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Abstract 

 

The main purpose of Artificial Intelligence (AI) in clinical medicine 

is to create a system that can judge medical conditions as accurately as a 

doctor can. Many medical images are assumed classification as accurately 

as healthcare experts are when the precision of image detection and 

recognition in an image processing approach matches that of a human being.  

Training an artificial neural network (ANN) can assist experts and eradicate 

possible errors that can arise in several illness classification. As a result, this 

thesis develops and implements neural network-based methods for cancer 

classification to expose the neural network's strength in this field. 

The term ANN includes some kind of deep learning model. A special 

computer vision architecture is the Convolutional Neural Network (CNN). it 

was designed to obtain and process pixel data. Several hyper parameters that 

control neural network training such as the learning rate and optimization 

algorithm, must be evaluated to find the best neural network structure that 

has the best performance in the identification and diagnosis of tumors.  

The main aim of this thesis is determine which form of ANN is best 

for diagnosing human diseases in the terms of speed and accuracy, and to 

determine the optimum number of layers and neurons in each layer for both 

forms of CNN and Deep Neural Network (DNN) to obtain the best possible 

precision. 

The proposed methods (CNN and DNN) showed impressive results, 

especially in CNNs, for both brain tumors skin cancer diseases, and there 

was a clear superiority of CNN over DNN; The fact that the CNN relies on 

convolution filters, showed great results in extracting features due to the 

focus on the intended area of the image without the surrounding area, which 

led to a remarkable decrease in the number of parameters and the speed of 

extracting results with higher accuracy. The obtained results indicated that 

the CNN-based method has a high accuracy rate comparing with the other 

existing methods where the accuracy rate of CNN and DNN on the same 

dataset (with 80% training and 20% testing) was 99.60% and 91%  for a 

brain tumor, and 88.0%  and 82% for skin cancer. 
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Chapter One 

General Introduction 

1.1 Introduction 

Medical science currently has an enormous amount of data, including 

major clinical trials, genomic analyses, and numerous imagery styles. 

Physicians in the clinical setting should be able to quickly interpret 

laboratory results and imaging to assess the best treatment plan. Objectively 

analyzing laboratory data may be done, but also subjectively analyzing 

image data. The identification of images in medical sciences plays a major 

role in the classification of images and diagnosis of diseases  [1]. 

The challenge in clinical medicine for Artificial Intelligent (AI) is to 

develop a system that can as reliably judge medical conditions as a doctor. 

Medical image analysis is a major burden for physicians and is therefore 

used to complement the image processing technique [2].  

Intelligent tools can enhance disease detection and prevention, and 

they can be a huge help to physicians. Predictive modeling is an essential 

part of many healthcare challenges' solutions. It is important to use an 

alternative method in predicting illness, training an artificial neural network 

can assist experts and eliminate potential errors that can occur in many 

illness diagnoses. As a result, this thesis tries to come up with a reasonably 

efficient solution by developing and implementing a neural network-based 

system for predicting cancer to reveal the strength of the neural network in 

this field. 

Tumors in the brain can vary from form to texture and place of the 

tumor based on a few variables. The physicians can identify and anticipate 
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the patient's recovery, depending on the type of tumor, and can also choose 

a medication that can vary from surgery, chemotherapy, and radionuclides 

to a wait-and-see plan that prevents intrusive procedures. Therefore, tumor 

grading is critical in the preparation of treatment and monitoring of care. 

Magnetic resonance brain image analysis has long been an important area of 

research, drawing researchers to work on various tasks, such as detecting 

and dividing lesions, tissue segmentation, and brain segmentation in 

newborns, infants, and adults [3]. 

Per year, there are 5.4 million new skin cancers. Early diagnosis of 

skin cancer is very important because, if detected at the first stages, the 

average five-year rate of survival falls for more than 99%, although it 

declines to just around 14% if diagnosed in its late stages [4]. 

Recently, in several problems for analyzing medical image 

applications including image segmentation, classification, and de-noising, 

deep learning (DL's) techniques have played an important part. 

Convolutional neural networks (CNN) are a type of deep learning 

architecture that is used lately to perform complex operations that involve 

the identification of local multi-dimensional features. Convolutional filters 

have been used in the diagnosis of diseases such as brain tumors and skin 

cancer, and they have provided higher precision with less complication [5]. 

1.2 Convolutional neural network overview 

A convolutional neural network (sometimes referred to as  ConvNet) 

is a class of deep neural networks used to analyze visual imagery in deep 

learning  [6].The convolution kernels or filters that slide along input features 

and create translation equivariant responses known as feature maps are 

based on a shared-weight design, they are often known as Shift Invariant or 
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Space Invariant Artificial Neural Networks(SIANN). Surprisingly, most 

CNNs are just equivariant, rather than invariant [7]. Video and Image 

recognition, financial time series, brain-computer interfaces, natural 

language processing, recommender technologies, medical image detection, 

and image segmentation and classification are only some of the areas where 

they can be used. 

When CNN is applied to image analysis, the input is convolved by 

convolutional layers, which then transfer the output to the layer after. This 

was motivated by the reaction of the neuron to a particular stimulus in the 

human visual cortex. In image recognition, a CNN that is well-trained 

comprises of a hierarchy of details like a corner, edge, a section of an image 

[8]. A single CNN architecture has several convolutionary layers and 

pooling layers, with a completely linked layer following them. The main 

objective of a convolution layer is to abstract features that are learnable 

from the images, such. The special filter operator parameters, called a 

convolution, are educated and two inputs are taken for mathematical action, 

namely an image and a kernel. Visual characteristics can be effectively 

extracted by learning consequential kernels. The method of convolution can 

be achieved by using a filter bank where each filter is a squared mesh 

moving over the input image. Using the weight of the filter the moveable 

grid image is resumed and several filters are used to construct more 

functional maps of the convolutionary layer [9]. 

To achieve completion of image processing operations, Convolution 

is an essential component of CNN. The map size is reduced efficiently by 

pooling layers. The object forms and position of the semantic features found 

in the image are also preserved. Bundling thus reduces the convolutionary 

layer of the object to minor changes or distortions. In most cases, maximum 
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pooling is used empirically. It is normal to insert periodically the pooling 

layer between successive convolution CNN layers. The high-level inference 

of the neural network occurs through completely connected lays after 

various convolution and pooling layers, which combine all functional 

answers from the complete image to produce the final output [10]. 

Compared to other image recognition algorithms, CNN uses very 

little pre-processing. This allows the network to refine its filters (or kernels) 

utilizing automatic learning although these filters are hand-designed in 

conventional algorithms. This freedom from previous experience and human 

involvement in the extraction of features is a significant benefit [11]. 

1.3 Related Works 
In this section, the study reviews some of the several approaches and 

methods using image processing technique and deep learning that is used for 

brain tumor and skin cancer classification systems, some of them are 

described briefly as follow: 

A. Romero Lopez et al. (2017) [12] focused on the idea that a dermoscopic 

image containing a skin cancer is classified as normal or abnormal by a 

specialized problem of skin cancer classification, especially early melanoma 

identification and a deep-learning approach. The proposed approach is 

constructed around the neural network model of the VGGNet and uses a 

framework of transfer learning. The ISBI 2016 Challenge dataset for Skin 

cancer Analysis towards melanoma detection was used for their 

experiments. The dataset contains a representative mix of images labeled as 

benign or malignant, pre-partitioned into sets of 900 training images and 

379 test images. Investigational findings are promising; the approach 

suggested on the ISIC archive reaches a 78.66% sensitivity score, 

considerably greater than the existing state-of-the-art on the same data set. 
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J. Seetha and S. S. Raja (2018) [13] proposed an automatic brain tumor 

classification system by using CNN to classify the MRI images and 

diagnose a tumor in the brain. The used dataset contains the tumor and 

nontumor MRI images and collected from different online resources. 

Radiopaedia contains real cases of patients, tumor images were obtained 

from Radiopaedia and Brain Tumor Image Segmentation Benchmark 

(BRATS) 2015 testing dataset. The enormous amount of information 

provided by MRI scans thwarts manual tumor vs non-tumor classification at 

a given time. It does also have some restrictions, which means that a small 

number of images have to be accurately quantified. During the deeper 

architecture, small kernels are used. The neuron weight is small. The 

training precision is 97.5%. Similarly, there is a high validation precision 

and a very low validation loss. 

B. Srinivas and G. Sasibhushana Rao (2019) [14] proposed a hybrid 

model (CNN-KNN) for MRI image classification to detect brain tumors. 

This model integrates CNNs with K-Nearest Neighbor (KNN). In this 

model, there are 25 layers, 5 of which are Convolution layers and the 1
st
 

layer of the model is a dimensional input layer equal to the size of the MRI 

image. The 2
nd

 layer in this model is a convolutional layer, which applies to 

the input image a 96 convolutional filter with a size of 11×11×3, stride 4, 

and zero paddings. Experiments are conducted on open dataset images 

chosen from BraTS 2015 and BraTS 2017 database for classification. This 

model's accuracy was determined to be 96.25%. 

S. Manjunath et al. (2019) [15] proposed a system that  is based on CNN 

algorithms  have been put to use for processing medical imagery and 

information in contrast to a manual diagnosis of a tumor, which is a 

tiresome task and involves human error. In general, the functionality is 
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extracted via a CNN, then classified via a fully connected network. A deep 

neural network approach is used in the framework and a CNN model is 

incorporated to identify MRI as tumor detected and tumor not detected. A 

mean accuracy score of 96.08% is obtainable from the model and an F1-

score of 97.3%. 

M. A. Alam Milton (2019) [16] A wide range of methods for detecting skin 

cancers were studied. They experimented with different neural networks 

using recent deep learning models such as the InceptionV4, SENet154, 

InceptionResNetV2, and the PNASNet-5-Large. Tested methods in the 2018 

Challenge Data Collection on the International Skin Imaging Collaboration 

(ISIC). For the PNASNet-5-Large model, the device obtained the best score 

of 0.76%. It was suggested that improving and optimizing the methods 

proposed could increase efficiency by using a larger training data set and 

carefully selected hyper-parameter. 

S. Irsheidat and R.Duwairi (2020) [17] Constructed an Artificial 

Convolutional Neural Networks-based model that analyzes MRI using 

matrices operations and mathematical formulas. This neural network 

calculates the probability of the presence of a tumor in the brain, and it was 

treaned on magnetic resonance images of 98 with tumors and 155 healthy 

brains. There are 253 magnetic resonance images in total in this dataset. 

Data augmentation was used to increase its size to 14 times its original size. 

The model performed exceptionally well in predicting the presence of a 

tumor, with validation data of 96.7 % and a test rate of up to 88.25%. 

D. C. Febrianto et al. (2020) [18] Proposed training two models of CNN 

and comparing them to determine the best CNN model for classifying 

tumors in Brain MRI images. The dataset used in this research is Kaggle's 

Brain MRI Images for Brain Tumor Detection. The dataset contains 253 
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images divided into two categories: 98 brain images without tumors and 155 

brain images with tumors. The result obtained a prediction accuracy of up to 

93%. 

A. Çinar and M.Yildirim (2020) [19] Suggested the diagnosis of brain 

tumor using MRI images through CNN models. The basis is the Resnet50 

architecture, which is one of the CNN models. The Resnet50 model's last 

five layers were removed, and eight new layers were added in their place. 

The brain tumor MRI images used in this research came from the Kaggle 

site's Brain MRI Images for Brain Tumor Detection dataset. There are two 

directories in the dataset. There are 98 tumor-free images on the first page, 

while 155 tumor images on the second folder. A precision value of 97.2% is 

obtained with this model. Googlenet, InceptionV3, Densenet201, Resnet50, 

and Alexnet models are also collected for results. 

M. Toğaçar, et al. (2020) [20] Brain MRNet is a method that is based on a 

CNN model as well. Based on care modules and the hyper-column 

methodology, this architecture features a residual network. First, the image 

in Brain MRNet is preprocessed. Then, by the image augmentation 

technique, the effects of this step are passed to attention modules for each 

image. The image is passed to convolution layers after attention modules 

choose the main image areas. Hyper-column is one of the most important 

technology in the convolution layers used by the Brain MRNet model. The 

array arrangement in the final layer retains the characteristics derived from 

the individual layers of the Brain MRNet model. The success rate of the 

Brain MRNet classification was 96.05 %. 

S. S. Chaturvedi and J. V Tembhurne (2020) [21] Because of its 

optimized architecture and ability to achieve higher accuracy, the 

ResNeXt101 was proposed as a tool for MCS cancer classification that 
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outperformed all expert dermatologists and contemporary deep learning 

approaches. The fine-tuning was carried out on seven classes of the 

HAM10000 dataset, and the performance of five pre-trained convolutional 

neural networks (ResNetXt101) and four ensemble models was compared. 

Among the group of models that includes Inceptionv3, InceptionResNetV2, 

Xception, and NASNetLarge models, the individual model (ResNetXt101) 

has the highest accuracy of 93.20 percent. 

Ohood Fahdil Alwan and Dhahir Abdulhade Abdula (2020) [22]design a 

system to detect and classify skin cancer with high accuracy and sensitivity 

by using the Convolution Neural Network (CNN) .  The dataset was 

collected from the International Skin Imaging Collaboration (ISIC).  The 

system is divided into two types which contain the following stages: image 

acquisition, preprocessing, and classification, while the second part consists 

of image acquisition, classification. There is a significant change between 

the classification with preprocessing and without preprocessing, as with 

preprocessing the accuracy decreased that return to the reason that the 

pictures that were taken to the skin are too close and do not require any 

preprocessing. The maximum obtained accuracy was 85.00%. 

1.4 Problem Definition 

With the significance of the early and accurate classification of 

different types of cancers, several of the recent studies rely on Artificial 

Neural Networks (ANN), according to their outstanding performance in 

both accuracy and execution time, compared to other techniques. Several 

methods rely on using the predefined structure of neural networks, e.g., the 

VGG neural network, or propose a certain structure with a certain number of 

layers and neurons. However, enhancing the number of layers beyond the 

complexity of the features to be detected by the neural network to achieve 
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its task increases the complexity of the required computations without 

implying any improvement to the accuracy. Additionally, the use of a lower 

number of layers can dramatically reduce the accuracy of the neural 

network.  

Finding the best neural network structure, several of the 

hyperparameters that govern the neural network training, e.g., the learning 

rate and optimization algorithm, must be evaluated. This evaluation allows 

the recognition of the best neural networks with their best performance in 

tumor detection and diagnosis, according to the significance of such tasks.  

1.5 Aim of Thesis 

This thesis aims to clarify the usefulness of artificial neural networks 

(ANN) and distinguish which type of ANN is the best in the medical field 

and diagnose diseases with an accuracy that close the human capacity in 

terms of speed and accuracy.  This achieved by verifying the optimal 

number of layers and the number of neurons in each layer for both types 

(CNN and DNN), to achieve the highest possible accuracy and keep model 

structure complication to a minimum. Besides, the ability to use the 

recognized features in diagnosing a different type of cancer is also being 

investigated. Hence, the performance of a specific feature recognized for a 

particular tumor type is used to detect another type. Then, the same 

procedure is repeated to discover optimal features and parameters for the 

other type of cancer, and the difference between performances is clarified 

and discussed. 
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1.6 Thesis Outlines 

The thesis is segmented into five chapters; a brief description of their 

contents is given below: 

Chapter One: This chapter introduces an overview of the work and related 

works. 

Chapter Two: Presents theoretical background for the utilized techniques to 

detect tumors and cancers, as well as the advantages and disadvantages of 

using each type of these techniques. 

Chapter Three: Illustrate the Proposed Systems Implementation. 

Chapter Four: Describes the experiments that are conducted to evaluate the 

proposed systems and validate the hypothesis of this work, in addition to the 

results collected from these experiments. 

Chapter Five: Conclusions, and lists some Suggestions for Future Work.
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CHAPTER TWO 

Theoretical Background 

2.1 Introduction 

In the last two decades, cancer has been one of the leading causes of 

death. It is classified as either malignant or benign depending on the severity 

of the infection and its present stage. Medical photographs are crucial in the 

diagnosis and treatment of patients. Deep learning is a subset of machine 

learning (ML) that is increasingly being used to analyze medical images and 

clinical tools. Since manually detecting a cancer cell is time-consuming and 

prone to human error, computer-assisted mechanisms are used to achieve 

better results than manual pathological detection systems. Convolutional 

neural networks (CNN) are a relatively new technology that has shown to be 

very promising; the convolutional neural network can automatically extract 

features from images and does not need hand-designed features. This 

chapter explains the theoretical foundations of deep learning algorithms, 

specifically CNN. 

2.2 Medical Image Analysis 

Medical imaging refers to the mechanisms that offer visual 

information for the human body. Medical imaging helps to assist 

radiologists and physicians in improving the diagnosis and treatment 

procedure quality. Medical imaging encompasses a variety of imaging 

modalities and is an important part of disease diagnosis and care. To name a 

few, ultrasound, positron emission tomography (PET), magnetic resonance 

imaging (MRI), X-ray and computed tomography (CT) as well as hybrid 

modalities, are among them [23]. These techniques are important for 

detecting anatomical and functional details regarding various body organs 

for diagnosis and research [24]. In today's healthcare systems, medical 
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imaging is a necessary tool. With applications in tumor retrieval, medical 

image annotation, image-guided treatment, recognition, cancer 

classification, and segmentation, machine learning plays a critical role. 

2.3 Deep Learning 

Artificial Neural Networks (ANN) with many hidden layers are 

referred to as Deep Learning. It has been regarded as one of the most 

effective tools in recent decades, and it has become very prominent in the 

literature due to its ability to handle large amounts of data [25]. Deep hidden 

layers have started to outperform traditional approaches in some fields, such 

as pattern and image recognition [26]. DNN and CNN are the most popular 

types of deep neural networks. The CNN inherits its name from the use of 

convolutional filters that collect multi-dimensional inputs to search for local 

features. A CNN can have multiple types of layers; including fully 

connected layers, pooling layer, non-linear layer, and convolutional layers. 

Parameters are available for the layers of convolutional and fully connected, 

but not for the non-linear and pooling layers [27] .In machine learning 

problems, CNN performs exceptionally well, especially in environments 

that interact with image data. The findings achieved by CNN are very 

important in areas such as the largest image classification dataset 

(ImageNet), Natural Language Processing (NLP), and computer vision [28]. 

2.4 Dataset Augmentation 

Combining color modification and affine image transformations is the 

most common modern technique for data augmentation. Shearing, scaling 

(zoom in/out), rotation,  and reflection can all be described as affine 

transformations, see figure (2.1). After various types of affine 

transformations, the same picture Geometric distortions or deformations are 

typically used to maximize the number of samples for deep neural model 
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training, to balance the scale of datasets, and to boost their reliability [29]. 

Blurring, sharpening, white-balancing, enhancing brightness or contrast, and 

histogram equalization are the most popular methods. 

Shear                Zoom in                Reflection                  Rotation 

 

Figure 2.1: Affine transformations on the same image [30]. 

2.5 Deep Neural Networks (DNNs) 

Generally, Deep neural networks (DNNs) are feed-forward networks 

(FFNNs) where the flow of data from the input to output layer does not 

reverse  and the connections between the layers are just one way, forward, 

and never touch another node again [31]. 

Back-propagation is used to obtain the outputs from supervised learning 

with datasets of certain knowledge depending on what is wanted. A deep 

neural network (DNN) is a neural network with a wide number of hidden 

layers. It's a straightforward multilayer perceptron. 

2.6 Convolutional Neural Network  

Over the last decade, CNN has achieved ground-breaking results in a 

range of pattern recognition areas, image processing to speech detection are 

only a few examples. The greatest advantageous feature of Convolution 

Neural Networks is that they reduce the total of parameters available in 

Artificial Neural Networks [32]. This accomplishment has inspired 

developers and researchers to consider bigger models to resolve complicated 

jobs that were previously impossible to solve using traditional ANNs. The 

main principle of CNN solving problems should not be extracted by 
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featured algorithms like others, instead, it used all pixels of input images, 

that are spatially dependent [33]. In other means, for instance, in the case of 

a face recognition app, attention should not be paid to the position of the 

face in the images. It is only essential, regardless of their location in the 

given images, to detect their relative features face to face. The abstract 

characteristics of input propagation to deeper layers would also be another 

significant aspect of CNN. eg, the edge can be identified in initial layers and 

then in the second layer the simpler shapes, as seen in figure (2.2), and 

higher-level characteristics like the faces in next layers [34]. 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 2.2: Learned features from a CNN [35]. 

The CNN layers can be described by two types of terminology, as 

shown in figure (2.3). The first terminology is called simple layer 

terminology (on the right-hand side of the figure), where the CNN is 

observed as a cascaded number of plain layers. Every layer after completing 
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its data processing pushes its output results to the subsequent layer [36]. The 

second terminology is called complex layer terminology (on the left-hand 

side). In that way, a limited number of relatively complex layers are 

regarded as the convolution network, with each layer being several stages 

[37]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3: Components of a typical CNN Layers [37]. 
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2.6.1 Convolution Operation 

Convolution is per-pixel operations, the same mathematical operation 

applied to all pixels in the image or frame. Therefore, the neural network 

complexity and time required to perform convolution operations increase 

when the size of the image or frame increases.  

A filter (sometimes called the kernel) is a two-dimensional matrix of 

real numbers or a smaller-sized matrix in comparison with the input 

dimensions of the image or frame. The filter coefficients vary from one 

application to another [38]. To perform convolution, filter slides over the 

image or frame from the upper left corner of the image and pass over every 

pixel to the lower right corner of the image. The image region that is under 

the filter is called the receptive field, which is the same size as the filter. 

Convolution is performed by multiplication operation between each number 

of the kernel and the corresponding value of image or frame and sum the 

result of the multiplication. Then, the output is normalized by the 

summation of the filter kernel. The result value becomes the new intensity 

of the pixel under the center of the kernel as shown in figure (2.4) [39]. 

 

 

 

 

 

 

Figure 2.4: Convolution layer operation, sliding filter over the given image 

data of input [39]. 



Chapter Two                                         Theoretical Background 

 

17 
 

Figure 2.5 (a and b) explains how the filter slides over the input 

image or frame and inserting the result of convolution operation in the 

output feature map. This figure demonstrates that the size of the output is 

smaller than the input image size. If we have an RGB image (three 

channels), three filters for convolution operation should be used. Therefore 

the dimensions of this filter are 3×3×3, each 3×3 filter is used for a single 

channel to produce one feature map in the output, as shown in figure (2.6) 

[40]. 

To illustrate the convolution operation, assume that the input of the 

CNN has the shape presented as in figure (2.7). It could be a video (The 

height and width of the gray scale video frame is the resolution), an image, 

or even the application in this thesis, which has width and height of 

(224×224 pixels) for the input image (e.g. the color image for the CIFAR-

10, 32×32 pixel width and height data collection, RGB channel depth) [41].  

Assume that raw pixels are received as input for the network. For this 

purpose, 32×32×3 weight connections should be available, to connect one 

neuron to the input layer, another 32×32×3 Weight Connection would be 

necessary when a new neuron has been added to the hidden layer which 

becomes 32×32×3×2 parameters in all. To make it simpler, the input is only 

connected to two nodes by more than 6000 weight parameters. Two neurons 

may be considered to be insufficient for the useful processing of an 

application for image classification. To make it more accurate, link the 

image of input to the next level neurons at the same height and width values. 

The system can apply for the form of processing, as the detection of the 

edges. 

However, if all the input nodes are linked to all hidden layer nodes, 

the network listed requires 32×32×3 by 32×32 connection weights 

(3,145,728) [42]. So CNN has emerged as an alternative to a full 
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connection. When searching for a more accurate approach, it's a good idea 

to search for local sub-regions rather than the entire image, figure (2.8). In 

other words, only information from the respective portion of the prior layer 

is obtained from the hidden neurons in the following layer. For instance, 

5×5 neurons can be associated. So if 32×32 neurons are to be in the next 

layer then 5×5×3 by 32×32 would be linked to total connectivity of 76,800 

compared to 3,145,728  [43]. 
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First hidden layer 
Input neurons 
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(b) 

Figure 2.5:5x5 filter convolving around an input volume and producing 

activation man. a:Sliding the filter over the input image. b: the result in 

the output feature map [44]. 

 

 

 

 

 

 

 

 

Figure 2.6: The depth corresponding to the number of filters used for the 

network convolution [45]. 

Input neurons 

First hidden layer 
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Figure 2.7: Representation of 3D input for the CNN [46]. 

  

 

 

 

 

 

 

 

 

Figure 2.8: As an alternative to a fully connected network, convolution is 

used [47]. 

Although the connections are dropping dramatically, so many criteria 

still remain to be solved. A further assumption is that the local connecting 
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weights for all neurons of the next layer would be set. In the next layer, 

Neural neurons connect with precisely the same weight to the local area of 

the previous layer. 

 Thus, it reduces several additional parameters to 5 × 5 × 3 = 75 and 

connects  32×32×3 by 32×32 by the next stage [48]. 

These fundamental assumptions have several benefits. To begin with, 

the number of links in the example is reduced from about 3 million to only 

75. More interestedly, slide the 5×5×3 window in every neuron input and 

map the output provided by fixing weights for local connections on the 

correspondence. It allows you to identify and detect features regardless of 

the position located in the image. That is why they call it convolutions [49]. 

To display the amazing consequence of the convolution matrix, see table 

(2.1) shows the effect if the connection weight is manually picked in a 

window of 3×3. In this table, The image's edges can be detected using the 

matrix. These matrices are also known as filters because they work similarly 

to traditional image processing filters.  

To make this method more useful, more layers may be inserted after 

the input layer. Each layer may have its own set of filters. As a result, they 

can extract various features from the image. The filters are bound to 

different layers as shown in figures 2.9 ( a and b). Each layer has its own 

filter, resulting in various features being extracted from the input. table (2.1) 

shows neurons with various filters looking at one area of the image [50]. 
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Identity [
                 
                 
                      

] 

 

Find Edge [
                   
                       
                      

] 

 

Difference  

Clouds 
8/16 [

                       
                             
                         

] 

 

Gaussian 

blur 
1/16 [

                        
                       
                       

] 

 

dark strokes [
                         
                         
                        

] 

 

Table 2.1: Effects of different convolution matrices [50]. 
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(b) 

Figure 2.9: Filters corresponding to each layer. a: constraining on a specific 

region.  b: constraining at different regions [51]. 

The performance of convolution operation is affected by some factors 

such as; size and number of filters, stride, and zero paddings. The effect of 

each factor on the convolution performance is shown below: 

 

A. The Size and Number of Filters 

The size and number of filters have a direct effect on the size and 

number of output feature maps. The feature map number used in a 

convolution process is often the same as the number of filters used. 

Additionally, the depth of filters used must equal the number of input 

channels. For example, if we have 96 feature maps from the first 

convolutional layer and 256 filters with size 5x5, then 256 filters each of 

size 5x5x96 should be used. Meanwhile, the size of filters used will be 

effective on the size of output features maps. In the case of convolution 

without empty space, the filter size increases, which reduces the size of the 

output feature map, in contrast, if the size of the filter decreases, the map 

features will increase, for example when the filter is the size of the image, 

the output will be only one pixel  [52].   
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B.  Stride 

The CNN has many additional solutions that provide many 

possibilities to even reduce the parameters, Stride is one of these choices. 

Stride can be defined as the number of pixels by which the filter slides over 

the input image or frame matrix. Therefore, when the stride is equal to 1, 

this means filter one pixel per step is moved over the input image, while 

when if the stride is equal to 2, this means the filter is jumped two pixels at 

each move. The overlap can be manipulated by controlling the stride. Eq. 

(2.1) formalizes the size of the output with a certain stride, N×N (image 

size), and F×F (filter size), as shown in figure (2.10) [53]. 

        
   

 
   (2.1)  

Where N is the input size, F is the filter size, and S is the stride size. 

 

 

 

 

 

 

 

Figure 2.10: The stride effect on the output size [53]. 

C.  Padding 

One of the disadvantages of the convolution stage is the potential for 

information loss at the image's border. When the filter slides, they are never 

captured. The use of zero paddings is a very effective method to solve the 
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problem. To control the output of convolution operation and at the same 

time to include the border pixels of the input image or frame, zero paddings 

are inserted to the border of the input matrix. In this case, slide the filter 

overall input matrix. Another advantage of zero paddings is that it allows 

you to control the generated size. The zero-padding formula has been 

updated as shown in Eq. (2.2) [54]. Figure (2.11) shows the Zero-padding 

operation. 

        
      

 
 (2.2)               

Where P is the number of layers of the zero-padding (e.g. P=1 in figure 

(2.12)), This padding idea helps us to prevent network output size from 

shrinking with depth [55]. 

 

 

 

 

 

 

 

Figure 2.11: Zero-padding operation [55]. 

D. The formula of the Convolutional 

Convolutions are determined according to Eq. (2.3) for one pixel in 

the next layer [56].  
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                        ∑∑                 

 

 

 

 

  (2.3) 

Where           is the output to the next layer,   is the input image and   is 

the kernel or filter matrix, and * is the convolution operation. 

2.6.2 Nonlinearity 

A non-linearity layer in a convolutional neural network consists of an 

activation function that takes the feature map generated by the convolutional 

layer and creates the activation map as its output. The activation function is 

an element-wise operation over the input volume and therefore the 

dimensions of the input and the output are identical [57]. The activation 

function is commonly used as logistic (sigmoid) or hyperbolic-tangent 

functions similar to multilayer perceptron's. However, newer investigations 

indicate, in particular in CNN, that rectified linear units (ReLU), are 

beneficial over conventional activation functions. Notable is that although 

the non-linearity layer is separated from the convolutionary layer, it is not 

unusual to see in the literature a mixture between the non-linearity layer and 

the convolutionary layer. For their layer and architecture description, such 

works use different notes. 

The common forms of nonlinear features as shown in figure (2.12).  

For the following purposes listed, Rectified Linear Unit (ReLU)  was mostly 

used [58]:  

i. ReLU has easier definitions in both function and gradient, as 

shown in the two equations below (2.4)(2.5) [59]:  

                   (2.4) 
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                                  (2.5) 

ii. Back-propagation problems are caused by saturated functions like 

sigmoid and tanh. As the design of the neural network deepens, the 

gradient signal starts disappearing, which is called the 

vanishing gradient. This is because the gradient of these functions is 

nearly zero except the center. The reliable input nevertheless has a 

constant gradient. Even though the function is not distinguishable, 

the implementation may be overlooked [60]. 

iii. Since the zero in the gradient leads to achieving a complete zero, the 

ReLU produces a sparser representation. Sigmoid and tanh, on the 

other hand, yield non-zero gradient effects, which may be 

counterproductive to training . 

 

 

 

 

 

 

 

 

 

Figure 2.12: Common types of nonlinearity functions [33]. 

The x axis represents the function's input, while the y axis represents the 

function's output.  
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2.6.3 Pooling Layer 

There are two reasons to use pooling in CNN. Firstly, the output 

feature map of pooling is fixed size, which is required for the classification 

process. For example, if you have 256 filters and you apply max pooling to 

each, you will get a 256-dimensional output, regardless of the size of your 

filters. Second, down-sampling is an essential part of pooling because it 

reduces the difficulty of subsequent layers. It's close to resolution reduction 

in image processing applications. The amount of filters is unaffected by 

pooling. Pooling methods are one of the most popular forms of max-

pooling. It divides the image into rectangles called sub-regions and the 

maximum value of each sub-region is returned. The size 2×2 of max-

pooling is the most commonly used. As shown in figure 2.13(a and b). 

Stride 2 can be used to prevent down sampling, although it is not widely 

used. It's important to note that down sampling doesn't maintain the 

information's position. As a result, it can only be used when the presence of 

information is more significant than spatial information [61]. 

Additionally, for the above mention reasons, the pooling layer 

controls the network overfitting by eliminating the computation and 

parameters number used in the network, and it scales the staple 

representation of the input image. Therefore, pooling motivates the network 

to be very invariant to the small change in the input image such as 

transformation, distortions, translation. Further, there are other methods of 

pooling such as summation and averaging. However, since it produces 

substantial results when down sampling the input size by 75%, taking the 

maximum-pooling is the most broadly used and promising technique in the 

literature [62]. 
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(a) 

 

 

 

 

 

 

 

 

 (b) 

Figure 2.13: Demonstration of Max-pooling. a:The 2x2 max-pooling filter 

and stride 2. b: applied max pooling on the single feature map [33]. 
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2.6.4 Fully-Connected Layer 

A fully Connected Layer is simply, feed-forward neural network. 

Fully Connected Layers form the last few layers in the network. The input 

to the fully connected layer is the output from the final Pooling or 

Convolutional Layer, which is flattened and then fed into the fully 

connected layer. It is similar to the way that neurons are arranged in a 

traditional neural network. As a result, every node in a Fully-connected 

layer is linked to a node in the previous and subsequent layers., as shown in 

figure (2.14). In this figure, it is noticeable that each of the nodes in the last 

frames of the (convolution or ReLU or pooling layer preceding it) are 

connected as a vector to the first layer from the Fully-connected layer [63].  

The main drawback of a fully connected layer is that it has several 

parameters, which in training examples need to be complexly calculated. 

Therefore, the number of nodes and connections are tried to be eliminated 

[64]. 

 

 

 

 

 

 

 

 

Figure 2.14: Fully-Connected Layer [65]. 
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2.6.5 Dropout Network  

The dropout method sometimes is used when the neural network is 

suffering from overfitting. Sometimes it is used to increase the training 

speed. Usually, it is used with a large neural network. Dropout is considered 

as the significant way to reduce the ratio of error for the network as it is 

applied to training examples. The dropout way is used at hidden layers, 

usually between the last layers in deep learning ,as shown in figure (2.15). 

Because a fully connected layer occupies a lot of parameters and 

connections. The nodes with probability (p), usually used (p=0.5) are left in 

the network while nodes with probability (1-p) are dropout out. So all nodes 

have a probability of fewer than 0.5 dropouts from the network. Besides all 

edges coming from and go to this dropout node are also removed. The 

network of nodes and edges eliminating are used for the training stage on 

the dataset [66].  

The dropout technique considers as the best tool to reduce the 

complexity of network w. Tightly fitted interactions between nodes and 

make them learn more robust features which better generalize to new data. 

One of the widespread techniques that drop out a node from the network is 

called Dropout Network [67]. 
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a b 

 

 

 

 

 

 

 

 

Figure 2.15: (a) Network before Dropout, (b) Network after Dropout 

network [67]. 

2.6.6 Normalization Layer in Neural Networks 

The input layer is normalized by modifying and scaling the 

activations, e.g., if it has features from 0 to 1 and also from 1 to 1000, also 

must normalize those features to accelerate learning. If it supports the input 

layer, why not do the alike for the values in the hidden layers that shift all 

the time and increase the training pace by 10 times or more. There are 

various types of normalization, the most famous of which is Batch 

Normalization, as shown in algorithm (2.1) [68].    

Algorithm (2.1): Batch Normalization  

Input: Values of X over a mini-batch:β ={x1…..m}; Parameters to be learned :ϒ, 

β 

Output:  Scale and Shift Normalization 

Step1: Begin 
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Step2: Calculate the mini-batch mean (𝜇𝛽 ) of the input layers.  

Step3: Compute the mini-batch variance of the ( 𝜎2𝛽) layers input .   

Step4: Normalize the layer inputs utilizing the prior calculated batch Statistics    ̅̅ ̅̅  

.  

Step5:  Scale and shift to get output from the layer {yi =   ̅̅ ̅̅  +𝛽 ≡BN, (xi)}   

Step6: Return Batch Normalization  

END 

 

Algo. 2.16: Batch Normalizing Transform, applied to activation x over a 

mini-batch [68]. 

Batch normalization is a method for accelerating neural network 

learning and stability. A batch standardization is accomplished in a neural 

network by normalization, which fixes the means and variances of the 

inputs of each layer, to compute the mini-batch mean by the equation (2.6), 

m is the values of this activation in the mini-batch [69]: 

𝜇𝛽   
 

 
∑   

 

   
 

(2.6) 

Where µ: refers to the mean,   : is an instance of the input data,  : is a 

subscript that refers to the current batch. While computing the mini-batch 

variance σ2 β by the equation (2.7):  

𝜎  𝛽   
 

 
∑     𝜇𝛽   

 

   
 

(2.7) 

At the last, normalize the layer inputs by using the prior calculated 

batch statistics as in the equation (2.8) [70]: 

                                    ̅̅ ̅̅  
     

√       
                                     (2.8)  
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Where (ε)The smoothing term assures numerical stability within the 

operation by stopping  division by a zero value.  

2.6.7 Softmax Layer  

The Softmax function (also known as the normalized exponential 

function) is widely regarded as the most effective tool for displaying 

categorical distributions.  As input, the softmax function takes an N-

dimensional vector of units, each with an arbitrary real value. While the 

output is an M-dimensional vector (N × M) with real values ranging from (0 

to 1). The large value is changed to a real number near one, while the small 

value is changed to a real number near zero. The number of all output values 

must equal one. As a result, output with a high probability of remaining 

unchanged despite the change in output [71]. The probability distribution of 

an N-dimensional vector is calculated using the softmax function. The 

multiclass classification method in machine learning algorithms, deep 

learning, and data science is the key reason for using softmax at the output 

layer. The proper target class for the input data set function can be 

determined by calculating the output likelihood correctly [72], which is 

often used in the output layer as the output values' normalized exponent. 

The softmax is a differentiable function that represents the output 

likelihood. Furthermore, the exponential factor raises the likelihood of 

maximum values. The softmax is equation (2.9) . 

   
   

∑     
    

 
(2.9) 

Where Oi is the softmax output number i, zi is the output i  before the 

softmax and M is the total number of output nodes, e is the Exponential 

function [73]. Figure (2.16). The layer of softmax position in the network.  
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Figure 2.16: The location of the Softmax layer in the network [33]. 

2.7 Loss Function 

  
The error between the algorithmic predicted values and the true label 

values is calculated using the loss function in machine learning. Then, using 

any optimization strategy, this error is minimized. Used presents the Cross 

Entropy Loss Function [74]. The loss is calculated on training and 

validation and its interpretation is based on how well the model is doing in 

these two sets. It is the sum of errors made for each example in training or 

validation sets. Loss value implies how poorly or well a model behaves after 

each iteration of optimization. An accuracy and validation accuracy is used 

to measure the algorithm‟s performance in an interpretable way .For binary 

classification, binary cross entropy was used. The binary cross entropy error 

rate is expressed as a value between 0 and 1. It is mathematically 

represented by the equation (2.10): 

J(z)=[ylog P(y)+(1-y)log(1-P(y))]                                             (2.10) 

Here y is the actual labels and P(y) is the predicted labels. So when 

the actual labels y will be 0 then the first term will be zero because y is 

So
ftm

ax 
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multiplying with log. And when y will be 1 then second term will be zero 

(1-y) will be zero and it is multiplied with log. And if y = P(y) then 

J(y)(Loss) will be zero. 

2.8 Stochastic Gradient Descent with Adamax (SGDA) 

Stochastic gradient descent (frequently abbreviated SGD) is an 

iterative approach to optimize an actual function with appropriate 

smoothness (e.g. differentiable or sub differentiable) attributes. It can be 

considered as a stochastic estimate of gradient descent optimization as it 

substitutes the true gradient (obtained from the whole dataset) with an 

average of it (computed from a randomly picked data sub-set). Stochastic 

gradient descent in machine learning has become a significant method of 

optimization. The trouble of reducing a [75]. function objective in the form 

of average is known by both statistical analysis and machine learning (2.11) 

[76]. 

     
 

 
∑      
                                                           (2.11) 

When the x parameter that decreases F (x) to be determined. Any 

function summand F (i) is generally joined in the i-th check in the set of data 

(used for training). A "batch" or standard tendency descent technique would 

carry the following equation. 

                                                                                          (2.12) 

 

   represent a stage measure (sometimes named the rate of learning in 

machine learning)  
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2.9 Shuffle 

Shuffling methods are simply aimed at mixing data and can keep 

logical connections between features optional. It arbitrarily sets the data in 

an attribute or a number of attributes from a dataset. The critical data could 

be changed to be replaced with other values from a separate record for the 

same attribute [77]. There are many options for shuffle dataset in python, in 

CNN Shuffle = (True or False) where Shuffle is set to True only instructs 

the neural network to collect the training batches randomly from the training 

set. When Shuffle is set to False, the batches are collected one by one from 

the training dataset, using the same order that the inputs appear in the set. 

2.10 Number of Epoch  

The number of epochs is a hyperparameter that controls how many 

times the learning algorithm runs over the whole training dataset.Each 

sample in the training dataset has had the opportunity to update the internal 

model parameters once each epoch.There are one or more batches in an 

epoch.The batch gradient descent learning epoch, for example, has only one 

batch. Another nested for-loop within this for-loop iterates over each batch 

of samples, each batch having the provided "batch size" number of samples 

[78]. The number of epochs is often considerable, ranging from hundreds to 

thousands, allowing the learning algorithm to run until the model's error has 

been reduced to an acceptable level.In the literature and tutorials, instances 

of the number of epochs set to 10, 100, 500, 1000, and larger can be found.  

2.11 Creating the Network 

Deeper neural networks can be advantageous depending on the 

application. However, it introduces new criteria that must be learned. The 

back-propagation method is used to train the convolutional filters in the 
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CNN. The shape of the filter structure is determined by the task at hand. 

However, do not have complete control over these filters in CNNs, and their 

values are calculated by learning operations [79]. Figure (2.17) shows 

elements of CNN when all layers are connected. 

 

 

 

 

 

 

 

 

Figure 2.17: Elements of the CNN [80]. 

2.12 Popular CNN Architecture 

The commonly used CNNs in medical image processing, are the 

leNet, AlexNet, VGG16, and ResNet-50.  

2.12.1 LeNet 

LeNet is a classic neural network that uses convolutions, bundles, and 

completely linked layers. The MNIST dataset was used to perform 

handwritten digit recognition. Yann LeCun coined the term LeNet to 

describe a system for recognizing digits. Like a Multi-Layer Perceptron 

Neural Network (MLP), it has five convolution layers and a single fully 

connected layer, see figure (2.18) [81]. 
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Figure 2.18: LeNet introduced by Yan LeCun [60].  

2.12.2 AlexNet 

The architecture consists of eight layers: five convolutional layers and 

three fully connected layers, see figure (2.19). AlexNet architecture consists 

of 5 convolutional layers, 3 max-pooling layers, 2 normalization layers, 2 

fully connected layers, and 1 softmax layer. Convolutional filters and a 

nonlinear activation function ReLU are used in each convolutional 

layer.  Max pooling is done using the pooling layers. Due to the existence of 

fully connected layers, the input size is fixed. The input size is usually stated 

as 224x224x3, but due to padding, it is actually 227x227x3. AlexNet has 

Sixty million parameters in all [82]. 
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Figure 2.19: AlexNet introduced by Krizhevsky 2014 [26]. 

2.12.3 Visual Geometry Group (VGG16) 

A convolutional neural network VGG16 architecture was used to win 

the 2014 ILSVR (Imagenet) competition. It is regarded as one of the best 

vision model architectures ever developed. The most distinctive feature of 

VGG16 is that, rather than having a huge number of hyper-parameters, they 

concentrated on having 3x3 filter convolution layers with a stride one and 

still used the same padding and total max-pooling layer of 2x2 filter stride 

two. Throughout the design, the convolution and max-pooling layers are 

arranged in the same way. Finally, there are two FCs layers followed by a 

softmax for the outcome. The 16 in VGG16 relates to the fact that it has 16 

layers of different weights. This network is very extensive, see figure (2.20) 

[83]. 
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Figure 2.20: VGG-16 Model proposed in 2014 by Karen Simonyan and 

Andrew Zisserman [83]. 

2.12.4 ResNet-50 

A Residual Network of 50 layers and 26 million parameters. The 

remaining network was developed by Microsoft in 2015 as an inherent 

neural network model. The skip link was used by ResNet to spread data 

across the layer. ResNet links the nth layer entrance directly to a certain 

(n+x) layer that can be stored and a deep network can be created, as shown 

in figure (2.21)  [84].  

 

 

 

 

 

 

Figure 2.21:ResNet -50 model Architecture [84]. 
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2.13 Multilayer Neural Network (MLNN) 

Multilayer networks overcome non-linear classification by using 

hidden layers of neurons not immediately attached to the output [85]. 

Geometrically, the additional hidden layers can be defined as additional 

hyper-planes to maximize network spacing. Typical network 

implementations for multiplayer, figures (2.22) [82]. A new issue arises 

with this new architecture: how to train the secret units for which you do not 

have the desired quality. A solution to this problem is the Back propagation 

algorithm. 

 

 

 

 

 

 

 

Figure 2.22: Architectures of Multilayer Neural Network [85]. 

The training is done in a supervised environment. The input vector to 

the network should be presented; the output of each layer and the network 

final output calculated in the forward direction. The optimal values for the 

output layer are understood and the weights can then be modified as with a 

single layer network, with the gradient descent rule for the BP algorithm. 

The error in the output layer is recorded in these layers according to the 

connecting weights to quantify the changes in weight of the hidden layer. 

Each sample in the training set goes through the same procedure. An epoch 

is a single loop through the training set. The number of epochs needed to 
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train the network is determined by a variety of factors, including the error 

measured in the output layer[86].  

2.14 Evaluation Measures 

To calculated  Calculating the number of Parameters and evaluating act of 

proposed system, may using equations following:  

A. Calculating the number of Parameters 

The number of parameters is computed in each layer according to the 

equation(2.13) [87]. 

No. parameters=output channels×(input channels × window size +1)      

(2.13) 

B. Accuracy or Classification Rate:   

 (Classification ratio or accuracy) is clear as the ratio between the actual 

numbers of true Classification to the total number of sample testing that are 

applied during the training and testing. The formal of the accuracy it is 

definite [88].  

          
     

                            
                                         (2.14) 

The estimating performance of the fully robotic skin cancer classification 

approach is measured by volume of how many true predictions that has been 

counted. The formal sensitivity, specificity and precision that have been 

used to measure the results of the proposed scheme are defined in equations 

blow.  
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C. Recall:   

    Sensitivity is mainly calculated to define the ratio between the numbers of 

correct positive prediction and the total number of the positive prediction 

[88]. 

                   
  

     
                                                                   (2.15) 

D. Precision:   

Specificity is denoted the ratio between the numbers of correct negative 

prediction and the all number of negative predictions [88].  

                       
  

     
                                                        (2.16) 

E. F1-score:   

Is the weighted average of Precision and Recall. Therefore, this score takes 

both false positives and false negatives into account. Intuitively it is not as 

easy to understand as accuracy, but F1 is usually more useful than accuracy, 

especially if you have an uneven class distribution. Accuracy works best if 

false positives and false negatives have similar cost. If the cost of false 

positives and false negatives are very different, it‟s better to look at both 

Precision and Recall [88].  

  

                    
                  

                
                                                   (2.17) 

 

 

Where : 

 

- True Positives (TP): True positives are the cases when the actual class of 

the data point was True and the predicted is also True.  

- True Negatives (TN): True negatives are the cases when the actual class 

of the data point was False and the predicted is also False.  
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- False Positives (FP): False positives are the cases when the actual class 

of the data point was False and the predicted is True.  

- False Negatives (FN): False negatives are the cases when the actual class 

of the data point was True and the predicted is False 
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Chapter Three 

The Proposed System Implementation 

3.1 Introduction  

In this chapter, details of brain tumor and skin cancer models are 

proposed using a deep convolutional neural network (CNN) and their 

association with the performance of deep neural networks (DNN) will be 

covered. Besides, the general pipeline of the two proposed models and their 

procedures for determining the setting of hyper-parameters will be 

introduced. Each hyper-parameter is determined after testing the system 

several times to identify the best combination that makes the results 

statistically more reliable. The main approach is the deep Convolutional 

Neural Network (CNN). The CNN and the DNN were trained using the 

Cancer Image Brain MRI Images for Brain Tumor Detection and the 

International Skin Imaging Collaboration (ISIC) dataset. Moreover, the deep 

neural network (DNN)-based approach for each disease is also implemented 

to serve as a baseline model for comparison with the CNN model. The 

proposed baseline method takes all image pixels as input to the neural 

network, which explains the high number of parameters. A training set, as 

well as a test set, are generated from the dataset. The ratio of the dataset 

selected to training for each model is 80%  and 20% for testing. 

3.2 The proposed models 

The proposed models aim to recognize and classify both brain tumors 

and skin cancer diseases. The work includes two models, as shown in 

figures (3.1) and (3.2). They are applied on the two types of datasets (Cancer 

Image Brain MRI Images for Brain Tumor classification and the International 

Skin Imaging Collaboration (ISIC)), each represents a different human disease. 

Each model represents a disease case and each case will be divided into two parts 

depending on the method that has been used for the classify. 
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Figure 3.1: General block diagram of the CNN and DNN model for 

brain tumor detection that was applied to the Brain Tumors dataset. 
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Figure 3.2: General block diagram of the  CNN and DNN model for skin 

cancer detection that has been applied to the Skin cancer (ISIC) dataset. 
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3.3 Training Models  

The flowing algorithms (3.1) and (3.2) illustrate the general steps of 

the used methods for training the two models: 

Algorithm (3.1): CNN training algorithm to classify Brain Tumor 

diseases  

Input: MRI image 

Output: The brain tumor (Normal(1) or Abnormal(0)) 

Step1: Splitting the data into two parts, 80% for training and 20% for the        

             testing.  
 

Step2: Data augmentation To artificially enhance the size of an actual 

dataset,                            

             approaches generate multiple versions of it. such as (Rotation, 

resize,  

             zooming, flipping, shear...) are applied to the images. 

Step3: Pre-processing stage in it the image is resized from various sizes to            

             244* 244 *3. Also, the data will be normalized by divided each           

pixel   

            into 255. So the value of data becomes between (0 and 1). 

Step4: CNN design which consisting of several layers: 

            a) Input Layer: Brain tumor (MRI images) 224224 *3 size.  

            b) Convolution layer: Multiple filters ( layer1=32 filter, layer2=64 

filter , layer3=128 filter, layer4=256 filter, layder5=512 filter )  were 

used with size (3×3) . 

            c) Nonlinear layer (Activation layer): Using Rectified linear units 

(ReLU) . 

            d) Pooling layer: Using the Max-pooling layer used with size (2×2) 

and 2 stride. 
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             e) Normalize layer: using batch normalization . 

             f) Fully connected: Multiple node three-layer FC (Layer1=512,     

                   Layer2=128, Layer3=64)            

           g) Softmax layer 

Step5: Return the CNN with the optimum validation accuracy. 

END 

 

Algorithm (3.2): CNN training algorithm to classify Skin Cancer  

diseases 

Input:   Image skin cancer   

Output:  The skin cancer (Normal(1) or Abnormal(0)) 

Step1:  Splitting the data into two parts, 80% for training and 20% for the        

             testing .  

Step2: Pre-processing stage in it the image is resized from various sizes to            

             244* 244 *3. Also, the data will be normalized by divided each 

pixel   

            into 255. So the value of data becomes between (0 and 1). In real 

time,  apply several data augmentation technique transformations. 

rotation_range=40 //  a range within which to randomly rotate pictures by 40. 

shear_range=0.2// is a linear map that displaces each point in a fixed 

direction,  by an amount proportional to its signed distance from the   line 

that is parallel to that direction by 0.2. 

horizontal_flip=True// is for randomly flipping half of the images 

horizontally. 

zoom_range=0.2//  is for randomly zooming inside picture by 0.2. 
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3.3.1 Image Pre-processing Stage  

The dataset will be augmented via several random ,such as blur and 

rotate, to create new versions of existing images or frames. transformations 

to make the most of the few dataset examples as explained earlier in chapter 

2 (2.4). This ensures that the algorithm never sees the same image twice. 

Furthermore, the model generalizes more effectively and it will prevent the 

system from overfitting. 

3.3.2 Data Preparation for CNN Training  

This section illustrates the main methods that are used to provide the 

data required for the CNN training. The main idea is to have a more 

accurate result using all available data. Also, in some algorithms, the 

Step3: CNN design which consisting of several layers: 

            a) Input Layer:Skin Cancer 224224 *3 size.  

           b) Convolution layer: Multiple filters ( layer1=32 filter, layer2=64 

filter , layer3=128 filter, layer4=256 filter, layder5=512 filter )  were 

used with size (3×3) . 

           c) Nonlinear layer (Activation layer): Using Rectified linear units 

(ReLU) . 

            d) Pooling layer: Using the Max-pooling layer used with size (2×2) 

and 2 stride. 

             e) Normalize layer: using batch normalization . 

             f) Fully connected: Multiple node three-layer FC (Layer1=512,     

                   Layer2=128, Layer3=64)            

           g) Softmax layer 

Step4: Return the CNN with the optimum validation accuracy. 

END 
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preprocessing operations are calculated over the entire image. Any image in 

CNN should have a defined resolution (e.g., all input images must have a 

resolution of 224×224 pixels). The fixed image size provides us with more 

options in designing the CNN architecture.  

The samples are provided to the CNN as an image of fixed 

dimensions.  The input image has three channels (RGB) and the dimension 

of the network input is set to 224×224×3. Finding the right image size is one 

of the most difficult aspects of our proposed process. The choice of an 

effective scale is a trade-off between precision (a larger size) and 

classification speed (a smaller size). To put it another way, a bigger image 

size requires more data and, hopefully, greater precision. A smaller image 

size, on the other hand, means a smaller volume of detail in real-world 

implementation and, as a result, better classification because the large size 

of image mean more information input to network. 

3.3.3 Deep Convolutional Neural Networks (CNN) 

The proposed model aims to recognize cancer using medical images. 

To handle the amount of information in each input image, one of the most 

robust methods is used, which is Deep Learning. Which has become very 

popular in the literature; Deep learning, and particularly, the CNN is 

artificial multilayers neural network that is currently surpassing the 

performance of classical methods in several areas such as Pattern 

Recognition, image, and Object Detection. Thus, the CNN method has been 

selected for the following reasons: 

 High performance, accuracy, and outperform. 

 The CNN can be trained for an end-to-end architecture. 

 It requires no operations for preprocessing (except resize and 

normalize the input image). 
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 It can classify the class of the cancer (Normal or Abnormal) in 

almost real-time, after (few milliseconds) receiving the input 

image. 

3.3.4 The proposed Network Architecture 

After selecting the image size for our method. The second challenge 

is to find an optimal architecture for the CNN. Therefore, firstly the input 

and the output structure of the network will be defined. Then, through some 

experiments, the optimal architecture will be presented based on the results. 

The size image (MRI) was selected as (224×224×3).  

However, to have a powerful implementation, the input size should be 

fixed. The output shape in our method is the softmax function with 2 

classes. A softmax layer is used as an output to select one, out of two, 

classes. Although the highest value is used in the output node as the 

calculated class, the values of the softmax consider other high probable 

hypotheses. The accuracy of the performance of the CNN depends on some 

parameters such as filter size and the number of filters used in convolutional 

layers.  

The number of feature maps is equal to the number of filters used, 

pooling filter size also affects the accuracy of the network. The number of 

convolutional layers has a significant effect on the result. The convolutional 

layers have been cascaded together to build our classifier models, as shown 

in figures (3.3) and (3.4) for brain tumors and skin cancer respectively. Each 

convolutional network consists of convolution, non-linearity, pooling layers. 

And the output of the pooling layer is connected to several fully connected 

layers before being connected to the last layer (classifier layer). The number 

of layers and parameters of the first network with the fully connected for the 

brain and skin data is as shown in the next chapter. 
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Figure 3.3: The structure of CNN for brain tumor. 
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Figure 3.4: The structure of CNN for skin cancer. 
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3.4 Structure of the Convolution Neural network (CNN) 

A CNN architecture is similar to that of neurons in the Human Brain 

communication pattern and was inspired by a Visual Cortex organization. 

Individual neurons can only respond to stimulus in a small area of the visual 

field called the Receptive Field. A set of such fields may be stacked on top 

of each other to cover the entire visual field [89]. 

The Convolution Neural network includes a layer of input, 

hidden layers, and a layer of output. Each intermediate layer in any feed-

forward neural network is known hidden. The hidden layers include layers 

that produce convolution in a convolutionary neural network. This usually 

involves a layer that performs a dot product with the layer input matrix in 

the convolution kernel. The activation mechanism of this product is usually 

the ReLU, and it is usually the Frobenius inner product. The convolution 

process creates an options map, which in turn contributes to the input of the 

following layer, as the convolution kernel slides along the layer input 

matrix. Other layers such as pooling layers, fully connected layers, and 

normalization layers are also provided. 

In the proposed experiment, the same steps that are used to recognize 

the brain tumors are applied to the skin cancer dataset. However, there is a 

difference between them in values of parameters, hyper-parameters, and the 

number of layers used in the network. 

3.4.1 Input layer 

Image data should be included in the Convolution neural network 

input layer. A 3-dimensional matrix is used to represent image data. These 

images are the images of Brain and Skin diseases that entered in matrix 
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form, or in other words layers, whose size has been reduced to the resize of 

224× 224× 3. 

3.4.2 Convolution Layer 

Since features of the image are extracted within the convolution layer, 

it is often referred to as the feature extraction layer. Firstly, a segment of the 

image is linked to the Convolution layer, for the purpose of performing a 

convolution process, to calculate the dot product between the receiving field 

(the region of a filter size like the input image) and the filter. As a 

consequence, the output volume has a single integer. Slide the filter through 

a Stride and do the same operation again over the next receptive field of the 

same input image. Repeat again and again the same procedure until the 

entire image passes through. The output is the next layer input. 

The first layer to extract features from an image is the Convolution 

layer. Convolution maintains the relation between pixels by learning image 

characteristics with small input data squares. It takes two inputs like an 

image matrix and a filter or kernel to a mathematical method. 

A convolution Neural Network uses several kernels, convolution 

process uses filters to get a perfect feature map. CNN does not only utilize 

kernel convolution, but it is also many smart vision algorithms in usual. It's 

a mechanism that takes a short array of numbers that named a kernel or 

filter, the filters are the shared weights and bias. These filters work on every 

section of the image it searching for a similar feature throughout the image. 

Convolution of an image with different filters can perform operations such as 

edge detection, blur, and sharpen by applying filters.All filters which used an 

edge detection filters. 

The values are calculated according to the equation that was 

calculated in chapter 2 (2.6.1). The structure follows the same design 
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present in architecture and differs only in the depth: from 13 weight layers 

in the network Brain tumor  (5 Conv., 5 max pooling, and 3 FC layers) to 15 

weight layers in the network Skin Cancer (7 Conv., 5 max pooling, and 3 

FC layers). Choosing the number of filters in each of the convolution layers, 

based on several experiments that prove the best result that obtained of these 

numbers that were used in each level. 

3.4.3 Non-Linear Layer (Activation Function) 

It is a very important layer that was explained in chapter two, section 

(2.6.2).The CNN suggested method uses a batch normalization layer in the 

hidden layer; it uses a mini-batch to build norms for any channel. This can 

help to reduce the sensitivity to differences in the outcomes. It solves the 

problem of fitting because it has a minor influence on regularization. Batch 

normalization improves the yield of the prior activation layer. To compute 

batch normalization, first determine the yield of the prior activation layer. 

3.4.4 Pooling Layer 

The pooling layer is another building block of the CNN; in CNNs 

Max pooling is used to downsample function maps formed after the 2D 

convolution layer is filtered. A pooling layer also follows a convolutionary 

layer, which can be used to depreciate feature map dimensions. Pooling 

layers are also invariant in interpretation, like convolutional layers because 

their calculations take into account neighboring pixels are explained in 

detail in chapter two in section (2.6.3). In the proposed system 2*2 Max-

pooling is used with two strides, the "stride" is mean “the step scale to 

vertically and horizontally traverse the input”. As explained in the previous 

chapter in the example shown in figure 2.16 (a and b), afterward, the 

maximal value in each 2×2 matrix is chosen and thus, the spatial dimensions 

are reduced to half of the initial map size. 
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3.4.5 Normalization Layer 

It is a very important layer that was explained in chapter two, section 

(2.6.6),as shown in figure (2.16).  The CNN suggested method uses a batch 

normalization layer in the hidden layer; it uses a mini-batch to build norms 

for any channel. This can help to reduce the sensitivity to differences in the 

outcomes. It solves the problem of fitting because it has a minor influence 

on regularization. Batch normalization improves the yield of the prior 

activation layer. To compute batch normalization, first determine the yield 

of the prior activation layer, It also showed with its calculation in the 

previous chapter in the equations (2.6) , (2.7) and (2.8). 

3.4.6 Fully Connected Layer 

To perform the final classification, deep convolutional neural 

networks use a sequence of convolutional and pooling layers, followed by 

layers of fully connected (FC).The fully connected networks also represent a 

significant proportion of the parameters of the network. As explained 

previously in chapter two in part (2.6.4),neurons in this layer are connected 

to all neurons in the previous layer, as was shown in figure (2.18) in the 

previous chapter. So what this implies is that every one of the neurons in the 

fully connected layers can collect input data components over time that 

would help it to predict the right class value in the softmax layer afterward 

are shown in figures (3.3) and (3.4). In the proposed system two classes will 

be produced from this process because according to the data used for 

training and determining the number of classes that have been extracted 

from this stage, these classes are in the form of value for each class linked to 

the Fully Connected layer image and Softmax is made for them in the last 

step. 
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3.4.7 Softmax Activation Function 

In neural networks, the widely used activation function is the softmax 

function, In classification issues, it's common to complete the convolution 

neural network with a softmax function. The result values are between the 

[0, 1] range which is good for binary classification. The softmax function 

equation is described in the previous chapter in part (2.6.7) and equations 

(2.9). Once values of two classes have been extracted in a fully connected 

step, the class will be Softmaxed so that the class is chosen according to the 

features extracted in the previous layers, from which the images of diseases 

have taken place. 

3.5 CNN Training 

Training a network is a procedure of obtaining kernels in convolution 

layers and weights in fully connected layers that reduce differences on a 

training dataset between output predictions and specified area truth labels. 

This stage is one of the most important stages in CNN because learning 

comes through this stage so that the network that has been built learns by 

extracting features from cancer disease images in order to learn from these 

features for each image to be distinguished on its basis. 

3.5.1 Layers designing 

The meant layers are the layers that are built in the construction of the 

CNN structure in the training stage, all of these layers mentioned earlier are 

also be passed in order to extract the features and learn from them to be 

classified through these features. All the data will be passed through the 

layers that structure for training. 
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3.5.2 Training Option (training algorithm) 

For the training process to be completed, multiple options are 

required that are used in this process using Python language by parameters 

that are created in the training process these options are: 

A. Stochastic Gradient Descent with AdaMax Optimizer 

In several fields of science and engineering, stochastic gradient-based 

optimization is of key practical significance. Many problems can be created 

in these areas as a way to maximize or minimize the scalar parameterized 

objective function for their parameters. The optimization  equation is 

described in the previous chapter in part (2.8) and equation (2.11) and(2.12), 

Gradient descent is the preferred way to optimize neural networks and many 

other machine learning algorithms but is often used as a black box.  

The AdaMax is a stochastic gradient descent adaptive approach based 

on the infinity norm and an Adam version. Adam, a first-order gradient 

optimization algorithm focused on adaptive estimations of lower-order 

moments for stochastic objective functions. This method is easy to 

implement, computer effective, with low memory requirements, invariant in 

diagonal gradient rescaling, and well suited to data and parameter-intensive 

problems. The approach is also suitable for non-stationary targets and very 

noisy and/or sparse gradients. Intuitive representations of hyper-parameters 

usually involve little tuning.  

Since it re-computes gradients for similar examples before each 

parameter change, batch gradient descent performs redundant computations 

for large datasets. By executing one update at a time, SGD eliminates this 

redundancy. As a result, it is normally much easier. SGD conducts regular, 

high-variance updates, causing the objective function to fluctuate a lot. 
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B. Max Epoch  

An epoch is a concept used in machine learning that shows the 

number of passes over the whole data collection of the machine learning 

algorithm. Currently, the datasets are organized into batches. Some people 

use the word iteration freely and refer to the model as an iteration for a 

batch. After testing and trying a lot of numbers epochs that was explained in 

chapter two, section (2.10), the best maximum number of epochs that are 

used for training is was 90 for the brain tumor and 100 for skin cancer, with 

a batch size of 32, as shown in the next chapter. 

C. Shuffle 

The data is shuffled to have different data for each batch, and this command 

shuffles the training data. In Python, there are several alternatives for shuffle 

datasets that was explained in chapter two, section (2.9). In the proposed 

system, " shuffle=(True)" is utilized for shuffling.  

D. Loss Function 

It is a way to evaluate how well the data are modeled on specific algorithms. 

If forecasts are too far from the actual outcomes. The Loss Function 

equation is described in the previous chapter in part (2.7) and equations 

(2.10). the loss function is too high. The loss function progressively reduces 

the error in the estimation by means of a certain optimization function. 

No one size suits all loss functions of machine learning algorithms. 

Diverse considerations are involved in the choice of a loss function for a 

particular problem, such as the kind of learning machine algorithm selected 

and the facility to calculate derivatives. 

Regression losses and classification losses are the two main types of 

failure functions, based on the kind of learning task they are concerned with. 

Aim to forecast performance from a series of category values in 

classification. Regression, on the other hand, deals with predicting a 
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continuous value. In our experiment, binary cross entropy loss function is 

used. 

The accuracy and loss function is also calculated and displayed by 

using the confusion matrix as it is presented in chapter 4. 

3.6 CNN Testing 

The test set is a set of observations that are used to evaluate the 

performance of the model using some performance metrics. As the dataset 

passes from (Brain and Skin) diseases images on this neural network, the 

algorithm uses the classes that were learned in the previous phase that was 

trained in the convolution neural network, and the features were derived by 

learning the network.  

The dataset is also used that is allocated to the testing process when it 

is divided, based on this dataset and the training data for testing; the 

classification process for (brain and skin) diseases images is done. Before 

the testing stage, there is the training stage. So, the main difference between 

training and testing, is test data used prediction the output to measure the 

accuracy, unlike training data that is labeled. In the proposed system, this 

function uses in Python, scores= model.evaluate (testdata), which 

categorizes every row of the dataset to one of the training groups. 

Both the sample and training arrays must be the same size. The 

specific values determine groups, and each component determines which 

group the accompanying training row belongs to. The final step, which is 

the classification and detection of a brain tumor or skin cancer image, has 

been reached. 
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3.7 Deep Neural Networks (DNN)  

 Multiple layers are used in the Deep Neural Networks 

algorithm to extract higher-level information from the raw input. This 

algorithm is used to compare and completely comprehend the CNN model's 

capabilities. The chosen and employed method is Multi-Layer Neural 

Networks (MLNN) . 

To provide a fair comparison, the input image was the same size 

(224x224x3) and all image pixels were used in the model, the CNN with 

DNN  algorithms will be compared because the input to both algorithms is 

the complete image information without extracting the image details and 

using it as an input. Each neuron extracts a feature from the data it receives. 

Each of which is linked to all of these characteristics. Each neuron has its 

own set of weights that are applied to the features. During the network's 

training, you must choose weights for each of the neurons in such a way that 

the output supplied by the entire network is realistic. The structure and 

number of DNN layers for cancer are depicted in Figures 3.5 and 3.6.Both 

have seven layers that are fully connected and a ReLU activation function. 

The deep neural network algorithm consists of two main phases, they 

are the training phase and the testing phase. The data will be divided into 

two sets. The first is used to train cancer data, while the second is used as a 

test case to see how well a classification system works. After being 

translated into numeric vectors, the outcomes of the class association rule 

algorithm are recorded in the database in this system. The DNN algorithm 

takes these vectors as input. 
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Figure 3.5: The structure of DNN for brain tumor. 
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Figure 3.6: The structure of DNN for skin cancer. 
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3.8 Training Phase 

The DNNs training process is the most important part of the system. 

The training starts with forwarding propagation where each value of the 

neuron in the first hidden layer resulting in a sum of all its inputs 

multiplied by the corresponding weight then the result is summing with 

bias value. 

The forward propagation is terminated by calculating all neurons in 

the output layer. The back-propagation begins when the actual output does 

not satisfy the target output, where the errors are calculated into the output 

layer to adjust weights of every level according to the error gradient 

descent, and propagation back these errors to hidden layers and input 

layer. The termination of this process happens when the output errors are 

reduced to an acceptable value. Algorithms (3.3), (3.4) explains the steps 

of the DNNs classifier. 

3.9 Testing Phase 

 In order to evaluate the efficiency of the proposed training system, 

where a subset of the images is used for testing, the test dataset is also 

called a holdout dataset. The term "validation set" is sometimes used 

instead of "test set" in some literature. This stage is important since it 

classifies each unlabeled instance. The classifier uses the same procedure 

which used in the training stage. 
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Algorithm (3.3): DNN training algorithm to classify Brain Tumor 

diseases 

Input: MRI image 

Output: The brain tumor (Normal(1) or Abnormal(0)) 

 Begin 

Step1: Splitting the data into two parts, 80% for training and 20% for the        

             testing. 

Step2: Data augmentation To artificially enhance the size of an actual 

dataset,  approaches generate multiple versions of it. such as (Rotation, 

resize, zooming, flipping, shear...) are applied to the images. 

Step3: Pre-processing stage in it the image is resized from various sizes to            

             244* 244 *3. Also, the data will be normalized by divided each     

           pixel  into 255. So the value of data becomes between (0 and 1). 

Step4: DNN design which consisting of several layers: 

            a)Input image of Brain tumor (MRI images) 224*224 *3 size. 

             b)Flatten image into one dimensional consist (150,528) neurons. 

             c)Dense layer :FC layer ( Layer1=2048, Layer2=1024,     

             Layer3=512,  Layer4=265, Layer5=128, Layer6=64, Layer7=32 ).   

                d) Nonlinear layer (Activation layer) : Using Rectified linear  

                    units (ReLU).  

              e) Softmax layer. 

Step5: Return the DNN with the optimum validation accuracy. 

END 
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Algorithm (3.4): DNN training algorithm to classify Skin Cancer 

diseases 

Input: JPEG Image  

Output: The skin cancer (Normal(1) or Abnormal(0)) 

 Begin 

Step1: Splitting the data into two parts, 80% for training and 20% for the        

             testing. 

Step2: Pre-processing stage in it the image is resized from various sizes to            

             244* 244 *3. Also, the data will be normalized by divided each   

           pixel into 255. So the value of data becomes between (0 and 1). In  

          real time, apply several data augmentation technique transformations. 

 

rotation_range=40 //  a range within which to randomly rotate pictures by 

40. 

shear_range=0.2// is a linear map that displaces each point in a fixed 

direction,  by an amount proportional to its signed distance from the  line 

that is parallel to that direction by 0.2. 

horizontal_flip=True// is for randomly flipping half of the images 

horizontally. 

zoom_range=0.2//  is for randomly zooming inside picture by 0.2. 

Step3: DNN design which consisting of several layers: 

             a)Input image of Brain tumor (MRI images) 224*224 *3 size. 

              b)Flatten image into one dimensional consist (150,528) neurons, 

              c)Dense layer :FC layer ( Layer1=2048, Layer2=1024,  

                Layer3=512,  Layer4=265, Layer5=128, Layer6=64, Layer7=32 ).   
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               d) Nonlinear layer (Activation layer) : Using Rectified linear units  

                   (ReLU).  

             e) Softmax layer. 

Step4: Return the DNN with the optimum validation accuracy. 

END 
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Chapter Four 

Experimental Results and Evaluation 

4.1 Introduction 

This chapter presents and describes the implementation and 

experimental results of the proposed systems. Two major cases are 

conducted for the experiment. The first is the CNN experiment and its 

outcomes, the second is the DNN experiment and its outcomes. Both cases 

are for cancer classification (Brain tumors and skin cancer). There are two 

algorithms for each case, one for brain cancer and the other for skin cancer. 

The results are presented and compared between these two cases. 

Furthermore, the same dataset and implementation environment was used in 

the two cases to make a fair comparison. 

4.2 Implementation Environment 

Google Colaboratory, or Google Colab in short, is the Integrated 

Development Environment (IDE) used in the process. Google Colab allows 

you to write and execute codes, save and exchange analyses, The Google 

Colab service provides 12.72 GB of RAM and 358.27 GB of hard disk 

space in one runtime . Every runtime lasts for 12 hours after which the 

runtime is reset and the user has to establish a connection again.  Different 

run cases are shown below.Once the user opens a Google Colab file they 

need to select a runtime type. There are 3 available options for the same, 

1. None (that will use the computer‟s CPU the user is using) 

2. GPU                           3. TPU  

The selection box is found in Runtime  all from the convenience of 

your browser. The dataset is downloaded and then uploaded to Google 

Drive in order to conduct the tests. 
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4.3 Dataset 

The data sets were used in this study includes two types of cancer:  

1. Brain tumors data set.   

2. Skin cancer data set. 

4.3.1 Brain Tumors Dataset 

The dataset of the Brain Tumors used in this study is free to access 

obtained from the Kaggle website1, consist of 253 Magnetic Resonance 

Imaging (MRI). Collected via 253 participants with primary newly 

diagnosed glioblastoma. The data collection is divided into two directories 

labeled Yes and No, with YES referring to patients with a positive disease 

diagnosis and NO referring to patients with a negative diagnosis. The 

patients' MRI images are separate in both directories. There are 155 

photographs of patients who have a Brain tumor (abnormal) and 98 images 

of patients who do not have a Brain tumor (Normal). The photographs are in 

various sizes. JPEG format is used for the files. 

Table (4.1)  Describee how the dataset is divided for the training and 

testing stages. Figure (4.1) Shows image samples of normal brain tumor 

instances, and Figure (4.2) Shows image samples of abnormal brain tumor 

instance. 

Table 4.1. Description of the experimental  Brain tumor dataset. 

Category Training Testing 

Normal 78 20 

Abnormal 124 31 

 

                                                           

1 https://www.kaggle.com/navoneel/brain-mri-images-for-brain-tumor-detection 

  

https://www.kaggle.com/navoneel/brain-mri-images-for-brain-tumor-detection
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Figure 4.1 (a): Normal Brain tumor case. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: samples of the dataset Normal  Brain tumor case 
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Figure 4.1.(b): Abnormal Brain tumors case. 

 

Figure 4.2: samples of the dataset Abnormal  Brain tumor case 
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4.3.2 Skin Cancer dataset 

The skin cancer dataset is released by the International Skin Imaging 

Collaboration (ISIC), which is used for training and testing models. This 

dataset contains a  number of images of skin cancer normal and abnormal 

ones.  There were (3297) images of both categories in the collection. The 

dataset is separated into two parts in framework: 80 % for training and 20% 

for testing. Hence, the dataset is segmented into (2637) images in the 

training set and (660) images in the test set as shown in table (4.2)  This 

segmentation process is executed randomly, i.e., the images in each set are 

randomly selected. The ISIC provides the superpixel images, figure (4.3) 

Shows image samples of normal Skin Cancer instances, and figure (4.4) 

Shows image samples of abnormal brain tumor instance . The data set is 

publicly available on the website2 
 for free access. 

 

Table 4.2: Description of the experimental Skin cancer dataset. 

Category Training testing 

Benign (Normal) 1440 360 

Malignant (Abnormal) 1197 300 

 

 

 

 

  

 

 

 

                                                           
2
 https://www.isic-archive.com/#!/topWithHeader/onlyHeaderTop/gallery?filter=%5B%5D 
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Figure 4.3: samples of the dataset Normal  Skin cancer case 
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Figure 4.4: samples of the dataset Abnormal  Skin Cancer case 
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4.4 Case One: Using CNN for Brain Tumor and Skin cancer 

Recognition 

Case one in our experiment deals with CNN architecture for 

classifying the cancer disease (Brain and Skin), the experiment details as 

follow:    

4.4.1 Image Pre-processing Stage 

 The data augmentation approach is the most important part of the pre-

processing stage in case one. This approach enables the development of 

high-quality new images by combining the content of a base image with the 

appearance of others. To increase the training process performance, the 

newly generated images can be used to pre-train the neural network. 

4.4.1.1 Data Augmentation 

To avoid overfitting and to improve the accuracy of recognition, the data 

augmentation concept is used. The increase in the amount and sophistication 

of current data is a method to artificially increase the number. To fine-tune 

the parameters of the artificial neural network, a large amount of data is 

needed. Since the Brain Tumors Dataset is so limited, the technique of data 

augmentation was used to increase the number of image brain tumors from 

253 to 2530 by making minimal changes to the images, as shown in figure 

(4.5), for example:  

 rotation = 10 // rotates the image clockwise by a  number of degrees 10. 

 width_range = 0.1 // possible values are floats in the interval [-1.0, +1.0). 

 height_range = 0.1 // possible values are floats in the interval [-1.0, +1.0). 

shear_range = 0.1// tilt an image along with one of its sides by a  number of 

degrees 0.1. 

zooming = 0.2 //operation allows us to either zoom in or zoom out by a  number 

of degrees 0.2. 
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horizontal_flip = True //// Boolean. Randomly flip inputs horizontally.   

vertical_flip = True // Boolean. Randomly flip inputs vertically. 

brightening = (0.3,1.0) //  Tuple or list of two floats. Range for picking a 

brightness shift value from. 

filling = nearest operations // filling in newly created pixels, which can appear 

after a rotation or a width/height range. 

The augmentation expands the data set, and the proposed model treats 

each of these minor improvements as a separate image, allowing the model 

to learn faster and work better on previously unseen data. 

 

Figure 4.5: Applying data augmentation displays the numerous augmented 

images from a single image. 

4.4.2 Systems Classification Results 

This phase will display the results obtained from the implementation 

of the proposed CNN techniques. It includes the results of the classification 

of two techniques, the first technique is the classification of Brain tumors 

and the second is for skin cancer using a Convolutional neural network 

algorithm. 
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4.4.2.1 The System Results 

It includes the results of the two phases (training and testing) of the 

classification for Brain tumors and Skin cancer using CNN. Tables (4.3) and 

(4.4) show the main CNN summary that is used in the proposed techniques. 

Table 4.3: The parameter of the CNN with a fully connected layer for the 

brain tumors dataset. 

Layer (type) Output Shape Param # 

img_input (Input Layer) [(None, 224, 224, 3)] 0 

layer_1 (Conv2D) (None, 224, 224, 32) 896 

layer_2 (MaxPooling2D) (None, 112, 112, 32)       0 

dropout (Dropout)             (None, 112, 112, 32)         0 

Batch normalization (None, 112, 112, 32 128 

layer_3 (Conv2D) (None, 112, 112, 64) 18496 

layer_4 (MaxPooling2D) (None, 56, 56, 64) 0 

Dropout_1 (Dropout)             (None, 56, 56, 64)         0 

layer_5 (Conv2D)              (None, 56, 56, 128)        73856      

layer_6 (MaxPooling2D)        (None, 28, 28, 128)        0 

dropout_2 (Dropout)           (None, 28, 28, 128)        0 

layer_7 (Conv2D)              (None, 28, 28, 256)        295168     

layer_8 (MaxPooling2D)        (None, 14, 14, 256)        0 

dropout_3 (Dropout)           (None, 14, 14, 256)        0 

layer_9 (Conv2D)              (None, 14, 14, 512)        1180160    

layer_10 (MaxPooling2D)       (None, 7, 7, 512)          0 

dropout_4 (Dropout)           (None, 7, 7, 512)        0 

fc_1 (Flatten)                (None, 25088)              0 

lyaer_11 (Dense)              (None, 512)                12845568 

dropout_5 (Dropout)           (None, 512)        0 

lyaer_12 (Dense)              (None, 128)                65664 

dropout_6 (Dropout)           (None, 128)        0 

lyaer_13 (Dense)              (None, 64) 8256 

dropout_7 (Dropout)           (None, 64) 0 

predictions (Dense) (None, 2)                  130        

Total params: 14,488,322 

Trainable params: 14,488,258 

Non-trainable params:64 
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Table 4.4: The parameter of the CNN with a fully connected layer for skin 

cancers dataset. 

Layer (type) Output Shape Param # 

Img_input (Input Layer) [(None,224,224,3)] 0 

layer_1 (conv2D)  (None,224,224,32)  896 

Layer_2 (MaxPooling2D) (None,112,112,32)  0 

Batch normalization (None,112,112,32)  128 

Layer_3 (Conv2D) (None,112,112,64)  18496 

Layer_3_1 (Conv2D) (None,112,112,64) 36928 

Layer_4(MaxPooling2D) (None,56,56,64)  0 

Dropout (Dropout) (None,56,56,64)  0 

Layer_5 (Conv2D) (None,56,56,128)  73856 

Layer_5_1 (Conv2D) (None,56,56,128)  147584 

Layer_6 (MaxPooling2D) (None,28,28,128)  0 

Dropout_1 (Dropout) (None,28,28,128)  0 

Layer_7 (Conv2D) (None,28,28,256)  295168 

Layer_8 (MaxPooling2D) (None,14,14,256)  0 

Dropout_2 (Dropout) (None,14,14,256)  0 

Layer_9 (Conv2D) (None,14,14,512)  1180160 

Layer_10 (MaxPooling2D) (None,7,7,512)  0 

Dropout_3 (Dropout) (None,7,7,512)  0 

Fc_1 (flatten) (None,25088)  0 

Layer_11 (Dense) (None,512)  12845568 

Dropout_4 (Dropout) (None,512)  0 

Layer_12 (Dense) (None,128)  65664 

Dropout_5 (Dropout) (None,128)  0 

Layer_13 (Dense) (None,64) 8256 

Dropout_6 (Dropout) (None,64) 0 

Prediction (Dense) (None,2) 130 

Total params: 14,672,834 

Trainable params: 14,672,770 

Non-trainable params:64 

 

  

 

 The first layer of convolution consists of 3 channels 32 filters; the filter 

window is 3 x 3 and the step is one, which means that each 3x3 square is 

an input to the kernel. Such that the number of outputs in the layer 
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corresponds to as many as inputs. The number of parameters is computed 

in this layer using the equation (2.13): 

Conv1: number of input channels is 3, the number of output channels equals 32. 

No. of parameters= 32×(3×(3×3) +1) =896. 

Conv2: number of input channels is 32, the number of output channels is 64. 

No. of parameters= 64×(32×(3×3) +1) =18496. The rest of the convolution 

layers applied the same formula. 

 A maximum pooling layer is provided with the contribution from the 

first convolution layer, in which the 224x224 array has been separated 

into 2x2 strides two. The 224x224 array has now been an array 

112x112, and 32 filters continue to exist. So, these processes repeat for 

layers (3 to 10). 

 Finally, in layer 11 the network is the flatten and takes inputs from the 

previous pooling layer 7×7×512= 25088, and this needs 512 nodes for 

the first denes layer, where 512 is equal to 2
9
 because the proposed 

system is binary classification, while in the third denes needs 2 nodes 

for calculated classification by softmax function. 

Accuracy, loss, validation accuracy, and validation loss represent the 

performance measurement of this model which explained previously in 

second chapter section (2.7), and the results of the training and testing 

process are presented in the tables, figures, and confusion matrices that 

show the results of both the two classes (normal or abnormal ). 

4.4.3 Training Data Phase 

In this phase, 80% from cancer dataset are used for training. This 

division process is not arbitrary, but all data rates for training and testing 

have been tried and start with 50% only for training data collection and 50% 
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for testing until 90% of the training data versus 10% of the testing data. The 

highest percentage and the best result obtained were 80% for training and 

20% for the set of the testing dataset, especially for the testing process that 

depends on it in the classification and detection process of cancer diseases, 

as shown in table (4.5) , (4.6), which illustrates these percentages versus 

total accuracy training data and test data. The best number of layers for each 

model of brain tumor and skin cancer is shown in Figures (4.6) and (4.7), 

recognition. The classification was performed by deciding the various 

training epochs to achieve the best results as shown in figures (4.8) and 

(4.9). 

 

Table 4.5: Comparison of the different ratio of the size of data in 

training and testing for the overall accuracy rate for brain tumor dataset 

No. 
Training dataset and testing 

dataset in testing percentage 

Overall accuracy 

in training 

Overall accuracy 

in testing 

1 50% training _ 50% testing 98.40% 92.81% 

2 60% training _ 40% testing  99.12% 94.50% 

3 70% training _ 30% testing  97.80% 95.77% 

4 80%training_20% testing  99.88% 99.60% 

5 90% training _ 10% testing  99.50% 97.55% 

  

 

 

 



Chapter Four               Experimental And Results Discussion 

 

84 
 

Table 4.6: Comparison of the different ratio of the size of data in training 

and testing for the overall accuracy rate for skin cancer dataset 

No. 
Training dataset and 

testing dataset percentage 

Overall accuracy 

in training 

Overall accuracy 

in testing 

1 50% training _ 50% testing 70.55% 69.60% 

2 60% training _ 40% testing  81.57% 60.40% 

3 70% training _ 30% testing  89.22% 86.01% 

4 80%training_20% testing  91.63% 91.09% 

5 90% training _ 10% testing  90.60% 87.98% 

 

  

  

 

 

 

 

 

 

 

 

Figure 4.6: The effect of layers number on recognition accuracy for brain 

tumor dataset. 
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 Figure 4.7: The effect of layers number on recognition accuracy for skin 

cancer dataset. 

 

 

 

 

 

 

 

 

 

Figure 4.8: The Epochs numbers for best accuracy and loss for brain 

cancer. 
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Figure 4.9: The Epochs numbers for best accuracy and loss of skin cancer. 

 

4.4.4 Testing Data Phase and results 

This phase is used to evaluate the performance of the cancer 

classifying approach. In this system, 20% remaining of the cancer dataset is 

used for the testing phase. All of the model resulting from training was 

measured against the (660) skin cancer images and brain tumor image (510), 

and the test data were determined using the confusion matrix, by calculating 

the proportion of accuracy, responsiveness, specificities, and accuracy of 

test outcomes as in figures (4.10) and (4.11). 
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Figure 4.10: The Values Confusion Matrix using CNN for Brain tumor. 

 

 

 

 

 

 

 

 

Figure 4.11: The Values Confusion Matrix using CNN  for Skin cancer. 

According to equations (2.14),(2.15), (2.16), and (2.17) accuracy, 

Recall,            and F1-score are computed for the CNN model (Brain 
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tumor and skin cancer) and figure (4.12) which shows The Results Testing 

for the Brain tumor and Skin Cancer. 

                                       for Brain  = 508/510×100=0.99% 

                                        for Skin   = 600/660×100=0.91% 

  (2.13) 

                    Recall for Brain  = 198/198=1.00% 

Recall for Skin    = 314/328=0.95% 

  (2.14) 

                             for Brain  = 198/200=0.99% 

           for Skin    = 286/332=0.87% 

  (2.15) 

                     F1-score for Brain  = 1.98/200=0.99% 

                             F1-score for Skin    = 1.653/1.82=0.91% 

 (2.16) 

       

 

 

Figure 4.12: The Results Testing for the Brain tumor and Skin Cancer.   
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When talked about the time that the algorithm took in testing for  

CNN models ,for both Brain and cancer .The classification accuracy of the 

for Brain tumor dataset (99.6%)and the total time is (3) second for  

prediction . Whereas the classification accuracy of the Skin cancer dataset 

(91.09%) and the total time is (5) second for  prediction .  

4.5. Case Tow: Using DNN for Brain Tumor and Skin cancer 

Recognition 

4.6 Case Two Experiment Results 

The second case results contain the results of the classification of 

brain tumor and skin cancer data for the proposed system using the Deep 

Neural  Network algorithm. 

4.6.1 Deep Neural Network 

In this stage, the images of cancer are classified according to the 

MLNN  algorithm was previously explained in chapter three the section 

(3.7). It also has various parameters and hyper-parameters are adjustment to 

obtain the best recognition ratio as shown in tables (4.7) and (4.8).   

Table 4.7: The parameters of the multilayers layers for the brain tumor data 

set. 

Layer (type) Output Shape Param # 

img_input (Input Layer)         [(None, 224, 224, 3)]      0 

fc_1 (Flatten)                (None, 150528)             0 

lyaer_2 (Dense)               (None, 2048)               308283392 

Dropout (Dropout) (None, 2048)               0 

lyaer_3 (Dense)               (None, 1024)               2098176 

Dropout_1 (Dropout) (None, 1024)               0 

lyaer_4 (Dense)               (None, 512)                52800 

Dropout_2 (Dropout)             (None, 512)                0 

lyaer_5 (Dense)               (None, 256)                131328 
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dropout_3 (Dropout) (None, 256)                 0 

lyaer_6 (Dense)               (None, 128)                32896 

dropout_4 (Dropout) (None, 128)                 0 

lyaer_7 (Dense)               (None, 64)                 8256 

dropout_5 (Dropout) (None, 64)                 0 

lyaer_8 (Dense)               (None, 32)                 2080 

dropout_6 (Dropout) (None, 32)                 0 

predictions (Dense)           (None, 2)                  66         

Total params: 311,080,994 

Trainable params: 311,080,994 

Non-trainable params:0 

  

 

 

Table 4.8: The parameters of the multilayers layers for skin cancers data set 

Layer (type) Output Shape Param # 

img_input (Input Layer)        [(None, 224, 224, 3)]      0 

fc_1 (Flatten)                (None, 150528)             0 

lyaer_2 (Dense)               (None, 2048)               308283392  

Dropout(Dropout) (None, 2048)               0 

lyaer_3 (Dense)               (None, 1024)               2098176 

lyaer_4 (Dense)               (None, 512)                524800 

dropout (Dropout)             (None, 512)                0 

lyaer_5 (Dense)               (None, 256)                131328 

lyaer_6 (Dense)               (None, 128)                32896 

lyaer_7 (Dense)               (None, 64)                 8256 

lyaer_8 (Dense)               (None, 32)                 2080 

dropout_1 (Dropout) (None, 32)                 0 

predictions (Dense)           (None, 2)                  66         

Total params: 311,080,994 

Trainable params: 311,080,994 

Non-trainable params:0 

  

 

The system needs two stages, which are the training stage and the 

testing stage.  The results of these two stages are displayed to detect and 

classify the image of cancer. The confusion matrix is used to display the 

accuracy of MLNN mode 
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4.6.1.1 MLNN Training 

In this stage, data was used for training; this data results from the 

application of the MLNN algorithm. When the network for training is set up 

it gives the weights randomly, the network trains these weights for several 

epochs until it becomes stable according to figures (3.5) and (3.6). The best 

training performance to brain tumour data is at epoch 90 as the figure (4.13), 

and at  hidden layers number = 7 as the figure (4.14) (where the node 

number in hidden layer1 =2048 , layer2= 1024, layer3=512, layer4= 256,  

layer5= 128 ,layer6=64, and layer7=32).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.13: The best training performance to brain tumor data 
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Figure 4.14: The effect of layers number on recognition accuracy for skin 

cancer data 

 

The best training performance to skin cancer data at epoch 100 as the 

figure (4.15),   hidden layers number = 7 as in figure (4.16) (where the node 

number in hidden layer1 =2048 , layer2= 1024, layer3=512, layer4= 256, 

layer5= 128, layer6=64, and layer7=32). Finally, the weights obtained from 

the training stage are stored in the database that makes the network efficient 

and effective at the testing stage. 
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Figure 4.15: The best training performance for Skin cancer. 

  

 

 

 

 

 

 

 

 

 

 

Figure 4.16: The effect of layers number on recognition accuracy for Skin 

cancer. 
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4.6.1.2 MLNN Testing 

This stage is an examination of the system by testing it with the 

remainder of the data that is not labeled to classify the cancer images. At 

this stage, the results are also presented in the form of a confusion matrix 

that shows the accuracy of each cancer in the testing stage for two events 

(Brain tumor and Skin cancer). The results displayed using the confusion 

matrix as in figures (4.17) ,(4.18), and (4.19) which show the testing results 

for the Brain Tumor and Skin Cancer Dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.17: The Values Confusion Matrix using MLNN for Brain tumor. 
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Figure 4.18:The Values Confusion Matrix using MLNN for Skin cancer. 

Using the equations (2.14),(2.15), (2.16), and (2.17) compute: 

         (Brain )  = 451/510×100=0.88% 

         (Skin ) = 544/660×100=0.82%                                  (2.13)                          

                                                                                                       

Recall(Brain)      = 191/241=0.79% 

Recall(Skin)        = 259/274=0.95%                                              (2.14) 

 

       n(Brain) = 191/200=0.96% 

       n(Skin)  = 259/360=0.72%                                              (2.15) 

                                                                                                              

F1-score(Brain)  =1.517/1.750=0.87% 

F1-score(Skin)   =1.368/1.670=0.82% (2.16) 
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Figure 4.19: The Results MLNN Testing for Brain Tumor and Skin Cancer 

Dataset 

 When talked about the time that the algorithm took in testing for  

dNN models ,for both Brain and cancer .The classification accuracy of the 

for Brain tumor dataset (916%)and the total time is (1m47s) second for 

prediction  . Whereas the classification accuracy of the Skin cancer dataset 

(91.09%) and the total time is (1m47s) second for prediction. 

 
4.7 Proposed Algorithm vs. Related Works  

The proposed system is implemented by two types of classification 

algorithms and compared with related works. Table (4.9) illustrates a 

comparison between the proposed system and the existing works. 
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Table 4.9: Comparison between other Existing works and the proposed work. 

Data Set Researchers Methodology Accuracy 

 

 

Brain 

Tumor 

S.Irsheidat and R.Duwairi 

[17] 
CNN(layers  #13) 96.7% 

D.febrianto et al. [18] CNN(layers # 7) 93.00% 

A. Çinar and M.Yildirim [19] 
Resnet50 

architecture 
97.2% 

M. Togacar et al. [20] 

Hyper column 

technique  with CNN 

and SVM classifier 

96.77% 

The 1st proposed Technique CNN(layers  # 13) 99.6% 

The 2nd proposed Technique MLNN(layers  # 7) 88.00% 

 

Skin 

Cancer 

Ohood Fahdil and Dhahir 

Abdulhade [21] 
CNN(layers  # 12  ) 85.00% 

The 1st proposed Technique CNN(layers # 15  ) 91.09% 

The 2nd proposed Technique MLNN(layers  # 7) 80.00% 
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Chapter Five  

CONCLUSION AND FUTURE WORKS 

 

      5.1. Conclusion  

Several conclusions have been deduced from the obtained test results: 

1. The CNN was presented, which is considered a good feature 

extractor algorithm compared to the DNN.  

2. The proposed CNN approach poses the main benefit compared 

with those in the existing literature. The proposed method does not 

need manual feature extraction. 

3. Increasing the number of filters used in convolutional operation 

improves CNN performance. Thus, the time consumed to train the 

network is increased. 

4. Increase in the number of layers Not always an improves the 

accuracy ratio. During the construction of both networks, a certain 

number of layers is reached that give the best value of accuracy, 

and then increasing the layers may lead to negative performance. 

5. Each method has a different set of hyperparameters; however, the 

parameter space is searched comprehensively to provide a fair 

comparison among the methods. 
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        5.2 Future Works 

In the future work, there are some ideas that can work on it such as: 

1. Use another type of pooling such as (Spatial Pyramid Pooling) that 

use for the frame with different lengths.  

2. In preprocessing, the segmentation process to extract the brain tumor 

part only and using this part recognition algorithm. This process will 

be depending only on the information of the tumor and get rid of all 

redundant information by surrounding tumors. 

3. Try to use more than a fully connected layer and increase the number 

of nodes in the layers. 

4.  Use another type of deep learning such as the Sparse Coding-based 

Methods, Auto encoder-based Methods, Restricted Boltzmann 

Machines (RBMs).  
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 ُمستخلص

( فٟ اٌطب اٌسش٠شٞ ٘ٛ إٔشاء ٔظاَ ٠ّىٕٗ AIاٌغشض اٌشئ١سٟ ِٓ اٌزواء االصطٕاعٟ ) 

ض تص١ٕف اٌعذ٠ذ ِٓ اٌصٛس اٌطب١ت اٌحىُ عٍٝ اٌحاالث اٌطب١ت بذلت لذس استطاعت اٌطب١ب. ٠ُفتش

بذلت ِثً خبشاء اٌشعا٠ت اٌصح١ت عٕذِا تتطابك دلت اٌىشف عٓ اٌصٛس ٚاٌتعشف ع١ٍٙا فٟ ٔٙح 

( ANNِعاٌدت اٌصٛس ِع دلت اإلٔساْ. ٠ّىٓ أْ ٠ساعذ تذس٠ب شبىت عصب١ت اصطٕاع١ت )

ٌعذ٠ذ ِٓ األِشاض. اٌخبشاء فٟ اٌمضاء عٍٝ األخطاء اٌّحتٍّت اٌتٟ ٠ّىٓ أْ تظٙش فٟ تص١ٕف ا

ٔت١دت ٌزٌه ، تمَٛ ٘زٖ األطشٚحت بتط٠ٛش ٚتٕف١ز أسا١ٌب لائّت عٍٝ اٌشبىت اٌعصب١ت ٌتص١ٕف 

 اٌسشطاْ ٌىشف لٛة اٌشبىت اٌعصب١ت فٟ ٘زا اٌّداي.

ًٔٛعا ِٓ ّٔٛرج اٌتعٍُ اٌع١ّك. إْ ب١ٕت سؤ٠ت اٌىّب١ٛتش اٌخاصت ٟ٘  ٠ANNتضّٓ ِصطٍح 

. تُ تص١ّّٗ ٌٍحصٛي عٍٝ ب١أاث اٌبىسً ِٚعاٌدتٙا. ٠دب تم١١ُ (CNN) اٌٍّتفتاٌشبىت اٌعصب١ت 

اٌعذ٠ذ ِٓ اٌّعٍّاث اٌفائمت اٌتٟ تتحىُ فٟ تذس٠ب اٌشبىت اٌعصب١ت ، ِثً ِعذي اٌتعٍُ ٚخٛاسص١ِت 

 اٌتحس١ٓ ، ٌٍعثٛس عٍٝ أفضً ب١ٕت شبىت عصب١ت ٌذ٠ٙا أفضً أداء فٟ تحذ٠ذ ٚتشخ١ص األٚساَ.

٘ٛ األفضً ٌتشخ١ص  ANNساٌت ٘ٛ تحذ٠ذ أٞ شىً ِٓ اٌٙذف اٌشئ١سٟ ِٓ ٘زٖ اٌش 

األِشاض اٌبشش٠ت ِٓ ح١ث اٌسشعت ٚاٌذلت ، ٚتحذ٠ذ اٌعذد األِثً ٌٍطبماث ٚاٌخال٠ا اٌعصب١ت فٟ وً 

 ( ٌٍحصٛي عٍٝ أفضً دلت ِّىٕت.DNNٚاٌشبىت اٌعصب١ت اٌع١ّمت ) CNNطبمت ٌىال اٌشى١ٍٓ 

،  CNNٙشة ، خاصت فٟ شبىاث ( ٔتائح ِبCNN  ٚDNNأظٙشث اٌطشق اٌّمتشحت ) 

عٍٝ  CNNٌىً ِٓ أٚساَ اٌذِاغ ٚأِشاض سشطاْ اٌدٍذ ، ٚواْ ٕ٘ان تفٛق ٚاضح ٌشبىت 

DNN  ؛ حم١مت أْ شبىتCNN  تعتّذ عٍٝ ِششحاث االٌتفاف ، أظٙشث ٔتائح سائعت فٟ استخشاج

ِّا أدٜ إٌٝ ا١ٌّضاث بسبب اٌتشو١ض عٍٝ إٌّطمت اٌّمصٛدة ِٓ اٌصٛسة دْٚ إٌّطمت اٌّح١طت ، 

أخفاض ٍِحٛظ فٟ عذد اٌّعٍّاث ٚسشعت استخشاج إٌتائح باستخذاَ دلت أعٍٝ. أشاسث إٌتائح 

ٌٙا ِعذي دلت ِشتفع ِماسٔت باٌطشق  CNNاٌتٟ تُ اٌحصٛي ع١ٍٙا إٌٝ أْ اٌطش٠مت اٌّعتّذة عٍٝ 

عٍٝ ٔفس ِدّٛعت اٌب١أاث )ِع تذس٠ب  CNN  ٚDNNاألخشٜ اٌحا١ٌت ح١ث واْ ِعذي دلت 
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