)
GoogleNet 22 7.0

ResNet-18 18 11.7

ResNet-50 50 25.6

Inception-ResNet-v2 164 55.9

Table 2.4 Depths and number of parameters for different neural networks

2.3.2 Loss Function

Making predictions, comparing them to the real expected outputs and trying to minimize the error is
the key concept behind neural networks. Selection of the optimum loss function is a crucial factor in
minimizing the error. Generally, Mean Square Error (MSE) or Cross-Entropy Error (CE) perform
well in minimizing the error between the expected output and the predicted one. MSE and CE are

calculated as:
1 n
MSE=1 ) (= 3i) @
k=1

_{ —loglp) if y=1
CE(p,y) = {—log(l —p) otherwise (2)

In Eq. (1), y, is the expected output and vy refers to the predicted output. In Eq. (2), p refers to the
predicted probability of a class and y defines the label (class) for binary classification. Thus, it is
either equal to one or zero. We can modify the CE equation and say that p, represents the prediction
accuracy, such that, if p, is equal to 1, prediction accuracy is 100% and CE is zero. The Cross-

Entropy Error after this modification is given in Eq. (3).
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CE(p,y) = CE(py) = —log(p,) (3)

={ p if y=1
Pe 1—p otherwise

And the Focal Loss is defined as:

FL(py) = —a(1 —p)Vlog(p,) (4)

There is a significant amount of similarity between the Focal Loss expression provided in Eg. (4) and
the CE. As prediction accuracy p, converges to 1, the (1 — p,) term approaches zero, which makes
the focal loss expression also converge to zero. As prediction accuracy p; decreases, the (1 — p;)
term increases and converges to 1. Then, the o, and y parameters significantly affect the FL

expression.
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Figure 2.8 Variation of focal loss with respect to its parameters
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To summarize, Focal Loss decreases as prediction accuracy increases, and increases as prediction
accuracy decreases. That behavior is taken advantage of in the thesis, due to the following reasons.
First reason is related to having small number of samples in the dataset. Second reason is about the
distribution of samples among classes. Using Focal Loss makes the wrong predictions more taxing,
which is essentially useful in the training phase while learning to make predictions about classes with

relatively less number of samples when compared to the others.

Generally, Focal Loss parameters a; and y in Eq. (4) are determined by experimental trials. In
Matlab, default values for o, and y are defined as 2.0 and 0.25 respectively. After some
experimentation with these parameters, it was decided that a; = 5.0 andy = 0.25 provide better

results than the default values. Effect of these parameters on Focal Loss can be seen in Figure 2.8.

2.3.3 Hyperparameter Fine-Tuning

Neural networks typically require thousands of sample images from each class so that they are able
to make correct predictions, with high accuracy. This requirement could be easily satisfied when
classifying everyday objects such as mug, pen and pencil, notebook, etc. Animals can also be easily
classified due to the fact that there are millions of sample images publicly available on the Internet.
This is not the case for thyroid US images. Most of the images created by US imaging devices also
have classified patient information, and these health records can not be made public. So, it is
practically almost impossible to design a brand-new neural network architecture and train it with
thousands of thyroid US images from scratch, with high accuracy at the end. As a solution to this

problem, transfer learning becomes extremely beneficial.

Transfer learning is based on utilizing the prior information obtained previously. Furthermore, it uses
that information in solving a problem. The ResNet-50 model used in the thesis was pretrained with
the ImageNet dataset, with approximately 14 million images for the classification of 1000 different
classes [35]. This training process is basically the tuning of the weights in the CNN model, and the
model learns to extract useful features which define each of the classes in the ImageNet dataset. That
information is stored as hyperparameters and they are utilized in learning process for classifying
different thyroid US images. Training a neural network from scratch for the multiclass classification

of thyroid ultrasound images would require a huge amount of samples as well as an extremely long
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training time if transfer learning method is not employed.

In the thesis, all the advantages of transfer learning scheme are taken by “freezing” the weights of the
first few layers of the ResNet-50 model during training process. The hyperparameters in the first 10
layers of the ResNet-50 model were kept constant (frozen) during the training phase. As a result,

training time is marginally reduced, with a negligible loss in prediction accuracy.

ResNet-50 input image size is 224x224, so the preprocessed thyroid US images were rescaled to that
resolution with bicubic interpolation before the training phase. Moreover, since the utilized ResNet-
50 is trained for the classification of 1000 different classes, its output layer needed modifications for
the model to become suitable for the multiclass classification of thyroid US images. The last two
layers of the ResNet-50 model are a fully connected and a softmax layer. The fully connected layer
connects each neuron in this layer to all the neurons in the next layer. The softmax layer selects the
highest probability of occurrence among all classes and sets it to 1. The rest of them are set to zero.

Basically the softmax layer picks the class with highest probability.

Fully connected and the softmax layers had to be modified for the dataset that was used in transfer
learning. These two layers are replaced by the ones with suitable dimensions depending on the dataset
utilized for the fine-tuning process. If the NN is going to be used for classifying the calcification
feature of thyroid US images, the fully connected layer size should match the number of different
classes for the calcification feature. This procedure is repeated for the other thyroid US image
features, according to the number of different cases(classes) present for each feature.

By following that transfer learning procedure for each of the imaging features of thyroid US images,
CNN parameters are fine-tuned to classify different thyroid image features. The outputs of these
models can be used to predict the final TIRADS score of the thyroid nodule, which designates its risk

category.
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2.3.4 Partial Augmentation

The number of samples between different classes are not uniformly distributed, thus, there is a bias
problem in the dataset. As a result of this, the predictions made by the NNs tend to be biased towards
the class which dominates the dataset. Even though by using Focal Loss and traditional dataset
augmentation with x and y translation, rotation, scaling, results can be improved a bit, but the bias
towards the dominting class can not be fully eliminated since the traditional image augmentation is

applied equally on all classes.

The bias effect can be minimized by a different kind of image augmentation. Chi et. al divided the
thyroid images into different segments around the location where the thyroid nodule is located. Then
the sub-images are used as a novel augmentation scheme [2]. Similarly, in the presented work, the
nodule perimeter is found from the Cartesian coordinates provided in the dataset, and its center of
mass location is calculated. The images are divided into 4 sub-images around the center of the nodule,
and these additional images are used to augment the full scale ones, but only for the classes with very
low number of samples, in order to have a better balanced distribution among all classes. A side-by-

side example of the original image and the sub-images are given in Figure 2.9.

Figure 2.9 Partial augmentation scheme

[a Z Z] (a) Original image, (b) Top-left sub-image, (c) Top-right sub-image, (d) Bottom-
left sub-image, (e) Bottom-right sub-image
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3.RESULTS AND DISCUSSION

The proposed method for the multiclass classification of thyroid nodules to estimate the TIRADS
scores was partially implemented and its applicability was investigated by analyzing the results
obtained for the calcification and echogenity features. ResNet-50 CNNs were trained, results were
compared and improvements obtained by the application of Focal Loss and the partial augmentation
scheme were presented. Advantages, disadvantages and possible future improvements and

modifications to the proposed method were also discussed.

3.1 ResNet-50 Training and Results

The full implementation of the proposed method was not possible due to the fact that features other
than calcification and echogenity had much more bias in between classes and the validation
accuracies of the neural networks were unable to go above 65%. Results of training and validation

for echogenity and calcification properties are provided in Figure 3.1 and Figure 3.5 respectively.

When dividing the datasets into validation and training sets, 30% vs. 70% ratio was used. All neural
networks were trained with Adam Optimizer, and a learning rate of 0.0001. Implementation was
performed by using Matlab and the models were trained on an Nvidia GTX970 general purpose GPU
with 3500MB memory. Experimentally determined Focal Loss parametersa = 5andy = 0.25

were chosen.

Different ResNet-50 models were trained with different datasets, for different number of epochs, and
different validation frequencies, with and without partial augmentation. Maximum training time is
observed as 40 minutes, when all classes in the calcification dataset were augmented with 4 sub-

images each, and validated after 2 epochs, with a total of 100 epoch training time.

21



A11uaboyoa 10j $8SS0| pUR SaIdeINIJR uonepljeA ‘Bulurel] '€ ainbi4

uoneEsa)
0002 00ST 000T 008 %
06T N % pevrsgt QL Ak 00 . 08 I op 0g "oz or
! E ryrs ! 1 ol ¥l \ J \ —{go
= = 2L ————— | — - —e—d o R R AL Wil
RU@ —— T T e ———e 1 K N P il r ¥ET T -~ (il B il | {0
| | T T
)
R
»
UoEPIEA — —@— — Uz
Buiuies)
{pPayloows) bBujuies) — 52
5507 e
uonesa)
0002 005T 0001 005 0
00T 06 ! 08 0L ! 09 0Ss ! (o] 0E _DN 0T
—ot
—oe
»
’
UONEPIEA — —@— — i
Pd
Bujuies 7
ured - i,
(Payjoows) Buuies]
foeanaoy _ ;.
Tl __ | _,om
il
_,. il s ol 1] f o,
4 LLALRH T A
o pr =l grt Tl . _ il |
P i ey _ 4 il Y w
feul (@) . P 1 !
e~ 8= — = =i (= = o e T _ ; ! _ ' |
T~ —— | | 1 . i | 8 _.._ i 1R i [ } HEUHHHEY —lo8
_ _ | f f |
9 _ J
._ { __ | ] _ |\ LAg __ — o6
| |
J I | i [ oot

(27:81:¥T T20Z-Uer-LT) ssalboid Buurery

ss07

(op) Aoeinooy

22



3.1.1 Effects of Focal Loss

Focal Loss Function with « = 5andy = 0.25 was utilized, and its effects on calcification scores
can be seen in Figure 3.2 and Figure 3.3. Figure 3.2 demonstrates the training process for calcification

property with Cross-Entropy, whereas Figure 3.3 shows the same training process with Focal Loss.

Main advantage of using Focal Loss is that, training accuracy starts to diverge from validation
accuracy much later compared to Cross-Entropy Loss. As a result of this, the NN model starts
overfitting the training data much later during the training process when Focal Loss is used. This
result can be seen when the training accuracies in Figure 3.2 and Figure 3.3 are compared. Another
advantage of using Focal Loss can be observed by comparing the loss graphs provided in Figure 3.2
and Figure 3.3. In both loss graphs, training losses(plotted in orange color) approach zero as training
accuracies increase, but the validation loss when Focal Loss is used is significantly lower than the
validation loss with Cross Entropy. Interpretation of this result is that, the misclassified images are in
a much closer proximity of the ground truth class when Focal Loss is used instead of Cross-Entropy

Loss.

3.1.2 Effects of Partial Augmentation

As explained in Section 2.3.4, a new partial augmentation scheme was used to minimize the effect of
imbalanced number of samples between different classes. This can be seen from the difference
between the number of samples belonging to the macrocalcification and microcalcification classes.
Number of sample thyroid US images with macrocalcifications are 43, whereas there are 216 sample

images with microcalcifications as presented in Table 2.3.

Augmenting the images belonging to both macrocalcification and microcalcification classes just
increases the number of samples for each class, but it does nothing to minimize the bias towards the
microcalcification class with dominant number of samples. Instead of augmenting all of them, only
the images belonging to the macrocalcification class are partially augmented with 4 sub-images.

Then, the number of samples belonging to that class becomes 215.
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As a result of partial augmentation, prediction accuracies have significantly increased. Figure 3.4 has
a peak prediction accuracy around 78% without partial augmentation for the calcifications whereas
Figure 3.5 has its peak at 88% with partial augmentation applied on macrocalcification class. Partial
augmentation provided a significant 12.8% improvement from 78% prediction accuracy to 88%. This
improvement can also be observed from Table 3.1 and Table 3.2 by comparing the number of correct
classifications for each class. Partial augmentation does not only improve the classification
performance of the NN on the class with small number of samples. It also improves the overall

performance by providing a better balanced dataset.

Feature Samples | Correct Classifications
Macrocalcifications | 43 30

Microcalcifications | 216 181

None 137 103

Table 3.1 Number of correct classifications for calcifications without focal loss and partial
augmentation

Feature Samples | Correct Classifications
Macrocalcifications | 215 189
Microcalcifications | 216 197
None 137 117

Table 3.2 Number of correct classifications for calcifications with focal loss and partial
augmentation
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4.CONCLUSION

In the presented work, a novel method for estimating the TIRADS scores from thyroid US
image features was proposed, and its applicability was investigated by classifying the two most
important features and analyzing the results. The proposed method converts the binary
classification problem of thyroid US images into a multiclass classification one. Conversion of
the classification was achieved by the presented image preprocessing steps such as connected
component labeling, template matching, image inpainting and derivation of new datasets
suitable for multiclass classification and a partial image augmentation method. In the final step,
CNNs were trained and obtained results were discussed. Moreover, the effects of choosing
Focal Loss over Cross-Entropy Loss were stated. The effect of partial image augmentation on

classification accuracy for calcifications was demonstrated.

One disadvantage of this proposed method is, it requires a much larger dataset in order to reach
almost perfect classification accuracy, due to the fact that it can provide multiclass
classification. However, it must be noted that, the proposed method requires much less samples
than application of multiclass classification with just one neural network. Another disadvantage
of the proposed method is related to memory requirement. It would need more memory in order
to run on a computer or an embedded device. However, as the amount of memory even on
embedded devices is increasing tremendously, that would not be a problem in the near-future.
The main advantage of the proposed method is being able to perform the classification of

TIRADS scores of thyroid nodules with a high resolution.

Transfer learning and fine-tuning for the derived datasets were performed and the obtained
results were presented. Even though the number of samples are limited and the available data
is biased, the results seem promising and successful, with validation accuracy of 85% for
calcification feature and 80% validation accuracy for the echogenity feature. Using Focal Loss
and partial augmentation provide a significant advantage in reaching these classification
accuracies with a limited number of biased thyroid US images. Therefore, the implementation
of this method with a larger and unbiased dataset can achieve a very high overall accuracy in

classifying thyroid US images into different TIRADS score categories.
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Training a system with the proposed method, with a good amount of diverse samples, the
system would save the precious time of radiologists and other medical staff, since it has the
potential to reduce the amount of unnecessary FNAB procedures applied on very low risk
patients. Moreover, it would also save the patients from the pain and costs of conducting a
biopsy on their thyroid. It also has the potential to be used as a training system for medical

students during the education process.

In conclusion, the presented method can be used to predict the risk category of thyroid nodules,
with small number of samples and high output resolution when trained with a more suitable
dataset. The presented method could also be turned into a hybrid method. For example,
composition parameter can be predicted by using deterministic methods and image processing
techniques with much higher accuracy than a CNN. In addition, it might be possible to
determine the echogenity parameter with higher accuracy by using wavelet-based techniques.
Finally, results obtained for each different feature with different techniques such as image
processing and neural networks may be combined to achieve a high overall prediction accuracy.
Investigating different approaches and their applicability to different thyroid US image
features, and merging the best possible results to achieve a high overall multiclass classification

accuracy are left as the focus of further research studies.
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