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 A comparison of deep learning algorithms for medical image classification and image 

enhancement 

 

 

Carina Pereira 

 

 

 

 

In recent years, machine learning techniques based on neural networks have gained popularity. 

This is primarily because of improved computational capabilities and the availability of larger 

datasets. In our work, we investigate the application of machine learning techniques, specifically 

Convolutional Neural Networks (CNNs), for the purpose of medical image analysis. We consider 

three different tasks for our analysis. Two of these are classification tasks and the third task is an 

image enhancement task. In the first task, we classify thyroid nodules as malignant versus benign 

on B-mode and Shear Wave Elastography (SWE) images. We obtain accuracies ranging from 

80% - 87% using our evaluated approaches. In the second task, we automatically classify breast 

Magnetic Resonance Imaging (MRI) images into lesions present and lesion absent classes. For 

this task, we obtain accuracies ranging from 56% - 69%. In the third project, we train and 

evaluate a deep learning algorithm for up sampling low resolution ultrasound images and present 

promising results for obtaining high resolution images from lower quality acquisitions. In 

general, this work demonstrates that models reliant on deep learning with 104 to 108 unknown 

parameters can be trained and effectively applied with modest data set sizes on the order of 500 

to 10,000 images.   
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Chapter 1. BACKGROUND 

Machine learning algorithms can learn tasks by generalizing patterns from data [1]. This often 

makes performing complex tasks cost effective and feasible when manual programming is not. 

Examples of such complex tasks include speech recognition, fraud detection and stock market 

prediction [2]. Machine learning techniques can be easily applied to certain fields such as 

radiology, which mostly relies on extracting useful information from medical images [3]. One pre-

requisite for applying machine learning techniques is the availability of a large data set. Currently, 

30% of the world’s stored data is generated in the healthcare industry [4].  Recent advances in 

machine learning coupled with the availability of medical images has resulted in the development 

of different machine learning algorithms for medical image analysis. These include the detection 

and classification of breast lesions from mammograms [5], segmenting anatomical structures from 

Magnetic Resonance Imaging (MRI) [6] and metal artifact reduction in Computed Tomography 

(CT) images [7].  

1.1 INTRODUCTION TO NEURAL NETWORKS 

Neural networks are a type of machine learning algorithm that have gained popularity in recent 

years [8]. Although the idea of neural networks has been in place for decades, they have only 

recently gained popularity due to the availability of large data sets and improved computing 

capabilities. 

1.1.1 History of neural networks 

Neural networks as we know of them today have come a long way from their origins in the area 

of human brain modeling. McCulloch and Pitts (1943) initially developed a model of how neurons 
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function in the brain. This model is considered to be the ancestor of the neural network [9]. Donald 

Hebb (1949) later published a book called ‘The Organization of Behavior’ where he introduced 

what was later known as Hebbian learning. It was one of the first learning rules for neural networks 

[10][11]. Frank Rosenblatt (1958) later introduced the first perceptron, modelled on the 

McCulloch-Pitts neuron. This perceptron had the ability to converge to the correct solution and 

learn weights for the problem at hand. The perceptron quickly gained popularity, but this came to 

an end in 1969 when Marvin Minsky and Seymour Papert argued in their book ‘Perceptron’ that 

the single perceptron model could not be translated into multi-layered neural networks. This ended 

a lot of research into neural networks and the period soon after is often known as the “AI winter” 

[9]–[11]. Much later, Rumelhart, Hinton and Williams (1986) published a paper titled, ‘Learning 

representations by back-propagating errors’ [12]. In this paper they showed that neural networks 

with many layers can be trained by a simple procedure. This led to a lot of excitement in the field 

and eventually gave us neural networks [9], [11]. There is still some controversy however as to 

who should be credited for some of these earlier developments [13]. It took another 10-15 years 

before data sets became large enough and computing power improved for neural networks to 

become as prevalent as they are today [10].  

1.1.2 What are neural networks? 

A neural network consists of neurons that have learnable weights and biases. Each neuron in the 

network performs a dot product operation between the input to the neuron and its weights plus a 

bias. The result of this operation is then fed to a non-linear/activation function. These activation 

functions are what allow the neural networks to learn non-linear decision boundaries [14][15]. 

Some commonly used activation functions like the sigmoid function, the tanh function and the 

Rectified Linear Unit (ReLu) function are illustrated in Figure 1.1. 
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(a) Sigmoid function (b) Tanh function 

 

 

(c) ReLu function  

Figure 1.1. Commonly used activation functions. (a) Sigmoid function (b) Tanh function (c) 

ReLu function  

 

Activation functions are important because without them the neural network would only be able 

to learn a linear decision function [15]. Currently, ReLu functions are popular because of their 

ability to handle the vanishing gradient problem [15]. The standard equation of a neuron is, 

 ( )i i i iy f X W b= +   (1.1) 

where Xi are the inputs to the ith neuron, bi is its bias, Wi are its weights, f is a non-linear function 

and yi is the output of the ith neuron. The neural network has a series of layers where each layer 

consists of neurons that are connected to the output of the previous layer as depicted in Figure 1.2., 

where x11, x21 and x31 are the inputs to the neuron, W1 are its weights, b1 is its bias and y1 is the 

output of this neuron which also serves as input to the next layer. For a classification problem, the 

last layer of a neural network gives us a score indicating the likelihood that the input data belongs 
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to a certain class. The architecture of a neural network illustrated in is for a two-class classification 

problem.  

 

Figure 1.2. A two-layer neural network. 

 

1.2 CONVOLUTIONAL NEURAL NETWORKS 

A type of neural network called Convolutional Neural Networks (CNNs) are generally used for 

computer vision tasks. These neural networks take advantage of the fact that the input is an image 

and there exists some relationship between pixels in that image [2][14]. CNNs have different types 

of layers including convolutional layers, pooling layers and fully connected layers among others. 

The key layer of a CNN is the convolutional layer. The convolutional layer has neurons 

arranged in a three-dimensional manner (width, height and depth), that are called convolutional 

kernels/filters. Depth in this context means the number of filters and not the number of layers in 

the neural network. These convolutional filters are convolved with the image volume, these are 

slid across its width and height dimension. The output of this operation gives us an activation map 

that tells us the response of the filter at every spatial position. Every convolutional layer has a fixed 

number of filters, the activation map generated by every filter is stacked together along the depth 

 

x11 

x21 

x31 

𝒇(𝑿𝟏 ∙ 𝑾𝟏 + 𝒃𝟏) 

y1 
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direction. The output of the convolutional layer is typically followed by an activation layer or a 

non-linear function (eg. ReLu, sigmoid or tanh function). Intuitively, the network learns filters that 

are activated by certain features like edges, colors or shapes [14]. 

Pooling layers are commonly inserted between convolutional layers, these reduce the 

spatial size of the input data without affecting its depth. An example of a pooling layer is a 2x2 

max-pool layer, these work by retaining only the maximum value of every 2x2 section of its input 

volume, thus reducing the spatial size of the input volume by 50%. This is done to reduce the 

number of parameters that the network has to learn and acts as a control for overfitting [14]. 

A fully connected layer for a CNN is one where every output of the previous layer is input 

to the fully connected layer. For a classification problem, the last layer of a CNN can be a fully 

connected layer that outputs a score for each one of its classes. It has learnable weights and biases, 

it has the same functionality as the layers found in a neural network previously described in Section 

1.1.2. 

Other layers like the drop out layer, the batch normalization layer and the transposed 

convolutional layer can also be used in a CNN. A typical CNN architecture is depicted in Figure 

1.3, it consists of two convolutional layers, one max-pooling layer and a fully connected layer. 

Like a regular neural network, the final layer in a CNN contains N scores, where N is the desired 

number of different classes.  The scores represent the likelihood that the input belongs to each 

class. A final step imposes a threshold (depending on desires sensitivity/specificity) on these class 

scores to determine the final class.   
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Figure 1.3. A CNN with two convolutional layers, a max-pool layer and two fully connected 

layers 

1.3 TRAINING A CNN 

CNNs vary in terms of complexity and the number of trainable parameters. Choosing the right 

network architecture differs depending on the problem at hand. Besides selecting the right 

architecture, we must also make sure that the CNN learns weights that would give the best 

performance on any new data set. 

1.3.1 Loss functions 

The training objective of any neural network is to minimize the discrepancy between the predicted 

output and the true output. The error/loss function, E(W,b) is generally used to measure this 

discrepancy. Here, W and b are the learnable parameters of the neural network. The selection of 

the loss function is an important algorithm decision and should depend on the problem and data at 

hand. Commonly used loss functions are the mean squared error and the cross-entropy loss [14], 

[16], [17]. Cross-entropy loss for a two-class classification problem is given as, 
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 ( , ) ( log( ) (1 ) log(1 ))E W b y p y p= − + − −   (1.2) 

where y is the true class of the input image and p is the predicted class score from the CNN. The 

mean square error loss described in Eq 1.3 is another loss function. This loss function is commonly 

used in CNNs trained to generate high resolution images from low-resolution images. The mean 

square error loss function is given as,  

 ( )( )
2

0

1
( , ) ; ,

n

i i

i

E W b F Y W b X
n =

= −   (1.3) 

where Yi is the low-resolution image, Xi is the high-resolution image, F(Yi;W,b) is the image 

generated from the neural network and n is the number of samples.  

1.3.2 Optimization algorithms 

It is not possible to find an analytic solution for the weights of a neural network because the loss 

function is a non-convex function i.e. the loss function has multiple local minima in the parameter 

space [16]. Instead we use an optimization algorithm that finds weights which minimize the loss 

function. The optimization algorithm is an iterative process of the form, 

 1k k kW W W+ = +   (1.4) 

where k is the iterative step. Different optimization algorithms can be used to find the update value 

∆Wk, the most basic of these being the gradient descent algorithm. The gradient descent algorithm 

is of the form. 

 ( )1k k kW W E W+ = −    (1.5) 

where α is the learning rate and -∇E(Wk) is the direction of the greatest rate of decrease of the error 

function. Eq. 1.5 shows that the weights are updated in an iterative manner. It eventually reaches 

the local minima as illustrated in Figure 1.4. Note that the learning rate, α is an important 



8 

 

 

hyperparameter that controls the rate of convergence. A learning rate that is too small means that 

we have slow convergence while a learning rate that is too large implies that the algorithm never 

converges. 

 

Figure 1.4. Illustration of the gradient descent algorithm for a loss function in a one-

dimensional parameter space. Note, that the weights are updated in a manner such that it 

eventually reaches a minima. 

The optimization algorithm is another important choice that can affect the performance of the 

network. Currently, the Adam optimization algorithm is commonly used as the default. It uses 

adaptive estimates of lower order momentums to update the weights [18].  

1.3.3 Training and testing data 

There tends to be three different data sets in machine learning: the training data set, the validation 

data set and the testing data set. The training data set is used for training purposes only; the weights 

of the neural network are optimized on this data set. The second data set is the validation data set, 

which is used to evaluate and select hyperparameters such as the optimization algorithm or the 

type of loss function used. The hyperparameters that give us the best performance on the validation 

set are eventually selected for our network. Once the network has been trained using the training 

data set and the hyperparameters have been selected using the validation data set, we evaluate the 

W 

E(W) 
∇E(W) 
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performance of the network on the test data set. The test data set is an independent data set that the 

network has not seen during the training phase [16].  This is important because it provides us with 

an unbiased estimate of the model performance [19]. The performance of the network on each of 

the data sets is important: the performance of the network on the training data tells us if the network 

has enough learnable parameters, the performance of the network on the validation data set tells 

us if the network is overfitting and the performance of the network on the testing set tells us about 

its generalizability i.e. its performance on an independent data set.    

1.4 HISTORICAL CONTEXT OF CNNS FOR MEDICAL IMAGING TASKS 

Neural networks have been applied to medical imaging tasks for decades [20].  Lo et al. used a 

CNN to identify lung nodules using chest radiographs in 1993 [21]. Chan et al. used a CNN to 

identify microcalcifications on breast mammograms in 1995 [22]. Sahiner et al. used a CNN to 

characterize malignancy on breast nodules using breast mammograms in 1996 [23]. All three of 

these CNNs had only two convolutional layers. The architecture of these CNNs were limited due 

to the computationally expensive process of training CNNs in the pre-GPU era [20]. GPUs can 

perform matrix and vector multiplications a lot faster than CPUs. Since this is a basic task in 

training a neural network, GPUs have made training CNN’s more efficient, enabling the use of 

more complex architectures [24]. Training CNNs is now approximately 40 times faster compared 

to using a CPU [20][24]. 

Deep neural networks are currently popular. It is a type of neural network consisting of 

many layers (>5) that can extract high level information from input data [20]. Deep CNNs have 

become powerful tools that automatically learn high and mid-level abstractions from images 

automatically [20]. CNNs have been developed for different medical imaging tasks like 
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segmentation [6], classification [5] and artifact reductions [7].   Training a deep CNN from scratch, 

however, can be challenging. These challenges are described in the following section.  

 

1.5 CHALLENGES WITH TRAINING CNNS FOR MEDICAL IMAGING TASKS 

1.5.1 Limited medical imaging data 

A pre-requisite to training a CNN for any medical image analysis task is the availability of a large 

high-quality imaging data set. The majority of machine learning applications in medical imaging 

have relied on supervised learning approaches that require labeled reference data, where the 

images are labeled by an expert. This is often an expensive process that might require input from 

radiologists or pathology [25]. Due to the limited number of data points in most medical imaging 

tasks and the large number of weights that need to be learned, CNNs can easily overfit i.e. it learns 

weights that yield good performance on the training data set and poor performance on the 

validation/testing data set. One way to check for overfitting is to plot the loss of the training data 

set and the validation data set during the training process as illustrated in Figure 1.5. Note that the 

network has a much lower loss on the training data compared to the validation data. One way to 

reduce the effect of overfitting is to use an early stopping criterion i.e. if the loss on the validation 

data has not reduced after a fixed number of iterations then end the training process. Other methods 

exist to limit the effect of overfitting besides acquiring more data, including adding a drop out 

layer, regularizing the network and augmenting the images during the training process.  
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Figure 1.5. Illustration of a learning curve for an overfit CNN. After a certain number of 

iterations of the optimization algorithm, the performance of the CNN on the training data set 

improves while the performance of the CNN on the validation set decreases. 

 

Adding a drop out layer to a CNN implies that during the training phase, the weights of a 

random fraction of neurons are set to zero [26].  We obtain the neural network in Figure 1.6 after 

adding a drop out layer to the neural network previously depicted in Figure 1.2. As illustrated 

about half the weights are randomly set to zero during every iteration of the optimization process. 

This allows the network to learn weights independently from each other and helps reduce 

overfitting. Note that during the evaluation phase, none of the weights are set to zero. 

     Validation 
     Training    

k 

E (W, b) 
Overfitting 

Early stopping 

criteria 
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Figure 1.6. A regular neural network with half the weights in the hidden layer set to zero 

 

Regularization is another way to prevent overfitting. It adds a penalty term to the loss function 

and forces the network to learn smaller weights. The penalty term is another important 

hyperparameter which can affect the performance of the CNN.  

Another way to reduce the effect of overfitting is through data augmentation. The size of the 

training data set is artificially increased by randomly cropping, flipping and scaling the images 

[27] or through more advanced synthetic data generation such as generative adversarial networks 

[28], [29]. 

1.5.2 Unbalanced data set 

Another potential challenge to training a CNN for medical image analysis is the unbalanced nature 

of the medical data sets. Often machine learning algorithms assume that there exists equal number 

of data points per class. In the medical imaging field however, the number of diseased i.e. 

malignant cases are often much smaller compared to the non-diseased i.e. benign cases. This is 

problematic because the CNN would learn weights for a trivial classifier where it classifies all the 
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images as benign. One way to limit the effect of class imbalance is to associate a cost with 

misclassifying every image during the training phase. The cost of misclassifying a malignant case 

is higher than the cost of misclassifying a benign case. This forces the network to learn more from 

the malignant cases during the training process even if the number of malignant cases is smaller 

compared to the number of benign cases.  

1.6 THESIS STRUCTURE 

The purpose of this thesis is to investigate the application of machine learning techniques, 

primarily CNNs for medical imaging tasks. In our study, we have considered three different 

medical imaging tasks. Two of these tasks are image classification tasks and the third is an image 

quality improvement task. In the first task, we characterize malignancy in thyroid nodules using 

their corresponding Shear Wave Elastography (SWE) and B-mode ultrasound image. In the second 

task, we develop a breast lesion detection algorithm using their Maximum Intensity Projection 

(MIP) Magnetic Resonance Imaging (MRI) images. In the third task, we train and evaluate a 

Generative Adversarial Network (GAN) to generate a high-resolution ultrasound image from their 

corresponding low-resolution image.  

In chapter 2, we compare the performance of different machine learning algorithms to 

characterize thyroid nodules. We utilize B-mode ultrasound images and their corresponding SWE 

images of thyroid nodules for our analysis. We compared a spectrum of machine learning 

approaches: feature extraction plus supervised learning, two fully trained and a finely tuned CNNs.  

In chapter 3, we characterize breast lesions using their Maximum Intensity Projection 

(MIP) Magnetic Resonance Imaging (MRI) images. We train and evaluate different neural 

networks to detect the presence of a lesion using its MIP MRI image.  
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In chapter 4, we trained and evaluate the Super Resolution Generative Adversarial Network 

(SRGAN) to generate high resolution ultrasound images from their corresponding low-resolution 

ultrasound image. We evaluated the performance of the SRGAN and compared it to the standard 

bicubic interpolation.   
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Chapter 2. MACHINE LEARNED ALGORITHMS FOR AUTOMATIC 

ANALYSIS OF THYROID NODULES FROM 

SHEAR WAVE ELASTOGRAPHY IMAGES 

Thyroid nodules are extremely prevalent and occur in about 50% of the population based on 

autopsy data [30]. However, only 3% to 7% of these are malignant [31]. Currently, the most 

definitive way to identify malignancy is through Fine-Needle Aspiration (FNA) or through surgery 

[32]. Since it is not practical to biopsy every single thyroid nodule to confirm malignancy, there is 

a need to noninvasively identify which nodules warrant the need for a biopsy. Ultrasound imaging 

is an important diagnostic tool used to assess malignancy in thyroid nodules [32], [33]. Several 

studies have been able to identify and evaluate sonographic features that relate to the likelihood of 

malignancy in thyroid nodules. Multiple classification systems and guidelines have been 

developed to solve this problem including the ones developed by Society of Radiologists in 

Ultrasound in 2005 and American Thyroid Association in 2015 [34]. In 2017, American College 

of Radiology (ACR) developed an ultrasound based risk stratification system called the ACR 

TIRADS (Thyroid Imaging, Reporting and Data System) [32]. Although commonly used, these 

sonographic features are not perfect predictors of malignancy and risk stratification remains 

challenging.  

Shear Wave Elastography (SWE) has been used to predict malignancy in thyroid nodules 

by measuring tissue stiffness. A focused ultrasound beam is used to generate a vibrating source in 

the tissue [35]. These vibrating sources cause shear waves to propagate through the tissue resulting 

in tissue displacement that is then used to estimate the shear speed of the tissue. The stiffness of 

the tissue (in kPA) is obtained quantitatively from its shear wave speed [36], [37]. Studies have 

shown that tissue stiffness as measured by SWE can be predictive of malignancy since malignant 
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nodules are thought to be slightly stiffer than benign nodules [38], [39]. A recent meta-analysis 

has shown that clinicians are able to identify malignancy in thyroid nodules using elastography 

techniques with a diagnostic accuracy of 81.7% [40].  

In this work, we develop different machine learning approaches for the detection of 

malignancy in thyroid nodules using its B-mode ultrasound image and SWE image with the goal 

of finding a fast, automatic strategy for accurately characterizing nodules. Preliminary results of 

this effort were presented previously [41].  In our work, we compared the performance of an 

automatic feature extraction plus supervised learning algorithm, two fully trained CNNs and a 

finely-tuned ResNet [42].   

2.1 LITERATURE REVIEW 

To facilitate an accurate and quick diagnosis of thyroid nodules, various Computer-Aided 

Diagnosis (CAD) systems have been developed [43]–[47]. Some of these CAD systems 

characterize the nodules by automatically extracting features from B-mode ultrasound images of 

the thyroid nodules [43]–[46]. Recent CAD systems utilize pre-trained CNNs to characterize 

thyroid nodules using its B-mode ultrasound image [47], [48]. Ma et al. used two fused pre-trained 

networks to characterize malignancy in thyroid nodules using its B-mode image [47]. The authors 

trained the network on about 15000 images of manually segmented thyroid nodules. They fused 

the output layers of the two pre-trained networks and made a prediction based on this fused output. 

Note that each network had its own unique architecture. The authors achieved an accuracy of about 

83%. Chi et al. used a pre-trained network to extract features from B-mode images of the thyroid 

nodule. A random forest classifier was then used to predict malignancy using the features extracted 

from the pre-trained network. The network was trained on patches extracted from 592 images of 

thyroid nodules. These were delineated by radiologists. The authors achieved an accuracy of 96% 
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and an AUC of about 99%. Note that the authors did not define malignancy based on pathology 

but used the TIRAD scores instead [48]. Liu et al. used a hybrid approach whereby they combined 

features extracted from a pre-trained network and handcrafted features to predict malignancy in 

thyroid nodules [49]. They performed their analysis on a data set of 1037 delineated images of 

thyroid nodules. This method achieved an accuracy of about 93% and an AUC value of 97%. Most 

of the recent CNN based classification systems characterize malignancy based on the B-mode 

image of thyroid nodules. There has been limited work on the development of CAD systems that 

utilize SWE images for the analysis of thyroid nodules.  

2.2 DATASET DESCRIPTION 

In this study, SWE and corresponding B-mode images of thyroid nodules were obtained for 165 

patients. The patients that participated in the study were scheduled to receive a thyroidectomy or 

FNA based on Society of Radiologist in Ultrasound (SRU) guidelines [35]. These images were 

retrospectively analyzed to evaluate the predictive ability of different machine learning algorithms 

to classify each image as malignant or benign.  The pathology report served as the reference test 

to confirm malignancy.  

For every patient included in the study, SWE and B-mode images were obtained prior to 

FNA or thyroidectomy. The SWE images were obtained on a SuperSonic Imagine’s Aixplorer 

with a linear array transducer having a bandwidth of 4 to 15 MHz. The SWE images of thyroid 

nodules were acquired by seven sonographers trained in elastography for 5 years but still new to 

SWE imaging. The SWE image was acquired by placing the transducer lightly on the patients neck 

after the ultrasound gel was applied. A B-mode image of the thyroid nodule was displayed. The 

sonographer then drew a Region of Interest (ROI) around the thyroid nodule using the B-mode 
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image as reference following which a SWE image was overlaid on top of the B-mode image and 

displayed in a dual monitor setting. An example is provided in Figure 2.1. 

The images in the data set were obtained - along the axial and transverse orientations, at 

different depths from the skin surface, and with different physical imaging fields of view (0.95 cm 

to 2.96 cm) at different pixel sizes. A total of 964 images were obtained, 752 of these belonged to 

benign nodules and 212 of these belonged to malignant nodules. These images were then 

subdivided into a training (82%) and a testing (18%) set. They were subdivided in such a way that 

the prevalence of malignancy was the same in both sets and that the images in the training set 

belonged to a different group of patients compared to the images in the testing set. This was done 

to ensure that the images in the training and testing data sets were independent. 

 

Figure 2.1. SWE image of the thyroid nodule overlaid on its corresponding B-mode 

ultrasound image. The position of the ROI within which the SWE image has been displayed 

was decided by a trained sonographer 
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2.3 IMAGE PREPARATION 

The SWE and B-mode information of the thyroid nodules was stored in the DICOM image. An 

example of the DICOM image is provided in Figure 2.1. The upper half of the DICOM image 

contains the SWE image overlaid on its B-mode image while the bottom half of the DICOM image 

contains the B-mode image only. First, we segmented the blended image and corresponding B-

mode image using the ROI defined by the sonographer. We assumed that alpha blending was used 

to blend the images. The equation for alpha blending is given in Eq. 2.1 

 
mod(1 )Blend B e SWEI I I = − +   (2.1) 

Where BlendI  is the overlaid image, modB eI  is the B-mode image, SWEI  is the SWE image and  is 

the blending factor. We obtained the SWE image from the blended image by assuming   to be 

0.5.   was selected based on empirical analysis of all our images. For training and evaluating the 

pre-trained network, we used this pre-processed SWE image and corresponding B-mode image. 

For the other machine learning based classification algorithms, we followed an additional step.  

        After extracting the SWE image from the blended image, we mapped each of the RGB values 

in the image to its stress value in kPA using the colorbar present on the DICOM images. Note that 

all the DICOM images had the same colorbar and hence all the pre-processed images were mapped 

to the same range of stress values. We used this pre-processed SWE image and corresponding B-

mode image for training and evaluating the simple feature extraction plus machine learning 



20 

 

 

algorithm, the one class-auto encoder and the Siamese neural network.  Example images used for 

our analysis are provided in Figure 2.2.  

2.4 METHODOLOGY 

In our work, we evaluated different machine learning algorithms for characterizing malignancy in 

thyroid nodules. We have compared the performance of an automatic feature extraction algorithm 

followed by different supervised learning algorithm, two fully trained deep learning algorithms 

and finely-tuning the ResNet50 [42].  

2.4.1 Simple feature extraction plus machine learning classification algorithm 

Conventional image classification algorithms work by extracting features from input images and 

subsequently feeding these features into a machine learning algorithm. Machine learning 

algorithms are able to generalize patterns from images automatically [1]. Feature selection is an 

important process that usually requires some domain knowledge. In our study simple features such 

as the mean, the standard deviation, the range of stress values, stress values greater than a threshold 

of 80 kPa and highest stress value were extracted from the SWE images. The circular Hough 

 

Figure 2.2.  Example SWE and B-mode ultrasound image for (a) Benign nodules (top row) 

and (b) Malignant nodules (bottom row) 
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transform was also used to extract features describing the circularity of the thyroid nodules. This 

feature is important because shape is a clinical factor used to evaluate malignancy of a thyroid 

nodule.  These metrics were then fed into machine learning algorithms including Naïve Bayes 

algorithm, support vector machines (SVM’s), logistic regression classifier and the decision tree 

algorithm. These algorithms were implemented on MATLAB [50]. To prevent the machine 

learning algorithms from learning the weights of a trivial classifier which classifies all the images 

as the majority class (benign nodules), we oversampled the minority class (malignant nodules) 

during the training phase. We oversample by repeating the instances of the malignant nodules such 

that its prevalence is about 50% of the training instances.   

2.4.2 Fully trained neural network  

One-class auto encoder 

An auto encoder is a type of unsupervised neural network that learns encodings of the data. It is 

often used as a data compression algorithm. In our case, we used the auto encoder to learn 

encodings from the images of the benign thyroid nodules only. This approach is based on the logic 

that the auto encoder learned the encodings of the benign images only and therefore should be able 

to reconstruct the benign images with a low mean squared error (MSE), computed between the 

reconstructed image and the original image. When we use the same auto encoder to reconstruct 

the malignant images, we expect these images to have a higher MSE. Consequently, the MSE can 

be used to classify the image as benign or malignant. This approach has been previously used to 

identify malignancy in breast images [51].  

The auto encoder consists of an encoder and a decoder portion. Its architecture is depicted 

in Figure 2.3. The architecture was based on the autoencoder implemented using Keras in [52]. In 

total, the network has 4,385 trainable parameters. The number of trainable parameters in our one 
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class auto-encoder is much smaller compared to state of the art convolution neural networks such 

as AlexNet[53] or VGG16 [54]. The lower number of trainable parameters in the one-class neural 

network should help provide reasonable performance with limited training data and help reduce 

overfitting. 

 

Siamese neural network 

Siamese neural networks are a type of supervised learning algorithm that can generalize features 

from certain image classes even when there are limited examples per class [55]. The network is 

trained on pairs of images, these images are fed into the same neural network providing two feature 

vectors. The Euclidean distance between these feature vectors is then computed, each of these 

 

Figure 2.3.  Architecture of the one-class encoder. The encoder portion consists of 3x3 

convolutional and a 2x2 max-pooling layers. The size of the feature space decreases as we go 

through the encoder, this prevents the network from learning an identity function. The decoder 

portion consists of a 3x3 convolutional and a 2x2 up sampling layers 
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feature vectors have 1352 values. If we feed in images belonging to the same class, the network 

learns weights that minimize the Euclidean distance. On the other hand, if we feed in images 

belonging to different classes, the network learns weights that maximize the Euclidean distance. 

This is illustrated in Figure 2.4. The architecture of the neural network used here was the same as 

the encoder portion of the one class autoencoder illustrated in Figure 2.3. The output of the CNN 

was flattened such that it takes the shape of a 1-d vector. The Siamese neural network had 2,488 

trainable parameters. Like the one-class autoencoder, the number of trainable parameters in the 

Siamese neural network is much smaller than state of the art convolutional neural networks. We 

implemented the Siamese neural network using Keras [56].  

To evaluate the performance of the Siamese neural network, we first randomly sampled 10 

images from the validation set, 5 of these are images of benign nodules and 5 of these are images 

of malignant nodules. This 10-image set was fixed and served as the comparator set for all testing.   

 

Figure 2.4. Strategy for training a Siamese neural network. If both images belonged to the 

same class, the distance between the features should be smaller compared to the case when 

both images belonging to different classes. 
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For each test image, we compute the distance of a test image to all 10 images of the comparator 

set. Next, we compared the distance between the test image and a comparator image of the benign 

nodule to the distance between the test image and a comparator image of the malignant nodule. 

This was done in a pairwise manner for all the distances computed between the test image and the 

10 comparator images resulting in 25 comparisons per test image. The predicted class of the test 

image was the class that it gets assigned to the greatest number of times during this pairwise 

comparison.  

2.4.3 Fine-tuning a neural network  

Fine-tuning a neural network is the process of retraining a neural network for the specific task at  

 

hand and is a form of transfer learning.  In general, these networks have been previously trained 

on a much larger and sometimes different data set.  In our approach, we fine-tuned the ResNet 

 

Figure 2.5. Strategy for fine-tuning the ResNet to characterize malignancy in thyroid nodules.  

In the original training the ResNet model with the ImageNet 2012 data, the final fully 

connected layer with 1000 outputs was trained.  In our application, we replace this layer with a 

fully connected 2 output layer and train these weights with the ultrasound images. 

 

 

Fig. 5. Strategy for fine-tuning the ResNet to characterize malignancy in thyroid nodules.  In the original training the ResNet model with the ImageNet 2012 data, the 

final fully connected layer with 1000 outputs was trained.  In our application, we replace this layer with a fully connected 2 output layer and train these weights with 

the ultrasound images. 
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model, which was previously trained on images in the ILSVRC 2015 data set [42]. The ResNet 

used a residual learning framework that made it easier to train deeper networks and obtain higher 

accuracy by increasing its depth. It introduced “skip connections” where by the output of a layer 

was fed again into the network after skipping a few layers. We used the Keras implementation of 

the ResNet50 in our analysis [56]. We replaced the last fully connected layer of the original 

ResNet50 having 1000 outputs with a fully connected layer having 2 outputs. We then added a 

single drop out layer (as the penultimate layer of the network) and regularization to prevent the 

network from overfitting. We trained the network by fixing the weights of the initial layers and 

only updating the weights of the last fully connected layer. The training strategy is illustrated in 

Figure 2.5. Every instance of the benign nodule was weighted by 0.23 (prevalence of malignant 

nodule in the training set) and every instance of the malignant nodule was weighted by 0.77 

(prevalence of benign nodule in the training set).  This way the network was penalized more for 

misclassifying the image of a malignant nodule compared to misclassifying the image of a benign 

nodule.  

For all the CNN approaches described, we trained one network on the SWE images only 

and trained another network on the B-mode images only.  These were implemented in Keras and 

details on hyperparameter selections are presented in Table 2.1. The hyperparameters are the type 

of optimizer used, the learning rate for the optimizer, the drop out ratio for the drop out layer, the 

L2 regularization parameter and the patience for the early stopping criteria. Patience in this case 

means the number of sequential epochs during which validation loss does not decrease after which 

the training process is terminated.  
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Table 2.1 Algorithmic and hyperparameter selections for our CNN based approaches 

Method Optimizer 
Learning 

rate 

Drop out 

ratio 

L2 

regularization 

parameter 

Patience – 

Early 

stopping 

criteria 

Finely tuning the 

ResNet50 
Adam 1e-5 0.5 0.1 50 

One class autoencoder Adadelta 1e-5 N/A N/A 10 

Siamese neural network Adam 1e-5 N/A N/A 20 
 

 

2.5 RESULTS 

In our work, we compared the performance of different machine learning algorithms for the 

characterization of thyroid nodules. The algorithms were all trained and evaluated on the same 

training and testing set respectively. For all the algorithms, we have reported metrics such as the 

accuracy of the network, the specificity at 95% sensitivity and the Area Under the Curve (AUC). 

Accuracy is defined as the number of times the algorithm correctly identifies the image of the 

nodule as benign or malignant divided by the total number of images in our testing set. Although 

accuracy is commonly used to compare the performance of different machine learning algorithms, 

it might not be the best metric for evaluating the performance of our algorithms. Because our data 

set is unbalanced classifying all the images in our testing set as benign would give us an accuracy 

of 0.79. The second metric we considered was specificity at 95% sensitivity because this 

application warrants operating the classification at a very high sensitivity (95%) to ensure that 

malignant nodules are not missed, and that people are getting the biopsies that they need. We also 

report the area under the curve (AUC) computed from the Receiver Operating Curve (ROC). An 
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AUC of 1 is a classifier that correctly classifies all the instances in our testing set while an AUC 

of 0.5 describes the performance of a classifier that randomly classifies every instance in our 

testing set. The classification performance and the ROC curve of a conventional feature extraction 

plus supervised learning algorithm are described in Table 2.2 and Figure 2.6. The supervised 

learning algorithms in Table 2.2 have been arranged from highest AUC (Naïve Bayes) to lowest 

AUC (Decision tree). 

Table 2.2 Conventional feature extraction plus supervised learning classification performance 

 

Method Accuracy 
Specificity at 95% 

sensitivity 
AUC 

Naïve Bayes 0.80 0.25 0.79 

Logistic regression 0.69 0.10 0.64 

Support Vector 

Machine 
0.71 0.07 0.62 

Decision Tree 0.64 0.05 0.48 

 

Figure 2.6. ROC curve for different feature extraction plus supervised learning algorithms 

 

The classification performance and the ROC curve for our one-class autoencoder is described in 

Table 2.3 and Figure 2.7. We obtained the ROC curve by using different thresholds on the MSE’s. 
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The histogram of the MSE’s between the original images and the reconstructed images in the test 

set for each class is presented in Figure 2.8. 

Table 2.3 One class auto-encoder classification performance 

Method Accuracy 
Specificity at 95% 

sensitivity 
AUC 

SWE 0.87 0.40 0.86 

B-mode 0.79 0.19 0.45 
 

 

Figure 2.7. ROC curve for a one-class auto encoder 
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(a) 

 

(b) 

Figure 2.8. Histogram of reconstruction errors for a one class autoencoder trained on (a) SWE 

images only (b) B-mode images only 

 

The classification performance and the ROC curve for a Siamese neural network is described in 

Table 2.4 and Figure 2.9. 
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Table 2.4 Siamese neural network classification performance 

Method Accuracy 
Specificity at 95% 

sensitivity 
AUC 

SWE 0.81 0.41 0.92 

B-mode 0.29 0.01 0.35 
 

 

Figure 2.9. ROC curve for a Siamese neural network 

 

The classification performance and the ROC curve for the pre-trained network is presented in 

Table 2.5 and Figure 2.10. We combined the results of the networks trained on SWE and B-mode 

images respectively by taking the weighted average of their class scores. We estimated the weights 

by using a linear regression technique where one input is the score from the network trained on 

SWE images and the second input is the score from the network trained on B-mode images. The 

output of the linear regression technique is a score of 0 or 1 where 1 means malignant and 0 means 

benign.  
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Table 2.5 ResNet classification performance 

Method Accuracy 
Specificity at 95% 

sensitivity 
AUC 

SWE & B-mode 0.83 0.55 0.88 

SWE 0.85 0.51 0.87 

B-mode 0.80 0.10 0.65 
 

 

 

Figure 2.10. ROC curve for a pre-trained network 

The AUC of the different classification algorithms are summarized in Table 2.6 along with the 

number of trainable parameters.  The methods have been arranged for smallest to largest number 

of trainable parameters. The performance of the algorithms is described by its AUC value.  

Table 2.6 AUC as a function of trainable parameters for different classification algorithms 

Method 
Number of trainable 

parameters 
AUC 

Naïve Bayes algorithm 34 0.79 

Siamese neural network 2488 0.92 

Fine-tuning the ResNet 4096 0.87 

One-class autoencoder 4385 0.86 
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2.6 DISCUSSION 

We successfully applied a variety of machine learned classification methods to SWE and B-mode 

ultrasound images of thyroid nodules. For our conventional feature extraction and supervised 

learning algorithm, the Naïve Bayes classifier gave us the best performance with an AUC of 0.80 

as seen in Table 2.2. An advantage of using a conventional machine learning algorithm compared 

to neural networks is that these could be less prone to overfitting because of the smaller number 

of trainable parameters. This is more pronounced when the size of the data set is limited as is 

sometimes the case for medical imaging data sets. 

We also trained and evaluated CNNs as a classification method. CNNs differ depending 

on the architecture and the loss function used [2][14]. The unavailability of a large labelled data 

set can sometimes make training a CNN for a classification task difficult. For medical imaging 

tasks, labelling is often an expensive process that might require input from radiologist or 

pathologist [25]. In our study, we have trained a one-class autoencoder and Siamese neural 

network. We selected these because of their ability to learn important features from a relatively 

small data set [51][55]. We also evaluated a fine-tuning approach for our analysis. Previous 

research has shown that it is possible to finely tune a network that has been previously trained on 

natural images for a medical imaging task [57]. From Table 2.3, Table 2.4 and Table 2.5 : We 

obtained comparable performance from our fully trained and fine-tuned CNNs despite the class 

imbalance and the limited size of our data set. The Siamese neural network fully trained on SWE 

images had the highest AUC of 0.92. The fine-tuned CNN trained on SWE and B-mode images 

had the highest specificity of 55% at 95% sensitivity. The one-class auto encoder trained on SWE 

images had the highest accuracy of 0.87. As seen in Table 2.6, CNN based classification algorithms 

evaluated in our analysis had a smaller number of trainable parameters compared to training a state 
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of the art CNNs like the ResNet50 [42]. Having a smaller number of trainable parameters makes 

these algorithms less prone to overfitting, which is a useful characteristic when the data set is 

limited. Also note that weighting the images during the training phase helped offset its class 

imbalance.  

Note that we obtained better performance on CNN based approaches that utilized only 

SWE images over CNN based approaches that utilized only B-mode images. The highest AUC 

achieved using only B-mode images for a CNN based approach was 0.65. This is much lower than  

the other approaches that automatically characterized nodules using their B-mode ultrasound 

images [47]–[49]. One major difference between our approach and published literature is that for 

published literature, the CNN was trained on segmented B-mode images of the thyroid nodules 

only.  In other words, the previous methods used images that contained only the nodule with 

limited background tissue.  Also, the B-mode images we used were possibly of lower image quality 

than used by other studies [35]. The B-mode image generated for SWE imaging is generally used 

to locate the presence of the nodule only and not to assess malignancy of the thyroid nodule. 

Radiologist assess the thyroid nodule using its B-mode image along its longitudinal and transverse 

orientations. One drawback of our study is that we treat each of these images independently and 

we do not combine the information obtained from each of these orientations.  

Previous literature suggests that human diagnostic accuracy for the task of thyroid nodule 

classification using SWE images is on the order of 81.7% [40]. The proposed schemes provide 

accuracies on par with this ranging from 80 to 87%. Future work would be needed to determine 

human performance on this same data set.  Likewise, additional data is needed to understand the 

precision of the reported accuracy, specificity and AUC metrics.   
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2.7 CONCLUSION 

In our work we compared the performance of different machine learning approaches for automatic 

characterization of thyroid nodules using SWE and B-mode images. Among existing CAD 

systems, a limited number of those utilize SWE images and deep learning in their analysis. All 

three of our CNN based approaches achieved comparable performance. The performance of our 

CNN based approaches was similar to the reported diagnostic accuracy of radiologists [40]. Future 

work will include clinical information such as the TIRAD score in our analysis. We also need to 

understand the precision of our reported metrics.  

Initial results from this project were reported in [A] and final results will be presented in [B] 

A. Pereira, Dighe, Alessio, “Comparison of machine learned approaches for thyroid nodule 

characterization from shear wave elastography images,” Proc. SPIE 10575, Medical 

Imaging 2018: Computer-Aided Diagnosis, 105751X (27 February 2018); doi: 

10.1117/12.2294572 

B. Pereira, Dighe, Alessio, “Machine learned approaches for thyroid nodule characterization 

from shear wave elastography images,” in preparation for IEEE Trans Medical Imaging, 

2018. 
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Chapter 3. AUTOMATED ANALYSIS OF BREAST LESIONS USING 

MIP DCE-MRI IMAGES 

Magnetic Resonance Imaging (MRI) is an imaging modality that can be used to detect and 

characterize breast cancer [58]. Among the different MRI techniques, the most popular is dynamic 

contrast enhanced MRI (DCE-MRI) [59]. This technique is commonly used for screening high-

risk patients, monitoring breast cancer during chemotherapy and screening patients with 

postoperative tissue reconstruction [60]. Currently, contrast enhanced MRI is the most sensitive 

technique for screening high-risk women [61].  DCE-MRI is reported to have a higher sensitivity 

of 88% - 100% and a moderate specificity of 68% - 96% [59]. These DCE-MRI images are 

assessed by radiologists using the American College of Radiology (ACR) MRI Breast Imaging 

Reporting and Data-System (BI-RADS) [60]. BI-RADS assess malignancy by evaluating 

morphological features such as shape, margin, lesion type, internal enhancement pattern, and the 

qualitative assessment of enhancement kinetics of initial uptake [61]. Although this system has 

helped standardize the diagnosis of breast lesions, studies have shown that there is still variability 

among radiologists [62]. To facilitate an accurate and quick diagnosis of breast nodules, we 

evaluate different CNN architectures for identifying breast lesions using Maximum Intensity 

Projection (MIP) DCE-MRI images.  

3.1 LITERATURE REVIEW 

Deep learning techniques have been used to characterize breast lesions by utilizing their 

corresponding DCE-MRI images. Antropova et al. [63] characterized breast lesions by using a pre-

trained network in their analysis. The authors fed segmented breast lesions from a post-contrast 

DCE-MRI slice of the breast to the pre-trained AlexNet[53]. A support vector machine (SVM) 
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was then trained to classify the lesions as benign or malignant based on the features extracted from 

the penultimate layer of the AlexNet. The authors achieved an AUC of 0.85 with a database of 551 

images. Marrone et al [64], compared different approaches to classify breast lesions using their 

DCE-MRI images. The authors had a data set of 67 images. The authors segmented the breast 

lesion from a subtractive DCE-MRI image series, they then used each of these slices in their 

analysis. They compared three different approaches: fine-tuning the AlexNet, training an SVM on 

features extracted from the AlexNet, and fully training a network. The feature extraction and fine-

tuning method achieved similar performance with an AUC of 0.76 and 0.73. Fully training a 

network gave the worst performance with an AUC of 0.69. Antropova et al. [65] combined features 

extracted from a pre-trained CNN and handcrafted radiomics features to analyze malignancy in 

breast lesions. The authors utilized images of segmented breast lesions from slices of the DCE-

MRI volumes at different time points. They achieved an AUC of 0.89 with the DCE-MRI images 

with a data set of 690 cases. Antropova et al. [66] published another paper on the same data set 

where they analyzed the performance of  MIP images obtained from their subtraction DCE-MRI 

series and compared it to using just the central slices of the DCE-MRI series at different timepoints. 

They achieved the highest performance of 0.88 by using MIP images obtained from their 

subtraction DCE-MRI series.  

3.2 DATASET DESCRIPTION 

3.2.1 Image acquisition 

In an IRB approved retrospective study, DCE-MRI images were extracted from the medical PACs 

system. All exams were performed on either a Philips 3T scanner or a GE 1.5T scanner. DCE-MRI 

were obtained by injecting contrast into the patients’ bloodstream and subsequently capturing a 
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series of MRI images. Contrast subtracted images were formed from DCE-MRI volumetric data 

before and after the arrival of contrast using commercial software.  This technique can be useful 

in characterizing malignancy because malignant tumors often have a higher density of blood 

vessels and higher perfusion marked by higher contrast than surrounding tissue [67]. Although 

DCE-MRI has improved breast cancer detection and diagnosis, it can be time-consuming to 

analyze because of the large amounts of data generated [68]. One way to analyze the data 

effectively was to take the Maximum Intensity Projection (MIP) of the subtracted DCE-MRI 

volumetric data, thus emphasizing the contrast filled breast lesion [69]. MIP images are obtained 

by projecting the voxel with the highest contrast value throughout the volume along the superior-

inferior axis onto a 2D image [69]. Having the DCE-MRI volumetric data represented by its 2D 

MIP image can be useful when we want to use a pre-trained CNN like the AlexNet[53] or the 

ResNet[42] which take in 2D images as input. 

3.2.2 MIP DCE-MRI dataset  

The MIP DCE-MRI data set had approximately 19131 unique data points with pathology 

confirmed diagnosis. Some patients had multiple studies and each data point in the data set was 

unique to every breast i.e. a patient with two breasts would have two associated data points, one 

for each of the breasts. About 19% of the images were malignant while the other images were 

benign. Each of the data points had a BIRADS score assigned to it. The prevalence and 

interpretation of the BIRADS score is illustrated in Table 3.1. About 10% of the images did not 

have a BIRADS score recorded in the database.  
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Table 3.1. Prevalence and interpretation of BIRADS scores in the MIP DCE-MRI dataset 

BIRADS Score 
Prevalence (%) in the MIP 

DCE-MRI dataset 
Interpretation 

‘NA’ 10.33 No BIRADS score provided 

0 0.13 
Need additional imaging or 

prior examinations 

1 33.65 Negative 

2 33.19 Benign 

3 2.23 Probably Benign 

4 4.28 Suspicious 

5 0.35 
Highly suggestive of 

malignancy 

6 15.85 Known biopsy-proven 

(Interpretation based on : http://www.radiologyassistant.nl/en/p53b4082c92130/bi-rads-for-

mammography-and-ultrasound-2013.html) 

 

With this data set, we could develop an algorithm to perform a variety of tasks using the 

MIP DCE-MRI image of the breast. These tasks include predicting malignancy, identifying the 

presence/absence of a breast lesion and predicting the BIRADS score. In our project, we sought to 

identify the presence or absence of a breast lesion using its MIP DCE-MRI images.  For this task, 

we divided the images into lesion absent (those with a BIRADs score 1) and lesion present 

(BIRADs score 3, 4, 5 and 6). Images without BIRADs scores were not included in the analysis. 

The prevalence of images with a lesion present was 42% while the rest do not have a lesion present.  

We performed several preprocessing steps before classifying the images. First, we 

segmented the MIP DCE-MRI images into left and right breast images. This step included 

conventional image processing techniques including finding the mid-point between the breasts of 

each image.  Then, each single breast image was cropped to remove empty background and outlier 

values indicative of imaging artifacts. The segmentation steps have been depicted in Figure 3.1. 

http://www.radiologyassistant.nl/en/p53b4082c92130/bi-rads-for-mammography-and-ultrasound-2013.html
http://www.radiologyassistant.nl/en/p53b4082c92130/bi-rads-for-mammography-and-ultrasound-2013.html
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The images were then normalized by dividing each of the images with the corresponding 

maximum intensity of the image. We excluded 182 images in our data set because these images 

had an artifact, or the patient had a mastectomy. We had a total of 10551 single breast images from 

4526 patients for our analysis. These were split into a training (80%) and testing set (20%). 

 

Figure 3.1. Pre-processing steps applied to the original MIP DCE-MRI image 

 

Step 1: Threshold the top 0.2% of 

voxel values. Then, apply Otsu’s 

method to automatically threshold 

the image to its background and 

foreground values. Finally, obtain 

the sum of the segmented image 

values along both axes. Use these 

projections to crop the image. 

Original MIP DCE-MRI image 

Step 2: Find two peaks in the 

coronal projection. Assume each 

of these peaks correspond to 

points on the left and right breast 

respectively. Segment the MIP 

DCE-MRI image into its left and 

right half by finding the midpoint 

between the two peaks. 

Step 3: Apply a thresholding 

operation to segment the 

images. Obtain the sum of the 

segmented image values along 

both axes. Use these 

projections to crop the image. 

Step 4: Apply a thresholding 

operation to segment the images, 

the thresholding operation here is 

more aggressive than in Step 3. 

Obtain the sum of the segmented 

image values along both axes. 

Apply a high pass filter to each of 

these projections. Use the output 

of the high pass filter to find the 

boundaries of the image. 

Segmented MIP DCE-MRI image 
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3.3 METHODOLOGY 

In our work, we evaluated different deep learning approaches to identify the presence of a lesion 

using its MIP DCE-MRI image. We pre-trained a ResNet50 [42], fully trained a one-class 

autoencoder and a Siamese neural network. The theory behind pre-training, the one-class auto 

encoder and the Siamese neural network has been previously described in Section 2.4. 

3.3.1 Pre-training the ResNet50 

In our approach, we fine-tuned the ResNet50 [42]. We used the Keras implementation of the 

ResNet in our analysis [56]. We took the output of the 49th layer of the pre-trained network and 

fed this into a fully connected layer having 32 output neurons followed by a fully connected layer 

having 2 output neurons. During the training phase, we froze the weights of the first 49 layers of 

the ResNet and updated the weights of only the last two fully connected layers. We applied an L2 

regularization with a factor of 0.05. We used an Adam optimization algorithm with a learning rate 

of 1e-4.  We implemented an early stopping criterion that stops the training process if the validation 

loss does not improve after a fixed number of consecutive epochs (20 in this case). We then trained 

the network again by freezing the first 37 layers and updating the weights of the last 14 layers. We 

used an Adam optimization algorithm with an initial learning rate of 1e-9. We chose a much smaller 

learning rate the second time because we were training a larger set of parameters and we did not 

want the weights to change too much. We reduced the learning rate by a factor of 0.5 if the 

validation loss didn’t improve after 5 consecutive epochs. We implemented an early stopping 

criterion again and stopped the training process if the validation loss did not improve after 10 

consecutive epochs. We weighted each of the MIP DCE-MRI images with lesion present by 0.81 
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(prevalence of lesion absent * 1.4) and with no lesion present by 0.19 (prevalence of lesion present 

*0.6).  

3.3.2 One-Class Auto encoder 

For our analysis we trained a one-class auto encoder to learn the encodings of the images with no 

lesion present. The architecture of the one-class auto encoder have been previously described in 

Section 2.4.1 and Figure 2.3 respectively. The architecture was based on the autoencoder 

implemented using Keras [52]. We trained the network on images of MIP DCE-MRI breast images 

with no lesion present. The training data had 4320 images and the validation data set had 771 

images. We used an early stopping criterion which stopped the training process if the validation 

loss did not improve after 20 epochs. We used an Adadelta optimization algorithm with a learning 

rate of 1e-4. 

3.3.3 Siamese Neural Network 

We also trained a Siamese neural network. The theory and architecture of the Siamese neural 

network have been previously described in Section 2.4.1 and Figure 2.4 respectively. The 

architecture of the CNN used is the same as the architecture of the encoder portion of the auto 

encoder. The Siamese neural network was trained on 29736 pairs of images. Half of these pairs 

had images belonging to the same class and the other half of these pairs had images belonging to 

different class. The validation set had 5244 pairs of images. Like we did for the pre-trained network 

and the one-class auto encoder, we used an early stopping criterion which stopped the training 

process if the validation loss did not improve after 20 epochs. We used an Adam optimizer with a 

learning rate of 1e-5. 
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3.4 RESULTS 

In our work, we compared the performance of different classification algorithms for detecting the 

presence of a breast lesion given its corresponding MIP DCE-MRI image. We reported metrics 

such as accuracy, AUC and the specificity at 95% sensitivity. The background for all three metrics 

has been described in Section 2.5. The classification performance of the three neural networks 

used in our analysis are reported in Table 3.2.We arranged the algorithms from highest AUC value 

(Fine-tuning) to lowest AUC value (Siamese neural network).  

Table 3.2 Classification performance of deep learning-based classification algorithms 

Method Accuracy 
Specificity at 95% 

sensitivity 
AUC 

Fine-tuning 0.69 0.19 0.73 

One-class 

Autoencoder 
0.57 0.10 0.54 

Siamese neural 

network 
0.56 0.05 0.5 

 

 

Figure 3.2. ROC curve for different deep learning-based classification algorithms 
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The histogram of classification scores generated from the pre-trained network for all the test 

images have been depicted in Figure 3.3. When an image gets a score greater than 0.5, it is 

classified as having a lesion present while an image with a score of less than 0.5 is classified as 

having no lesion present/lesion absent. The closer the score is to 1, the more confident the 

algorithm is that a lesion is present while the closer the score is to 0, the more confident the 

algorithm is that no lesion is present.  

 

Figure 3.3. Histogram of classification scores from the pre-trained network 
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Figure 3.4. Histogram of reconstruction errors from the one class auto encoder 
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 Pre-trained network score: 0.51 Pre-trained network score: 0.71 

False Positive 

   
Pre-trained network score: 0.3 Pre-trained network score: 0.49 

False Negative 

  
Pre-trained network score: 0.51 Pre-trained network score: 0.79 

True Positive 

  
Pre-trained network score: 0.2 Pre-trained network score: 0.47 

True Negative 

  
Figure 3.5. Example MIP DCE-MRI test images with their corresponding classification score  
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The histogram of reconstruction errors/MSE between the original image and the image generated 

from the auto encoder is depicted in Figure 3.4. Figure 3.5 are example of test images that have 

been misclassified and correctly classified by the pre-trained network along with their 

corresponding classification score. Images that are false positive are classified as having a lesion 

present when there is no lesion present. Images that are false negative are classified as having no 

lesion present when there is a lesion present. Images that are true positive are correctly classified 

as having a lesion present and images that are true negative are correctly classified as having a 

lesion absent.  

Table 3.3 Number of learnable parameters 

Method AUC 
Number of learnable 

parameters 

Fine-tuning 0.73 3,486,306 

One-class 

autoencoder 
0.54 4385 

Siamese neural 

network 
0.5 2488 

 

 

3.5 DISCUSSION  

We applied different deep learning-based classification algorithms to analyze MIP DCE-MRI 

images of the breast. The goal of our analysis was to develop a classification algorithm that would 

identify if a MIP DCE-MRI breast image had a lesion present. We obtained the best performance 

using the pre-trained ResNet with an AUC value of 0.73 followed by the auto encoder with an 

AUC value of 0.54 and a Siamese neural network with an AUC value of 0.5. The Siamese neural 

network (AUC = 0.5) had the worst performance. It performed as well as a trivial classifier which 

classified all the test images as the majority class i.e. the lesion absent class. This might be due to 

the smaller number of trainable parameters compared to the one-class auto encoder and the pre-
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trained network. The one class auto encoder (AUC = 0.54) did only slightly better than the Siamese 

neural network, this might also be due to the smaller number of trainable parameters compared to 

the pre-trained network. Among the different classification algorithms considered, the pre-trained 

network gave us the best performance, this might be because the weights and architecture have 

been previously verified albeit for a different data set. The pre-trained network also had the highest 

number of trainable parameters compared to the one class autoencoder and the Siamese neural 

network. The results from the pre-trained network showed that among the misclassified images, 

there were a greater number of false negatives than there were false positive. This was despite the 

cost of misclassifying an image with lesion present (cost = 0.81) being substantially higher 

compared to the cost of misclassifying an image with no lesion present (cost = 0.19).   

Similar work has been performed previously. Antropova et al. achieved an AUC of 0.88 for 

detecting malignancy in the breast using MIP DCE-MRI images. Their classification task of 

malignancy versus benign was different from ours (lesion present versus absent).  In addition,  their 

study had substantially smaller data set of only 690 images [66]. For comparison, in our analysis 

we had 10551 MIP DCE-MRI images of the breast. One important difference is that Antropova et. 

al aimed to classify known lesions as benign or malignant, rather than to identify the presence of 

lesions as in our study and trained the network on segmented images that only contained the breast 

lesion instead of training on the entire MIP DCE-MRI image of the breast, which may reduce the 

complexity of the task. Note that they achieved an AUC of 0.88 using a pre-trained network. 

Recent studies that have used deep learning algorithms and DCE-MRI images for detecting 

malignancy in the breast have all utilized segmented images that only contained the lesion [63]–

[66]. The network that had the most number of trainable parameters also gave us the best 

performance indicating that in the future we could explore more complex algorithms.  
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3.6 CONCLUSION 

In our work, we compared the performance of different deep learning-based classification 

algorithms for identifying the presence of a breast lesion given its corresponding MIP DCE-MRI 

image. We obtained the best performance (AUC = 0.73) by pre-training the ResNet [42].  

This was slightly lower than the reported AUC of 0.76 to 0.88 by other groups [63]–[66], 

although it should be noted that tasks for detection of a lesion versus detection of malignancy 

varied amongst these studies. Our work appears to be among the first to utilize whole breast 

images as opposed to images requiring an expert to pre-segment individual lesions.  Future 

efforts with this data set for classification would seek to identify malignant versus benign disease 

and potentially classify each breast according to its highest risk BIRADS score.   
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Chapter 4. DEEP LEARNING BASED UPSAMPLING SCHEMES 

FOR ULTRASOUND IMAGES 

Ultrasound is a commonly used medical imaging modality. It is a portable, low-cost, and non-

ionizing device that has been used for diagnostic purposes in fields such as obstetrics and 

cardiology [70]. Diagnostic accuracy of any medical imaging modality is related to its image 

quality which in turn is related to the spatial resolution of the image [71].  The spatial resolution 

of an ultrasound image is normally dictated by the features of the transducer and the ultrasound 

beam that it creates [72]. Besides optimizing the features of the transducer, we can also improve 

the resolution of the images through post-processing. A common way to improve the resolution of 

an image is through interpolation-based techniques such as bi-cubic interpolation [73] and Lanczos 

resampling [74]. Recently, deep learning based upsampling schemes have been used to upsample 

high resolution (HR) images from their corresponding low resolution (LR) image [75]. 

Upsampling is a well-researched area in computer vision [75] which is why we want to evaluate 

the practicality of using such algorithms for upsampling medical images where there is a risk of 

misdiagnosis. In this chapter, we train and evaluate a deep learning-based algorithm for 

upsampling ultrasound images. We also report the artifacts generated.  

4.1 LITERATURE REVIEW 

Most deep learning based upsampling schemes utilize CNNs as their basic framework which can 

learn representations from images directly. This is useful for upsampling because mapping a HR 

image from its LR image is an ill-posed problem and a LR image can be mapped to different 

possible HR images [75]. In this section, we discuss different deep learning based upsampling 

schemes. Super Resolution Convolutional Neural Network (SRCNN) was one of the first deep 
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learning based upsampling schemes introduced [76]. It is a three-layer CNN that learns the 

mapping from a LR image to a HR image. The input to the image is a bicubically interpolated LR 

image. The loss function for optimizing the SRCNN is the mean squared error (MSE) [76]. More 

recent deep learning based upsampling schemes take in a LR image directly without interpolation 

– they utilize more complex architectures and different loss functions that better reflect the 

qualities of a HR image. Networks such as FSRCNN [77] have deconvolutional layers that increase 

the resolution of the image gradually as it passes through the network. This approach allows the 

CNN to learn a better approximation of the HR image compared to the SRCNN. In various other 

applications, it has been shown that deeper architectures tend to have better performance [75]. The 

VDSR network is a 20 layer network that learns the residual image between the bicubic LR image 

and the HR image [78]. The authors utilize a higher initial learning rate and gradient clipping to 

train the deeper network. SRResNet is another deep network that uses residual layers to learn the 

mapping between a HR and a LR image [79]. The network utilizes 16 residual units. Most of these 

networks minimize the MSE as its objective function. The resulting images have higher SNR 

compared to their corresponding bi-cubic interpolated images, however, these images can lack the 

high frequency details associated with HR images.  

 

The SRGAN utilizes a Generative Adversarial Network (GAN) architecture for upsampling [79].  

In general, a GAN is composed of a generator part and a discriminator part.  The SRGAN relies 

on an adversarial loss and a content loss instead of just an MSE loss. The generator part generates 

upsampled images from its LR image while the discriminator differentiates between the upsampled 

image and its corresponding HR image. The learning process is complete once the discriminator 

is unable to differentiate between the upsampled image and the HR image. This training scheme 
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allows the generator to generate images that have high frequency information making it 

perceptually more appealing compared to some of the other deep learning based upsampling 

schemes.  

4.2 DATASET DESCRIPTION  

We trained the SRGAN on B-mode ultrasound images of the breast. These ultrasound images were 

obtained from DICOM cine loops provided by Philips Healthcare. We decimated the cine loop 

temporally in such a way that selected images were not highly correlated with each other. We also 

cropped the images such that it only contained B-mode information and the aspect ratio was kept 

constant. We trained the SRGAN on dataset containing 1921 training images and 481 validation 

images. The training and validation data set were obtained from two sites. We evaluated the 

performance of the SRGAN on a dataset containing 333 images, these were obtained from a third 

independent site.  

 

   

Figure 4.1. Example ultrasound B-mode images used for training the SRGAN 

The HR images were 512x512 and the LR images were 128x128, these were obtained by 

decimating their corresponding HR image by a factor of 4. Example HR images used for training 

the SRGAN are depicted in Figure 4.1.  
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4.3 METHODOLOGY 

In our work, we train the SRGAN to upsample ultrasound images. The network was originally 

designed for use on natural images. The performance of the network is illustrated in Figure 4.2. 

Example of upsampled image generated using the SRGAN. that the upsampled image resemble 

the original HR image.  

We trained the SRGAN using the publicly available code on github [80]. The SRGAN was 

trained by randomly cropping image patches of size 256x256 from the HR image. These patches 

were then down sampled by a factor of 4 to obtain LR patches of size 64x64. This patch-based 

approach has been used to train various deep learning based upsampling schemes [75]. It allows 

us to artificially expand our data set and speed up the training process. We first trained the 

generator portion of our SRGAN only. Once the training and validation loss has decreased for 

the generator, we trained both the generator and discriminator simultaneously. We used the 

ADAM optimizer with an initial learning rate of 1e-4.  

We computed the Mean Square Error (MSE), Peak Signal to Noise Ratio (PSNR) and 

Natural Image Quality Evaluator (NIQE) for the images upsampled using bicubic interpolation 

and the SRGAN. MSE measures the mean of the squares of the error between the upsampled 

 

Figure 4.2. Example of upsampled image generated using the SRGAN.[79] 

Source: https://arxiv.org/pdf/1609.04802.pdf 

https://arxiv.org/pdf/1609.04802.pdf
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image and the HR image. PSNR measures the ratio of the maximum power of the signal to the 

power of the noise in the signal. Both the MSE and the PSNR are commonly used to evaluate 

upsampling algorithms. However, neither the MSE nor the PSNR measures the ability of the 

upsampling algorithm to capture perceptually relevant characteristics [79] i.e. lower MSE and 

higher PSNR is not necessarily related to better image quality. We also compare the NIQE scores 

for each of the upsampling schemes. We first trained the NIQE model on the HR test images. In 

order to evaluate an upsampled test image, the NIQE measures the distance between features of 

the upsampled image to the features obtained from the HR test images. These features are 

modeled as Gaussian distribution. The NIQE has shown to be related to human preference for 

high resolution images with lower NIQE being related to better image quality [81]. It is still, 

however, not a perfect predictor of image quality.  

Initial results were promising but a few of the images had a checkerboard artifact present. 

These artifacts had been previously seen in images generated by other neural networks [82]. 

Odena et al. have demonstrated that replacing the deconvolution layer with a “resize-

convolution” layer can remove the artifacts in the generated images [82]. The resize-convolution 

layer is an interpolation operation followed by a convolution layer. The authors found that a 

nearest neighbor interpolation worked best, but this could differ depending on the task. In our 

work, we have replaced the two deconvolution layers in the SRGAN with a nearest neighbor 

interpolation and a convolution layer having 64 filters with kernel size 3x3. Each of the nearest 

neighbor interpolation operation upsamples the image by a factor of 2. An additional artifact that 

was seen in the original SRGAN was a shift in pixel intensities. The upsampled image appeared 

to have lower image pixel values compared to the original HR image. We addressed this artifact 
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by applying a histogram equalization algorithm between the upsampled image and the bicubic 

interpolated versions of the LR image.  

4.4 RESULTS 

We evaluated the performance of different versions of the SRGAN on the testing set. LR images 

of size 128x128 were given as input to the network. The SRGAN upsamples the LR image by a 

factor of 4 and outputs an image of size 512x512. We compare the image upsampled using both 

the modified SRGAN and the original SRGAN with the image upsampled using bi-cubic 

interpolation. The original SRGAN has the same architecture as the network described in [79] 

while for the modified SRGAN we replace the deconvolution layers of the original SRGAN with 

‘resize-convolutional’ layers. We also evaluate the performance of the histogram equalization 

algorithm on the test images. Our test data set had about 333 images. The MSE, PSNR and NIQE 

of the different upsampling schemes are reported in Table 4.1.  

Table 4.1. Results of upsampling schemes 

 
MSE (mean, 

standard deviation) 

PSNR (mean, 

standard deviation) 

NIQE (mean, 

standard deviation) 

Bicubic interpolation 87.8, 33.8061 28.9, 1.5 14.7, 1 

SRGAN 149.5, 95.4 27, 2.2 7, 1.2 

Modified SRGAN 119.9, 39.2 27.5, 1.4 6.4, 0.9 

Modified SRGAN 

with histogram 

equalization 

126.3, 37 27.3, 1.3 6.4, 0.9 

 

Figure 4.3, Figure 4.4 and Figure 4.5 illustrates the MSE, the PSNR and the NIQE of each of our 

upsampling schemes for the individual test images. We also plot the ratio of the MSE, the PSNR 

and the NIQE of each of our upsampling schemes to the corresponding metric computed for the 

bicubic interpolated image. For MSE and PSNR, ratios of less than 1 indicate better performance 
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than bicubic interpolation while for NIQE ratios of greater than 1 indicate better performance than 

bicubic interpolation.  

  

Figure 4.3. Left: MSE of test images upsampled using different algorithms. Right: Ratio of the 

MSE of test images upsampled using different algorithms to the MSE of the bicubic 

interpolated image. Upsampling algorithms considered are (a) SRGAN (b) modified SRGAN 

(c) modified SRGAN with histogram equalization and (d) bicubic interpolation. Lower MSE 

implies better performance. 
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Figure 4.4. Left: PSNR of test images upsampled using different algorithms. Right: Ratio of 

the PSNR of test images upsampled using different algorithms to the PSNR of the bicubic 

interpolated image. Upsampling algorithms considered are (a) SRGAN (b) modified SRGAN 

(c) modified SRGAN with histogram equalization and (d) bicubic interpolation. Higher PSNR 

implies better performance. 
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Figure 4.5. Left: NIQE of test images upsampled using different algorithms. Right: Ratio of 

the NIQE of test images upsampled using different algorithms to the NIQE of the bicubic 

interpolated image. Upsampling algorithms considered are (a) SRGAN (b) modified SRGAN 

(c) modified SRGAN with histogram equalization and (d) bicubic interpolation. Lower NIQE 

implies better performance. 
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1.a. 1.b. 

 
 

2.a. 2.b. 

Figure 4.6. Example images upsampled using SRGAN with checkerboard artifacts present. 

1.b. and 2.b. highlight the checkerboard artifacts present in 1.a. and 2.a. respectively.   

 

Figure 4.6 illustrates the checkerboard artifact present when training on the original SRGAN 

architecture. 
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(a) Bicubic interpolation (MSE: 122.4, 

NIQE: 16) 

 

(b) Modified SRGAN (MSE: 197.8, 

NIQE: 7.71) 

  

(c) SRGAN (MSE: 501.5, NIQE: 14.8) 

 

(d) Original HR image  

  

Figure 4.7. Examples of upsampled test images. The images were upsampled using (a) Bicubic 

interpolation (b) SRGAN (c) Modified SRGAN (b) Original HR image. Corresponding MSE 

and PSNR are shown in the bracket. 
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(a) Bicubic interpolation (MSE: 86.5, 

NIQE: 14.6) 

(b) Modified SRGAN (MSE: 159.2, 

NIQE: 8.76) 

  

(c) SRGAN (MSE: 239.8, NIQE: 12.70) (d) Original HR image 

  

Figure 4.8. Examples of upsampled test images. The images were upsampled using (a) Bicubic 

interpolation (b) SRGAN (c) Modified SRGAN (b) Original HR image. Corresponding MSE 

and PSNR are shown in the bracket 
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(a) Bicubic interpolation (MSE: 281.1, 

NIQE: 15.3) 

(b) Modified SRGAN (MSE: 82.5, 

NIQE: 8.5) 

  

(c) Modified SRGAN + Histogram equalization 

(MSE: 328.9, NIQE: 9.1) 

(d) HR image 

  

Figure 4.9. Examples of upsampled test images. The images were upsampled using (a)Bicubic 

interpolation (b) Modified SRGAN (c) Modified SRGAN with histogram equalization (d) 

Original HR image 
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(a) Bicubic interpolation (MSE: 55.4, 

NIQE: 15.3) 

(b) Modified SRGAN (MSE: 184.6, 

NIQE: 5.9) 

  

(c) Modified SRGAN + Histogram equalization 

(MSE: 147.8, NIQE: 6.2) 

(d) HR image 

  

Figure 4.10. Examples of upsampled test images. The images were upsampled using 

(a)Bicubic interpolation (b) Modified SRGAN (c) Modified SRGAN with histogram 

equalization (d) Original HR image 
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Figure 4.7, Figure 4.8, Figure 4.9 and Figure 4.10 have examples of upsampled test images along 

with their corresponding MSE and NIQE. In Figure 4.7 and Figure 4.8, we compare the image 

upsampled using bicubic interpolation, the original SRGAN network and the modified SRGAN to 

its original HR image. In Figure 4.9 and Figure 4.10, we compare the image upsampled using 

bicubic interpolation, the modified SRGAN network and the modified SRGAN with histogram 

equalization to its original HR image.  

4.5 DISCUSSION 

In our work, we evaluated the performance of the SRGAN for upsampling ultrasound images. The 

SRGAN was trained on ultrasound images of the breast. Training the original SRGAN network 

generated checkerboard artifacts illustrated in Figure 4.6. Odena et al. have shown that for other 

neural networks replacing the deconvolution layer can remove this artifact [82]. We have shown 

that replacing the deconvolution layer with a nearest neighbor interpolation operation and a 

convolutional layer removes the checkerboard artifact for the SRGAN trained on ultrasound 

images. Modifying the SRGAN reduces the MSE of the upsampled image compared to using the 

original architecture of the SRGAN. This is depicted in Table 4.1 and Figure 4.3. Although the 

images upsampled using bicubic interpolation have a lower MSE compared to the different 

versions of the SRGAN, MSE is not the best indicator of image quality. As illustrated in Figure 

4.7 and Figure 4.8, the example images upsampled by the modified SRGAN looked closer to the 

HR image compared to the image upsampled using bicubic interpolation yet the image upsampled 

using bi-cubic interpolation has a lower MSE. Note that the NIQE in this case is a much better 

indicator of image quality. As illustrated in Figure 4.5, all the test images upsampled using the 

modified SRGAN have a lower NIQE indicating better image quality compared to images 
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upsampled using bicubic interpolation. The average PSNR computed on each of the different 

upsampling schemes are comparable as reported in Table 4.1. The PSNR appears to improve when 

using the modified SRGAN over the original SRGAN as illustrated in Figure 4.4.  

 Applying a histogram equalization algorithm on the images upsampled using the SRGAN 

appears to have a mixed effect as illustrated in in Figure 4.9 and Figure 4.10. In Figure 4.9, 

histogram equalization appears to have increased the MSE and the NIQE while in Figure 4.10, 

histogram equalization appears to have reduced the MSE but the NIQE has increased. This is also 

evident in Figure 4.3 and Figure 4.5. If we compare Figure 4.3, Figure 4.4 and Figure 4.5 histogram 

equalization appears to have increased MSE, reduced PSNR and increased the NIQE compared to 

bicubic interpolation. It appears histogram equalization did not improve the performance of the 

SRGAN.   

4.6 CONCLUSION 

We evaluated the performance of the SRGAN for upsampling ultrasound breast images by a factor 

of 4. We compared the performance of the SRGAN algorithm to bicubic interpolation. Although 

we compared metrics like the MSE, PSNR and NIQE, none of these are perfect predictors of image 

quality. A better way to quantify the performance of the algorithm would be to have human 

observers’ rate each of the upsampled images, or even better, would be to use images for a specific 

task and determine which technique provides the best task-based performance. We evaluated the 

SRGAN for upsampling images by a factor of 4 only. As part of our future work, we could evaluate 

the performance of the algorithm using different scaling factors and also on ultrasound images of 

a different anatomy to see if this might affect the algorithm.  
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Chapter 5. CONCLUSION 

In our work, we compared different CNN based approaches for medical image analysis tasks. 

We considered two image classification tasks and an image enhancement task. The first task 

involves characterizing thyroid nodules using its B-mode ultrasound and SWE image. The 

second task involves identifying the presence of breast lesions using its corresponding MIP 

DCE-MRI image. For the classification tasks we compared the performance of different CNN 

based classifiers: fine tuning a pre-trained the ResNet50 architecture[42], training a one-class 

auto encoder and a Siamese neural network. The one-class autoencoder and the Siamese neural 

network were chosen because of their ability to learn from an unbalanced and much smaller data 

set, common attriburtes of medical data. We also applied techniques such as weighting the 

samples during training, adding a drop out layer, applying an early stopping criterion and 

regularizing the weights of the network to help with the unbalanced and smaller size of our data 

set. For characterization of thyroid nodules using SWE images, we obtained accuracies ranging 

from 80% - 87% which is comparable to reported human diagnostic accuracy [40]. The highest 

AUC we achieved using the B-mode image was 0.65. This was much lower than the AUC 

reported by similar studies [47]–[49] possibly because of compression artifacts present on the B-

mode image [35]. Also, the segmented images of the thyroid lesion contained a lot of 

background tissue which could affect the performance of the classification algorithm. For the 

second task of identifying breast lesions using its MIP DCE-MRI image, we obtained the best 

performance (AUC = 0.73) by using the pre-trained the ResNet [42]. The one class auto encoder 

and the Siamese neural network gave us an AUC of 0.54 and 0.5 respectively. Other groups have 

reported a higher AUC of 0.76 to 0.88 [63]–[66], but these were for the task of classifying 

lesions as malignant or benign.  Furthermore, these other approaches used segmented lesions 
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(images of only the lesion, with limited background).  In our work, we trained the network on 

images of the entire left or right breast instead of training the network on segmentations of the 

breast lesion.  

 

For the third task of upsampling the B-mode ultrasound images using the SRGAN, we reported 

the artifacts that were generated. We modified the architecture to correct these artifacts. Finally, 

we compared its performance to a standard bicubic interpolation algorithm using metrics such as 

the MSE, the PSNR and the NIQE.   Initial results suggest that the SRGAN provides high-

resolution images with similar resolution and noise texture as the original high-resolution 

images, although further work is needed to determine if this approach translates to other noise 

levels and ultrasound techniques. 

5.1 FUTURE WORK  

For each of the two medical image classification tasks, we could train the networks on segmented 

images of the thyroid and breast lesion respectively. We could also integrate clinical information 

into the prediction algorithm. Both these steps might improve the performance of the deep 

learning-based classification algorithms. For the deep learning based upsampling schemes, we 

could have human observers quantify the image quality of the different upsampling schemes. We 

could evaluate the performance of the algorithm using different scaling factors and on ultrasound 

images of a different anatomy. Currently the SRGAN has been trained and evaluated on ultrasound 

images of the breast only.   

In summation, this work demonstrates the use of deep learning methods for common 

medical imaging tasks of classification and image enhancement.  We applied recent developments 

in deep learning to real medical imaging data, containing the common challenges in this space of 
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limited data volumes and unbalanced class sets. Despite these challenges, we demonstrate that 

several architectures can be effectively trained and applied with reasonable performance.   
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