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Abstract 

     Cardiomegaly can be viewed as an indication of an underlying medical condition 

rather than a separate ailment. Within the scope of diagnostic assessments, the 

identification of an enlarged heart within a chest X-ray image signifies the presence of 

cardiomegaly. The etiology of cardiomegaly encompasses a spectrum of causative 

factors, including hypertension, coronary artery disease, infections, hereditary 

abnormalities, and cardiomyopathies.  

     The objective of the thesis is to offer a deep-learning-based automated method 

(CNN-VGG19) for the classification of Cardiomegaly, using the chest X-ray (CXR) 

dataset. 

    There are four phases to the suggested system. Preprocessing comprises the 

following steps: resizing the chest x-ray to 128*128 and cropping it, optimizing the 

chest x-ray image in terms of brightness, contrast, and sharpness; and lastly, 

eliminating the noise. 

    To identify the regions of interest that correlate to cardiomegaly in the chest x-ray 

images, the second phase involves creating masks for cardiomegaly images. To 

improve the visibility and isolation of cardiomegaly areas, this procedure involves the 

use of threshold and filters, such as Gaussian and morphological filters. 

    The Third phase is the accurate extraction of pertinent features from the 

cardiomegaly images by utilizing the CNN-VGG19 model. 

    The fourth phase includes the classification of chest X-ray images, which is done in 

two distinct categories. The first category is binary classification, which divides 

images into normal and cardiomegaly classifications. The second category is multi-

classification, which focuses on the stages of cardiomegaly, which include mild, 

moderate, and severe. 
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To assess the efficiency of the introduced model, evaluation criteria including 

precision, sensitivity, accuracy, and F-score were employed as essential metrics. 

     The results and the test of all the facets of the suggested system and all the phases 

were discussed in-depth and the results demonstrated great accuracy in the 

classification of cardiomegaly, for binary class and multiple categories and reached 

(99%) and (97%) respectively. 

     The proposed method is very fast in diagnosis, and the Chest x-ray image 

prediction time takes approximately (0.06) seconds for one image. 
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CHAPTER ONE 

1 General Introduction 

1.1 Introduction 

      Cardiomegaly is a medical condition characterized by the enlargement of 

the heart's dimensions or the thickening of the walls of the ventricles [1]. 

Accurately determining the prevalence of cardiomegaly is challenging due to 

underdiagnosis, underreporting, and the absence of obvious symptoms [2] [3]. 

     The diagnosis of cardiomegaly often requires a comprehensive range of 

diagnostic tests. Among the imaging techniques used are chest X-rays (CXR), 

Echocardiograms(Echo), Electrocardiograms (ECG/EKG), Magnetic resonance 

imaging(MRI),Computed tomography (CT) scans, and Cardiac catheterization  

[4]. 

      Chest X-rays have gained popularity in assessing cardiomegaly due to their 

accessibility and cost-effectiveness [5][6]. 

      When examining chest X-rays, radiologists often rely on the cardio-

thoracic ratio (CTR) values obtained from anteroposterior chest radiographs to 

evaluate heart size [7].The CTR serves as a simple clinical indicator. 

Therefore, the CTR derived from a chest X-ray can assist in making clinical 

management decisions [8][9].  

     On the other hand, this manual technique necessitates a substantial amount 

of time, and the diagnostic outcomes rely on the reader's subjective 

interpretation and prior experience [10]. However, the manual delineation of 

organ boundaries and computation of the cardiothoracic ratio (CTR) are 

laborious processes that are prone to errors.  

      Early identification of cardiomegaly is critical in treatment and can reduce 

the risk of heart failure. Providing an automatic system for cardiomegaly 

detection is a difficult task. Because there are few indications of illness in the 
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early stages, automated and effective diagnostic algorithms based on chest X-

ray images are desperately needed. 

     Deep neural networks were an important tool to solve many problems such 

as object detection, speech recognition, and image classification, and have seen 

significant and rapid growth in recent years. Convolution neural networks 

(CNNs) in particular, produced exceptional image classification results [11]. 

     This thesis proposes an automated approach for early-stage detection of 

cardiomegaly from chest X-ray images depending on its features. This system 

should achieve a desirable level of accuracy in determining the heart's 

condition and distinguishing between a healthy heart and one with 

cardiomegaly, in addition to grading of cardiomegaly (mild, moderate, or 

severe). 

    The suggested system aims to minimize the number of parameters necessary 

in comparison to current methods, thereby enhancing the accuracy of the deep 

learning model while reducing processing power. 

1.2 Literature Review 

    Several investigations have been proposed in the associated study involving 

the finding of cardiomegaly. These researches are mostly concerned with 

extracting attributes from chest X-ray pictures. The majority of the studies 

employed CNN models such as VGG Net and Res Net to extract the properties, 

while the others used image processing approaches. The majority of the 

strategies utilized to classify cardiomegaly were based on machine learning 

methodologies. The following is a synopsis of these studies: 

 In 2018, Que et al [12]: The authors offer a deep learning-based 

automated approach for detecting cardiomegaly on CXR images. 

CardioXNet, the proposed algorithm, diagnoses cardiomegaly from CXR 

images, using the deep learning methods U-NET CTR. This approach 

achieved an accuracy of 93.75.  
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 In 2020, Chamveha et al [13]: The study offered an algorithm for 

estimating the (CTR) from CXR images. This approach obtains lung and 

heart masks from CXR images using a deep learning model based on U-

Net and a VGG16 encoder and estimates CTR based on the extent of the 

masks obtained. This technique achieved accuracy rates of 67.1% and 

69.8% on two distinct datasets, NIH and CheXpert. This proposed study 

needs many training samples to improve the accuracy. 

 In 2020, Arsalan et al [14] implemented two CXR segmentation 

networks, X-RayNet-1 and X-RayNet-2, which were constructed with 

backward multilayer networks to achieve accurate segmentation 

performance with fewer trainable parameters. The proposed methods 

used semantic segmentation to aid in the diagnosis of relevant disorders. 

X-RayNet-1 outperformed X-RayNet-2 across all datasets with a 75% 

coefficient drop.        

 In 2020, Cardenas D et al [15]: In this study they worked on checking 

five convolutional neural networks(EfficientNet,DenseNet, MobileNet, 

XceptionNet , InceptionNet) for automatically detecting cardiomegaly 

and training the models with a customized multilayer perceptron. 

Experiments used radiographs from two publicly available datasets, one 

of which was only used for external validation. The images were pre-

processed so that only the chest cavity was visible. EfficientNetB2 had 

the best accuracy of 91%, followed by MobileNet at 90% and 

InceptionV3 at 88%, according to their finding. The main constraint of 

this investigation was the lack of clinical data from public sources. 

 In 2020,M Rathi et al [16]: In the study conducted by the researchers, 

two approaches were employed for disease classification: the utilization 

of a standalone CNN model and a CNN model with transfer learning, 

specifically employing the VGG16 model with frozen layers to extract 

fundamental features. The first method achieved an accuracy of 55%, 
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while the second method, incorporating transfer learning, yielded an 

improved accuracy of 60%. 

 In 2020, Bouslama  A et al [17]: They investigated the end-to-end 

technique for detecting Cardiomegaly disease that employs Deep 

Convolutional Neural Network U-Net architecture. The learning step is 

accomplished using Chest X-ray images obtained from the ChestX-ray8 

open-source medical dataset. To improve the contrast and brightness of 

the original images, the Adaptive Histogram Equalization (AHE) 

approach is used. These latter are compressed before going through a 

training step to reduce calculation time. The limitation of this study is that 

working with a large number of images in deep learning processes is 

difficult, especially if the images are preserved at their original size. 

Furthermore, the ChestX-ray8 dataset lacks image masks, resulting in a 

poorly supervised learning problem. This approach achieved a diagnostic 

accuracy of more than 93%. 

 In 2021, Bougias H et al [18]: The study conducted by the authors aimed 

to investigate the feasibility of employing four distinct transfer learning 

methods, namely (InceptionV3, VGG16, VGG19, and SqueezeNet), for 

the identification of cardiomegaly presence in CXR images, and compare 

the diagnostic performance of these approaches using radiologists' 

reports. they used a dataset consisting of two thousand CXR images. The 

findings of the study demonstrated that VGG19 outperformed the other 

models, exhibiting an accuracy of 84.5% a sensitivity of 84%, and a 

specificity of 83%. 

 In 2021, YOO H et al [19]: This work presents a cardiomegaly diagnosis 

assistance model based on CNN-ResNet and an explainable feature map. 

To begin configuring the model, the ResNet cardiomegaly diagnosis 

model is created, and a chest X-ray data set is used and learned. The 

resulting system demonstrated an accuracy rate of 80%.  
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 In 2021, Mu Sook Lee et al [20]: To evaluate the viability of explainable 

computer-aided identification of cardiomegaly in ordinary clinical 

practice, used segmentation-based techniques. PA CXRs from two public 

datasets, as well as in-house PA CXRs, were included in the training 

dataset .Two fully automated segmentation-based approaches for lung 

and heart segmentation were developed using cutting-edge DL models. 

The first method achieved an accuracy of 91%, whereas the second 

achieved an accuracy of 92%.    

 In 2023,Mohammed Innat et al [21]: The authors presented in this work 

Cardio-XAttentionNet, a convolutional attention mapping deep learning 

model,to accurately detect and locate cardiomegaly, They use the 

advantages of several of the well-performed state-of-the-art ConvNet 

architectures (DenseNet-121, DenseNet-201, InceptionResNet_V2, and 

ResNet50) to evaluate the empirical evidence. They achieved that Cardio-

XAttentionNet (CXA_Dense121) appears as the well-generalized model 

and provided outstanding results in addressing cardiomegaly class 

information and localization simultaneously, and achieved an accuracy of 

85%.   

          Table (1.1) Summary of the Literature Review 

# Ref. Techniqus Dataset Accuracy  (%) 

1 [12] CardioXNet ChestX-ray8 dataset 93.75 

2 [13] U-Net with VGG16 

encoder 

NIH dataset 67.1 

CheXpert dataset 69.8 

3 [14] X-RayNet_1  

 X-ray Net_2 

JSRT Dataset, 

Montgomery County (MC) and 

Shenzhen X-Ray sets (SC) 

Dataset. 

 

4 [15]  EfficientNet PadChest,OpenI-NIH dataset 91 
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DenseNet   

MobileNet 

 

90 

XceptionNet 

 

 

InceptionNet 

 

88 

5 [16] CNN with vgg16 NIH dataset 60 

CNN 55 

6 [17] U-Net ChestX-ray8 dataset 94 

7  [18]  VGG19 Chest x-ray dataset 

 

84,5 

VGG16 71%-81.3 

SqueezeNet 

InceptionV3 

8 [19] ResNet and 

Explainable Feature 

Map 

NIH dataset 80 

9 [20]  Standard U-Net and 

XLSor Model: 

Method1 

segmentation 

JSRT,Montgomery, 

in-house PA dataset 

 

 

91 

Method1 

segmentation 

92 

10 [21] CXR-ResNet50  75 

CXA_IncepRes2 84.75 

CXR_DenseNet201 80.58 

CXA_Dense121 85 
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1.3 Problem Statement  

     The presence of mild to moderate heart enlargement often lacks evident 

symptoms, and numerous patients remain unaware of this condition. Without 

timely detection and intervention, this condition can progress and eventually 

result in cardiac arrest. On the other hand, existing methods for the detection 

and assessment of cardiomegaly depend on manual techniques, which require a 

lot of labor, time, and cost and necessitate the expertise of experienced 

radiologists. Therefore, it is essential to design an effective automatic detection 

system that is capable of rapidly performing diagnosis to detect cardiomegaly at 

early stages and other stages. 

The Cardiomegaly dataset comprises several X-ray images that exhibit poor 

contrast and high noise, thereby adversely affecting the accuracy of the 

diagnostic process.  

Previous techniques frequently employed manual approaches as traditional 

image processing techniques for feature extraction, but feature extraction in 

deep learning is carried out by the model itself.  

1.4 Aims of the Thesis 

1. Building a classification system for cardiomegaly disease by grading 

cardiomegaly severity automatically by utilizing the chest x-ray image 

based on deep learning techniques specifically a CNN-VGG19 model. 

2. Identifying and implementing an effective technique for enhancing the 

quality of input images reducing noise artifacts and preserving important 

image details which is accepted as an important step in the preprocessing 

stage. 

3. Automatic features extraction using a Deep Convolutional Neural 

Network based on the VGG19 architecture to capture intricate patterns 

and features from the chest X-ray images. 
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1.5 Contributions of the Thesis 

1. This study seeks to advance a deep learning system utilizing a 

convolutional neural network in the context of a binary classification 

system, distinguishing between cardiomegaly and normal heart, to a 

multi-classification model is proposed, intending to effectively recognize 

and categorize each phase of cardiomegaly (mild, moderate, and severe) 

through the analysis of chest X-ray images.  

2. By utilizing a reduced number of parameters compared to conventional 

deep learning models, particularly CNNs, the proposed approach achieves 

a remarkable prediction time of approximately 0.06 milliseconds per 

image. This computational efficiency enables real-time deployment of the 

system in clinical settings. 

3. The performance evaluation of the proposed technique showcased 

superior results when compared with previous researchers; this indicates 

the effectiveness and competitiveness of the proposed approach in 

accurately detecting and classifying cardiomegaly disease. 

1.6 Layout of the Thesis 

     This thesis has been restructured to contain four chapters in addition to 

chapter one, which is described briefly and is organized as follows: 

 Chapter Two,“Theoretical Background”: It describes image 

prepossessing approaches ,Segmentation ,Deep learning classification 

methods, and assessment criteria used in this thesis. 

 Chapter Three,” Proposed System”: A description of the structure and 

operation of the classification algorithms utilized in the proposed 

diagnostic. 

 Chapter Four,” Results and Discussion”: This chapter provided an 

overview of the many experiments that were conducted for each stage of 

the study. A description of the assessments and outcomes attained after 
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applying the advised strategy is also included. 

 Chapter Five,” Conclusion and Future Work”: In this part, a synopsis 

of the research endeavor is provided. Additionally, this section outlines 

the upcoming tasks in this regard. 
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CHAPTER Two 

2 Theoretical Background 

2.1 Introduction 

     This chapter provides an overview of the diverse methodologies and 

procedures utilized in the proposed cardiomegaly detection system. The chapter's 

structure is as follows: firstly, an introduction to cardiomegaly is presented, along 

with a delineation of the fundamental stages of medical image processing, and 

explains Otsu's technique, and Mathematical morphology for heart segmentation 

and mask construction, which facilitates subsequent feature extraction. Secondly, 

a comprehensive exposition of artificial neural networks is given, incorporating 

the presentation of equations governing convolutional neural networks. 

Furthermore, the chapter expounds upon the elucidation of performance 

measures, namely sensitivity, accuracy, precision, and F1 score. 

2.2 Cardiomegaly Disease 

     Cardiomegaly, also known as cardiac enlargement, is a medical condition 

characterized by an increase in the size of the heart or thickening of the 

myocardium [22]. It can be caused by various underlying cardiac pathologies or 

factors that impose an excessive workload on the heart. Cardiomegaly can 

manifest as a response to physiological demands [23], such as intense physical 

exertion, or it may indicate the presence of a pathological cardiac condition [24]. 

     The diagnosis of cardiomegaly requires a comprehensive assessment, 

involving a meticulous review of the patient's medical history, thorough clinical 

examinations, and the utilization of various diagnostic modalities, such as X-ray 

radiography, which is preferred due to its availability and cost-effectiveness [52]. 

Cardiomegaly can be classified into three stages: 
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  Mild Cardiomegaly. 

 Moderate Cardiomegaly. 

 Severe Cardiomegaly. 

     During the early stages of cardiomegaly, individuals are often oblivious to its 

presence as there are no signs of it, and it may resolve spontaneously or it may 

progress and worsen. Hence, it becomes necessary to identify an enlarged heart in 

its initial stages to facilitate appropriate strategies for optimizing patient care and 

enhancing clinical outcomes. Figure (2.1) depicts various levels of cardiomegaly 

In Figure (2.1) (a), the early stage of cardiomegaly is represented, wherein the 

heart exhibits a slight increase in size, readily discernible from the norm. Moving 

further, Figure (2.1) (b) portrays the intermediate stage of cardiomegaly, 

highlighting the progression of the disease. Finally, Figure (2.1) (c) portrays the 

advanced stage of cardiomegaly, demonstrating a substantial enlargement of the 

heart. 

 

                                      

Figure (2.1) The Progression of Cardiomegaly Stages. 

 

 

(a) mild (b) moderate (c) severe 



Chapter Two ……………………………………………………………………………………………………… Theoretical Background  
 

01 
 

3.2  Image Processing Methods 

       This section outlines the image processing methods employed in this thesis 

for pre-processing and enhancing the images used as inputs into the system. 

2.3.1 Remove  the Noise 

      During this procedure, the images undergo cleaning to remove standard 

recognized noises and imperfections. Image noise, characterized by variations in 

brightness and color intensity among the image's pixels, often occurs during the 

image capture or scanning process, induced by artificial sources like flashlights 

or natural factors like strong sunlight[52].To mitigate these imperfections, filters 

were applied, resulting in a considerable reduction in image noise, which proved 

to be highly effective. The presence of such noise can significantly impact the 

extraction and categorization of features from images. Among the most 

prevalent noises are the following: 

1. Salt and pepper noise: commonly referred to as impulse noise, spike 

noise, random noise, or independent noise is recognized in the field. This 

type of noise is characterized by abrupt and rapid fluctuations in the visual 

signal, resulting in the appearance of isolated white and black pixels. 

Figure (2.2) presents a comparative illustration, wherein the left side 

showcases of normal CXR image of the heart, while the right side depicts 

an identical image subjected to the introduction of salt and pepper noise 

[27]. 
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        Figure (2.2) The Presence of Salt and Pepper Noise within the Image. 

2. Gaussian Noise: The alternative nomenclature for normal noise or 

white noise is Gaussian noise, owing to its density resembling that of 

similar to the normal distribution (Gaussian distribution). In practice, 

inadequate lighting conditions often contribute to the presence of this type 

of noise. Figure (2.3) visually represents the impact of Gaussian noise, 

where the left side portrays a standard CXR image while the right side 

displays the same image contaminated with Gaussian noise [28]. 

                                          

 Figure (2.3) Displays the presence of Gaussian noise within the image. 

 

2.3.2 Image noise reduction filters: 

      To enhance image quality and mitigate the adverse effects of noise, the 

application of filters, also known as kernels, becomes necessary. Filters consist of 
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small matrices that are multiplied with the image in order to diminish noise. 

Among the types of filters used are: 

 Median filter: The median filter, which as its name implies replaces the value of 

the pixel with the average intensity levels close by, is the most well-known filter 

for demand statistics in equation (2.1): 

 

x
(n+1)/2                   if n is odd 

x
n/2+

x
(n/2)+1    if n is even 

 

Let's denote a set of values as {x₁, x₂, x₃, ..., xn}, where n is the number of values. 

Essentially, it functions as a nonlinear spatial filter. The pixels contained in the 

region of the picture that the filter is applied to are ordered or arranged to 

produce the response. The margins of the image are preserved but salt and pepper 

noise is reduced with the medium filter. This filter replaces each pixel's value 

with the average of the values of the neighboring pixels by sliding a window of a 

specific size across each pixel of the picture. A set of values has a median when 

half of the values are greater than or equal to and half are less than that value. We 

first sort the nearby pixel values, choose the median, and then assign this value to 

the center responsive pixel in the filtered image [29]. 

Gaussian filter  

   The Gaussian filter is a popular image-processing filter that is used to smooth 

or blur images [30], because the filter's kernel is based on the Gaussian function, 

it is named after the Gaussian distribution or bell curve. The Gaussian filters 

2 

 

(2.1) 
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work by convolving each pixel in image with a Gaussian distribution kernel. The 

kernel is a tiny matrix or window of values centered on the pixel being processed, 

often with odd dimensions [31]. 

    Upon application of the filter, each pixel's value is multiplied by the 

corresponding kernel value, and the resultant products are aggregated. This 

procedure is iteratively conducted for every pixel in the image, generating a new 

image wherein each pixel represents a weighted average of its neighboring pixels. 

The degree of blurring or smoothing achieved through the Gaussian filter hinges 

on both the kernel size and the standard deviation (sigma) parameter. A larger 

kernel and a higher sigma value yield a more pronounced blur, whereas a smaller 

kernel and a lower sigma value produce a more subtle effect [32]. 

    The mathematical foundations of the Gaussian filter are elucidated in Equation 

(2.2) [33] 

                                                              

G(x, y) represents the Gaussian function, σ which represents the standard 

deviation or spread of the distribution, and (x, y) are the coordinates in the (x and 

y) directions respectively, (e) represents the base of the natural logarithm. 

2.4 Threshold-based Segmentation. 

      One of the main and simplest methods to segment the image (separating the 

objects from the background) is using the threshold. By choosing a threshold 

value, the original grayscale image that contains a certain number of brightness 

levels is converted into a black-and-white image, which results in a binary image 

b(x, y) containing only two values (1, 0) [34]. 

(2.2)  
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It is significant to choose an acceptable gray-level threshold for separating the 

object from the background. The Otsu thresholding method (Minimum variance 

inside segments) is a segmentation technique that is an automatic threshold 

determination area dependent and converts the gray value from less than 

Threshold to 0 and the gray value from greater than Threshold to 255. Otsu's 

method is illustrated in Equation (2.3) 

                                       

     This method has fast and simple processing speed characteristics because its 

main objective is to reduce the average error in appointing pixels to categories. It 

depends on the probability density function of the gray levels for each category. 

Otsu technique intends to optimize the variance inside categories. The main 

principle is that a good thresholded category should have distinct grey-level 

values. On the contrary, a threshold providing the biggest difference between 

categories in terms of grey-level values will be optimum [35]. 

 3.2  The Morphological operators 

      Mathematical morphology constitutes a versatile technique employed for the 

characterization of area forms, encompassing boundaries, convex objects, and 

image component extraction. The essence of morphological operations lies in the 

utilization of a structural element, often referred to as the kernel, which is applied 

to the input image, resulting in an output image of equal dimensions. The 

determination of each pixel's value in the output image involves a comparison of 

the corresponding pixel with its neighboring elements in the input image. 

     Within the domain of mathematical morphology, various image-processing 

operations hold paramount importance, including erosion, dilatation, opening, 

and closing. These morphological processes necessitate two distinct types of 

(2.3) 
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data: the input image, which may assume a binary or grayscale form depending 

on the specific procedure, and the structuring element, which rigorously defines 

the operation's influence on the image [36]. 

     The structuring element is most often referred to as the kernel, though this 

term is intended for particular objects used during convolution operations. It 

comprises a pattern denoted by coordinates representing multiple points centered 

on a specific origin, effectively described as a small image [37]. Figure (2.4) 

illustrates an array of structural elements. 

 

Figure (2.4) Shows different types of structural elements [38]. 

2.5.1 The Dilation and Erosion  

      Mathematical morphology emerges as a foundational technique in low-level 

image processing. Many subsequent morphological transformations, including 
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opening and closing operations, stem from the initial morphological processes of 

erosion and dilation. Dilation, an operation aimed at augmenting the size of 

objects, achieves this by appending pixels to both their inner and outer 

boundaries. Consequently, it bridges gaps within a region and mitigates minor 

protrusions that lie within the boundaries of the region.In the context of grayscale 

images, dilation enhances the brightness of objects by selecting the highest 

intensity value in the neighborhood as the kernel traverses the image pixels. 

Conversely, erosion, when applied to grayscale or binary images, results in the 

contraction of regions, reducing the extent of pixels at both their inner and outer 

boundaries. This process accentuates gaps within a single zone, consequently 

increasing the distance between distinct components. It is beneficial to reducing 

minor noise present in the image and eliminating small protrusions at the 

peripheries of objects [39]. Following the elucidation of dilation and erosion, the 

next step is the mathematical description of dilation and erosion [40]. 

The following are the steps in the mathematical description of dilation: 

1. If any of the structural elements' pixels equal zero, the image's associated 

pixels are ignored. 

2. If any of the pixels in the structural elements equal one, at least one of the 

related image pixels must also equal one. 

The following are the steps in the mathematical description of erosion: 

1. If any of the structural elements' pixels equal zero, the image's associated 

pixels are ignored. 

2. If any of the structural element's pixels are equal to one, then each of the 

related  
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3. Image pixels must likewise be equal to one. If at least one of the structural 

element's pixels falls over a pixel with the value zero in the image, the 

pixel (origin) in the image must be altered to zero. 

    Equation (5.4) represents the operator for dilation (increase) [41]: 

                                                                       

 

A describes a collection of pixels in the input image that belong to an item. It is 

checked by structural element pixels, (B
^)

 is for the collection B supplement, and 

(Bx) is a translation of B derived from x. As a result, the dilation of A by B is a 

collection of all pixels of (x) such that the junction of (Bx) with A is not empty, as 

illustrated in Figure (2.5). 

 

Figure (2.5) Explains the process of dilation :(a) structue element (b) input 

image (c) the output of dilation. 

Equation (2.5) represents the operator for erosion (reduction): 

                                                             

(2.4) 

(2.5) 

{ 

{ 
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Where A defines a group of pixels in the input image that belongs to an object, it 

is verified by structural element pixels B, A
c
 for the collection A's supplement, 

and (Bx) is a translation of B that originated from x. As a result, erosion of A by 

B is a set of all x pixels; hence Bx is a subset of A, as shown in Figure (2.6). 

 

Figure (2.6) Depicts the erosion process: (a) the structural element (b) 

the input image (c) erosion result[42]. 

      2.5.2 The Opening and Closing Operation 

The two primary procedures, namely erosion, and dilation, are typically 

executed sequentially, often employing a single structuring element. The closing 

and opening operations operate in a complementary manner. As seen in the 

following Equation (2.6), the operation of opening involves a process of erosion 

followed by a phase of dilation. 

                                                                                                                (2.6) 
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Where A represents an input image and B represents a structural element. The 

opening technique has the advantage of separating and removing unwanted little 

things from the front of the image. 

 Whereas the action of closure comprises a dilatation and erosion process, it 

entirely reverses the process of opening, as seen in the following Equation (2.7). 

                                                                                       (2.7) 

Where 𝐴 is the input image, and B is the structuring element, the basic usage of 

the Process of closing is to smooth the objects in the input image and to remove 

or decrease small gaps in the front. 

2.6 Machine Learning Models  

    It is one of the Artificial Intelligence sections that depend on computer science, 

statistics, and mathematics.The basic goal of Machine Learning and statistical 

modelling is to enable computer programs to learn from data, and then make 

appropriate decisions based on the model that has been learned by a prior experience 

or prior skills. The machine learns directly from the fundamental input data structure 

and becomes more intelligent [43]. 

2. 6 .1 General Introduction to Machine Learning 

     Machine learning methodologies can be broadly categorized into three distinct 

classes: supervised learning, unsupervised learning, and reinforcement learning. 

Figure (2.7) illustrates a network of machine-learning techniques. 
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Figure (2.7) Illustrates the machine learning Techniques. 

 

2.6.1.1 Supervised Learning 

      Supervised learning involves training models using input data (X) and 

corresponding output data (y), to predict future outputs for unseen input. This 

learning paradigm relies on the supervision or monitoring of the learning process 

through the availability of labeled ground truth output data. The algorithm 

iteratively performs predictions based on these labels until it achieves a 

satisfactory level of performance. In the context of supervised learning, generic 

algorithms can be broadly classified into two categories [44]: 

 Classification: This category encompasses techniques aimed at assigning data 

points to predefined categories based on specific properties of the data. Examples 

of classification algorithms include Neural Networks, Support Vector Machines, 

k-nearest-neighbors, Random Forest, and Naive Bayes. 

 Regression: Regression techniques are employed to forecast continuous values, 

also known as actual values. These approaches, such as Decision Trees, Linear 
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Regression, and Ensemble methods, operate under the guidance of target values 

(y) provided in the training dataset. The supervised nature of regression 

algorithms allows them to be directed towards the correct solution during the 

training phase. 

In this thesis, supervised learning methodologies will be employed, specifically 

utilizing a deep learning technique known as Convolutional Neural Networks, for 

the purpose of categorizing and diagnosing cardiomegaly of CXR images. 

2.6.1.2 Unsupervised learning 

      The clustering problem algorithm, k-mean, the A priory algorithm for 

association rule learning, and the dimensional reduction algorithm are examples 

of unsupervised learning algorithms. In this paradigm, models are trained solely 

on the input data they receive, without the provision of ground truth labels during 

the training phase. In contrast, supervised learning involves the partitioning of 

input data into subsets, each characterized by a single attribute [45]. 

 

2.6.1.3 Reinforcement learning 

      Reinforcement learning is defined as action-based learning. An agent who, in 

a given situation, takes steps to optimize rewards. The agents are expected to 

determine the fastest possible route to obtain the reward. This type of algorithm 

does not require any data for learning. In reinforcement learning, the input 

required is instead a function that can calculate the reward. One of the most 

important reinforcement learning applications is the path exploration function, 

which is used  

in computer vision to locate a particular room or location. In video games, 

another application is to find the right movements to gain the game [46]. 
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2.6.2 Artificial Neural Networks 

       Artificial Neural Networks are computational methods that have been 

designed through massive processing of basic units that are densely 

interconnected in groups to simulate how the human brain works on a specific 

task. These units are the computational elements that are known as (nodes and 

neurons) with a neuronal property. Experimental data and practical knowledge 

are processed to make it accessible to the user by changing weights [47]. There 

are several various types of ANN, such as Multi-Layer Perception (MLP), 

recurrent neural networks (RNNs), and Convolutional Neural Networks (CNNs), 

which are the most widely used in recent years and are illustrated in this section. 

 

2.6.2.1 Multi-Layer Perceptron (MLP) Structure 

      Multi-Layer Perceptron is an ANN feedforward structure. The main 

components of an MLP contain a series of computational units (nodes) with 

trainable weights and biases at several layers (one input layer, one or more 

hidden layers, and one output layer). Thus, each node (neuron) in these layers 

connects with all nodes in the next layer, as shown in Figure (2.8). The MPL will 

map an input vector (X) to the desired output vector(Y) via a feedforward 

approach, as it is trained in two phases: backpropagation and forward-

propagation. By the former, the network's biases and weights are obtained to 

approximate the complicated relationship between the desired output and the 

input vector, and employing a certain cost function, the training purpose is to 

decrease the difference between the desired outputs and the predictions. This 

method is renewed until this difference becomes zero or near the minimum [48]. 
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Figure (2.8) Shows the basic architecture of an MLP 

 
 

2.6.2.2 The Activation Function 

       Neural networks rely on the transmission of information to acquire 

knowledge and address complex tasks, There are various kinds of activation 

functions, some linear and others nonlinear, and the output value typically ranges 

between [0,1] for unipolar activation function or [-1,1] for bipolar activation 

function. In the hidden layers, the sigmoid function as illustrated in Equation 

(2.8), and the Rectified Linear Unit (ReLU) function, as shown in Equation (2.9), 

are the most widely used activation functions in these layers, as shown in Figure 

(2.9)[49] 

                                                                                                         (2.8) 

where A is the output value , and x is the input value. 

 

                                                                                                              (2.9) 

Where (z) is the input value. 
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Sigmoid:is a non-linear activation function. It is mostly used in models where we 

need to predict the probability of something. The range of sigmoid is from 0 to 1. 

ReLU: is a non-linear function that replaces all image pixels with zero values in 

the activation map when their values are negative. This has the benefit of 

speeding up calculations and lowering the likelihood of overfitting.  

 

Figure (2.9) Shows the activation functions [50]. 

The output layer of a neural network may employ the soft max function as an 

activation function, which is widely utilized to measure probabilities and execute 

multi-class classifications because soft max ranges are between (0 and 1) and 

they have a value of 1 if all the features are used according to the following 

Equation (2.10)[51] 

                       
 
  

∑     
   

                                         (2.10) 

  Where K is the number of classes, 
Z
j is the production corresponding to class j  

2.6.2.3 Loss Function 

     The evaluation of a neural network's capability to accurately predict output 

values for a given dataset is accomplished through the utilization of a cost 

function, commonly referred to as the loss function. Within the field of machine 
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learning, various loss functions are employed, among which are cross-entropy 

and mean squared error (MSE) [52]. The cross-entropy is the most specific loss 

function of classification since it determines the classification algorithms perform 

depending on the probability of the class falls within the range (0, 1) and is 

described as follows:     

                                         ∑         ̂  
 
                                                (2.11) 

The symbol "n" represents the number of classes, y denotes the true value, and 

( ̂) represents the predicted value.The cross-entropy cost and the sigmoid 

function are called the binary cross-entropy loss and are used when there are only 

two classes of classifications (0, 1). In addition to the Softmax function, the 

cross-entropy cost is called categorical cross-entropy loss and is used where two 

or more label classes exist (labels are given in the one-hot expression). The 

Sparse Categorical Cross-entropy loss function is used if the labels are presented 

as integers [53]. 

2.6.3 Deep Learning Technique:  

     The Deep Learning Technique, a subset of machine learning, employs a multi-

layer architectural design, typically relying on neural networks and non-linear 

transforms within its algorithms, to simulate intricate abstract concepts present in 

data. The ultimate objective of these techniques is to achieve a form of real 

artificial intelligence, wherein machines can learn and execute highly complex 

tasks akin to the functioning of the human brain, through layers of neurons. 

Computationally, construction and training, deep learning are intensive. Recent, 

developments in applications based on general-purpose graphic processing units 

(GPU s), the rapid advancement of machine learning algorithms, the processing 

of signals and information, and the growing amount of data that is used in 
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training are all reasons that have increased the popularity and success of deep 

learning [54]. Figure (2.10) visually presents the structural composition of a deep 

neural network, showcasing its multiple layers that confer its deep nature. 

. 

Figure (2.10) Depicted in Deep network architecture [55]. 

2.6.3.1 Deep Neural Networks (DNN  (  

    The Deep Neural Network (DNN) is an artificial neural network comprising 

multiple hidden layers. MLP is the most general ANN architecture that is used for 

DNN. Neural networks are made up of interconnected neurons with several levels 

of connections. DNN needs long calculation periods to implement and many data 

feeds at training samples, so the number of weights in these networks will reach 

thousands or equal millions. There are different architectures for deep learning 

networks, the most important of which are: convolution Neural Network (CNN), 

which is used to classify images, and Recurrent Neural Network (RNN) used with 

texts and continuous data [47]. 
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2.6.3.2 Convolution Neural Networks (CNN) 

     CNN a prevalent form of deep neural network finds extensive application in 

the realm of machine vision. It bears similarity to multi-layer perceptron except 

that the variation lies in its ability to combine several regionally interconnected 

layers used for feature extraction, accompanied by some fully connected layers 

used for classification [43]. It is an effective technique for image recognition, 

image visualization, and object identification. CNNs are widely adopted in AI, 

particularly in the domain of deep learning and medical image processing. Their 

proficiency stems from the ability to process large volumes of data without 

requiring manual feature extraction [51]. 

In contrast to feed-forward neural networks (FFNs), where input is in the form of 

a vector of pixel values, convolutional neural networks utilize input data in the 

format of a matrix of pixel values [56]. 

  One of the most powerful features of convolution neural networks is their use of 

shared weights, a group of connections that share the same weights instead of 

using different weights for each connection. The other feature is the CNN has a 

local connection where each neuron does not contact all the neurons in the 

previous layer. Still, it only contacts a specific group of neurons to see if they 

contain the object's feature instead of contacting all cells. This produces strong 

responses to obtain local characteristics in an image Input (such as ridges, edges, 

curves). These two features exceedingly reduced the number of parameters in the 

network, and thus the training time will be reduced. 

The standard architecture of a CNN comprises three distinct layers, as depicted in 

Figure (2.11), forming the foundation for constructing various convolutional 

neural network models: 
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A. Convolution layer. 

B. Max pooling layer (or Sub Sampling layer). 

C. Fully Connected layer (Classification layer). 

 

Figure (2.11) Depicts the structure of a CNN [57].  

A. The Convolution Layer: 

     The initial layer serves as the foundational component in constructing a 

convolutional neural network (CNN) model. Its primary objective is to extract 

salient features from the original input image, accomplished through the 

mathematical process known as convolution. This layer comprises three matrices: 

the first represents the input image, which is transformed into a matrix either 

three-dimensional or gray scale two-dimensional, the second is called the filter 

matrix, also referred to as the feature detector or kernel, and the third matrix 

results from sliding the filter matrix horizontally and vertically across the input 

image, calculating the dot product, thereby generating the Feature Map or 

Activation Map, this is the convolution process as illustrated in Figure (2.12)[58].  
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Figure (2.12) Shows image convolutional operations [57] 

In a single convolutional layer, multiple convolution filters are employed to 

process a single input. The resulting activation maps are subsequently combined 

to yield the overall output of the convolutional layer, which serves as the input 

for the subsequent layer. Each value of the filter matrix is a weight that is given 

by default, and to impart diverse characteristics or features to each filter, these 

weight values must vary across different filters [59].The general technique for a 

convolutional layer in image processing is described by Equation (2.12) below: 

 

  

       𝑍𝑖𝑗  = (𝑋   𝐾)(𝑖,𝑗) ∑ ∑ ∑ 𝑋(𝑖 + 𝑙,𝑗 + 𝑎,𝑏)𝐾(𝑙,𝑎,𝑏)           (2.12)      

                  i=1 j=1 k=1            

 

     K1  K2   C     
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     In the above equation, the convolution process between the input X and the 

kernel weights K in convolution layer l to produce the feature map Z and K1 is 

the height of the kernel, K2 is the width of the kernel, C is the number of 

channels [60]. Following each convolution layer, the results are sent through a 

non-linear activation function (ReLU), as shown in equation (2.9).  

The size of the feature map is determined by three parameters, which are as 

follows: 

1. Depth: The number of filters used in the convolution process is represented 

by the depth. If the original image was complicated using three filters, the 

'depth' of the activation maps will be three.  

2. Stride: represents the number of pixels in the filter matrix that leaves during 

the  

       convolution process. If a stride is equal to 1, the kernel will move by 1. If it  

       equals 2, the kernel moves by 2. As the number of steps increases, the 

function  

       maps diminish. 

3. Zero-padding: surrounds the input matrix with zero values so that the number  

     of rows and columns increases by 2; if p = 1. It is possible to make larger 

padding If p = 2, then the number of rows and columns increases by 4, and so 

on. This technique has been used to process gradual image fading across 

multiple layers in the CNN. Another problem is that the pixels on the outside 

of the image are not used in the convolution operation except very few times, 

which reduces the efficiency of the model [61]. 

           There are two types of convolution: a valid convolution, which is a        

Convolution that does not use padding, and therefore the size of the matrix, 

will gradually decrease; zero or same convolution, which is the convolution in 



Chapter Two ……………………………………………………………………………………………………… Theoretical Background  
 

22 
 

which the image size does not change before or after the convolution, and this 

type uses the technique of padding [62]. 

The following equation (2.13) illustrates how to calculate the feature map's size 

in the same convolution. 

 =
  =      

𝐷𝑖𝑛   𝐷𝑘 + 2𝑝 
+ 1

 

                S                     

Where Dout is the output size of the Activation map, Din ,Dk represent the input 

size and kernel size, respectively, S is a stride, and p is the zero padding [57]. 

B.  Max pooling layer  

       The process of reducing a collection of neighboring pixels to a singular pixel 

is referred to as pooling. Primarily applied subsequent to the convolutional layer, 

this technique effectively diminishes the dimensions of image activation maps. 

Spatial layers used various common types, such as average and maximum 

pooling, etc. as depicted in Figure (2.13). In the case of Max-Pooling, a defined 

spatial region, like a 2×2 window, is delineated, and the maximum value is 

selected from the rectified activation maps within each respective window. This 

operation leads to a downsizing of the activation map image from (4×4) to (2×2). 

Conversely, average pooling computes the mean value within each specified 

window and similarly contributes to the downsampled representation of the 

activation map image. 

 𝑠𝑖 = 𝑚𝑎𝑥 ℎ𝑖       

 

Where h denotes a pixel in the window (or sub-region) Rj from the corrected 

Activation map [63]. 

2.13)) 

(2.14) 

𝑖∈𝑅𝑗     
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Figure (2.13) Max Pool with a kernel size of (2*2) and a stride of 2[64]. 

C. Fully Connected Layer (Classification layer) 

     This layer works in a similar way to the traditional MLP network that is   

explained in section (2.6.2.1) as each node has a complete connection to all the 

nodes in the following layer (Fully Connected or Dense layers). It's used as a 

classifier in the last layers of the CNN structure to assess the probability of the 

object in the image by using the Sigmoid or Softmax function in the output layer 

illustrated in section (2.6.2.2) [62].  

2.6.3.2.1 Visual Geometry Group Model (VGG19)  

      VGG19 is deep convolutional neural network architecture, which is an 

extension of the original VGG16 model. It was developed by the Visual 

Geometry Group (VGG) at the University of Oxford and published as part of the 

2014 ImageNet Large Scale Visual Recognition Challenge (ILSVRC). VGG19 is 

renowned for its simplicity and effectiveness in image classification tasks [18]. 
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The VGG in its name refers to the Visual Geometry Group, and the number 19 

indicates the total number of layers in the network[64]. VGG19 consists of 19 

layers, including 16 convolutional layers and 3 fully connected layers. The 

convolutional layers mostly use 3*3 filters, and the model's depth enables it to 

learn complex patterns and features from images [65]. 

Due to its straightforward architecture and remarkable performance, VGG19 has 

become a popular choice for transfer learning, where the pre-trained model on a 

large dataset like ImageNet can be fine-tuned for various other computer vision 

tasks, such as object detection, segmentation, and more. Figure (2.14) shows a 

network structure of VGG19, and Algorithm 2.1 shows the VGG19 works. 

 

Figure (2.14) Illustrates the architecture of VGG19[67]. 

Algorithm (2.1): VGG19  for Feature Extraction 

Input: Masks CXR Images. 

Output: Most Significant Features 

Begin 

Step 1: Input Masks CXR Images.                                  # 128*128                  
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Step 2: Build VGG19 model of five conv blocks 

Step 3:Build block1 

Add Block1_conv1 (Conv2D)                                        #(64, 3, 3, activation='relu')             

Add Block1_conv2 (Conv2D)                                  #(64, 3, 3, activation='relu')  

Add MaxPooling2D           

Step 4: Build block2 

Add Block2_conv1 (Conv2D)                                 #(128, 3, 3, activation='relu')             

Add Block2_conv2 (Conv2D)                                 #(128, 3, 3, activation='relu')  

Add MaxPooling2D            

Step 5: Build block3 

Add Block3_conv1 (Conv2D)                                 #(256, 3, 3, activation='relu')             

Add Block3_conv2 (Conv2D)                                 #(256, 3, 3, activation='relu')             

Add Block3_conv3 (Conv2D)                                 #(256, 3, 3, activation='relu')             

Add Block3_conv4 (Conv2D)                                 #(256, 3, 3, activation='relu')  

 Add MaxPooling2D        

Step 6: Build block4 

Add Block4_conv1 (Conv2D)                                 #(512, 3, 3, activation='relu')             

Add Block4_conv2 (Conv2D)                                 #(512, 3, 3, activation='relu')             

Add Block4_conv3 (Conv2D)                                      #(512, 3, 3, activation='relu')             
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Add Block4_conv4 (Conv2D)                                      #(512, 3, 3, activation='relu')  

Add MaxPooling2D        

Step 7: Build block5 

Add Block5_conv1 (Conv2D)                                #(512, 3, 3, activation='relu')             

Add Block5_conv2 (Conv2D)                                #(512, 3, 3, activation='relu')             

Add Block5_conv3 (Conv2D)                                     #(512, 3, 3, activation='relu')             

Add Block5_conv4 (Conv2D)                                #(512, 3, 3, activation='relu')   

Add MaxPooling2D     

Step 8: return feature extracted. 

End. 

2.6.3.3 Training the Convolution Neural Network 

     Back propagation is the fundamental component of ANN, and it is more 

complex in CNNs because of the numerous types of layers. This technique 

computes gradient descent for all network weights in two stages: the first is 

known as forward propagation because the training begins with the inputs of the 

first layer in the network and progresses to the last layer, where the error between 

the outputs and the desired value is calculated using the loss function shown in 

section (2.6.2.3).The second method is known as backward propagation, and it 

begins with the last layer in the hierarchy network to the first layer [62]. 
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1. Forward Propagation: 

     To generate a prediction value, training samples are distributed throughout all 

network layers from input to output, using various equations that vary depending 

on the layer type.  

 Using Equation (2.12), the convolution layer in forward propagation 

implements a convolution process between all of its inputs and filters. The 

output is then supplied to the ReLU function through equation (2.9).  

 The Max pooling layer in the forward propagation is explained in the equation 

(2.14).  

  A fully Connected Layer in the forward propagation works in a similar way to 

the MLP network that is illustrated in Equation (2.15)[67] 

 

                  𝑠 = 𝑋  . 𝑊  = ∑𝑛𝑥𝑖 𝑤𝑖 + 𝑏                                                        (2. 15) 

 

  A neuron computes the dot multiplication between the input vector X = [x1, 

x2,..., xn] with their identical weights W = [w1,w2,...,wn] and then adds the bias 

value(b).Finally, the value (s) is transferred to the activation function.   

 The SoftMax and Sigmoid function shown in Equation (2.10),(2.8) was used to 

assess the probability of the object in this layer. After that, the error between the 

desired value and the output is calculated using the loss function that has been 

defined in Equation (2.11)[64]. 

2. Backward Propagation: 

       Backward propagation begins at the network's last layer (output) and 

proceeds to the first layer (input), operating as follows depending on the layer 

type: 



Chapter Two ……………………………………………………………………………………………………… Theoretical Background  
 

28 
 

 In backward propagation, the Fully Connected Layer functions similarly to the 

MLP network. In the output layer, the delta (error) is determined using the 

Equation (2.16). 

                                                    δ𝐿 = ∇𝑥L ⨀  )𝑧𝐿)                                           (2.16) 
   

Where δ
L
 is the matrix of all the neurons' deltas in the layer, L is the network's 

last layer, and ∇x
L
 is the gradient of the loss for x, where x is output of the 

activation function's output. And ⨀ is the Hadamard product (element- wise 

product of matrices).  

2.6.3.4 Regularization Techniques: 

      Several techniques have been proposed to prevent the overfitting problem 

known as regularization. 

 Dropout 

      The dropout strategy involves randomly losing a set of neurons at each 

training cycle with a predefined probability value. This strategy, proposed in 

2014 by Nit-ish Stradivari and Geoffrey Hinton, dramatically enhanced neural 

networks' performance in solving the overfitting problem, as demonstrated in 

Figure (2.16). The dropout layer equation can be executed as follows [51]: 

                                                                 (2.17) 

                                                                                                                                    (2.18) 

 

 

r𝑙
j = ~(Bernoulli (p)) 
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Where 𝑟𝑙 represents a vector of independent Bernoulli random variables, each 

with a probability of being 1 of p, the output of l  layer, and y
~𝑙 is lowered output 

that will be used as input x in Equation (2.15) for the next layer l +1 [64]. 

 

 

Figure (2.15) Demonstrates the dropout effect on a network. 

 Early stop  

      The Early stop is an effective regularization approach used in deep learning 

network training to determine the appropriate number of epochs. When the loss 

increases in the validation sample and decreases in the training sample as the 

number of epochs increases, the training process must be stopped after a few 

subsequent periods using early stopping, as shown in Figure (2.16), because 

increasing the number of epochs leads to overfitting and decreasing the number 

of epochs leads to underfitting Early Stopping[66]. 

 

Figure (2.16) Shows the early stopping. 
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 Optimization Algorithm  

      The optimizer helps to reduce the output error of the loss function by 

changing the weights and bias values in the model. The Adam Optimizer is 

one of the most essential performance optimization tools used in deep neural 

networks. Adaptive Moment Estimation is what Adam means, a tool that 

calculates each parameter's adaptive learning rate and conserves the previous 

square gradients' average exponential decay rate while maintaining the prior 

scales' average exponential decline. Adam outperforms all other optimization 

techniques, making it suitable for the demand for rapid convergence and 

highly complicated neural networks, Algorithm 2.2 shows how Adam 

algorithm works [67]. 

Algorithm (2.2): Adam algorithm 

Input:   : stepsize 

     ∈      : Exponational decay rates for the moment estimate 

    : stochastic objective function with parameter   

  : initial parameter vector 

Output: optimized model parameters 

Begin  

Step1: 𝑚    (initialize 1
st
 moment vector) 

Step2:      (initialize 2
nd

 moment vector) 

Step3: 𝑡    (initialize timestep)                                                                      

Step4: while    not converged do: 

Step5:    𝑡  𝑡    

Step6:       ∇          

Step7:    𝑚     𝑚              

Step8:                        
  

Step9:    𝑚̂  
  

     
  

 

Step10:     ̂  
  

     
  

 

Step11:              
 ̂ 

 √ ̂    
 (update parameter) 

Step12: End while 

End.  
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2.7 Performance Measurements 

             Several criteria have been used to evaluate the classification algorithms' 

performance [68][69] : 

1. Accuracy is the average correct prediction.Which is calculated by dividing the 

correct prediction by the total predictions. 

                                                                 (2.19) 

2. Sensitivity: is the rate of successfully identifying positive samples. 

                                                                                       (2.20) 

3. Precision: The model's precision is determined by testing the true positive     

from the expected positives. 

                                                                             (2.21) 

4. F1-score: shows a compound of precision and sensitivity for computing  

A   balanced mean output. 

                                                             (2.22) 

Table (2.1) shows confusion matrix of classifier system. 

Table (2.1) The Confusion Matrix of the Classifier System 

 

 

Confusion Matrix 

Predict 

Positive Negative 

Actual Positive TP FN 

Negative FP TN 
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The prediction error is recorded by four parameters : 

 True Positive (TP) is the positive states that are correctly labeled as positive 

states. 

 False Positive (FP) denotes the negative states that are incorrectly labeled as 

positive states. 

 True Negative (TN) represents the right classification of negative diagnosis. 

 False Negative (FN) indicates the positive cases that are incorrectly classified as 

negative. 
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CHAPTER THREE 

Proposed System 

3.1 Introduction 

      This chapter provides an extensive exposition of the methodologies and 

techniques employed in the construction of the proposed system for 

cardiomegaly diagnosis using CXR images. The proposed system encompasses 

four distinct phases, The First phase, is the prepossessing phase which begins 

with resizing to a standardized dimension of (128×128) and cropping the CXR 

images, optimizing CXR images such as brightness, contrast, and sharpness. 

Finally, noise reduction through the application of a median filter on the 

processed images. 

    In the Second phase, Otsu’s algorithm and mathematical morphology are 

used to segment a heart as a region of interest (ROI) detection algorithm. 

    The Third phase is the extraction of pertinent features from the cardiomegaly 

images.To facilitates this task, the system uses the (CNN-VGG19) 

model.Finally, the fourth phase encompasses the classification of CXR images, 

which is performed in two distinct categories.  

     The first category involves binary classification, where the images are 

classified into normal and cardiomegaly classes. The second category involves 

multi-classification for cardiomegaly stages, namely Mild, Moderate, and 

Severe. 
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    This thesis utilized (70 %) of the available database for training the system, 

employing the four aforementioned steps. Subsequently, the remaining (30%) of 

the database was allocated for testing the trained model.  

3.2 The Cardiomegaly Diagnosis System 

    The proposed system undergoes a series of sequential processes, 

encompassing image preprocessing operations specific to CXR, creating the 

mask, feature extraction, classification, and, finally, model performance 

evaluation employing multiple criteria. The proposed system is demonstrated in 

Figures (3.1) and (3.2) 
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Figure (3.1) The block diagram of the Suggested System. 
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Figure (3.2) The block diagram of the Suggested System. 
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3.3 Preprocessing Stage  

    The classification system utilized for cardiomegaly incorporates a series of 

fundamental steps referred to as pre-processing operations. These operations 

encompass initial methodologies aimed to initialize data for the next stage. 

The pre-processing operations encompass four steps, which involve resizing the 

CXR images to dimensions of (128*128) and cropping them, optimizing the 

CXR images, and applying a Median filter to de-noise the optimized images. 

The steps of the preprocessing phase are presented in the figure (3.3) and the 

algorithm (3.1).  

 

Figure (3.3) The steps in the preprocessing stage. 
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Algorithm (3.1): Prepossessing operations 

Input: CXR images. 

Output: Enhanced CXR images.                  # (128 * 128) gray scale 8-bit images 

Begin                                                                                                                

Step 1: Resize the CXR images to (128*128).  

       Step 2: Cropping the CXR images (left (30), right (100), top (20), and bottom (110)).     

Step 3: Optimize the CXR Images by : 

a) Reducing the intensity of the CXR image by a factor of 0.5. 

b) Enhance the CXR image contrast by increasing the contrast by a factor of 1.5. 

c) Enhance the CXR image sharpness by increasing the sharpness by a factor of 1.5. 

Step 4: The noise was removed from CXR image using the Median Filter, in 

equation (2.1). 

End. 

3.3.1 CXR Images Resizing 

    Chest X-ray images should be resized to 128*128 to help standardize input 

sizes, simplify the training process and avoid problems caused by different 

image dimensions, and improve computational efficiency because processing 

smaller-sized images requires fewer computational resources, which can lead to 
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faster training and inference times, and manage memory resources by 

minimizing the memory footprint needed to store and process the images.  

3.3.2 CXR Images Cropping 

     The act of cropping chest X-ray images serves to delineate and emphasize 

specific regions of interest (ROI) for analysis and classification purposes. Via 

cropping, irrelevant information can be effectively eliminated, thereby 

standardizing image sizes and enhancing computational efficiency. As a result, 

the deep learning model is empowered to focus solely on the most informative 

aspects of the image, thus augmenting its proficiency in detecting abnormalities 

or discerning specific patterns . 

In the proposed system implemented a cropping approach with precise 

dimensions for the images, specifically with left (30), right (100), top (20), and 

bottom (110) margins. 

3.3.3 CXR image optimization 

     CXR image optimization comprises a set of techniques with the aim of 

improving the quality and visual clarity of radiographic images acquired from 

the chest region. To enhance the diagnostic value of the images by 

implementing several adjustments, the brightness is enhanced by adjusting the 

brightness of the CXR image, reducing its intensity by a factor of (0.5), 

enhancing contrast and sharpness by a factor of (1.5) to augment the distinction 

between dark and light regions, accentuating edges, and highlighting intricate 

details.  
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3.3.4 CXR image De-noise 

During this phase, the CXR images undergo a noise reduction and 

eliminate common and recognized imperfections that may have been introduced 

during image collection and transmission. 

To address the impact of noise, a filtering technique known as the median filter, 

as referenced in the chapter two, has been used in a window size (3 × 3) to 

remove the noise in the CXR images.  

3.4 Segmentation of Heart 

     In this section, heart area segmentation as a region of interest (ROI) by using 

a threshold with morphological operations has been proposed.  

 Binary CXR Image(Otsu Thresholding) 

The enhanced Grayscale Images is converted to a binary image using (Otsu 

Thresholding) as shown in Figure (3.4). This method are described in the 

section (2.4). 

 

 

 

     Figure (3.4) Shows binary image (a) Enhancement image (b) Binary 

image. 
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 The Complement of Binary CXR Image 

Take the inverse of the binary image to convert the pixel of the heart image 

from the black pixel to the white pixel, as shown in Figure (3.5). 

                                                    

Figure (3.5) The complement of binary CXR image. 

 The Gaussian Filter on the Complement Image 

The Gaussian filter has been used, denoted by equation (2.1) in chapter two, 

with window size (5 ×5) for bluring and remove the noise in the CXR image. 

 

 

 

        Figure (3.6) Gaussian filter. 

 A Morphological Closing and Opening Operation. 

     The morphological closing operation is implemented, which includes a 

process of dilation accompanied by a process of erosion as in equation (2.8), and 

the opening operation is implemented, which includes a process of erosion 

accompanied by dilation as in equation (2.7) for connect the pixels areas within 

the heart tissue. In these operations, the size of the structure element is (5*5). 
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                                                (a)                                         (b) 

Figure (3.7) Morphological operation (a) Closing, (b) Opening. 

 Multiply the image mask with the enhanced image 

In order to the extraction of heart tissue only, the final extracted mask will be 

multiplied with the enhanced image, as shown in the figure (3.8). 

            

 

  

Figure (3.8) Multiplying the enhanced image with extracted mask   image. 

The algorithm (3.2) presents this step: 

Algorithm (3.2): CXR Segmentation  

Input: Enhanced CXR images.                         # (128 * 128) gray scale 8-bit images               
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Output: heart Segmentation. 

Begin                                                                                                                         

Step 1: Convert enhanced CXR image into binary image by using Otsu Thresholding 

in Equation (2.3). 

Step 2: Take the complement to the binary image. 

Step3: Implement a Gaussian filter on the binary image with Kernel (5*5) in equation 

(2.2)            

Step 4: Applying a morphological closing and opening operation with kernel (5*5) in 

equations (2.7) and (2.6). 

Step 5: Multiply the image mask from step 4 with the enhanced image. 

End. 

3.5 CXR Feature Extraction Step 

      The feature extraction process holds paramount importance in deep learning 

approaches. This process encompasses the identification and extraction of 

valuable patterns, structures, and attributes from chest X-ray images, the 

extracted feature will be the entrance to the classification step. To achieve 

feature extraction objectives the VGG19 architecture is utilized. The features 

extracted in the proposed structure of a convolution Neural Network technique 

consist of five convolution blocks of VGG19. The fully connected layers of the 

VGG19 are frozen to focus exclusively on feature extraction, rather than 

classification, and all layers as non-trainable, use the pre-existing initial weights, 

trained on the ImageNet dataset as initial weights, and proceed to extract precise 

features by generating feature maps from the input images. 
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3.6 The Convolutional Neural Network Structure 

    The creation of a Convolutional Neural Network (CNN) model encompasses 

a two-step process: Initially, the foremost step involves formulating the model 

design the second step necessitates configuring the training parameters, which 

play a crucial role in fine-tuning the model's performance .which play a crucial 

role in fine-tuning the model's performance. 

A. Design the Convolution Neural Network  

   This step involves positioning the various layers to achieve the best feature 

extraction method.The structure for extracting the features was presented in 

Table (3.1) from the first row to the twenty-three, while the remaining rows of 

the table represent the classification stage.  

Input Layer: The artificial input neurons that make up this layer, which serves 

as the neural network's first point of entry, are in charge of taking in and sending 

raw data to later layers for additional processing. The new model's input shape 

is (128, 128, 3). 

Rescaling Layer: is in charge of turning input pixel values into a normalized 

range of 0 to 1. 

VGG19: The model consists of a series of convolutional layers organized into 

five convolutional blocks as shown: 

•Block 1: consist of  two layer of  Convolution2D(64, 3, 3, activation='relu') 

and ZeroPadding2D (1,1),input shape (3,None,None), MaxPooling2D with size 

(2,2) and strides (2,2). 
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•Block2: consist of two layer of Convolution2D (128, 3, 3, activation='relu') and 

ZeroPadding2D (1, 1), MaxPooling2D with size (2, 2) and strides (2, 2). 

•Block 3: consist of four layer of Convolution2D (256, 3, 3, activation='relu') 

and ZeroPadding2D (1, 1) with MaxPooling2D with size (2, 2) and strides (2, 

2). 

•Block 4: consist of four layer of Convolution2D (512, 3, 3, activation='relu') 

and ZeroPadding2D (1, 1) with MaxPooling2D with size (2, 2) and strides (2, 

2). 

•Block 5: consist of four layer of Convolution2D (512, 3, 3, activation='relu') 

and ZeroPadding2D (1, 1) with MaxPooling2D with size (2, 2) and strides (2, 

2). 

The number of filters progressively increases from 64 in the initial layers to 512 

in the subsequent layers. The VGG19 architecture spans from the third layer to 

the twenty-three layer, as indicated in Table (3.1). 

Dense: With 300 units and a rectified linear activation function, this produces a 

new densely connected layer. 

Dropout_3: To avoid overfitting, it adds a dropout layer with a rate of 0.3. 

Flatten_3: It flattens the previous layer's output so that it may be connected to 

the final output layer, which turns the previous feature map matrix into a single 

column or vector of values, The feature maps (three dimensions) will be 

converted to a vector (one dimension) so the output is 4*4*300=4800. 
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Dense_1: In order to categorize the condition as either Normal or 

Cardiomegaly, this layer constructs output layer with one unit and a sigmoid 

activation function. 

Rectified Linear Unit (ReLU): This is used after each convolutional layer 

ReLU is a common nonlinear function that produces an output equal to the input 

value if positive and zero otherwise. This activation function is popular in neural 

networks because of its simplicity and capacity to deliver superior training 

results. 

Table (3.1) The suggest CNN structure for binary classification 

Num Layer Name 
 

Output layer Param# 

1.  
layer_1(Conv 2D + ReLU) (None,128,128,3) / 

2.  
Layer_2(rescaling) (None,128,128,3) / 

3.  
layer_3( Conv 2D + ReLU) (None, 128, 128, 64) 1792 

4.  
layer_4(Conv 2D + ReLU) (None, 128, 128, 64) 36928 

5.  
layer_5(Max-Pooling 2D) (None, 64, 64, 64) 0 

6.  layer_6(Conv 2D + ReLU) (None, 64, 64, 128) 
73856 

7.  layer_7(Conv 2D + ReLU) (None, 64, 64, 128) 
147584 

8.  
Layer_8(Max-Pooling 2D) (None, 32, 32, 128) 0 

9.  layer_9(Conv 2D + ReLU) (None, 32, 32, 256) 295168 

10.  layer_10(Conv 2D + ReLU) (None, 32, 32, 256) 590080 

11.  layer_11(Conv 2D + ReLU) (None, 32, 32, 256) 590080 
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12.  layer_12(Conv 2D + ReLU) (None, 32, 32, 256) 
590080 

13.  
layer_13(Max-Pooling 2D) (None, 16, 16, 256) 0 

14.  layer_14(Conv 2D + ReLU) (None, 16, 16, 512) 
1180160 

15.  layer_15(Conv 2D + ReLU) (None, 16, 16, 512) 
2359808 

16.  layer_16(Conv 2D + ReLU) (None, 16, 16, 512) 
2359808 

17.  layer_17(Conv 2D + ReLU) (None,16,16,512) 
2359808 

18.  layer_18(Max-Pooling 2D) (None,8,8,512) 
0 

19.  layer_19(Conv 2D + ReLU) (None,8,8,512) 
2359808 

20.  layer_20(Conv 2D + ReLU) (None,8,8,512) 
2359808 

21.  layer_21(Conv 2D + ReLU) (None,8,8,512) 
2359808 

22.  layer_22(Conv 2D + ReLU) (None,8,8,512) 
2359808 

23.  layer_23(Max-Pooling 2D) (None,4,4,512) 
0 

24.  
layer_24( Dense + ReLU) (None,4,4,300) 153900 

25.  
layer_25(dropout(0.3)) (None,4,4,300) 0 

26.  
layer_26(flatten) (None,4800) 0 

27.  
layer_27(Dense_1+Sigmoid) (None,1) 4801 

 

 

 

Trainable parameters: 158701 

                                               Non Trainable parameters:20024384 
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B. Hyper-Parameter Training 

        The development of an algorithm capable of self-training to discern images 

of normal and cardiomegaly hearts from CXR images entails the establishment 

of numerous parameters and sub-techniques.  

1. Dataset split: The dataset is uploaded to the suggested system in this stage 

before the completion of the image pre-processing process. 30% of the dataset is 

used for testing, while 70% is for training. 

2. Loss function: Since we are dealing with binary and multiple class’s 

classification problems, and memory is needed to do the training fast, so choose 

the Binary Cross-Entropy and Sparse Multiclass Cross-Entropy Loss (as 

described in the chapter two). Notice with this method, the labels provided to 

the loss function must be integer. 

 3. Optimizer: The optimization process is about finding the best parameters 

and values for the kernels and biases, to set the training operation correctly (as 

described in the chapter two). In our approach, the Adam optimizer is chosen. 

Due to its high performance. The number of epochs is set to 20, the batch size is 

set to 120, and the starting learning rate is set to 0.001. 

4. The early stopping strategy: Early stopping technique is used to regulate the 

training of models (as described in the chapter two). 

 In our model training, the validation dataset is set as the stopping criteria. When 

the performance of the model comes to a halt increase decreases on the plateau, 

the principle of early stopping is adopted, when it can be demonstrated that the 

value of accuracy of training or of validation stayed constant and maintained a 

specific level after 81 periods, training is terminated. 

 Algorithm (3.4) illustrate how the suggested model's training is carried out for 

binary classification. 
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Algorithm (3.3): Training CNN model –Binary class 

Input:  Heart segmented, epoch . 

          y: set of labelled CXR. 

Output: training CNN model 

Begin                                                                                                                

N = number of images in Labeled_training_dataset.                     

For i=1 to epoch 

       Call Algorithm (2.1) to extract the most Significant features. 

       Pass the most Significant features from previous step into dense layer. 

                                                                                                     # Dense with (300)unit. 

      Drop 30% randomly selected connections. 

       Convert the multidimensional feature map into 1-D vector (Flatten layer). 

       Pass the vector from previous step into Dense1 layer.            

                                                                                                        #Dense 1 with (1) unit                                                                                                                                  

       Pass output of Dense1 layer into the equation (2.8) for computing S. 

                                    #(S) Sigmoid- function was used to calculate the probabilities   

                                        vector.  

       Pass (S and y) into the equation (2.11) to compute the value of the loss.  

      Call (2.2) algorithm to update the weights, filters, and biases of  CNN_model.      

End i                           

End.  
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3.7 System Extension 

     The previous model has been upgraded to cover all stages of Cardiomegaly 

(Mild, Moderate, and Severe) cases. 

To perform all stages, the new strategy is identical to the previous one, with a 

few adjustments in the design. In order to produce better outcomes. 

A.The New Design: New layers are added to extend the design. 

 Layer_27 (Dense _1): A fully connected layer with 64 units. 

 Layer_28 (Dense _2): is a dense layer with 3 units and softMax activation is 

added to obtain the output probabilities for each class. 

The modified expanded design of the model (Three Classes) is shown the 

detailed structure of the new layers is shown in Table (3.2). Algorithm (3.5) 

illustrates how the suggested model's training is carried out. 

Table (3.2) Show Structure of the new design CNN.  

 Layer Name 
 

Output layer Param# 

1.  
layer_1(Conv 2D + ReLU) (None,128,128,3) / 

2.  
Layer_2(rescaling) (None,128,128,3) / 

3.  
layer_3( Conv 2D + ReLU) (None, 128, 128, 64) 1792 

4.  
layer_4(Conv 2D + ReLU) (None, 128, 128, 64) 36928 

5.  
layer_5(Max-Pooling 2D) (None, 64, 64, 64) 0 

6.  layer_6(Conv 2D + ReLU) (None, 64, 64, 128)  73856 

7.  layer_7(Conv 2D + ReLU) (None, 64, 64, 128) 

147584 

8.  
Layer_8(Max-Pooling 2D) (None, 32, 32, 128) 0 

9.  layer_9(Conv 2D + ReLU) (None, 32, 32, 256) 

295168 
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10.  layer_10(Conv 2D + ReLU) (None, 32, 32, 256) 

590080 

11.  layer_11(Conv 2D + ReLU) (None, 32, 32, 256) 

590080 

12.  layer_12(Conv 2D + ReLU) (None, 32, 32, 256) 

590080 

13.  
layer_13(Max-Pooling 2D) (None, 16, 16, 256) 0 

14.  layer_14(Conv 2D + ReLU) (None, 16, 16, 512) 

1180160 

15.  layer_15(Conv 2D + ReLU) (None, 16, 16, 512) 

2359808 

16.  layer_16(Conv 2D + ReLU) (None, 16, 16, 512) 

2359808 

17.  layer_17(Conv 2D + ReLU) (None,16,16,512) 

2359808 

18.  layer_18(Max-Pooling 2D) (None,8,8,512) 

0 

19.  layer_19(Conv 2D + ReLU) (None,8,8,512) 

2359808 

20.  layer_20(Conv 2D + ReLU) (None,8,8,512) 

2359808 

21.  layer_21(Conv 2D + ReLU) (None,8,8,512) 

2359808 

22.  layer_22(Conv 2D + ReLU) (None,8,8,512) 

2359808 

23.  layer_23(Max-Pooling 2D) (None,4,4,512) 

0 

24.  
layer_24( Dense + ReLU)  (None,4,4,300) 153900 

25.  
layer_25(dropout(0.3))  (None,4,4,300) 0 

26.  
layer_26(flatten)  (None,4800) 0 

27.  
Layer_27(Dense_1+Relu)  (None,64) 307264 

28.  
layer_28(Dense_2+softmax)  (None,3) 260 

 
20,485,808Total Parameter:  

parameters: 461,424Trainable  
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Algorithm (3.4) Training CNN model –multi class 

Input:  Heart segmented,epoch . 

           y: set of labelled CXR. 

Output: training CNN model 

Begin                                                                                                                

N = number of images in Labeled_training_dataset. 

For i=1: epochs 

       Call Algorithm (2.1) to extract the most Significant features. 

       Pass the most Significant features from previous step into dense layer. 

                                                                                                     # Dense  with (300)unit. 

      Drop 30% randomly selected connections. 

       Convert the multidimensional feature map into 1-D vector (Flatten layer). 

       Pass the vector from previous step into Dense1.      

                                                                                                      #Dense1 with (64)unit.  

       Pass output of Dense1 layer into Dense 2.                 

                                                             #Dense 2 with (3) unit.                                                                                                 

       Pass output of Dense2 layer into the equation (2.10) for computing S1. 

                             #(S1) softmax- function was used to calculate the probabilities vector.  

       Pass (S1 and y) into the equation (2.11) to compute the value of the loss.  

     Call (2.2) algorithm to update the weights, filters, and biases of  CNN_model.      

End i                           

End.  
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       During the test stage of the CNN, the test is carried out on the unnoticed test data and 

starts with preprocessing according to the algorithm (3.1). The next step is to extract the 

heart Segmentation  images according to the algorithm (3.2) and use them in the 

convolutional neural network structure in the forward direction only to extract the 

features, and then classify these images into binary classification (Normal and 

Cardiomegaly) or categorization (Cardiomegaly cases) using the CNN-VGG19 deep 

learning. 
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CHAPTER Four 

4 Results and Discussion 

4.1 Introduction 

    The present chapter aims to elucidate the performance outcomes yielded by the 

system. The system's performance results will be discussed in this chapter, which 

is divided into two phases: training and testing. Each of these phases encompasses 

three steps: (1) the preprocessing steps results, (2) the outcomes of the build of the 

masks of chest x-rays and segmented CXR images, and (3) the Results of the 

classification phase of binary and multi of cardiomegaly. Moreover, this section 

meticulously covers the chest X-ray image database and its segregation, provides a 

complete breakdown of the outcomes for every stage within the suggested system, 

and assesses the proposed system's performance by computing metrics for 

performance. These findings were acquired with the Python programming 

language version 3.8.3. 

4.2 Hardware and Software requisites 

    The proposed system for detecting cardiomegaly is operated through the use of a 

personal computer (specifically, a Think Pad with an Intel (R) Core i7- 8565U @ 

1.80 GHz for CPU, 8 GB RAM, and a 64-bit OS), as well as Google Colab as a 

collaborative tool. Google Colab, an open Jupiter Notebook environment that 

functions entirely in the cloud, is utilized to leverage free GPUs for model training. 

This platform is highly suitable for deep learning tasks, allowing for the rapid 

training of large databases and complex models on Google's computing resources 

(GPU). The implementation of the system is facilitated through the use of 
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TensorFlow, an open-source programming library developed by Google that is 

focused on utilizing tensors to achieve effective results, and Keras, a neural 

network library based on TensorFlow. Furthermore, the system's implementation 

of the CNN code employs the open-source programming language, Python, and 

utilizes several open-source libraries such as Open, Sci-kit Learn, and Pandas. 

These libraries are specifically designed to address machine learning and data 

analysis tasks. 

4.3 CXR dataset Preparations 

     The data for this thesis is sourced from Kaggle and consists of (5,552) CXR 

images obtained from the NIH Clinical Center. This dataset encompasses both 

normal cases and instances of cardiomegaly. To facilitate model training and 

evaluation, these CXR images are divided into a 70% training set (3,886) 

consisting of (1,943) CXR images for normal hearts and (1,943) CXR images for 

cardiomegaly. Additionally, a 20% testing set (1,110) CXR images is created, 

consisting of (555) normal heart CXR images and (555) cardiomegaly CXR 

images, and 10% for validation set (556) CXR images is created, consisting of 

(278) normal heart CXR images and (278) cardiomegaly CXR images. 

Within the subset focusing on the Cardiomegaly class of (2776) CXR images, a 

finer division is performed based on the severity of the condition. This results in a 

70% training set (1943) CXR images consisting of (647) CXR images representing 

the mild stage, (648) CXR images representing the moderate stage, and (648) CXR 

images representing the severe stage, and the 20% testing set (556) CXR images. 

This set of cardiomegaly cases is further subdivided into (185) CXR images for the 

mild stage, (185) CXR images for the moderate stage, and (186) images for the 

severe stage, and validation set (277) CXR images consisting of (92) CXR images 
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representing the mild stage, (93) CXR images representing the moderate stage, and 

(92) CXR images representing the severe stage.The dataset is partitioned for both 

binary and multi-class models, and separate training and testing phases are 

established as shown in Tables (4.1) and (4.2), respectively. Visual representations 

of the original chest X-ray images are presented in Figure (4.1), depicting 

examples of both normal cases and cardiomegaly cases across different severity 

levels (mild, moderate, and severe). 

 Table (4.1) Statistics of CXR images division (binary class). 

 Normal Cardiomegaly Total 

Train 1943 1943 3886 

Test 555 555 1110 

Validation 278 278 556 

Total 2776 2776 5552 

Table (4.2) Statistics of CXR images division (multi-class). 

 Mild Moderate Severe        Total 

 

Train 647 648 648 1943 

Test 185 185 186 556 

Validation 92 93 92 277 

Total 924 926 926 2776 
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 Figure (4.1) Samples of the CXR dataset :( a) samples of the normal dataset, 

(b) Samples of the Cardiomegaly dataset. 

4.4 Results of the Proposed System's Implementation. 

    This section describes the detailed output of the steps of the cardiomegaly 

proposed system. The outputs are organized into two phases: the outputs of the 

training phase, and the outputs of the test phase. 

4.4.1 Outputs of the Training Phase 

    To be trained, all training samples (3886 of heart segmentation images) for 

binary class and (1943 heart segmentation images) for multi-class with their labels 

(a) 

(b) 
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must pass through the system at the same time during the training phase. The 

following are the results and output of the preprocessing steps, mask CXR and 

segmented CXR images generation steps, and classification steps. 

4.4.1.1 Results of Applying Prepossessing of CXR Images 

     The preprocessing stage encompasses four principal stages. The outcomes of 

employing the preprocessing techniques to CXR image databases are presented in 

Figure (4.2), based on the following steps.  

 Resize CXR to (128*128). 

 Cropping CXR images. 

 CXR Image Optimization (enhances brightness (0.5), enhance contrast    

     (1.5), enhance sharpness (1.5). 

 Remove Noise (Median Filter).  

In order to see the effect of the pre-processing operations on the CXR images in 

the dataset, a sample of three images is selected to see the effect of the images' pre-

processing operations. These three images are displayed first in their original form. 

After that, the operation of the pre-processing operation is shown in all three 

images to see the effect of the operation. 

Figure (4.2.a) shows the original CXR image before pre-processing. After that, the 

CXR images are resized into 128*128 pixels in Figure (4.2.b),Figure (4.2.c) shows 

the cropping of the CXR images, this procedure entails choosing and extracting a 

specific region of interest within the images In order to exclude unnecessary 

information,. Figure (4.2.d) shows the CXR images after applying enhancement 

steps, including enhancing the brightness, contrast, and sharpness. This 

optimization process targets the augmentation of the diagnostic value of the 
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images by amplifying contrast, sharpness, and adjusting brightness. Figure (4.2.e) 

shows the CXR images after applying a median filter, Notice that images are 

generally clearer after this step. 

 

                                                                                         

Figure (4.2) Depicts the CXR images before and after pre-processing. 

4.4.1.2 Result of Build The Mask 

      Morphological operation and intensity thresholding are used for CXR 

image segmentation processes. Figure (4.3) depicts the heart 

segmentation results from CXR images as follows: Binary image (the 

result of Otsu thresholding), Inverse image, Gaussian filter on 

complement image, morphological closing and opening operation, and 

multiply the image mask by the enhanced image to produce the ROI 

image. 

 

(a) (b) (c ) 

 

(d) (e) 
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Figure (4.3): illustrate the stage of building the mask, (a) Enhanced CXR 

image,(b) Binary image,(c) Inverse image,(d) Gaussian filter,(e) close and 

open operation,(f) Multiplication mask 

1.1.4.4 Results of The Classification Phase 

   In this thesis, two classifiers (CNN-Sigmoid and CNN-SoftMax) are utilized to 

detect Cardiomegaly infected instances: 

4.4.1.3.1 Results of the Binary Classification Steps 

      In the current phase, there are two distinct classes (normal and cardiomegaly), 

and the convolutional neural network architecture consists of the remaining layers: 

 

(a)  (b) (c) (d) (e) (f) 
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 Dense layer: adds a new 300-unit with a rectified linear activation function. 

 Dropout: adds a 0.3 dropout layer to prevent overfitting. 

 Flattening Layer: This stratum is responsible for the conversion of feature maps, 

which are inherently three-dimensional, into a singular vector that exists in a one-

dimensional plane. This transformation yields an output of dimensions 4 × 4 × 

300, resulting in a vector length of 4800. 

 The dense layer 1 is fully connected stratum comprising a one-unit configuration. 

Within this layer, the sigmoid activation function which computes the probability 

for each class on the basis of the given input image. The probability is sent to the 

loss function sparse categorical cross-entropy to calculate the error value, which is 

then used to modify (update) the weights using the back propagation method. 

In the training phase, the proposed methodology uses the Adam optimization, 

learning rate reduction to improve the value of the validation loss when model 

performance stops increasing (reduce on the plateau), batch size = 122, and early 

stopping to find the best number of epochs (maximum = 20). Figure (4.4) shows 

the evaluation of CNN's accuracy performance the evaluation of CNN's 

performance in accuracy score is the total amount of errors the model predicted 

since it can be noticed that the value of accuracy for training or validation did not 

change and stabilized at a certain value after 18 epochs, so the training was 

stopped.             
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Figure (4.4) Depicts the accuracy curve for the training and validation 

samples (with mask). 

Figure (4.5) depicts the curves of learning loss of training and loss of validation 

when a model has been trained on images of CXR masks and segmented CXR 

images.  

 

Figure (4.5) Shows the curve of loss for training and validation sample(with 

mask). 

When tested, this training resulted in a high-performance model. The confusion 

matrix extracted by the test phase is depicted in Figure (4.6).  
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Figure (4.6) Confusion matrix obtained during system test phase (with mask). 

When the model is trained on the processed CXR images (without Mask), the 

Performance metrics decrease, as shown in Table (4.3) shows the performance of 

the CNN training model on the Mask of CXR images and without the mask CXR 

images, in terms of Sensitivity, precision, F-score, and Accuracy. 

Table (4.3) Shows the result of the performance for the binary class. 

F-score Precision Sensitivity Accuracy  

99.6% 99.8% 99.4% 99% With mask 

94.6% 91.9% 97.5% 94.5% Without mask 

 

The results presented above demonstrate the superior efficacy of the binary 

classification model with the mask in the detection of cardiomegaly by the X-ray 
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images when compared to its counterpart the model lacking the mask. Figure(4.7) 

show the confusion matrix for this model without mask. 

 

Figure (4.7) The confusion matrix of the test sample(without mask) 

4.4.1.3.2 Results of the Multi- Classification Steps 

    In this phase of the system's development, the (Softmax) function is used to 

classify cardiomegaly conditions, there are three distinct classes (mild, moderate, 

and severe), and the convolutional neural network architecture consists of the 

remaining layers: 

•   Dense layer: adds a new 300-unit with a rectified linear activation function. 

 Flattening Layer: This stratum is responsible for the conversion of feature maps, 

which are inherently three-dimensional, into a singular vector that exists in a one-

dimensional plane. This transformation yields an output of dimensions 4 × 4 × 

300, resulting in a vector length of 4800. 

 Dense layer 1: fully connected, and this layer uses a rectified linear unit ReLU 

function for activation with 64 units. 
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 Dense layer 2: output layer, fully connected layer with three units. This layer's 

output is fed, to the SoftMax activation function which computes the probability 

for each class on the basis of the given input image. The probability is sent to the 

loss function sparse categorical cross-entropy to calculate the error value, which is 

then used to modify (update) the weights using the back propagation method. 

In the training phase, the proposed methodology uses the Adam optimization, 

learning rate reduction to improve the value of the validation loss when model 

performance stops increasing (reduce on the plateau), batch size = 122, and early 

stopping to find the best number of epochs (maximum = 20). Figure (4.8) shows 

the evaluation of CNN's accuracy performance the evaluation of CNN's 

performance in accuracy score is the total amount of errors the model predicted 

since it can be noticed that the value of accuracy for training or validation did not 

change and stabilized at a certain value after 18 epochs, so the training was 

stopped. 

 

Figure (4.8) Depicts the accuracy curve for the training and validation 

samples (with mask). 
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Figure (4.9) depicts the curves of learning loss of training and loss of validation 

when a model has been trained on images of CXR masks and segmented CXR 

images. 

 

Figure (4.9) The curve of loss for training and validation samples(with mask).  

This training produced a high-performance model when tested. Figure (4.10) 

depicts the confusion matrix obtained during the testing phase.  

 

Figure (4.10) Confusion matrix obtained during the multi-class system test 

phase (with mask). 
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When the model is trained on the processed CXR images (without Mask), the 

Performance metrics decrease, as shown in Table (4.4) shows the performance of 

the CNN training model on the Mask of CXR images and without the mask CXR 

images, in terms of Sensitivity, precision, F-score, and Accuracy.  

   Table (4.4) Shows the result of performance for the Multi - class. 

F-score Precision Sensitivity Accuracy  

95.2% 96.3% 95.6% 97% With 

mask 

91.2% 92.3% 91.6% 92% Without 

mask 

The results presented above demonstrate the superior efficacy of the multi- 

classification model with the mask in the detection of cardiomegaly by the X-ray 

images when compared to its counterpart the model lacking the mask. Figure 

(4.11) show the confusion matrix for this model without mask.               

 

Figure (4.11) Confusion matrix obtained during the multi-class system test 

phase (without mask). 
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1.1.4  The Results of Testing Phase 

      During the testing phase, the proposed system will utilize 30% of the Kaggle 

chest X-ray image database (1666 CXR images) as test samples for binary 

classification, and (833 CXR images) as test samples for multi- classification. 

These samples will be processed by the system without their labels to evaluate the 

system's performance. The test phase follows the same feature extraction steps as 

the training phase, but only in a forward direction as the images are passed through 

the designated blocks for feature extraction in the convolutional neural network 

architecture -VGG19 blocks. The system will then classify the test images into 

(Normal and Cardiomegaly) for binary classification, and classify cardiomegaly 

CXR images into (mild, moderate, and severe). At the classification stages, the 

system will utilize the Sigmoid and Softmax functions to identify cases of 

cardiomegaly and output the results of the proposed system. The Figure (4.12) 

displays samples of the test data. 

 

Figure (4.12) Show the CXR samples for testing. 
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    To undertake comprehensive validation for the proposed system, a comparative 

analysis between the outcomes attained through the aforementioned approaches 

and those reported in the extant literature and using the same dataset, Table (4.5) 

summarizes the findings, and the two approaches achieved high performance 

compared to other studies. 

Table (4.5) Comparison of the suggested method to other methods 

Author Study Techniques Dataset Performance 

Accuracy (%) Sensitivity (%) 

Isarun.Chamveha,et 

al.2020[13] 

U-Net with 

VGG16 

encoder 

NIH 

 

67.1 0.81 

Diego.A.Cardona 

ardenas,et.al. 2020 [1] 

EfficientNet, NIH 

 

0.910 0.760 

DenseNet   

MobileNet 0.901 0.822 

XceptionNet   

InceptionNet 0.886 0.869 

Megha.Rathi.et.al. 2020 

[16] 

CNN 

CNN with 

transfer 

learning 

VGG16 

NIH 55 

60 

 

Hyun.Yoo,et.al.2021[19] ResNet and 

Explainable 

Feature Map 

NIH 

 

80  

Mohammed Innat,et 

al.2023[21] 

CXR-

ResNet50 

NIH 75  

CXA_Incep

Res2 

84.75  

CXR_Dense

Net201 

80.58  
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CXA_Dense

121 

85  

Proposed system- Binary 

classification 

DCNN NIH-Kaggle 99 99.4 

Proposed system/Multi-

classification 

DCNN NIH-Kaggle 97 95.6% 
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CHAPTER FIVE 

Conclusion and Future Work 

5.1 Conclusions 

     The following are the essential conclusions of the results obtained from 

using the suggested method for cardiomegaly diagnosis in chest x-ray (CXR) 

images: 

1. Prepossessing is an important phase in which images are optimized to be 

suited for the subsequent phases. It is also the most crucial and fundamental 

step in image classification. It is used to increase image quality. 

2. The proposed system is fast, the CXR images prediction time takes 

approximately (0.06) milliseconds for one image when using the suggested 

system which reduces the problems of handling more Cardiomegaly cases 

and allows the system to be used in real-time. 

3. The design and training of the proposed system are upgraded to include all 

the different classes of Cardiomegaly (mild, moderate, and severe), with 

results of 97% accuracy,95.6% sensitivity, 96.3 % precision, and an F-score 

of 95.2%, our model showed high performance. 

4. The performance of this system is compared with other research that used 

the same dataset (Kaggle-NIH) and with other techniques, which showed the 

proposed system has higher performance than the previous researches. 

5. The same systems of (binary and multi-class) cardiomegaly are trained and 

tested on the preprocessed CXR images bypassing the mask creation phase. 

The result of accuracy is 94.5% for binary classification and 92% for muli-

class. 

6. The process of feature extraction from cardiomegaly-afflicted chest X-ray 

(CXR) images is more accurate by using the VGG19 architecture, and this is 

reflected in the efficiency of the system. 
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5.2  Suggestion for Future Works 

1. Develop the proposed system further to include more heart diseases like 

Coronary Artery Disease, Congenital heart disease, Heart Valve Disease, and 

Heart failure, Cardiomyopathy. 

2. Using another deep learning technique instead of a Convolution Neural 

Network. 

3. Training and testing of the proposed system on another dataset, such as   CT 

scan. 
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تــــالخلاص  

ًٚكٍ انُظش إنٗ حضخى انمهب ػهٗ أَّ يؤشش ػهٗ زبنت طبٛت ٔنٛس يشضًب يُفصلاً. فٙ َطبق انخمًٛٛبث     

صٕسة انصذس ببلأشؼت انسُٛٛت إنٗ ٔخٕد حضخى فٙ انمهب. حشًم نزدى انمهب  فٙ ضٚبدةان حشٛشانخشخٛصٛت ، 

رنك اسحفبع ضغظ انذو ٔيشض انششٚبٌ انخبخٙ يسبببث حضخى انمهب يدًٕػت يٍ انؼٕايم انًسببت ، بًب فٙ 

ٔالانخٓبببث ٔانخشْٕبث انٕساثٛت ٔاػخلال ػضهت انمهب. بسبب ػذو ٔخٕد يؤششاث ٔاضست خلال انًشازم 

انًبكشة ، ًٚكٍ أٌ حخشأذ ػٕالب حضخى انمهب يٍ يؤلخت إنٗ دائًت ، يغ يضبػفبث خطٛشة بًب فٙ رنك 

انمهب. إٌ انخسذٚذ ٔانخشخٛص انذلٛك نخضخى انمهب فٙ انٕلج انًُبسب  انسكخت انمهبٛت ٔانًٕث انًفبخئ ٔفشم

 .نًٓب أًْٛت لصٕٖ فٙ حسٓٛم أسبنٛب انؼلاج انفؼبنت ٔحسسٍٛ َخبئح انًشضٗ

حضخى  خصُٛفنCNN-VGG19) ) انؼًٛكانٓذف يٍ انشسبنت ْٕ حمذٚى طشٚمت آنٛت لبئًت ػهٗ انخؼهى     

انصذس ببلأشؼت انسُٛٛت نـ )انًؼبْذ انٕطُٛت نهصست(، ْٔٙ يخبزت ، ٔرنك ببسخخذاو يدًٕػت بٛبَبث انمهب

صٕسة أشؼت سُٛٛت نهصذس, حشًم يدًٕػت انبٛبَبث ْزِ كلاً يٍ  (5555)ٔانز٘ ٚخكٌٕ يٍ  Kaggleػهٗ

 .( زبنت حضخى انمهب5772( ٔ )5772انسبلاث انؼبدٚت )

بخغٛٛش ت انًؼبندت انًسبمت ، ٔانخٙ حبذأ ٚسخٕ٘ انُظبو انًمخشذ ػهٗ أسبغ يشازم, انًشزهت الأٔنٗ ْٙ يشزه

، ٔحسسٍٛ صٕسة انصذس ببلأشؼت انسُٛٛت فٙ  ٔلصٓب (851*  851صٕسة انصذس ببلأشؼت انسُٛٛت إنٗ ) زدى

 .)انخببٍٚ ، ٔانسذة ، ٔانسطٕع( ، ٔأخٛشاً إصانت انضٕضبء

بطك راث الأًْٛت انخٙ حخٕافك حخضًٍ انًشزهت انثبَٛت إَشبء ألُؼت نصٕس حضخى انمهب ، يًب ٚخٛر حسذٚذ انًُ

يغ حضخى انمهب فٙ صٕس الأشؼت انسُٛٛت نهصذس. حسخهضو ْزِ انؼًهٛت اسخخذاو انؼخبت ٔانًششسبث ، بًب فٙ 

 .، نخؼضٚض ٔضٕذ ٔػضل يُبطك حضخى انمهب Gaussian ٔ Morphology رنك يششسبث

 ضخى انمهب ببسخخذاو ًَٕرجانًشزهت انثبنثت ْٙ الاسخخشاج انذلٛك نهًٛضاث راث انصهت يٍ صٕس ح

(VGG19). 

حخضًٍ انًشزهت انشابؼت حصُٛف صٕس انصذس ببلأشؼت انسُٛٛت، ٔانخٙ حخى فٙ فئخٍٛ يخًٛضحٍٛ. انفئت الأٔنٗ 

ْٙ انخصُٛف انثُبئٙ، انز٘ ٚمسى انصٕس إنٗ حصُٛفٍٛ "ػبد٘" ٔ "حضخى انمهب". انفئت انثبَٛت يخؼذدة 

نخمٛٛى كفبءة .ضخى انمهب، ٔانخٙ حشًم خفٛفت، ٔيخٕسطت، ٔشذٚذةانخصُٛفبث، ٔانخٙ حشكض ػهٗ يشازم ح

كًمبٚٛس  Fscore انًُٕرج انًمذو، حى اسخخذاو يؼبٚٛش انخمٛٛى بًب فٙ رنك انذلت ٔانسسبسٛت ٔانذلت ٔدسخت

حًج يُبلشت انُخبئح ٔاخخببس كبفت خٕاَب انُظبو انًمخشذ ٔخًٛغ يشازهّ بشكم يخؼًك ٔأظٓشث  .أسبسٛت

%( ػهٗ 97%( )99انُخبئح دلت كبٛشة فٙ حصُٛف حضخى انمهب نهفئت انثُبئٛت ٔانفئبث انًخؼذدة ٔٔصهج إنٗ )

 انخٕانٗ.

شؼت انسُٛٛت نهصذس زٕانٙ انطشٚمت انًمخشزت سشٚؼت خذاً فٙ انخشخٛص، ٚسخغشق ٔلج انخُبؤ نصٕسة الأ

 .( ثبَٛت نصٕسة ٔازذة2...)
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