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Abstract 

Diagnosis of chronic diseases is a challenge mainly due to lack of data and 

difficulty of diagnosing. The traditional approaches that used to diagnosing gives 

lousy performance, inaccurate accuracy, time consume and hand crafted. 

Furthermore, the localization and identification of objects like White Blood Cells 

(WBCs) in Leukemia without preprocessing or traditional hand segmentation of 

cells is a challenging matter due to irregular, distorted or un-organization the shape 

of the cells or nucleus. This thesis proposed a system for Computer-Aided 

Detection based on deep learning with three models (CAD3), first model for 

detection, second model for classification and third model for visualization. The 

CAD3 detect and classify three types of white blood cells which is fundamentals of 

leukemia diagnosing. The system relies on You Only Look Once (YOLO v2) 

algorithm based on Convolutional Neural Network (CNN). The YOLO v2 is one of 

simplest algorithm that adds some layers into pre-trained CNN to detect object in 

images. Moreover, the YOLO v2 is very suitable for the addressed problem since it 

is fast and more accurate. The proposed system trained by using Adam 

optimization algorithms. Furthermore, the proposed system trained and evaluated 

on dataset created and prepared specially for the addressed problem without any 

traditional segmentation or preprocessing on microscopic images. The study 

proved dividing of addressed problem into sub-problems will achieve better 

performance and accuracy. Furthermore, the results show that the (CAD3) 

achieved an Average Precision AP up to 96% in the detection of leukocytes and 

accuracy of 94.3% in leukocytes classification. Moreover, the CAD3 gives report 

contain a complete information about the size and number of WBC for each type in 

input image. Finally, the results proved that CAD3 system is more efficient using 

other datasets such as Acute Lymphoblastic Leukemia – Data Base (ALL-DB1) 

and Blood Cell Count Dataset (BCCD). 
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Chapter one 

INTRODUCTION 

1.1 Background 
 

The blood consists of three types of components; red blood cells (RBC), white 

blood cells (WBC) and platelets. The white blood cells considered the important 

component in human immune system [1]. There are four main types of white blood 

cells called Lymphocytes, Monocytes, Neutrophils and Eosinophil (there is other 

type called basophils) as shown in Figure (1.1) [2]. The number of white blood 

cells for each type and the total number of white blood cells give us important 

information about the human health status. Moreover, it facilitates diagnosis of 

many blood diseases such as leukemia [3], [4]. According to the type of infected 

cells and severity level, leukemia was divided into four main types: Acute Myeloid 

Leukemia (AML), Acute Lymphoblastic Leukemia (ALL), Chronic Myeloid 

Leukemia (CML) and Chronic Lymphocytic Leukemia (CLL) [5].  

 

Figure 1.1: Types of White Blood Cells [5]. 

Leukemia may be diagnosed through physical examination, such as the appearance 

of paleness on the person, enlarged lymph nodes, the spleen may appear larger than 

normal size, bleeds, fever, the infection...etc. [1]. In spite of that, acute leukemia 

diagnosis requires an experienced pathologist to be able to distinguish between the 
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types of leukemia and time consumed. The diagnosis might show during blood test 

abnormal white blood cells, such as changing in the shape of cells or its number in 

the matter of increasing or decreasing [5]. Furthermore, the preparation of blood 

smears requires highly skilled technicians to be able to recognize the type of white 

blood cells and prepare an accurate statistic which help specialists to diagnosis 

leukemia [6], [7].  

In recent year Computer-Aided Detection (CAD) is used for diagnosing many 

diseases, which assists doctors in the interpretation of medical images. There are 

various techniques to diagnose chronic diseases such as leukemia. However, the 

detection and classification of white blood cells from microscope images without 

pre-processing by deep learning is a challenge due to the lack of data, noise in 

resolution and color as they are from different sources. Traditionally, researchers 

used machine as an assistant for human to analysis medical images [8], [9]. The 

system consists of two main steps: features extraction and learning algorithms. The 

hand-engineered features to extract features map such as Histogram of Oriented 

Gradients (HOG), Scale-Invariant Feature Transform (SIFT) and Speeded-Up 

Robust Features (SURF) that used in detection. In addition, shallow machine 

learning (mean using hand-engineered for extract feature map) is used to extract 

features map for digital images classification [10]. The main shallow machine 

learning methods that used in leukocyte detection and classification are Artificial 

Neural Networks (ANNs),Supported Vector Machine (SVM), Naive Bayes 

Classifier and Multi-Layer Perceptron (MLP) [9], [10]. In other side, many studies 

used image pre-processing, traditional techniques as main step for segmentation, 

feature engineering and manually object extraction to obtain high performance of 

detection and classification [11]–[13]. Traditional technics are time consuming, 

expensive and addressed problem requires expert knowledge [7]. 
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 In other hand, some researchers mix between traditional techniques and deep 

learning to diagnosis some diseases and medical images analysis. As a first step, 

the researchers are preparing dataset to be ready for learning algorithms, this step 

includes preprocessing which means applying some functions on data such as 

segmentation and filtration. The second step, data entry to deep learning algorithms 

such as Convolutional Neural Network (CNN) that is used for classification, 

recognition and detection. Recently, the studies are trying to rely on deep learning 

algorithms to analyze medical images and diseases diagnosing [14]–[16]. The 

algorithms that used in this respect are Region-based CNN (R-CNN), Single Shot 

Detection (SSD) and You Only Look Once (YOLO) for detection. On the other 

hand, Fully Convolutional Network (FCN) and U-Net are used for segmentation 

while the Artificial Neural Network and Convolutional Neural Network (CNN) are 

used for classification. Moreover, the diagnosis by computer system based on deep 

learning helps to build CAD system to do it automatically.  

1.2 Conventional Leukemia Disease Diagnosis 

Many symptoms and signs denote that a person has a leukemia, however, in many 

cases it cannot be based on symptoms alone because it may resemble with many 

other diseases. For this reason, there are many medical methods used to diagnosis 

leukemia, each one of these methods used different type of test and give different 

information which needs specialist’s experience to diagnose the disease [7], [8], 

[17]. There are three main medical conventional methods used to diagnose 

leukemia. 

The first method is the physical examination which depends on some superficial 

factors, the doctor may notice some symptoms and signs for a diagnosis of 

leukemia as first step through physical examination such as person has inflated 
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liver, pale face, swollen gums, bleeding, fever and other some signs [5], [13], [18], 

[19]. If leukemia is suspected, the doctor applies smooth pressure to a part of the 

patient's body to check for swelling. However, these signs may be not enough to 

diagnosis the leukemia because these signs may be indicates many diseases [6], 

[20], [21]. 

The second method, the imaging test is required when the patient has 

complications of development leukemia that affect some other parts of the body 

such as gastrointestinal system, lungs and brain. Imaging tests show whether there 

are tumors inside the body or not [22], [23]. The imaging test is not useful to 

diagnosis leukemia as it is used in other kinds of cancer. The X-rays is a type of 

imaging tests that shows whether there are any organs or lymph nodes in patient 

body are enlarged. The magnetic resonance imaging (MRI) scan is another 

imaging test that gives detailed images of patient’s body by using strong magnets 

and radio waves instead of x-rays. The (MRI) is very useful to check the tumors at 

the spinal cord and brain [13], [18], [24]. 

Finally, the third method is blood smears which considered as the main test that 

can help the pathologist to diagnosis the leukemia early by checking the type and 

shape of blood cells mainly the white blood cells. In this test the blood smear 

checked by microscope and converted into images, these images contain three 

types of cells: Red Blood Cells (RBC), White Blood Cells (WBC) and platelets. 

The recognition of type and shape of the white blood cells give very important 

information that helps the doctor to diagnosis leukemia. In addition, if the number 

and shape of the white blood cells are abnormal, the doctor will take a sample of 

cells from bone marrow [1]. In this procedure, the doctor uses a long needle to take 

some fluid from the marrow of patient bone. The doctor then checks blood cells in 
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the fluid by microscope and she/he determines the abnormal cells percentage in the 

bone marrow, this test confirms leukemia diagnosing [8], [22]. 

1.3 Research Motivation 

There are still many problems in our live which should be solved in the computer 

vision. Deep learning for computer vision approaches were used to solve many 

problems in several aspects such as image classification, regression, object 

segmentation and object detection. Deep learning systems combine between 

detection and classification in one model but used some pre-proceeding or 

traditional segmentation before feeding the data into the model. In this thesis we 

will focus on the object detection and classification based on deep learning 

techniques separately. The separation of detection operation from classification 

operation will aim to increase the performance accuracy. Moreover, the diagnosis 

of leukemia is a challenge due to the difficulty of distinguishing between WBCs. 

We need a system to give physicians a complete information about WBCs to help 

them in diagnosing of leukemia early. Therefore, specific dataset of leukemia used 

in this thesis will be generated and prepared specially for this purpose without any 

pre-processing or traditional segmentation excepts lab preparation pre-processing.  

1.4 Research Problem Definition 

Many researchers used various techniques to analyses the medical images, 

especially object detection which plays an important role in our health live [25]. 

The detection of blood cells manually is time consuming and expensive because it 

needs specialists in the field [16]. The detection and classification of white blood 

cells by automated system is a challenge. Earlier systems used traditional 

techniques such as hand engineering and filters to extract edges. These techniques 
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are inefficient to object detection in medical images due to complexity shapes of 

objects and blurry edges of irregular shape of WBC in medical images [2]. 

Moreover, the changing of white blood cells which caused by deficiencies in the 

structure of shape in leukemia is not easy for detection and classification.  

Other problems of this research include; 

i. The use of preprocessing or segmentation before feeding the data into 

system.  

ii. How to extract irregular white blood cells from the images that took from 

different sources.  

iii. The images have differences in color levels, brightness and contrast without 

pre-processing. 

iv. The difficulty of classification the irregular shape of white blood cells due to 

the vast changes in cells shape. 

There is no a single method adequate for all problems, we need many stages to 

recognize the non-normal cases. Thus, the development of deep learning 

algorithms plays an important role in medical images analysis such as detection 

and classification of leukocytes in leukemia that will be used to solve the above 

problems. 

1.5 Research Objectives 

The complex problems can be solved by fragmentation and treat each sub-problem 

individually. Determine the location of leukocytes in acute leukemia is a challenge, 

due to the interlaced and unorganized cells. Thus, the aim of this study is to detect, 

classify of WBC with high performance and accuracy by dividing addressed 
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problem into sub-problems using simple deep learning model architecture. This 

can be achieved through the following objectives; 

i. Generating and preparing suitable dataset took directly from the microscope 

that has noise in color and shape. These datasets are captured images from 

leukemia patients blood films. 

ii. Proposing Computer-Aided Detection (CAD3) based on deep learning 

approaches (YOLOv2 and CNN) without any traditional segmentation or 

pre-processing excepts lab preparation pre-processing for detection and 

classification of white blood cells in leukemia. 

iii. Testing and evaluating the ability of the CAD3 system to achieved high 

accuracy. 

iv. Comparing the proposed system with others for more accuracy in detecting 

and classifying of WBCs using dataset such as BCCD and ALL-DB1. 

 

1.6 Thesis Layout 

The thesis is organized as follow: chapter two is about the theory background and 

literature review of the thesis which focuses on the neural network and its 

components, deep learning, CNN architecture, training process, optimization 

algorithms, applications of CNN, such as classification algorithms and object 

detection algorithms and loss functions used in this thesis. Chapter three focuses on 

the acquisition of data and stage of generating of sub-datasets. Chapter fourth 

focuses on the proposed system with its models, also discuss the training of the 

system models to improve the performance of object detection and classification. 

Chapter five focuses on the results and evaluation of the CAD3 system and 

comparison with other system. The final chapter is about the conclusion and future 

works suggestions. 
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Chapter Two 

THEORETICAL BACKGROUND AND LITERATURE 

REVIEW 

2.1 Introduction  

The chapter presents some important algorithms used for classification and 

detection that rely on CNN such as Region Based Convolutional Neural Network 

(R-CNN) versions and You Only Look Once (YOLO) versions. Finally, we discuss 

optimization algorithms and the main evaluation metrics that are used in this thesis. 

2.2 Artificial Neural Networks Concepts 

The Artificial Neural Network (ANN) is computing techniques that designed to 

solve the problems, its work is inspired from human brain method [26]. However, 

it is important to note that ANN is not closely resembled to complexity of the 

human brain. The ANN is consisted of a set of nodes which imitates biological 

neurons of the human brain [18], [27]. The nodes are interconnected with each 

other by links, each neuron operates on the received input to process the 

information and gives the desired output as illustrated in Figure (2.1). 
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Figure 2.1: The Neurons Architecture [28]. 

 

In addition, there are weights between nodes that work similarly to that in 

biological network. These weights are core of learning process of network that is 

learnable parameter and used as intermediate parameters between nodes. 

Additionally, the weight is a value that changes through training of network. The 

relation between inputs and weights is [9]; 

 

                                                𝑦 = ∑ (𝑋𝑛. 𝑊𝑛)
 

𝑛
                                               (2.1). 

 

Where X is the input , W is the weight, and y is the output. Furthermore, the bias is 

other learnable parameter in ANN that represents how far the prediction value 

from the desired value. The value of bias corresponds to the output value when the 

inputs are zero [26]. The bias b is a value added to summation of weight multiplied 

by inputs in each neuron. In addition, the bias (b) will helps network to solve 

complex problems in network as following [9];  
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                                         𝑦 = ∑ (𝑋𝑛. 𝑊𝑛)
 

𝑛
+ 𝑏                                              (2.2). 

Other component of ANN is the activation function or transfer function. The 

activation function that used in ANN is non-linear which allows neural network to 

learn patterns and complex relationships in data of output.  It can be represented as 

follows [9]; 

                                     𝑦 = 𝐹(∑ (𝑋𝑛. 𝑊𝑛) 
𝑛 + 𝑏)                                        (2.3). 

The rectified linear activation function (ReLU) is the most common function used 

in machine learning. Moreover, the network divided into two types; feed-forward 

networks and feed-back networks. 

2.2.1 Feed-forward Networks 

The data is transferring from input layer to output layer and it is passing through 

the hidden layers. This procedure occurs only in one direction. In addition, this 

category of ANN referred as Directed Acyclic Graphs (DAG) because there are no 

loops or cycles in the network graph [9]. Examples include MLP as illustrated in 

Figure (2.2). 

 

 Figure 2.2: Feed-Forward MLP Neural Network [29]. 
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2.2.2 Feed-Back Networks 

The connections in this kind of network formed as directed cycles. This 

architecture can store information and has a memorization ability, Also in their 

internal memory they can make sequencing relationships [9]. Example of this type 

is Recurrent Neural Network (RNN) as illustrated in Figure (2.3). 

 

Figure 2.3: Feed-Back RNN Network [9]. 

2.3 ANN Training 

ANN is a complex system that can update its weight parameters based on the data 

that fed the network. The update of weight parameters is done by optimization 

algorithms that determines the accuracy of network performance [27]. In other 

word, the predicted output of the network is compared with the desired output 

(target) to evaluate the error rate. The function that does this procedure is known as 

the error function, loss function or cost function, such as Mean Square Error 

(MSE) [30]. The main aim of optimization algorithms is to reduce the losses 

during the training process. Furthermore, the optimization techniques are strategies 

that responsible to provide the most accurate results possible in the networks. The 

machine learning field is used commonly first-order optimization techniques [15], 

[26], [31]. 
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Gradient Descent is the common optimization algorithm in machine learning and 

deep learning. It is operated frequently to find global minimum and is used 

extensively in the classification. This optimization tries to find the way to update 

the weights to reach the loss function into minimum value through back-

propagation [26]. The main disadvantages of the gradient descent are the need of a 

large memory and the update of weights after calculating gradient on the whole 

dataset [32] as stated in Figure (2.4). 

 

Figure 2.4: Visualize the Gradient Descent [11]. 

 

There are three kinds of gradient descent which differ in calculation of the 

objective function depending on the amount of data that is used to calculate the 

gradient [33]. 

The first one, batch gradient descent is the first basic kind of gradient descent that 

used the whole training dataset to compute the gradient of the cost function during 

each epoch. Batch gradient descent is slow for the huge dataset that cannot fit in 

memory [9], [11], [27], [32].  
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The second gradient, Stochastic Gradient Descent (SGD) in which the main 

advantages are it is faster for a larger dataset and does not require much memory. 

Moreover, it is easy for implement and effective [31]. On the other side, the SGD 

is usually unstable as the training datasets contains diverse examples and also it is 

randomly calculating the descent. Although it requires many number of iterations 

to obtain minimum of gradient descent but it is less expensive of batch gradient 

descent [33]. 

The third gradient is the mixture of Batch Gradient Descent and SGD form the new 

algorithm called Mini-Batch Gradient Descent [34]. This algorithm has solved the 

problems of Batch Gradient Descent and SGD by splitting n dataset into k mini-

batches, and the parameter is modified by computing the gradients on each mini-

batch [31]. Figure (2.5) illustrates the gradient descent types. 

 

Figure 2.5: Visualize the Batch Gradient Descent, Stochastic Gradient Descent and 

Mini-Batch Gradient Descent [9]. 

 

2.4 Optimization Algorithms 

There are several optimization algorithms that are used in machine learning and 

each one has its advantages. This study focuses on two main optimization 

algorithms based on gradient descent. 
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I. Stochastic Gradient Descent with momentum 

 The SGD with momentum aims to accelerate gradients vectors in the right 

directions [9], [29]. This optimization is considered one of the most popular 

optimization algorithms that is used in the machine learning. The SGD with 

momentum is depending on the previous weight to update the current weight. In 

other word, it adds fraction γ of the previous weight vector to current weight vector 

as illustrated in following equation [31]; 

 

                                  𝑊𝑛 = 𝑊𝑜 − [α∆F(𝑊𝑜) + γ𝑉𝑡−1]                                       (2.4). 

 

 Where 𝑊𝑛 is the update of weight, 𝑊𝑜 is the old weight, α is the learning 

rate, ∆F(𝑊𝑜) is the gradient and γ𝑉𝑡−1 refers to momentum and usually γ is set to 

0.9. 

The momentum increases the speed of SGD because it avoiding the unnecessary 

oscillations [9], [29]. The Figure (2.6) illustrates the effect of the momentum on 

the SGD. 

 

Figure 2.6: Visualize the SGD With and Without Momentum [11]. 
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II. Adaptive Moment Estimation (Adam) 

Adaptive Moment Estimation is another type of adaptive optimization algorithm 

based on stochastic gradient descent with adaptive estimates. Adam algorithm is 

characterized by computationally efficient, prevents occurrence vanishing learning 

rate, requires small memory, and it is very effective for the large dataset as it keeps 

gradients over many learning iterations. It is faster than many other optimizations 

[32]. Adam optimization keeps the average of exponentially decaying for past 

gradients similar to momentum and also it is storing an average of exponentially 

decaying for past squared gradients similar to RMSprop and Adagrad. In other 

word, Adam is combining the advantages of RMSProp and momentum. Adam 

update rule as following [31], [33], [35]; 

                                          𝜃𝑡+1 = 𝜃𝑡 −  
𝜂

√�̂�𝑡+ ϵ
 �̂�𝑡                              (2.5). 

where, θt+1 is new weight, θt is the old weight, η is the learning rate, m̂tis the 

estimates of the first moment, v̂t is the estimates of the second moment, and ϵ is 

the value by defulte equal 10-8 . 

2.5  Back-propagation Algorithm 

The back-propagation is an efficient technique which is used to compute the 

gradient in ANN learning. It is considered the most basic building block in ANN 

[27]. It refers to how the gradient is used within entire learning algorithm. In fact, 

the back-propagation is not a learning method but a computational strategy that is 

often used in learning algorithms. The backpropagation algorithm is a simple 

technique that iteratively updates the neuron parameters [9], [32], [36]. The most 

optimization algorithm that is used in neural network tries gradually reduce the 

error in the opposite direction. This process needs to calculate the gradient descent 
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in order to achieve the loss function minimum. In simple term, the 

backpropagation updates the network parameters (weights and biases) after each 

forward pass of network by backward pass [35], [37], [38]. 

2.6 Deep Learning 

The rapid advancement of computer technology provides building of ANNs with 

deep architectures for supervised and unsupervised learning such as self-driving 

cars and cancer detection [10]. In other word, the deep learning is a sub-field of 

machine learning that build algorithms inspired of human brain structure. 

However, deep learning is neural network consists of multiple layers. Each layer 

consists of large amounts of nodes and receives the data from previous layer as 

input. Also each layer has different characteristic to deal with the data [39]. The 

network with deep learning can extract the complex features from a large amount 

of dataset. One of the common deep learning architecture is convolutional neural 

network [19], [40]. The study will focus on the architecture and applications for the 

convolutional neural network CNN. 

2.6.1 Convolutional Neural Network (CNN) 

CNN is considered as one of the most common categories of deep learning that 

especially used for high-dimensional data such as images and videos. The CNN is 

widely used for images classifications and objects detections [25], [41]. The CNN 

operates in a way that is similar to standard neural networks but the difference is 

using filters with two dimensions instead of weights. Moreover, the power of CNN 

is using special type of layers called convolutional layer [26], [42]. The CNN is 

used for handwritten digits recognition by Yann LeCun for first time. The CNN is 

used with both supervised and unsupervised learning models [20], [34]. In the 

supervised learning model, the inputs and the outputs should be known and the 



 
 

32 

model is mapping features between both of them such as image classification as 

illustrated in Figure (2.7). 

 

Figure 2.7: CNN for Supervised Learning (Classification) [43]. 

 

In the unsupervised learning, there are only known input and no target output 

(labeled data) such as images clustering [44]. The model takes the unlabeled 

images dataset and it divides the data into sub-sets based on their content. The 

CNN extracts some simple of feature that representations at the start of learning 

and then detects more complicated features when the network goes to deep of 

learning [45]. This extracted feature by the network is used to cluster the input 

images into different category as illustrated in Figure (2.8).  

 

Figure 2.8: CNN for Unsupervised Learning (Clustering) [43]. 
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The convolutional neural networks consist of multiple layers [9]. Some of these 

layers basic in CNN architecture such as convolutional, normalization, pooling, 

and fully connected layers as shown in Figure (2.9). 

 

 

Figure 2.9: Virtualization of CNN Layers [32]. 

 

The convolutional layers are considered the basic building blocks in convolutional 

neural networks. These layers consist of a set of filters that their parameters need to 

be learned. Each filter (kernel) consists of area of numbers (weights) with 2-

dimintional or 3-dimintional depending on the input image [26], [27]. The 

dimensional of filter is smaller than the input dimension. Each filter is slid on the 

image from left-top into right-down to compute the dot products between the 

kernel and input image at every spatial position. Formally, each kernel is computed 

as [25]; 

 

                                                         y = ∑ 𝐼𝑛 𝐾𝑛
𝑁
𝑛=1                                           (2.6). 
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Where, N is size of filter, 𝐾𝑛 is filter weight and 𝐼𝑛  is pixel in input image. The 

output of convolution process is features map obtained by activation maps. The 

number of feature map is equal to the number of filter [15]. 

The pooling layer is the other important building block in CNN and it is a filter 

with two dimensional. The filter slid on each feature map generated by 

convolutional layer individually [46]. The function of pooling layer is reducing the 

spatial size of the feature maps. There are several types of pooling layer such as 

max-pooling, min-pooling and average pooling. The max-pooling is a common 

one. It is used in CNN with filter size 2x2 and stride of 2. Thus, the output of max-

pooling layer is containing the important features of previous feature map [29], 

[32].  

The fully connected layer is simply feed forward neural networks. It is usually 

located at the end of the network. The output of last layer (Pooling or 

Convolutional) is flattened into vector to be the input of the fully connected layer. 

The function of this layer is similar to ANN. Each neuron multiplication the input 

by weights and bias and then applying the nonlinear activation function [9], [31]. 

2.6.2 Examples of CNN Architectures 

The basic elements of deep learning are covered in previous section such as layers 

of CNN, optimization algorithms and several gradient-based learning algorithms. 

We can join these modules together to design several successful CNN architectures 

[9]. In this subsection, we discuss the early architectures that are commonly used in 

computer vision and the recent CNN architectures. 

I. LeNet Network 

The LeNet architecture is one of the basic forms of CNNs which is designed to 

identify handwritten digit and machine-printed character recognition. Also, it is 
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known as LeNet-5 and consists of five layers in total [47]. The LeNet consists of 

two convolution layers and two max-pooling layers to extract features. Moreover, 

it used (tanh) nonlinearity activation function [48]. The model trained on MNIST 

digit dataset as shown in Figure (2.10). 

 

 

Figure 2.10: LenNet-5 Architecture [47]. 

 

II. AlexNet Network 

AlexNet is one of the most influential networks in computer vision. It is a deep 

learning network proposed by Alex Krizhevsky. It was the best network in this 

challenge [9], [18], [34]. The architecture consists of eight layers in total. The first 

five layers are convolutional layers, the first two convolutional layers are followed 

by max-pooling layers to extract large number of features [49]. The last three 

layers of convolutional are directly connected to the fully-connected layers. In 

addition, each layer in network is followed by ReLu non-linear activation function 

[50]. The last output layer is connected to softmax activation layer that used for 

multi-classification. The network uses dropout layers to reduce overfitting during 

the training. There are more than 650,000 neurons and 60 million parameters. 

Figure (2.11) illustrates the architecture of AlexNet. 
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Figure 2.11: AlexNet Architecture [9]. 

 

 

III. VGGNet Network 

VGGNet is another convolutional neural network that achieved high performance 

in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2014. At 

that time, VGGNet was considered as a very deep convolutional neural network. It 

is contributed to explain the network depth to increase the accuracy of recognition 

or classification [15]. It used for image localization and image classification and it 

is proposed by Karen Simonyan and Andrew Zisserman. However, as shown in 

Figure (2.12) the key design consideration in depth, and the architecture of 

VGGNet. It us an improved version of the AlexNet by changing in size of filters. It 

uses small filter with size of 3X3 instead of 11X11 and 5X5 that was used by 

AlexNet. Sometimes, it consists of many convolutional layers and also uses 

activation dropout’s layers to reduce overfitting. There are two versions of 

VGGNet (VGGNet-16 and VGGNet-19) [16], [36], [45].  
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Figure 2.12: VGG-16 Architecture [36]. 

 

IV. GoogleNet Network 

The network scored the first place in the ImageNet Large Scale Visual Recognition 

Challenge (ILSVRC) in 2014. The GoogleNet is considered the first network 

which used modern CNN architecture that is not used only for convolution and 

pooling layers but it is used for inception architecture. It is also known as inception 

network as shown in Figure (2.13) [33], [51]. Furthermore, it works in parallel 

paths with different features maps size. The benefit of inception module is skipping 

connections in the network and creating mini-module that repeated through 

network. The inception module aims to reduce the number of parameters in the 

network. The main purpose of inception module is to put all the basic blocks of 

processing in parallel system [13]. The main advantage of GoogleNet architecture 

is creating large network by stacked multiple inception modules together. 
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Moreover, GoogleNet is using an average pooling that provides faster and higher 

classification accuracy [52]. 

 

Figure 2.13: Inception Module Architecture [33]. 

 

V. ResNet Network 

The ResNet is a deep convolutional neural network. It scored the first place in the 

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2015. It 

consisted of 152 layers in total. It was known as residual connections due to its 

ability to train a 1001-layer deep model using residual connections [1], [44], [53]. 

The main advantages of using residual connections are gaining knowledge during 

training and increase the speed of the training time. The ResNet used batch 

normalization after each layer, and it used skip connection to simply optimization 

as shown in Figure (2.14). 
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 Figure 2.14: ResNet Architecture [9]. 

 

2.6.3 Examples of Object Detection Architectures 

The object detection is considered subset of computer vision that automatically 

locating interesting objects in a given image. In other word, the object detection 

aims to identify the location of the objects in images [54], [55]. The main key 

difference between classification and detection is generating feature map of the 

entire image in classification. In contrast, in object detection the generating of 

features is based on regional level of the image by drawn bounding box around the 

objects [46], [56] as shown in Figure (2.15) that illustrates classification and object 

locating in an image. The identification of objects and localization of them by deep 

learning is challenge in computer vision [24]. Recently, many methods are used to 

solve these problems using CNNs. In this section, we will discuss some main 

object detection algorithms. 
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Figure 2.15: Comparison between Classification and Detection [49]. 

 

I. Region-based CNN 

The region-based CNN (R-CNN) proposed by Ross Girshick in 2013 for object 

detection as shown in Figure (2.16). The RCNN network consists of three modules 

[57], [58]. The first is the Regional Proposals Module, the R-CNN that uses a 

greedy algorithm, which also called selective search algorithm, to generate about 

2k region proposals. The region proposals are simply small region of images with 

high probability to contain the objects [59], [60]. 

The second module is the Feature Extraction Module. This module proposal is 

determined by selective search approach passed into CNN (usually used pre-

trained network). The chosen CNN network is used to extract features maps of 

each region proposal [16], [51]. Furthermore, all region proposals which are 

different in scale and ratio are wrapped as size of input layer of CNN [23]. 



 
 

41 

Finally, the third module is the classification module where each region after 

passing through CNN is classified by multiple SVM binary classifiers into 

background or class. All region proposals that have a high overlap with ground-

truth box are classified into that box class, while other are ignored [24], [54], [61]. 

 

 

Figure 2.16: R-CNN Architecture [62]. 

 

II. Fast Region-based CNN 

The Fast R-CNN belongs to the region based-CNN (R-CNN) family that solved 

some problems of R-CNN [24], [58]. The approach of faster R-CNN is similar to 

R-CNN but the difference is that instead of putting region proposals to the CNN, 

the entire input image is directly fed into CNN to generate feature map [57]. Then 

the region of proposal that generated feature map is identified and wrapped into 

squares with fixed size. The main function of RoI pooling layer is to convert the 

feature maps into small fixed size (X x Y) for example (7 x 7) using max-pooling. 

Where, the X and Y are the hyper-parameters of the layer. The region of Interest 

(RoI) is a rectangular box that continues of 4 value (a, b, x, y) whereas the (a and 

b) is the top-left corner and (x and y) is the height and width [48]. Finally, the 
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feature vector of RoI pooling layer predicted its class by using softmax layer and 

also the offset values for the bounding box as illustrated in Figure (2.17) [63]. 

 

Figure 2.17: Fast R-CNN Architecture [9]. 

 

III. Faster Region-based CNN 

The Faster R-CNN is another version of R-CNN family that is similar to Fast R-

CNN. The entire image fed into convolutional network to extracts feature map. It 

uses separate network instead of using selective search algorithm [49]. The key 

difference between both of them is using selective search by fast R-CNN for 

generating Regions of interest, while Faster R-CNN is using sub network called 

Region Proposal Network (PRN) and Anchor [64]. The aims of RPN are to create a 

set of proposals. Each of these proposals has a degree of probability for an object 

and its class. The RPN is generating k Anchor boxes with different sizes and ratio 

by sliding window over each feature maps. These proposals pass through two fully 

connected layers, one of these layers used bounding box regression and the other 

one used for classification of bounding box [57], [65]. 
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The anchor boxes are considered one of the most important concepts used by 

Faster R-CNN. The anchor boxes are set of bounding boxes used to prediction of 

object locations for the RPN [66]. These bounding boxes are responsible in 

determining specific object classes with scale and aspect ratio. These bounding 

boxes are usually chosen depending on the sizes of object in the training dataset 

because they capture different types of objects [9]. Moreover, the RoI pooling 

layer is used to reshape the predicted region proposals and also is used to classify 

the image with proposed region. The RoI pooling layer is used to predict the offset 

values for the bounding boxes as shown in Figure (2.18) [43]. 

 

Figure 2.18: Faster R-CNN Architecture [63]. 

 

IV. You Only Look Once (YOLO v1) 

YOLO is the most popular algorithm for object detection which came on the 

computer vision scene 2015 proposed by Joseph Redmon. YOLO used completely 

different approach than that used in based-CNN because it used clever 

Convolutional Neural Network (CNN) [56], [61]. Also, this algorithm used single 

network to entire image. In addition, YOLO can achieve high accuracy when 

applied on real-time. YOLO divides input image into S x S grid of cells and each 
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of these grids that the center of the object falls into will be responsible to detect the 

object in the image [14], [23], [60]. In addition, each grid cell predicts B bounding 

boxes and probabilities of C class. Each bounding box consists of 5 components (x, 

y, w, h, confidence). The (x, y) are the center of the bounding box and bounded 

between 0 and 1. Also, (w, h) are dimensions of bounding box and its value 

fraction of the width and height of the whole image fall between 0 and 1 [56]. For 

more details see Figure (2.19). 

 

Figure 2.19: Example of Bound Box [66]. 

 

The confidence is computed from the following equation [66]; 

 

                                                 C = P(O) ∗ 𝐼𝑜𝑈(𝑃, 𝑇)                               (2.7). 

 

Where P(O) is the probability of object, P is prediction bound box and T is ground 

truth bound box. When no object exists in the grid cell, the confidence score of that 

cell will be equal zero. In contrast, when the grid cell contains object, it is 

necessary to predict the class probabilities [61]. Finally, adding class probabilities 
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into output vector to be S x S x (B * 5 +C) tensor as output. For more details see 

Figure (2.20). 

 

Figure 2.20: YOLO Architecture [48]. 

 

V. You Only Look Once (YOLO v2) 

YOLOv2 is another version of the YOLO proposed by Joseph Redmon in 2016. It 

aims to improve accuracy and increases the speed of network by using some new 

techniques. These techniques include batch normalization layers after each 

convolutional layer and use anchor boxes [38], [67]. Furthermore, the YOLO v2 

uses high resolution classifier which means training the network on images with 

size of 224×224. Next, the classification network on image with size 448×448 is 

applied before training for detection [68], [69]. This improves the filters to work 

better on images with higher resolution. The YOLOv1 can only detect one object 

per grid cell. To solve this problem, the YOLO v2 used anchor box instead of fully 

connected layer such as that used in Region based CNN family as illustrated in 

Figure (2.21) [45], [70].  
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Figure 2.21: Example of YOLO v2 Architecture [44]. 

 

Anchor box allows the grid cell to detect more than one object. However, the 

YOLOv2 predicts coordinates of bounding box for each anchor box that relates its 

grid cell location. The YOLO v2 uses logistic activation function to compute 

coordinates that lies between 0 and 1 [8], [53]. For More details, for each 

prediction process this study specifies the corresponding grid cell. Initially the 

YOLOv2 determines the cell of the top left corner of anchor box that belongs to 

(cx, cy) and the anchor size (pw, ph). Next, for this anchor box the study predicts 

offsets (tx, ty, tw, th) with confidence score (to). Finally, the predicted box 

constrained to its corresponding grid cell by bound the coordinates of box’s center 

to location center by applying the sigma function. The offsets of bounding box 

prediction can be computed as [71]; 

 𝑏𝑥 = 𝜎(𝑡𝑥) + 𝑐𝑥  

 𝑏𝑦 = 𝜎(𝑡𝑦) + 𝑐𝑦 

 𝑏𝑤 = 𝑝𝑤  𝑒𝑡𝑤 

 𝑏ℎ = 𝑝ℎ 𝑒𝑡ℎ 

 Pr(𝑜𝑏𝑗𝑒𝑐𝑡) ∗ 𝐼𝑜𝑈(𝑏, 𝑜𝑏𝑗𝑒𝑐𝑡) = 𝜎(𝑡0)                                                          (2.8). 
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where (tx, ty, tw, th) are prediction by YOLO v2, (cx, cy) in the top left corner of grid 

cells of the anchor, (pw, ph) are the width and height of anchor, 𝜎(𝑡0) is the box 

confidence score and (bx, by, bw, bh) are the predicted bound box. For simple 

implementation see Figure (2.22). 

 

Figure 2.22: Visualization of prediction bound box process [64]. 

 

VI. You Only Look Once (YOLO v3) 

The improved version of (YOLO v2) led to increase the accuracy and classification 

is known as YOLO v3 for object detection in real-time [9], [49]. The YOLO v3 

used logistic regression to give the score for each bounding box predictions and 

also used logistic classifiers for each class instead of softmax that is used in 

YOLOv2. Moreover, the YOLOv3 used anchor box to capture specific object with 

different ratio [48]. The main difference between YOLOv3 and YOLOv2 is that 

the YOLOv3 is using a similar approach of that of Feature Pyramid Networks 

(FPN) which allows the YOLOv3 to detect the objects in different sizes as 

illustrated in Figure (2.23) [14]. Furthermore, the YOLOv3 made 3 predictions 
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scales for every position in the input image, and each of these predictions used to 

extract the feature map [49], [64].  

 

Figure 2.23: YOLO v3 Architecture [72]. 

 

2.6.4 Deep learning Loss Functions 

The loss or cost function is used to measure the error between the desired output 

and predicted output of the neural network [25]. Furthermore, the loss function 

assists the optimization algorithm to update the weight in efficient manner to 

reduce the loss on the next evaluation. The decision to choose loss function 

basically depends on the kind of problem that need to be solved by the CNN [73]. 

There are some common types of loss functions that used for various problems. 

The first is the cross-entropy loss which is the common loss function used in deep 

learning. In other hand, cross-entropy exams the network predictions (outputs) 

with the desired outputs (true labels) [9], [32]. Its output is a probability value 
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between 0 and 1. The accuracy of network is increased when the probability value 

of cross-entropy goes down and predictions tends to be perfect when probability 

value become zero. The cross-entropy function is commonly used for image 

classification as [43]; 

                                         𝐹(𝑑, 𝑝) = − ∑ 𝑑(𝑥). log 𝑝 (𝑥)                                 (2.9). 

Where 𝑑 denotes the desired output and 𝑝 denotes probability of the prediction 

output. 

The second common function is the Mean Squared Error (MSE) which is usually 

used as a default loss function in the evaluation detection in deep learning [74]. 

The MSE takes the average of square of difference between the target output and 

predictions output for the network. The value of the MSE function will never be 

negative due to squaring the errors. The MSE is can be defined as [6]; 

 

                                          MSE =
1

𝑁
∑ (𝑦𝑖 − �̂�𝑖)2𝑁

𝑖=1
                                       (2.10). 

 

Where N is the number of samples in training data, 𝑦 is the target output and �̂� is 

the prediction output. The MSE is perfect ideal when no outlier in dataset and also 

very efficient to achieve minima [56], [70]. 

2.6.5 Non-Maximum Suppression (NMS)  

Images contain many objects, each of these objects can be with different shapes 

and sizes. The technique of object detection creates multiple bounding boxes for 

each object [2]. The capturing every object perfectly with optimal bound box is a 

challenge. The non-max suppression technique chose the optimal bounding box of 
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the each object from the multiple predicted bounding boxes [38], [70]. The first 

step of NMS is discarding each predicted bound box with confidence score which 

is less than the certain threshold value as shown in Figure (2.24). For example, if 

the confidence threshold is set to 0.5, then NMS is suppressing all bound box with 

confidence score less than 0.5 [48], [67]. 

 

Figure 2.24: Visualization of Non-Maximum Suppression [73]. 

 

2.6.6 Evaluation Metrics of object detection performance 

The key point of machine learning is training a model and after training process, 

the model needs to be evaluated [9], [27]. There are many measurements used to 

evaluate the model. In this section, the study explain the techniques that use to 

evaluate machine learning model that generalizes new samples, specifically which 

used in classification and object detection [48]. 

I. Confusion Matrix 

The confusion matrix is an important measurement for classification that is used to 

summarize the model performance. The accuracy of classification of any model 

may be misleading when there are imbalance number of samples in each class and 

when there are multiple classes in dataset [63]. Moreover, calculation of confusion 
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matrix gives better idea about the performance of classification model. Table (2.1) 

contains predicted and actual values for each class [41]. The entries in the 

confusion matrix have the following meaning in the context of this study:  

• TP is the number of correct predictions that an instance is positive. 

• FP is the number of incorrect predictions that an instance positive. 

• FN is the number of incorrect predictions that an instance is negative. 

• TN is the number of correct predictions that an instance is negative.  

 

Table 2.1: The Confusion Matrix of classification model for Two Class. 

  Actual Value 

  Positive Negative 

P
re

d
ic

te
d

 

V
al

u
e 

Positive TP FP 

Negative FN TN 

 

 

II. Global Accuracy 

Generally, it is defined as measurement unit that predicts the correctness of a 

machine learning model. The ratio of correctly classified of unseen data is called 

accuracy and calculated as [9], [32]; 

 

                                      𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+TN+FP+FN
                                      (2.11). 



 
 

52 

 

Global accuracy is ineffective with a class imbalance dataset. To avoid this 

problem, the accuracy is computed for each class individually and then calculates 

mean accuracy. 

 

III. Precision 

The precision is one of the most importance measurements that refers to the ratio 

of true positive (true predictions) (TP) of the total number of predicted positives 

(total predictions). In other word, it is the correct ratio of predicted bounding boxes 

compared with the ground truth boxes. It can be computed as [41]; 

 

                                            𝑃𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                               (2.12). 

 

For more details, imagine there are 10 images and all images contain 120 objects 

and suppose that these images input into a model and it detected 100 objects. To 

calculate the precision of the model the study matches the detected 100 objects 

with ground truth. If there are 80 objects correctly detected, the precision will be 

80/100 = 0.8. The precision scores fall between ranges (0,1), while the high score 

refers to the most detected bound box match ground truth box. For example, 

precision = 0.9 implies that 90% of detected objects are correct [43].  
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IV. Recall 

It is another important metric that is used for object detection and also referred to 

as sensitivity. This is the main ratio of true positive of the whole positives of 

ground truth, it can be calculated by [43]; 

 

                                            𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                    (2.13). 

 

Also, the recall score falls between ranges (0,1), when high main score main most 

ground truth boxes are correctly detected [62]. 

 

V. Specificity  

Specificity is another measure that is used in deep learning which refers to the rate 

of the actual negatives that the system predicted as true negative. In other word, 

Specificity is the results of divide the actual negative prediction by the total of 

negatives number, it can be calculated as [9]; 

 

                                                 𝑆 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                        (2.14). 

 

VI. Average precision (AP) 

Average precision is used as a measure to evaluate the performance of model. It is 

commonly used for object detection. Moreover, the average precision is 
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combination of precision and recall together [71]. To calculate Average Precision 

(AP), it need to plot the precision and recall values to obtain precision-recall (PR) 

curve, then the under area of PR curve refers to AP. In other word, it is the mean of 

precision values at a recall set consist of 11equal space points [0, 0.1, 0.2, 0.3,...,1]. 

The maximum point of precision is taken when its corresponding recall value is to 

the right of r and precision is interpolated at 11 recall levels. The AP can be 

calculated as [41]; 

 

                                          𝐴𝑃 =
1

11
∑ 𝑃𝑖𝑛𝑡𝑒𝑟𝑝(𝑟)𝑟∈{0,0.1,0.2,…,1}                   (2.15) 

where 𝑃𝑖𝑛𝑡𝑒𝑟𝑝(𝑟) = 𝑀𝑎𝑥�̃�>𝑟 𝑃(�̃�) 

2.7 Literature Review  

Recently, many researchers used several methods and techniques in medical 

aspect, especially images analysis. Their aims were to extract the main feature of 

images which was used in automatic diagnosing of diseases. In this section, the 

study will discuss the conventional and non-conventional techniques used in 

detection and classification of medical image. 

2.7.1 Conventional Methods for Blood Cells Detection and classification 

Ghane et al. [75] , they used the segmentation technique as a main step by applying 

combination of modified watershed algorithms, thresholding and kmeans 

clustering. The proposed system consists of three main stages; segmentation of 

WBCs, extraction of nuclei and separation of overlapping cells and nuclei. The 

first is used to divide images into four various regions red blood cells, nucleus of 

white blood cells, cytoplasm and background. For WBC, the author used algorithm 
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to cell segmentation, splitting of touching nuclei and nucleus segmentation. 

Moreover, the authors used preprocessing, thresholding, and morphological 

operations. They used preprocessing by applying some filters such CMYK color 

space, Otsu thresholding. However, for splitting of touching nuclei, they used 

modified watershed transform method. Finally, for the nucleus segmentation used 

some algorithms such as k-mean algorithm is used. The proposed system was 

applied on 431 WBCs as dataset. The proposed system achieved similarity 

measures, precision, and sensitivity respectively 92.93, 97.41, and 93.78% for 

white blood cell segmentation.  

Xu et al. [76], used a system consisted of four main stages. The first was used to 

detect the red blood cells region from background called Automatic Hierarchical 

RBC Patch Extraction method by using Improved Random Walk method to 

separate touching red blood cells. The detection of the high-level ROI boundary to 

obtain the RBC patch images for the CNNs by using the minimum and maximum 

of pixel. The second stage used scaling technique for normalization of image size 

to reducing fidelity of the RBC patch image that is based on applying a mask-

based RBC patch-size to uniform size of segmented single RBC patches. The third 

stage is using convolutional neural networks (CNNs) for classification of RBC 

patch images. Finally, the author applied automated RBC shape for three types of 

shape by factor analysis of each RBC type, 

Pirouzbakht & Mejıa [77], developed a system to detect the cancer which assisted 

the specialists to breast cancer detection. The system consisted of two stages. The 

first stage is preprocessing stage that was used to remove the label on all images in 

dataset by converting the original image into binary image. This technique 

separated objects from background. Moreover, the suitable threshold was used. 

The next stage in preprocessing was equalization of intensity values and reducing 
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dynamic in the image by using histogram equalization technique to reducing the 

dynamic range. Finally, the proposed technique improves the contrast enhancement 

and improved small lesions visibility such as tumors. The second stage of the 

system was convolutional neural network (CNN) which consisted of three layers of 

convolutional. It depends on preprocessing stages to detect the cancer region and 

then fed the output to the network to classify the detected region. The authors used 

the Digital Mammography DREAM images as a dataset which consist of 500 

mammogram images. 

Mohd Safuan et al. [78], they used the traditional segmentation to separate white 

blood cells by using system called Computer Aided System (CAS). This system 

consisted of four main stages. The first stage was color space correction achieved 

by using L∗a∗b color space to reduce the correlation between images channels. The 

key word of this stage is making matching in intensity between the original image 

color and the targeted image color. Four templates of images were used instead of 

the original image. The second stage of the system was the white blood cells 

segmentation and extraction by using Otsu thresholding, CMYK and HSV on color 

space image. The two approaches were used to separate white blood cells region, 

single band color analysis and combination of two chosen single bands applied to 

count white blood cells. The third stage of the system is morphological filter which 

eliminates the noises in the segmented image by applying two kinds of filters; 

connected component labeling (CCL) and morphological operation. Finally, the 

system counted and identified the white blood cells by using Circle Hough 

Transform (CHT) method. This method counted the white blood cells by finding 

the circle for series range of radius from minimum to maximum to differentiate 

between white blood cells and other objects. WBC segmentation accuracy 

achieved was 96.92%. 
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Al-Hafiz et al. [79] , used a system based on segmentation algorithm for red blood 

cells. The system automatically computed threshold of images to detect red blood 

cells. The segmentation model consisted of four steps. The first step was pre-

processing in which a 2D filter is created to compute gradient value of the images 

by the system. The second step was the threshold determination. In this step, an 

appropriate threshold value was used and based on gradient value for all input 

image. After that, the image is converted into grayscale that based on adaptive 

thresholding technique. The third step was edge detection process in which a 

Canny operator is used is that based on grayscale image to detect edges positions 

in output. Next, post processing of segmentation applied which is based on 

morphological operators to elimination of other objects. Finally, using median 

filter red blood cells is appeared to be ready for the detection. The dataset used in 

this experiment was available in the Broad Bioimage Benchmark Collection 

(BBBC), the images converted into 8-bit TIFF format with size 512X512. The 

system achieved accuracy 87.9% . 

2.7.2 Machine learning for Blood Cells Detection and classification 

Thanh et al. [80], used system based on convolutional neural network to 

differentiate between abnormal and normal blood cell images in leukemia with size 

of images 100X100X3. The author used simple convolutional neural network 

architecture which consisted 7 layers. Three layers of convolutional were same in 

size but different in number of kernels (16, 32, 64), respectively. The second three 

layers were same of max-pooling with size 2, stride 2 to decrease dimension. The 

last layer was fully-connected followed by softmax function. The author used 

augmentation techniques on ALL-DB1 dataset of one type of leukemia such as 

gray scale image, shearing image, rotation and reflection. The proposed method 

achieved an accuracy up to 96.6. 
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Also Aliyu et al. [81], they used two systems to segment and classify the red blood 

cells are proposed basing on the shape of cells in images to classify whether red 

blood cells are normal or abnormal. The first system used support vector machine 

SVM to classify extracted feature in red blood cells images. The classifier is based 

mainly on shape features. This method depended on weights absolute values of a 

linear classifier that trained on entire features set. The second system used deep 

neural network that learnt on images directly by using cropped cells of color to 

classification tasks. Furthermore, images acquired from two database which 

contained of 105 and 250 images of Red blood cells and the images were resized to 

256 X 256. The system achieved an accuracy of 67% and 83%. 

Lin et al. [82], applied segmentation and classification of white blood cells WBC 

based on K-means clustering to extracting complex leukocytes. Initially the 

histogram distribution was applied by clustering center of the cell image. Next, 

applying color space with K-means clustering to segment white blood cells and 

then using watershed algorithm for complex white blood cells. Moreover, de-

noising algorithm is used to correct small noise that existing in white blood cells. 

To classify extracted WBC convolutional neural network CNN is used. It consisted 

of eight layers. The first layer was input layer that converted color image to gray 

scale with size 48X48. Layers 2, 4 and 6 were convolution layers, whereas layer 3, 

5 and 7 are pooling layer. At the end fully-connected layer with length 288. The 

experiment used two dataset the first dataset consisted of 350 color images 

obtained from the First Affiliated Hospital of Fujian Medical University. The 

second dataset consisted of 368 images downloaded from the ALL-IDB datasets. 

The proposed system achieved 95% accuracy for segmentation and 98% accuracy 

of classification. 
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Rehman et al. [83], used machine learning based on image processing to diagnosis 

the Acute Lymphoblastic Leukemia (ALL). The proposed system based on robust 

segmentation and convolutional neural network to classify ALL into its sub type. 

The system trained on dataset of three patients having ALL history obtained from 

Amreek Clinical Laboratory Saidu Sharif Swat KP Pakistan. The dataset was the 

320 of colored images tacked by microscope. The first step was segmentation in 

which threshold method was used and the images converted into color space (Hue, 

Saturation, Values) HSV. Finally, the images converted into color mode again with 

size 227X227X3 to be ready for training. The second step was classification which 

used pre-trained network Alexnet that based on convolutional neural network 

CNN. The system consisted of convolution layers, max-pooling layers, and fully 

connected layer, softmax and classification layer. The last three layers of Alexnet 

configured to be suitable for dataset. The completed system achieved 97.78% 

accuracy. 

Pansombut et al. [84], they used a system based on machine learning that used 

convolutional neural network is proposed to classify white blood cells in an Acute 

Lymphoblastic Leukemia (ALL) in three classes. They also compared them with 

other traditional machine learning, Multilayer Perceptron (MLP), Support Vector 

Machines (SVMs) and random forest. The proposed CNN architecture consisted of 

seven layers, three layers were convolution that used 32 kernel with size 3 in first 

and second layer and 64 kernels with size 3 in third layer. Furthermore, two max 

pooling layers with size 2 applied to reduce the image size into half. The sixth 

layer was flattening layer in which multi-dimensional array converted into one-

dimensional array. The seventh layer was fully connected layer followed by ReLU 

activation function and dropout layer. The dataset used contained 363 color images 

with size 256 × 256 and the system achieved accuracy above 80%. 
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2.7.3 Deep learning for Blood Cells Detection and classification 

Hung et al. [85], used deep learning for detecting red blood cells in malaria disease 

is proposed using Faster Region Convolutional Neural Network (Faster R-CNN). 

The dataset that used was tacked from four patients in Brazil. The dataset images 

fed to Faster R-CNN as input and ran it through two stages. The first stage the 

images passed through Region Proposal Network (RPN) which proposed the 

bounding box of object while the second stage classified bounding box to detect 

object. In this stage bound box around objects in image as red blood cells or other 

objects is identified. The (Faster R-CNN) based on convolutional neural network, 

in this system AlexNet was used. It consisted of 7 layers to identify red blood cells, 

white blood cells and platelets. After this stage the extracted red blood cells by 

Faster R-CNN fed into AlexNet again are classified to red blood cells and the 

system achieved 59% accuracy. 

 Shafique and Tehsin [86], used deep convolutional neural network is developed. 

They used pertained AlexNet to classify an acute leukemia into five types of class. 

The new layers added to last layers of AlexNet to classify the input images into 4 

classes. The developed AlexNet architecture consisted of five convolutional layers 

and three max polling layers. Each convolutional layer followed by rectified linear 

unit (ReLU). Furthermore, data augmentation technique is used to reduce 

overtraining such as rotation, Hue Chroma Blue Chroma Red [HCbCr] color, Hue 

Saturation Value HSV and luminance Chroma blue Chroma red YCbCr. The data 

that was used for training was available online from ALL-Image Data Base (IDB1) 

dataset. The dataset consisted of 108 images with size 257 X 257. The images 

resized to 227X227 to be suitable for AlexNet and the system achieved accuracy of 

96.06%. 
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Alam and Islam [87], applied a system based on deep learning for counting and 

identification three kinds of blood cells is proposed. The system used You Only 

Look Once YOLO and GoogLeNet as pre-trained network. The YOLO framework 

trained on Blood Cell Count Dataset (BCCD) dataset which consisted of 364 blood 

images after modified configuration to detect and count blood cells automatically. 

The YOLO frame work received image with size 448 × 448 and divided into 7 × 7 

grid cell. Two bounding boxes were used for each grid cell for prediction of blood 

cells when object center fell into grid cell. Furthermore, K-Nearest Neighbor 

(KNN) and intersection over union (IOU) were used to remove multiple counting 

of the same object. The system achieved mean Average Precision mAP of 62%.  

Yildirim and Çinar [88], they used convolutional neural network to classify the 

white blood cells into four types by using four pre-trained network: Alexnet, 

Densenet201, Resnet50 and GoogleNet. This pre-trained network is on dataset 

with three phases, the first phase, trained the network on the original images in 

dataset and the second and the third phases trained the network on the same data 

but with applying to filter on the images in dataset. The main step was applying 

two types of filters on the images in dataset as pre-processing. The first one was 

Gaussian which was used to give the image smooth by removing the noise in the 

images. Next, the Gaussian filter was making the image softer by reducing the hard 

tone. The second filter was median filter which was like Gaussian filter. It was 

used to reduce the hard tone changes in the images to be ready for the 

classification. The dataset that used in the system tacked from Kaggle Dataset 

which contained 9663 images. This dataset consisted of leukocyte images which 

were divided into four classes. The best results were obtained after applying the 

filter on the images in dataset. The best accuracy of Alexnet achieved was 82%, 

Densenet201 was 83%, Resnet50 was 80% and GoogleNet was 75%. 
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Claro et al. [89], they used convolutional neural network CNN to classify the entire 

image into two types of leukemia Acute Lymphoid Leukemia (ALL) and Acute 

Myeloid Leukemia (AML). The proposed system used pertained network Alert Net 

and modified into the Alert Net with a Residual Layer (Alert Net-R). The system 

used max pooling to resize the original image after the input layer, Alert Net-R 

consisted of five layers of convolution followed by batch normalization layer. Five 

layers of max pooling and two fully connected layers followed by dropout and 

softmax layer. Furthermore, the data augmentation was used to avoid overfitting 

such as rotation, horizontal, vertical flip and zoom. The dataset used to train the 

system was obtained from more than one database which contained more 2000 

images and the system achieved accuracy of 97%. 

 

2.7.4 Discussion of previous studies 

According to the previous studies we summarizes the related works based on 

purpose, dataset used, and performance achieved which are constructed as shown 

in Table 2.2. Clearly, the table shows that most of the researchers depend on more 

than one technique and preprocessing the data before feeding into the system. In 

addition, many of studies used different techniques of machine learning including 

deep learning on different datasets. each one proved his work is perfect and each 

one solved some problems. However, many of researchers used more than one 

algorithms to solve the one problem. on the other hand, we noted all researchers 

used pre-processing, hand engineering, filters to extract edges or classic 

segmentation which is a main problem in deep learning. Furthermore, the proposed 

CAD3 system solved this problem using only learning algorithms without any pre-

processing or traditional segmentation. 
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Table 2.2: Related Work with its Models and Performance. 

Research Purpose Dataset Techniques used Performance 

(Ghane et 

al., 2017) 

WBC 

Segmentation 

431 WBCs as 

dataset 

CMYK color space, 

Otsu thresholding 

and kmeans 

clustering 

Precision 

92.93% 

sensitivity 

97.41% 

respectively 

93.78%  

(Xu et al., 

2017) 

Red Blood 

segmentation 
- 

Automatic 

Hierarchical RBC 

Patch Extraction 

method by, Random 

Walk method, 

CNNs 

- 

(Pirouzbakh

t & Mejıa, 

2017) 

breast cancer 

detection 

The Digital 

Mammography 

DREAM 

challenge 

binary image , 

threshold, histogram 

equalization 

technique and CNN 

- 

(Mohd 

Safuan et 

al., 2018) 

Computer 

Aided System 

(CAS) for 

segmentation 

of white 

blood cells 

- 

color space 

correction, Otsu 

thresholding, 

CMYK and HSV, 

(CCL) and CHT 

Accuracy 

96.92%. 

 

(Al-Hafiz et 

al., 2018) 

WBC 

Segmentation 

algorithm 

Broad Bioimage 

Benchmark 

Collection 

(BBBC) 

thresholding 

technique, image 

gray scale and 

median filter 

accuracy 

87.9% 

(Thanh et 

al., 2018) 

Classification 

of Leukemia 

ALL-DB1 

dataset 

gray scale image, 

shearing image, 

rotation and 

reflection and CNN 

accuracy 

96.6%. 

(Aliyu et al., 

2018) 

segment and 

classify the 

red blood 

cells 

Two database 

which contained 

of 105 and 250 

images of Red 

blood cells 

support vector 

machine SVM and 

CNN 

accuracy 67% 

and 83% . 

(Lin et al., 

2018) 

segmentation 

and 

ALL-DB 

datasets and 350 

K-means clustering, 

watershed 

95% accuracy 

for 
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classification 

of white 

blood cells 

WBC 

color images 

obtained from 

the First 

Affiliated 

Hospital of 

Fujian Medical 

University 

algorithm, color 

space, de-noising 

algorithm and CNN 

segmentation 

and 98% 

accuracy of 

classification 

(Rehman et 

al., 2018) 

diagnosis the 

Acute 

Lymphoblasti

c Leukemia 

(ALL).  

The dataset was 

the 320 obtain 

from Amreek 

Clinical 

Laboratory 

Saidu Sharif 

Swat KP 

Pakistan. 

threshold method, 

color space (Hue, 

Saturation, Values) 

HSV and Alexnet 

Network 

97.78% 

accuracy. 

(Pansombut 

et al., 2019) 

classify white 

blood cells 

dataset were 

contained 363 

color images 

Multilayer 

perceptron (MLP), 

support vector 

machines (SVMs), 

random forest and 

CNN 

accuracy 

above 80%. 

(Hung et al., 

n.d.) 

detecting red 

blood cells in 

malaria 

disease 

dataset that used 

was tacked from 

four patients in 

Brazil 

Faster R-CNN and 

AlexNet 
59% accuracy 

(Shafique & 

Tehsin, 

2018b) 

detected and 

classified an 

WBC in 

acute 

leukemia  

ALL-Image Data 

Base (IDB1) 

dataset 

AlexNet, Chroma 

Red [HCbCr] color, 

HSV and luminance 

Chroma blue 

Chroma red YCbCr 

96.06% 

accuracy. 

(Alam & 

Islam, 2019) 

counting and 

identification 

three kinds of 

blood cells 

Blood Cell 

Count Dataset 

BCCD dataset 

You Only Look 

Once YOLO, 

GoogLeNet As pre-

trained network and 

K-nearest neighbor 

(KNN) 

mean Average 

Precision 

mAP 62%.  

 

(Yildirim & 

Çinar, 

2019b) 

Classification 

of white 

blood cells 

Kaggle Dataset 

Alexnet, 

Densenet201, 

Resnet50 and 

GoogleNet, 

accuracy of 

Alexnet was 

82%, 

Densenet201 
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Gaussian filter and 

median filter 

was 83%, 

Resnet50 was 

80% and 

GoogleNet 

was 75%. 

(Claro et al., 

2020) 

classify the 

entire image 

ALL and 

AML 

2000 images 

database 

Alert Net with a 

Residual Layer 

(Alert Net-R) 

97% accuracy. 
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Chapter Three 

LEUKEMIA DATASET PREPARATION 

3.1  Introduction 

The dataset is one of the basic ingredients that needed for any deep learning 

system. The main problem is to obtain dataset. because of the difficulty in 

accessing data due to the confidentiality of data, lack of data and other issues. The 

dataset adopted in this study is obtained from private Hospital and it is prepared to 

be suitable for CAD3 system. In this chapter, will also be presented discuss the 

acquiring of dataset that used to train and test each model in the CAD3 system. 

Generation of dataset and stages of preparing dataset as shown in Figure (3.1). 

 

 

Figure 3.1: Process of generation and preparation of dataset. 

3.2 Data sources 

The preparation of dataset that are used for training and testing the CAD3 system 

was passed through many stages. The samples of dataset obtained from VIN 

private Hospital in Duhok city which is situated in Kurdistan region of Iraq. The 

blood smears of 15 patient of leukemia were also obtained from VIN Hospital lab. 
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These samples were taken from patients of different ages; adults and children. 

Moreover, each patient had at least 7 sample blood films as shown in Figure (3.2). 

 

Figure 3.2: Sample of Blood Film. 

3.3 Raw Images  

After obtaining the blood films of leukemia from patients, the whole films were 

converted into images type JPG. In this process some materials were used to 

convert the blood films into images. These materials were microscope, camera and 

other assistance. With the first step, an oil is added on each blood film and then put 

under microscope. The type of microscope was Olympus CX22 light microscope. 

Next, lens 100X was used to visualizing the WBC clearly. The camera was fixed 

on the microscope to capture pictures for each film as shown in Figure (3.3). Each 

film has an area that contains more than one picture. The camera that has been 

used has a resolution of 12Mb pixels. Finally, we obtained 360 color images in 

high resolution as total of all blood films. 
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Figure 3.3: Sample of Captured Image from Microscope. 

3.4 Images Dataset 

Having converted all blood films of leukemia into color images are not adequate, 

since these images were unsuitable for training the models. This is due to the high 

resolution with dimension 3024x3024 and the images covered with black border. 

Thus, each of these images should be divided into non-overlapping patch to create 

two dataset, one for detection and another for classification.  

3.4.1 Images Dataset for WBCs Detection 

 The captured images from microscope with high resolution were separated into 

non-overlapping with size 256x256. The total images that obtained were 2700 

patches and each patch at least contained one or more white blood cell as shown in 

Figure (3.4). Furthermore, the number of white blood cells for each type was 

different after counting each type in dataset. The Monocyte was 4117 cells, 

Lymphocyte was 1093 cells, Neutrophils was 1092 cells and a few of other types. 
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Figure 3.4: Sample of Patches with dimensions 256x256. 

 

Due to the inequality among the types of white blood cells, the study generate new 

dataset consisting of 1870 color Image with size 256X256. The data were divided 

into 1500 images which were close in number of WBCs for training and 370 

images for testing the model (about 80% training dataset and 20% test dataset). 

Moreover, the new generated dataset called “WBCs Detection Dataset” in which 

the number of each type of WBCs became 1095 cells of Monocytes, 1014 cells of 

Lymphocyte and 1019 cells of Neutrophils as shown in Table (3.1). 

Table 3.1: Comparison between Dataset Before and after balancing WBCs Types. 

WBC Type Raw Dataset WBC Detection Dataset 

Monocytes 4117 1095 

Lymphocyte 1093 1014 

Neutrophils 1092 1019 

Total Images 2700 1870 
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3.4.2 Images Dataset for WBCs Classification 

This dataset is generated from the previous dataset “WBCs Detection Dataset)” 

after creating ground truth bound box and label for each WBC for all images in 

WBCs Detection Dataset. The ground truth is created by "Image Labeler Toolbox" 

manually which will be explained later. However, the WBCs cropped is depending 

on its bound box by function code in MATLAB as shown in the Appendix A. The 

new generated dataset called "WBCs Classification Dataset" which contains 

cropped WBCs. The images in WBCs Dataset Classification dataset had different 

sizes. These have been resized into 64x64 using function imresize (); to be suitable 

for classification model as shown in Figure (3.5). The total number of images in 

this dataset were 3128 images, 1095 was Monocytes, 1014 was Lymphocyte and 

1019 Neutrophils. 

 

 

Figure 3.5: Samples of WBCs Classification Dataset with dimensions 64x64. 

 

Due to the imbalanced in the WBCs types, the study have chosen equal number of 

each type. In this case the training of classification model will go smoothly. Other 

WBC images have been added into the two types of the WBC to be equal to 1020. 

Thus, the total images in "Classification Dataset" became 3060 images. The dataset 
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were divided into 2448 for training and 612 for testing (80% for training and 20% 

for testing) due to the training and testing accuracy was close together. Table (3.2) 

illustrates the WBCs Classification Dataset before and after balancing. 

Table 3.2: Comparison of WBCs Classification Dataset Before and after balancing 

WBCs Types. 

Dataset Monocytes Lymphocyte Neutrophils Total Images 

Before Balance 1095 1014 1019 3128 

Add other image - 6 1 7 

After Balance 1020 1020 1020 3060 

 

3.5 Ground Truth Creation 

The whole images in the WBCs Detection Dataset were loaded into Image Labeler 

toolbox. This package was toolbox in the MATLAB used to create all types of 

ground truth. The first step is the open the Images Labeler and from Label tab 

choose option "Load". Next, chose "Add Images from Folder" as shown in Figure 

(3.5)a. Furthermore, all images will be loaded and ready to create bound box for 

each WBC. The second step will define a new ROI label from option "Label" to be 

appeared as a small window that contains label name, type of ground truth, color of 

bound box and also group and label description as shown in Figure (3.6)b. For this 

study, set label name "WBC" and we chose rectangle as type of ground truth and 

Blue color set as bound box color as shown in Figure (3.7). Moreover, each cell in 

WBCs Dataset Detection were labeled manually. 
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Figure 3.6: Creating Bound Box and Label of WBCs. 
 

 

Figure 3.7: Sample of WBCs Dataset Detection with Bound Box. 
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Finally, the images with ground truth bound box were exported into workspace as 

table with two columns. The first column contained the path of the image and the 

second contained bound box of the WBCs. 

3.6 Images and Bound Box Datastore 

The initial step to train any model is to create datastore. For detection model, two 

main functions were used, the first function is imageDatastore() which was used to 

create image datastore from exported table from Image Labeler toolbox into 

workspace in MATLAB. Next, the second function is boxLabelDatastore() which 

is used to create bound box datastore as shown in the source code in the Appendix 

A. Moreover, the function combine() is used to create datastore that contains 

images and bound box together. Moreover, the function imageDatastore() is used 

to create the image datastore from cropped WBC images for classification model.  

3.7 Data Augmentation 

The lack of data is a major problem to train deep learning models such as 

convolutional neural networks CNNs. In other word, the deep learning networks 

needs a huge training dataset. The images used in training dataset of WBC 

detection and classification were few due to the lack of data and difficulty in 

obtaining more smears from leukemia patients. However, the data augmentation 

approach is used to increase the images in both WBCs Detection and Classification 

dataset. The idea of augmentation data is to duplicated the images with several 

variation to preserve the main features key and to increase the samples for learning 

model. In this study, after creating training images datastore for WBC Detection 

which consists of 1500 images and WBC Classification which consists of 2448 

images, the function augmentedImageDatastore() is used to transform the input 



 
 

74 

image into several variation. These include randomly rotation (0 - 90), randomly 

reflecting in horizontal and vertical axis are used. Furthermore, color jitter with 

random values is used by function jitterImageColorAndWarp(). This is the other 

data augmented method which is used in object detection as shown in Figure (3.8). 

 

 

Figure 3.8: Sample of Augmented Training Dataset. 
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Chapter Four 

PROPOSED COMPUTER-AIDED DETECTION (CAD3 

SYSTEM) 

4.1 Introduction 

The localization and classification of white blood cells in leukemia require several 

stages starting from input step into the last step in the proposed system. The 

proposed CAD3 system consists of three main models, and each model is used 

individually to perform special purpose. In this chapter, we will discuss structure 

of each models in the CAD3 system. Next, a detailed explanation of each model in 

CAD3 System, training process and visualization training process of each model 

will be presented. 

4.2  Computer-Aided Detection with Three Models (CAD3) 

The CAD3 system consists of three models, each model used for special functions. 

The first model is used to detect the WBC of the input image. Next, the detected 

WBC is used as input to the second model which is responsible to classify WBC. 

Finally, classified WBC is used to visualize original input image by third model as 

shown in Figure (4.1). The first two models are based on deep learning. Moreover, 

the first model used a YOLO v2 algorithm which is based on CNN network to 

localize and detect the WBC in the input image. The second model used CNN 

network to classify the extracted WBC from the first model. Detailed architecture 

of each model will be presented in the next sub sections.  
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Figure 4.1: Global View of CAD3 System. 

 

4.2.1 WBC Detection Model (YOLO v2) 

This model is used deep learning algorithm to detect WBC instead of conventional 

segmentation and mainly consists of two parts; CNN and YOLO Layers. 

Furthermore, the YOLO v2 is used to extract WBC of the images in dataset. As it 

is known, YOLO relies on a pre-trained CNN to extract features map with a 

suitable CNN created for this purpose. The CNN network is experimentally 

determine the suitable architecture of CNN as pre-trained network. Experimentally, 

the network with small and decreasing number of features map improve the 

performance. The proposed CNN architecture detailed is shown in Table (4.1). 

Table 4.1: The Details of CNN Architecture Proposed as Pre-trained for YOLOv2. 

Weights Stride Bias 
Kernel 

Size 
Layer Output Layer Type Layer 

448 1 16 3x3x3 256 x 256 x 16 Convolution 1 

- 2 - 2 x 2 128 x 128 x 16 Max Pooling 2 

4640 1 32 3x3x16 128 x 128 x 32 Convolution 3 
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- 2 - 2 x 2 64 x 64 x 32 Max Pooling 4 

18496 1 64 3x3x32 64 x 64 x 64 Convolution 5 

73856 1 128 3x3x64 64 x 64 x 128 Convolution 6 

- 2 - 2 x 2 32 x 32 x 128 Max Pooling 7 

147584 1 128 3x3x128 32 x 32 x 128 Convolution 8 

- 2 - 2 x 2 16 x 16 x 128 Max Pooling 9 

295168 1 256 3x3x128 16 x 16 x 256 Convolution 10 

- 2 - 2 x 2 8 x 8 x 256 Max Pooling 11 

1638500 - 100 - 100 Fully 

Connected 
12 

202 - 2 - 2 Fully 

Connected 
13 

2178894 Total number of weights 

 

The feature extraction layer that is used in the YOLO v2 is the most effective when 

the width and the height of feature map are between 8 and 16. The sixth 

convolutional layer is used as features map which is connected to the YOLOv2 

layers. However, after the study is connecting CNN with YOLOv2 layers, the 

detection model (YOLOv2) will be consist of 32 layers as shown in Table (4.2). 

The first layer is an input layer which receive image with size 256 X 256. 

Furthermore, there are 9 convolutional layers. The first eight layers are used to 

extract features map with kernel size (3x3) and stride 1. The last convolutional 

layer is used kernel with size (1x1) to decrease the filter space (channel). 

Furthermore, all convolutional layers are followed by Batchnornaliztion and ReLu 

nonlinear activation function except the final convolutional layer which is followed 
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by YOLOv2 Transform Layer. Moreover, four max pooling layers are used to 

reduce the dimensions of feature map.  

Table 4.2: The Details of Detection Model Layers. 

No. Layer Name Layer Type Layer Details 

1 'InputImg' Image Input 
256x256x3 images with 'zerocenter' 

normalization 

2 'Cov_1' Convolution 
16 3x3x3 convolutions with stride [1  

1] and padding 'same' 

3 'batchnorm_1' Batch Normalization Batch normalization with 16 channels 

4 'relu_1' ReLU ReLU 

5 'MaxPool_1' Max Pooling 
2x2 max pooling with stride [2  2] and 

padding [0  0  0  0] 

6 'Cov_2' Convolution 
32 3x3x16 convolutions with stride [1  

1] and padding 'same' 

7 'batchnorm_2' Batch Normalization Batch normalization with 32 channels 

8 'relu_2' ReLU ReLU 

9 'MaxPool_2' Max Pooling 
2x2 max pooling with stride [2  2] and 

padding [0  0  0  0] 

10 'Cov_3' Convolution 
64 3x3x32 convolutions with stride [1  

1] and padding 'same' 

11 'batchnorm_3' Batch Normalization Batch normalization with 64 channels 

12 'relu_3' ReLU ReLU 

13 'Cov_4 Convolution 
128 3x3x64 convolutions with stride [1  

1] and padding 'same' 

14 'batchnorm_4' Batch Normalization Batch normalization with 128 channels 

15 'relu_4' ReLU ReLU 
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16 'MaxPool_4 Max Pooling 
2x2 max pooling with stride [2  2] and 

padding [0  0  0  0] 

17 'Cov_5' Convolution 
128 3x3x128 convolutions with stride 

[1  1] and padding 'same' 

18 'batchnorm_5' Batch Normalization Batch normalization with 128 channels 

19 'relu_5' ReLU ReLU 

20 'MaxPool_5' Max Pooling 
2x2 max pooling with stride [2  2] and 

padding [0  0  0  0] 

21 'Cov_6' Convolution 
256 3x3x128 convolutions with stride 

[1  1] and padding 'same' 

22 'batchnorm_6' Batch Normalization Batch normalization with 256 channels 

23 'relu_6' ReLU ReLU 

24 'yolov2Conv1' Convolution 
256 3x3 convolutions with stride [1  1] 

and padding 'same' 

25 'yolov2Batch1' Batch Normalization Batch normalization 

26 'yolov2Relu1' ReLU ReLU 

27 'yolov2Conv2' Convolution 
256 3x3 convolutions with stride [1  1] 

and padding 'same' 

28 'yolov2Batch2' Batch Normalization Batch normalization 

29 'yolov2Relu2' ReLU ReLU 

30 
'yolov2ClassCo

nv' 
Convolution 

54 1x1 convolutions with stride [1  1] 

and padding [0  0  0  0] 

31 
'yolov2Transfo

rm' 

YOLO v2 Transform 

Layer 

YOLO v2 Transform Layer with 9 

anchors. 

32 
'yolov2Output

Layer' 
YOLO v2 Output YOLO v2 Output with 9 anchors 
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Finally, the last layer in the YOLOv2 detector network is yolov2 Output Layer 

which is used to loss function and Anchor box. The architecture of Detection 

model is illustrated in Figure (4.2). The following are the detailed description of 

each layer in the YOLO v2 detector network. 

 

Figure 4.2: Detection Model Architecture. 

 

I. Image Input Layer 

This layer is considered the first step to prepare input image to be sufficiently and 

ready before applying it to the YOLO v2. Furthermore, this layer receives color 

image with size 256 x 256 and performs normalization of the data images by 

subtracting the mean of each image. The following are the main processes that are 

performed by this layer: 

1. Mean Subtraction (Zero centered) 

This step is one of the most important processes which subtract the mean of feature 

from all samples in dataset (training, test) as illustrated in Figure (4.3). This 

process is useful where all inputs data to network are positive or negative due to 

calculation of gradient through back propagation. These will either be positive or 

negative. Furthermore, updates of parameter are only restricted to specific 

directions which make it difficult to converge. 
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Figure 4.3: The Zero-Centered affecting on the Input Data [9]. 

2. Data Normalization 

This process is used to divide the input data dimension with standard deviation 

calculated on the training set to make same scale across for all dimensions as 

shown in Figure (4.4). This process is useful when there are various input have 

different scales. However, it is importance to the learning process. 

 

Figure 4.4: The normalization affecting on the Input Data [32]. 
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II. Convolutional Layers 

The convolution layer is the main layer in CNN as it has been mentioned earlier. In 

the WBC detection model we used nine convolutional layers with the same border 

by adding zero padding around the input image. As a result, the dimension of 

feature map as output layer of the convolution layer is the same size of input image 

as shown in Figure (4.5). The first layer is convoluted 16 filter on input image with 

size 256 x 256 x3. The second layer convoluted 32 filters on features map with size 

128 x 128 x 16. The third layer of convolution used 64 filters with feature map size 

46 x 64 x 16. The fourth layer used 128 filters with same size of feature map of 

previous convolutional layer 64 x 64 x 64. Furthermore, the fifth layer used 128 

filters with feature map of 32 x 32 x 128 size. The sixth layer used 256 filters with 

feature map with size 16 x 16 x 128. Moreover, the WBC detection model used 

kernels with size 3X3 which means that width, height of filter are equal 3 pixels. 

The convolution process between filter and the image used stride by one step 

which means that the filter slides the image by one pixel. 

 

Figure 4.5: The First Convolution layer Feature Map [9]. 
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For example, the output result of image with size 256 x 256 x 3 and padding with 

zero which convoluted with single filter (kernel) 3 x 3 x3 is feature map with size 

256 x 256 x1. However, several filters are used for each convolution layer and 

when the network goes to deeper; the numbers of filters are increasing. Deeper 

layer extract more complex information from the image. Moreover, the filter is 

array of parameter (trainable weights), the total number of parameters is depending 

on the filter size and can be computed by [9];  

                                              W = (𝐹2 ∗ 𝐶 ∗ 𝑁) + 𝐵                                         (4.1). 

Where F is size of the filter, C is the number of channels in the input image, N is 

the number of filters, and B is the bias value. For example, single filter with size 

3x3x3 which used in each convolutional layer contains of 27 weights; the first 

layer is used 16 filters and 16 bias, then the trainable parameter will be (27x16) 

+16= 448. 

III. Patch Normalization Layer 

This layer allows every layer of the network to adopt independent learning, which 

normalize the output of the layer. Furthermore, this layer is used as regularization 

to avoid overfitting and reducing the internal covariate shift of the model. The 

WBC detection model used patch normalization layer after each convolutional 

layer and fully connected layer to standardize the input or the outputs. However, it 

improves the model and accelerates learning speed by re-centering and re-scaling 

of the input data for the layer. 

 

IV. ReLu Activation Function Layers 

This function is non-linear activation function which is mainly used in CNN. The 

main operation of the ReLu function is in computation and saving to accelerate 
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network training speed. Furthermore, it is used to solve the vanishing gradient 

problem. This is occurred when the layers grow in network due to this function that 

does not have an asymptotic upper and lower bound. This function can be 

represented as [32]; 

 

                                                     𝑓(𝑥) = 𝑀𝑎𝑥(0, 𝑥)                                          (4.2) 

 

Where x is input value. Moreover, this function is characterized by simple 

structure and it often achieves better performance. The output of ReLu function is 

between zero and the maximum of input value as shown in Figure (4.6). The WBC 

detection model used ReLu function after each convolutional layer and fully 

connected layers.  

 

Figure 4.6 ReLu Activation Function Layers [9]. 

 

V. Max Pooling Layer 

This layer is very important in the detection model since it reduces the dimension 

of the input of features map of the network. The Max pooling has no learnable 
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parameters as convolutional layer but it needs to specify the size of the pool and 

the stride. The WBC detection model used five max pooling layers which perform 

down-sampling by dividing the input into square pooling regions, and computing 

the maximum of each region as illustrated in Figure (4.7). The WBC detection 

model uses max-pooling with size 2x2 and a stride of 2 for every pooling layer. 

Each max pooling layer is dividing the input feature map into half and keeping the 

network performance. 

 

Figure 4.7: The Max Pooling Layer Process [5]. 

 

VI. Transform Layer 

As it has been earlier, the YOLOv2 uses pre-trained CNN to extract feature map. 

The transform layer is responsible of organizing the feature map and creating 

YOLO v2 transform layer object which improves the network stability by 

determining location predictions. Moreover, the YOLOv2 transform layer is 

located after last convolutional layer to extract the activations. It contains a number 

of Anchor Box with its dimension. Furthermore, this layer transforms the predicted 

bound box to be suitable and fall within ground truth bounds. 
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VII. The YOLO v2 Output Layer 

This layer is the last layer in YOLO v2 model and it is responsible of determining 

and providing location of the defined bound box for the target objects. Moreover, 

this layer contains some properties such as layer name, loss function, anchor box , 

loss factor and classes. 

VIII. Loss Function in yolov2 Output Layer 

The loss function is used in the YOLO v2 as a Mean-Squared-Error (MSE) which 

is located in the last layer (YOLO v2 Output Layer). This function is responsible 

for optimizing the loss between predicted bounding boxes and the ground truth for 

refined bound box locations of output layer of YOLO v2 during training process. 

Moreover, the MSE function can be splits into three parts; localization loss, 

confidence loss and classification loss. The MSE function is set by default and 

defined as [32] ; 

 

 

 

(4.3). 

= 
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Where, S is the number of grids cell of image, B is bounding boxes number, 1ij
obj is 

1 when bounding box contain object and otherwise it is 0, x and y center of grid, w 

width of object, h height of object ,1ij
noobj is 1 when the bounding box is empty and 

otherwise it is set to 0. 1i
obj is 1 when grid cell i detects object and otherwise it is 

set to 0, C is objects. Finally, K1, K2, K3 and K4 are weights can be modified by 

the Loss Factors property. 

IX. Anchor in Yolov2 Output Layer 

The detection of multiple objects with different shapes within the same image is 

the biggest challenge. The YOLO v2 solves this issue by using the anchor box. 

Moreover, anchor box is required to define two hyper-parameters; the number of 

anchor and the shape of anchor. Detection model uses 9 anchor with various 

shapes. The shapes of anchor box can be estimated from the training dataset by 

using estimateAnchorBoxes(); function as shown in Table (4.3). In other word, 

each anchor box calculates the IoU and compare it with the object bound box. The 

object that has the highest IoU, will be detected. 

Table 4.3: The Dimension of estimated Anchor Box. 

Anchor 
Anchor 

1 

Anchor 

2 

Anchor 

3 

Anchor 

4 

Anchor 

5 

Anchor 

6 

Anchor 

7 

Anchor 

8 

Anchor 

9 

Width 43 72 59 68 33 88 250 58 49 

Height 42 73 61 64 34 89 250 50 53 

 

4.2.2 WBC Classification Model (CNN) 

This model is the second stage of CAD3 system which is also considered the main 

part of the system. Moreover, this model is based on convolutional neural network 

(CNN) which functions as classification. After WBC is detected by the first model 
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(YOLO v2 detector), images of WBC have different sizes that pass into second 

model (Classification model) to classify WBC into its labeled class. For this 

purpose, this study implement a suitable CNN network that consists of multilayers 

and receives image with size 64x64x3. The chosen size of input images is average 

of WBC images size of dataset. The CNN consists of main three kinds of layers: 

convolutional layers, pooling layers, and fully connected layers as shown in Figure 

(4.8). Besides, other layers are used such as patch normalization layer, ReLu 

Activation Function Layers and dropout layer. 

 

 

Figure 4.8: The Proposed CNN Model Architecture. 

 

Each layer type has its function and the CNN is created by MATLAB language 

(see Appendix A for CNN code). The following details are the description of each 

layer in the proposed CNN network. 

I. Image Input Layer 

Before applying convolution process, image should be prepared by Image Input 

Layer. Initially, the WBC image resized into 64 x 64 x 3 which is the average size 
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of the WBC images in dataset. Next, the normalization and subtracting are applied 

on each image in the dataset. 

II. Convolutional Layers 

The convolutional layer is a backbone of the proposed CNN. This layer is 

responsible for extracting feature map of image. However, three convolutional 

layers are used as main layers in the CNN model. The first layer is receiving color 

WBC image with size 64 x 64 and then applying 128 filters (kernels) with size 3 x 

3. Each filter slides on the image from left top to right bottom by one pixel. This 

process is called (stride). However, to keep the size of the feature map (Output of 

convolutional layer) an equal to input image, zero-padding is used. This means that 

adding one pixel around input image with value equal to zero before convolution 

process. The output of the first convolutional layer is 128 feature map with size 64 

x 64. 

The second convolutional layer is received feature map with size 32 x 32, and then 

64 filters are applying which is the half of filters used in the first convolutional 

layer. Also, zero-padded is used with 1 stride. The output of this layer has 64 

feature map with size 32 x 32. 

The third convolutional layer is the last layer used to extract feature map. This 

layer is the same as the previous convolutional layer but different in size of 

received feature map. The size of input feature map of this layer is 16 x 16. 

Furthermore, this layer is used 32 filters. Table (4.4) shows the main layers of 

proposed CNN in second model. 
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Table 4.4: Details of Main Important Layer of CNN Model. 

Weights Stride Bias Kernel Size Layer Output Layer Type Layer 

3584 1 128 3x3x3 64 x 64 x 128 Convolution 1 

- 2 - 2 x 2 32 x 32 x 128 Max Pooling 2 

73792 1 64 3x3x128 32 x 32 x 64 Convolution 3 

- 2 - 2 x 2 16 x 16 x 64 Max Pooling 4 

18464 1 32 3x3x64 16 x 16 x 32 Convolution 5 

- 2 - 2 x 2 8 x 8 x 32 Max Pooling 6 

133185 - 65 - 65 
Fully 

Connected 
7 

198 - 2 - 3 
Fully 

Connected 
8 

229223 Total number of weights 

 

III. Max Pooling Layers 

This layer is similar to the convolutional layer, but has no learnable parameters. 

Furthermore, pooling layer is needed to specify the size of the pooled region and 

the stride. However, the main function of max-pooling is reducing dimension of 

feature map. The proposed CNN model uses three max-pooling layer; the first one 

receives feature map with size 64 x 64 and then applies filter with size 2 x 2 with 

stride 2. The output of this layer will be 32 x 32 feature map. The second max-

pooling layer is received feature map with size 32 x 32 and then applies filter with 

size 2 x 2 and stride 2 similar to the first max-pooling layer. Finally, the third max-

pooling layer receives feature map from the last convolutional layer with size 16 x 

16 and then applies filter with size 2 x 2 with stride 2 to reduce dimension of 

received feature map to half. The size of feature map of last max-pooling layer is 8 

x 8 before input to fully-connected layers. 
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IV. Fully Connected Layers 

Fully-connected layer is another main layer that is used in the CNN model. This 

layer takes the output of the previous layers and use it as an input of fully-

connected layer after flattens them into single vector. However, the purpose of 

fully-connected layer is classifying the output of last layer of convolution/pooling 

into its label. The CNN model is used two fully-connected layer and for each fully-

connected layer take calculation as [9]; 

                                                           𝐹(𝑊𝑥 + 𝑏)                                               (4.4). 

Where, F() is the activation function, W is the weights matrix, x is the input vector 

with one dimension and, b is the bias vector. 

The first one consists of 65 neurons (nodes) and its trainable layer. The first layer 

is connected to the third max-pooling layer and followed by ReLu activation 

function layer. The second fully-connected layer is the last layer in the CNN model 

which is responsible for predicting and classifying the final output. This layer is 

consisting of 3 neurons (nodes). This layer is followed by soft-max activation 

function instead of ReLu activation function. The soft-max activation function is 

responsible for determining probabilities of output and class that belongs to the 

target class. Furthermore, this layer followed by dropout layer which is used to 

prevent the CNN model from over-fitting. 

V. CNN Model Loss Function 

The classification layer of network is containing loss function which computes 

cross-entropy loss between network predictions and desired output of network. The 

CNN model is used cross-entropy loss function by default and then measures the 

performance of CNN model during training process. Moreover, the cross-entropy 

loss function is commonly used for classification, especially multi-label 
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classification. The input of cross-entropy loss function is the probability value of 

soft-Max function which fall between 0 and 1 as shown in Figure (4.9). It can be 

calculated as [26]; 

                                𝐹(𝑑, 𝑝) = − ∑ 𝑑(𝑥𝑖). log 𝑝 (𝑥𝑖)𝑐
𝑖=1                                      (4.5). 

Where, d is desired output, p is the predict output, c number of class, d(xi) is the 

probability of class xi in target and p(xi) is the probability of class xi in prediction. 

When the value of predicting a probability of the function approaching to 0, the 

CNN model performance will be perfect. 

 

 

 

Figure 4.9: Cross Entropy in CNN Model [32]. 
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4.2.3 Visualization Model 

After the CAD3 system detects WBCs by first model and then classifies them into 

a correct label by second model, it needs to visualize the WBCs with its correct 

label on the input image. Furthermore, this model connects the detection model 

with classification model as shown in Figure (4.10). Also, the model is not 

containing learnable parameters and it does not need the training process. This 

model is not less important than the other two models. The main function of the 

model is visualizing the WBCs label in input image and give complete statistic of 

the type of WBCs. Furthermore, the entire blood image that contains WBCs with 

full size 256x256x3 enters into the first model which detects WBCs. The detected 

WBC images have variant sizes as it has been mentioned earlier and the input 

image contain at least one or more WBC.  

 

Figure 4.10: Visualization Model Process. 
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The extracted cells by detection model should be stored in an array as stack and 

then each cell sent to the CNN model for classification. In other word, after 

determining the location of each WBCs of the input image, each WBC crop with 

its original size should be put into stack and keeping it with its location dimension 

of each cells. With the second step, the cropped WBCs resized into 64x64 and sent 

to classification model one by one. After classifying each WBC, the size of each 

WBC image returns to its original size and then puts into its location with its label. 

Finally, the visualization is completed the statistic about the number and size of 

each type of WBC. 

4.3 Training the CAD3 

Two models in the CAD3 system needed the training process; detection model and 

classification model. This thesis used MATLAB R2020a with some toolboxes such 

as deep learning, image processing and image labeler toolbox that used to train the 

purposed CAD3 system on leukemia dataset. Moreover, the MATLAB software 

package installed on DELL laptop with Core i7 single CPU (Central Processing 

Unit), 8 Gaga byte RAM (Random Access Memory) and internal GPU (Graphic 

Processing Unit). The next subsections will explain the training process for each 

model in separate. 

4.3.1 Training the Detection Model 

This model consists of two parts; the first one is the CNN which is used as pre-

trained network that trained on simple dataset of Leukemia images; the training 

dataset consists of white blood cells and background. Furthermore, the network 

achieved high accuracy during 10 epoch and the network required few minutes for 

training. However, the second part which is the main part of this model will use the 

CNN as feature extraction. To create a detector the study connected the CNN to the 
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YOLO v2 layers by using yolov2Layers() function as shown in Appendix (A). The 

detection model trained on “WBCs Detection dataset”. The dataset image is 

prepared and loaded by using imageDatastore() function as shown in the Appendix 

(A). Before starting the training process, many training parameters have been 

defined using trainingOptions () function as shown in the Appendix (A). Table 4.5 

shows the main training process options used for detection model. 

Table 4.5: Training Options Details of Detection Model. 

Parameter Value 

Optimization Algorithm  ‘Adam’ 

InitialLearnRate 0.01 

MiniBatchSize 16 

LearnRateSchedule ‘Piecewise’ 

LearnRateDropFactor 0.01 

LearnRateDropPeriod 10 

VerboseFrequency 50 

MaxEpochs 100 

 

After defined the training data store, the model architecture and the training 

options, the detection model is trained by using trainYOLOv2ObjectDetector() 

function as shown in appendix (A). The Detection model trained during 100 

epochs with 93 iterations for each epoch and the total of iterations were 9300. Each 

epoch took about 2.5 minutes to get 256 minutes as total time of training. The 

training progress of Detection model is shown in Appendix (B). 
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4.3.2 Training the Classification Model 

This model is the second model in CAD3 system which needs training operation. 

The model is trained on “WBCs Dataset Classification”. The dataset loaded and 

prepared by using imageDatastore() function as shown in Appendix (A). 

Furthermore, the augmentation of data is used because of the lack (shortage) of 

appropriate data for leukemia diagnosis. To increase dataset, the image is rotated 

randomly by [0–90] and reflected by both direction (Horizontally and Vertically). 

This option used imageDataAugmenter() function as shown in Appendix (A). This 

augmenter option is applied on the image data store by using 

augmentedImageDatastore()function as shown in Appendix (A). Moreover, as it 

has been mentioned in previous part, to start the training the model many important 

training parameter should be defined by using trainingOptions () function as shown 

in the Appendix (A). The main training option is shown in Table (4.6). 

Table 4.6: Training Options Details of Classification Model. 

Parameter Value 

Optimization Algorithm  ‘Adam’ 

InitialLearnRate 0.01 

MiniBatchSize 64 

LearnRateSchedule ‘None’ 

Shuffle ‘every-epoch’ 

VerboseFrequency 20 

MaxEpochs 50 

Plots ‘training-progress’ 

 

After defining image data store, CNN architecture, data augmentation and training 

options, the Classification model is trained by using trainNetwork() function as 

shown in Appendix (A). The classification model trained as main training on 80% 

of “WBCs Dataset Classification” (2448 images) during 50 epoch with 34 
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iterations per epoch, giving a total number of iterations 1700. In the other hand, 

each epoch took about 1 minutes. Thus, the total time is 56.37 minutes. The Figure 

(4.11) illustrates the training progress of classification model. Moreover, Also the 

classification model trained on ratios 70% and 90% of “WBCs Dataset 

Classification” (2142 images and 2754 respectively), but the training by 80% was 

very stable and the testing accuracy was very closely to training accuracy. 

Furthermore, the decreasing of training dataset and increasing of testing dataset 

was decreasing the accuracy, while increasing of training dataset and decreasing of 

testing dataset was increasing the accuracy. On the other hand, also the ratios (70% 

and 90%) for training and (30% and 10%) for testing were wobbled and instable 

due to difference between training accuracy and testing accuracy of the model.
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Figure 4.11: The Training Progress of CNN Model. 
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4.4 Visualization of Network Parameters 

The CNN network is a powerful machine learning that has the capability to learn a 

lot of feature during training process. Often, these features outperform hand-

crafted features such as HOG, LBP, or SURF. Furthermore, these features are hard 

to understand and interpret by the human vision. Therefore, the visualization of the 

network parameters can improve the understanding and interpretation of internal 

work of the CNN. 

4.4.1 Visualizing weights of network  

The CAD3 system has two trainable model and both of them consist of many 

trainable layers. The initial layers at the beginning of the network have a small 

receptive field size and learn low-level features, while the layers at the end of the 

network have larger receptive field sizes and learn larger features. Figure (4.12) 

shows the MATLAB code of weight visualization, whereas Figure (3.13) 

illustrates the visualizing weights of the first convolutional layer for detection 

model and classification model. The filters of the first convolutional layer are 

learned to extract simple features such as color and edges. 

 

 

 

 

 

 

Figure 4.12 : MATLAB Code of The Weight Visualization. 

 

% >Visualize Filter (Weights) of Detection Model <<<< 

  

filter1=detector.Network.Layers(2).Weights; 

  

NuFltr=length(filter1); 

Weight1 = mat2gray(filter1); 

figure 

Weight1 = imtile(Weight1,'GridSize', [4 4],… 

'ThumbnailSize',[100 100]); 

imshow(Weight1) 

title(['Layer ','2',' Weights'],'Interpreter','none') 
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  (a)  64 filters (Kernels) of Detection Model.              (b)  16 filters (Kernels) of Classification Model 

Figure 4.13 : Visualization of Weights. 

 

4.4.2 Visualizing Feature Map of the network  

The CAD3 models that based on CNN are used the feature map in the detection 

and classification. These feature maps are simple in the initial layers and are more 

complex when the network goes deeper. However, the visualization of the feature 

map in CAD3 system is giving understanding of network working environment. 

The CAD3 models extract simple information such as colors and edges at the 

beginning of the network and then extract more detailing information from the 

input image at the end of the network. These feature maps are used for the 

detection and classification as shown in Figure (4.14). 
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(a). 4 Feature Map of Classification Model at First     (b). 4 Feature Map of Classification Model at   

       Convolutional Layer                                                     Second Convolutional Layer 

 

        

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(c). 4 Feature Map of Classification Model at third 

     Convolutional layer 

 

Figure 4.14 : Visualization of Activation Feature. 
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Chapter Five 

RESULTS AND DISCUSSION 

5.1 Introduction 

The results of CAD3 system are presented in this chapter. The global accuracy of 

the detection model on detection WBC test dataset, and classification model on the 

classification WBC test dataset are also presented. However, the accuracy of each 

model on test data are displayed as a confusion matrix. Furthermore, the final 

evaluating performance of CAD3 system and the analysis of data and visualizing 

the final report of visualizing model are also presented. 

5.2 Test Results of the CAD3 System 

This section visualizes the results of each model in the CAD3 system individually, 

then uses the importance measurement to evaluate each model. 

 

5.2.1  Test Results of the Detection Model 

The detection model after testing on dataset consisting of 364 images and 

containing 1557 WBCs. This data did not use in training process and this dataset 

has corresponding ground truth. Figure (5.1) shows a sample of testing dataset for 

the detection model with corresponding ground truth. 
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Figure 5.1 : Sample of Test Dataset. 

 

Moreover, an AP optimum is achieved by searching over multiple iteration and 

evaluating the performance of detection model on the appropriate test dataset. The 

AP and loss value as a function of iteration is shown in Figure (5.2) and Figure 

(5.3), respectively. As it has been mentioned earlier, the measured AP value is 

influenced by both precision and not constrained by just one of them. The optimum 

AP was obtained at 9300 iterations during 100 epoch with the corresponding AP of 

96%.  
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 Figure 5.2 : Average Precision (AP) of Detection Model. 

 

Figure 5.3 : Average Miss Rate of Detection Model. 
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5.2.2 Test Results of Classification Model 

The classification model is tested on the test dataset which consist of 30%, 20% 

and 10% of the "Classification Dataset". This dataset contain (918 , 612 , 306) 

images respectively and these dataset did not used in training process. The 

accuracy of classification model achieved 92%, 94.3% and 97,9% on the test 

dataset. The accuracy of the training model by 70% and 90% of dataset have been 

difference compared with accuracy of test dataset while the training by 80% and 

testing by 20% of dataset was achieved close accuracy. However, this thesis chose 

80% for training and 20% for testing for dataset set as main percentage. The Figure 

(5.4) illustrates the confusion matrix of classification model by 20% on the dataset. 

This confusion matrix shows that there are amount of images correctly and 

incorrectly classified as belonging to target class as shown in Table (5.1). 

 

 

 

 

 

 

 

 

Figure 5.4: The Confusion Matrix. 
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Table 5.1: The Number of Predicted images in Test dataset for Each Class. 

Class 
TP 

(True Positive) 

FP 

(False Positive) 

FN 

(False Negative) 

TN 

(True Negative) 

Lymphocytes 192 11 12 397 

Monocytes 191 22 13 386 

Neutrophils 194 2 10 406 

 

Out of 204 images for each class in the first row, there are 192 True Positives (TP) 

which means that the inputs are correctly classified as Lymphocytes. Thus, there 

are 11 False Positives (FP). This means that the inputs are classified other class as 

Lymphocytes. The 12 False Negative means that the inputs are classified 

Lymphocytes as other class. The 397 are True Negative means that the inputs are 

not belonging to Lymphocytes correctly classified to other class. In the same 

manner, the second row for Monocytes class and the third row for Neutrophils 

class is justified. However, the model achieves global accuracy 94.3%. Table (5.2) 

gives the performance evaluation metrics for each class.  

Table 5.2: The Performance of the Classification Model on the Test Dataset. 

Classification 

Model 
A P R S 

Lymphocytes 96.2 94.6 94.1 97.1 

Monocytes 94.3 89.7 93.6 96.7 

Neutrophils 98.0 99.0 95.1 97.6 
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The accuracy calculated given by equation (2.11) 

 

                                  𝐴 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑃+𝑇𝑁
                                            

Refer to correct classified class with respect to the total number of sample in the 

dataset test. The precision calculated given by equation (2.12),  

                                          𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                       

Is the ratio of images correctly classified for each class divided to the total number 

of images (correctly or incorrectly) classified to the same class. The recall or 

sensitivity calculated given by equation (2.13), 

                                          𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                      

is the ratio of images correctly classified for each class with respect to total image 

that is actually belong to the same class. Finally, the specificity calculated given by 

equation (2.14); 

                                          𝑆 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                       

It gives the ratio of images that belong to other class and correctly classified to 

other class. 
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5.2.3 Test Results of the Visualization Model 

The results of this model are the final report of the CAD3 system which visualize 

each class with its label and gives the number of each class as shown in Figure 

(5.5). The model gives the bar chart about information of size for each type cells as 

illustrated in Figure (5.6). 

 

 

 

 

 

 

  

a). Input Image                              b). Output Image 

Figure 5.5: The Localization of WBC with correct Label. 

 

 

 

 

 

 

 

 

Figure 5.6: Final Report of CAD3. 
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5.3 Comparison of CAD3 System with other Related Works 

The CAD3 proved its ability to perform accurate detection and classification of 

leukocytes. Each model in CAD3 is evaluated individually. The detection model 

achieved high performance on the "WBCs Detection Dataset", and also the 

detection model prove its efficiency and high performance on the other datasets. It 

achieve accurate Average Precision (AP) on "BCCD Dataset" which consisted of 

364 images. Table (5.3) shows evaluation and comparison of detection model. 

Table 5.3: Evaluation of Detection Model and Comparison With Other Some 

Systems. 

System Dataset 
Average Precision 

(AP) 

YOLO [87] BCCD 62% 

Proposed Detection Model BCCD 98% 

Proposed Detection Model WBC Detection Dataset 96% 

 

Moreover, the classification model is evaluated by some important measurements 

such as global accuracy, precision, recall and specificity. The model achieved high 

accurate classification of Leukocytes on the "WBCs Classification Dataset". The 

classification model achieved high accuracy on another dataset such as ALL-DB1 

which is consisted of 108 normal and abnormal images. The evaluation and 

comparison of the proposed model with other one is shown in Table (5.4).  
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Table 5.4: Evaluation of Classification Model and Comparison With Other Some 

Systems. 

System Dataset Accuracy  

CNN AlexNet [80] ALL-DB1 96.06%. 

Proposed Classification Model ALL-DB1 97% 

Proposed Classification Model WBC Classification 

Dataset 
94.3% 
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Chapter Six 

CONCLUSIONS AND FUTURE WORKS 

6.1 Conclusions 

The proposed CAD3 system relies on a deep learning by using YOLO v2 and 

CNN. The following main conclusion points derived from this research; 

i. It is important to highlight the task of generation and preparation of dataset 

which includes two sub-dataset; "WBC Detection Dataset" and "WBC 

Classification Dataset". This is because of the un-availability of such dataset 

to conduct the research. Thus, the research started with such data preparation 

at VIN Hospital located in Kurdistan-Duhok. This dataset will open the 

research for more cases and applications of deep learning in Leukemia 

diagnosis. 

ii. Having prepared the dataset required, the proposed CAD3 system is trained 

and tested on the data that has been taken directly from microscope. The 

CAD3 did not use any preprocessing or traditional segmentation on the data 

unlike other system that relied on the preprocessing, segmentation or using 

filters as basic step before feeding the data into the system. 

iii. This research has reached the main tasks of improving the high performance 

of CAD3 by dividing the main task into sub-task by using simple 

architectures for each sub-task. 

iv. The proposed CAD3 system is capable of improving perfect results in 

accuracy which achieved 96% for detection and 94.3% for classification and 

gives perfect report containing important information about the treatment 

effectively on the state of Leukemia patient. The final report includes the 
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number and size of each type of WBC which has not been referred by any 

other systems.  

v. The CAD3 system has proven its ability to achieve high accuracy on other 

dataset such as BCCD and ALL-DB1 which achieved 98% for detection and 

97% for classification. 

6.2 Future Works Suggestions 

In terms of future works there are many important suggestions: 

 1- Testing the CAD3 system on another global dataset from different resources 

with higher resolution. 

2- Obtain the amount of blood films that contain all types of WBC to give more 

powerful system. 

3- Write the CAD3 system in other software environments such as Python and 

create CAD3 system as application on Mobile phone. 

4- Try using the proposed CAD3 system on other diseases such brain temper. 

5- Training the CAD3 system on parallel Graphic Processor Units (GPUs) with 

large size image to give more accurate performance.  
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Appendix (A) 

Main MATLAB CODE 

% >>>>>.......YOLO v2 Detector .......<<<<< 

clc 

  

InputImageSize = [256 256 3]; 

NumClasses = 1; 

NumAnchors=9; 

FeatureExtractionNetwork = netClassify; 

  

FeatureLayer = 'relu5'; 

  

% >>>>>>>...... Load Dataset ........<<<<<< 

imds = 

imageDatastore(TrainingDataSetDetection.imageFilename); 

blds = 

boxLabelDatastore(TrainingDataSetDetection(:,2:end)); 

[anchorBoxes, meanIoU] = 

estimateAnchorBoxes(blds,NumAnchors); 

  

TrainingData = combine(imds,blds); 

  

imdstest = 

imageDatastore(TestingDataSetDetection.imageFilename); 

bldstest = 

boxLabelDatastore(TestingDataSetDetection(:,2:end)); 

TestData = combine(imdstest,bldstest); 

  

% >>>>>>>>>..... Visualizing Sample of Training Dataset 

......<<<<<<<<< 

DataVisulizationSample = readall(TrainingData); 

I = DataVisulizationSample{1,1}; 

bboxes = DataVisulizationSample{1,2}; 

labels = DataVisulizationSample{1,3};  

  

annotatedImage = 

insertObjectAnnotation(I,'rectangle',bboxes,labels, ... 

    'LineWidth',2,'FontSize',10); 

figure (1) 

imshow(annotatedImage) 

  

TargetSize = [256 256]; 
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TargetSizeTrainingData = transform(TrainingData,... 

    @(data)resizeImageAndLabel(data,TargetSize)); 

TargetSizeTestData = transform(TestData,... 

    @(data)resizeImageAndLabel(data,TargetSize)); 

  

DataAfterAugmented = readall(TargetSizeTrainingData); 

rgb = cell(4,1); 

for k = 1:4 

    I = DataAfterAugmented{k,1}; 

    bbox = DataAfterAugmented{k,2}; 

    labels = DataAfterAugmented{k,3}; 

    rgb{k} = 

insertObjectAnnotation(I,'rectangle',bbox,labels, ... 

        'LineWidth',2,'FontSize',10); 

end 

figure (2) 

montage(rgb) 

  

% >>>>>>>>.....Create yolov2 Layers......<<<<< 

lgraph = 

yolov2Layers(InputImageSize,NumClasses,anchorBoxes,... 

    FeatureExtractionNetwork,FeatureLayer); 

  

% >>>>>>>>>.....training Options.........<<<<<<< 

 options = trainingOptions('adam', ... 

        'MiniBatchSize', 16, ... 

        'InitialLearnRate', 0.01, ... 

        'LearnRateSchedule', 'piecewise', ... 

        'LearnRateDropFactor', 0.01, ... 

        'LearnRateDropPeriod', 10, ... 

        'VerboseFrequency', 50, ... 

        'CheckpointPath', tempdir,... 

        'MaxEpochs',100, ... 

        'Verbose', true); 

     

%     >>>>>>>>..... Traning process.........<<<<<<<< 

    detector = 

trainYOLOv2ObjectDetector(TrainingData,lgraph,options); 

---------------------------------------------------------------------------------------------------------------------------------------  

% >>>>>>>>>..... Classification Network CNN......<<<<<<<< 

clc 

% >>>>>>......Create and Load Dataset......<<<<<<<<< 
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DataSetPath=fullfile('E:\Practical-of-

Project\Classification Dataset\TrainingSet'); 

imdsTraining = imageDatastore(DataSetPath, 

'IncludeSubfolders',true,... 

    'LabelSource','foldernames'); 

  

DataSetPath=fullfile('E:\Practical-of-

Project\Classification Dataset\TestSet'); 

imdsTest = imageDatastore(DataSetPath, 

'IncludeSubfolders',true,'FileExtensions','.jpg',... 

    'LabelSource','foldernames'); 

  

% >>>>.....Blancing Class.....<<<<<<< 

tbl=countEachLabel(imdsTraining); 

minSetCount=min(tbl{:,2}); 

imdsTrain=splitEachLabel(imdsTraining,minSetCount,'randomiz

e'); 

  

% >>>>>.... Visualizing Sample of dataset.......<<<<<< 

inputImg=[64 64 3]; 

NumImg=numel(imdsTrain.Files); 

figure; 

perm = randperm(NumImg,4); 

for i = 1:4 

    subplot(2,2,i); 

    imshow(imdsTrain.Files{perm(i)}); 

end 

  

% >>>>>>>>......Split Augmente the Data.....<<<<<<<< 

    augmenter = imageDataAugmenter( 'RandRotation',[0 

90],'RandXReflection', true, ... 

    'RandYReflection', true); 

  

[imdsTrain1,imdsValid] = 

splitEachLabel(imdsTrain,0.7,'randomize'); 

imdsTrain = 

augmentedImageDatastore(inputImg,imdsTrain1,'DataAugmentati

on',augmenter); 

imdsValid1 = augmentedImageDatastore(inputImg,imdsValid); 

imdsTest1 = augmentedImageDatastore(inputImg,imdsTest); 

  

% >>>>>>>...... Create Layers.......<<<<<<<<< 

layers = [ 

    imageInputLayer(inputImg,'Name' , 'InputImg') 
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    convolution2dLayer(3,128,'Padding','same','Name' , 

'Conv-1') 

    batchNormalizationLayer 

    reluLayer('Name','relu1') 

          

    maxPooling2dLayer(2,'Stride',2 ,'Name' , 'MaxPool-1') 

   

    convolution2dLayer(3,64,'Padding','same','Name' , 

'Conv-2') 

    batchNormalizationLayer 

    reluLayer('Name','relu2') 

     

    maxPooling2dLayer(2,'Stride',2 ,'Name' , 'MaxPool-2') 

     

    convolution2dLayer(3,32,'Padding','same','Name' , 

'Conv-3') 

    batchNormalizationLayer 

    reluLayer('Name','relu3') 

     

    maxPooling2dLayer(2,'Stride',2 ,'Name' , 'MaxPool-3') 

  

    fullyConnectedLayer(65,'Name' ,'FC1') 

    reluLayer 

    fullyConnectedLayer(2,'Name' ,'FC2') 

    dropoutLayer(0.5) 

    softmaxLayer 

    classificationLayer('Name','classifer')]; 

  

% >>>>>>.....Training Options....<<<<< 

options = trainingOptions('adam', ... 

    'InitialLearnRate',0.01, ... 

    'MaxEpochs',50, ... 

    'Shuffle','every-epoch', ... 

    'ValidationData',imdsValid1, ... 

    'MiniBatchSize',64, ... 

    'ValidationFrequency',20, ... 

    'Verbose',0, ... 

    'Plots','training-progress'); 

  

% >>>>>>>.... Training Process.....<<<<<<<< 

ClassificationNet = trainNetwork(imdsTrain,layers,options); 

  

% >>>>>>>>....Evalution Of Test......<<<<<<<< 
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YPred = classify(ClassificationNet,imdsValid1); 

YTest = imdsValid.Labels; 

 accuracy = sum(YPred == YTest)/numel(YTest); 

 plotconfusion(YTest,YPred) 

----------------------------------------------------------------  

Supported Functions 

  

function out = jitterImageColorAndWarp(data) 

% Unpack original data. 

I = data{1}; 

boxes = data{2}; 

labels = data{3}; 

  

% Apply random color jitter. 

I = 

jitterColorHSV(I,"Brightness",0.2,"Contrast",0.2,"Saturatio

n",0.2); 

  

% Define random affine transform. 

tform = randomAffine2d("XReflection",true,'Rotation',[0 

90]); 

rout = affineOutputView(size(I),tform); 

  

% Transform image and bounding box labels. 

augmentedImage = imwarp(I,tform,"OutputView",rout); 

[augmentedBoxes, valid] = 

bboxwarp(boxes,tform,rout,'OverlapThreshold',0.2); 

augmentedLabels = labels(valid); 

  

% Return augmented data. 

out = {augmentedImage,augmentedBoxes,augmentedLabels}; 

end 

  

function data = resizeImageAndLabel(data,targetSize) 

scale = targetSize./size(data{1},1); 

data{1} = imresize(data{1},targetSize); 

data{2} = bboxresize(data{2},scale); 

end 

 

----------------------------------------------------------- 

clc 

% >>>>>>>>> Load Images From DataStore GroundTruth  

<<<<<<<<<<< 

imds = imageDatastore(DetectionDatatSet.imageFilename); 
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blds = boxLabelDatastore(DetectionDatatSet(:,2)); 

Data = combine(imds,blds); 

% >>>>>>>>> Create path to save each label patches into 

directory  <<<<<<<<<<< 

SvePath=fullfile('E:\MasterProject\ClassificationDataSet'); 

% >>>>>>>>> Count numder of images in ImageDataStore 

<<<<<<<<<<< 

numFiles = numel(imds.Files); 

% >>>>>>>>> Patch Name Number for each label   <<<<<<<<<<< 

APatchName=1; 

for c = 1:numFiles 

    img=readimage(imds,c); 

       bboxes= blds.LabelData{c}; 

       if bboxes~=0 

    CellNum=length(bboxes(:,1)); 

     

for i = 1:CellNum 

         patches=imcrop(img,[bboxes(i,1) bboxes(i,2) 

bboxes(i,3) bboxes(i,4)]); 

          outputBaseName = 

[num2str(APatchName),'Name.jpg']; 

          fullDestinationFileName = 

fullfile(SvePath,outputBaseName); 

          imwrite(patches, fullDestinationFileName); 

          APatchName=APatchName+1; 

  

end 

       end 

end 
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 الخالصة

الطرق كما ان  .نقص البيانات وصعوبة تشخيص المرضيعد تشخيص األمراض المزمنة تحديًا بسبب 

التقليدية المستخدمة في تشخيص االمراض تعطي أداًء رديئًا وكذلك تكون النتائج غير دقيقة و تحتاج الى وقت 

وتصنيفها مثل خاليا الدم عالوة على ذلك ، فإن تحديد موقع الكائنات في الصور  طويل وتدخل جهود يدوية.

البيضاء في الفحص المختبري لمرض سرطان الدم دون معالجة مسبقة أو استخدام عملية تقطيع الخاليا يدوياً 

وان كثير من الخاليا مشوه  ة في الشكل أو النواة غير منتظمةهو أمر صعب جدا وذلك ان الخاليا متقارب

 وغير معروفة. 

ء نظام بمساعدة الكمبيوتر يعتمد على التعليم العميق بشكل كامل يحتوي على تقترح هذه األطروحة انشا لذا

تصنيف ل كريات الدم البيضاء والنموذج الثاني الكتشافتستخدم النودج االول  (CAD3) ثالثة نماذج تسمى

اما  الدمثالثة أنواع من خاليا الدم البيضاء والتي تعتبر أساساً في تشخيص سرطان كريات الدم البيضاء الى 

 You Only Look One (YOLO . يعتمد النظام على خوارزميةالعداد الترير النهائيالثالث يستخدم 

v2)  مع استخدام الشبكة العصبية التالفيفية (CNN). تعد YOLO v2  ي الخوارزميات الت اقوىواحدة من

تشاف الكائنات في الصور. مدربة مسبقًا باضافة بعض الطبقات الك CN تعتمد على شبكة عصبية تالفيفية

مناسبًا جدًا للمشكلة البحث نظًرا ألنها سريعة وأكثر دقة. كما تم تدريب  YOLO v2 عالوة على ذلك ، يعد

النظام المقترح باستخدام خوارزمية آدم للتحسين. عالوة على ذلك ، تم تدريب النظام المقترح وتقييمه على 

ًصا للمشكلة التي تمت معالجتها دون استخدام أي تقنية تقسيم مجموعة بيانات تم إنشاؤها وإعدادها خصي

تقليدية أو معالجة مسبقة على الصور المجهرية. كما أثبتت البحث أن فصل عملية تحديد وتصنيف الكائنات 

حقق متوسط  (CAD3) في الصور سيحقق أداء ودقة أفضل. عالوة على ذلك ، أظهرت النتائج أن النظام

٪ في تصنيف 94.3٪ في الكشف عن الكريات البيض و كذلك دقة تصل الى 96لى اكثر يصل إ AP الدقة

كل نوع من انواع  معلومات كاملة حول حجم وعدد الكريات البيض. باالضافة الى اعداد تقرير يحتوي على

ج جيدة حقق نتائ CAD3 في صورة التي يدخل النظام. أخيًرا ، أثبتت النتائج أن نظام الخاليا الدم البيضاء

 .BCCD و ALL-BD1 على مجموعة البيانات األخرى مثل
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 ثوختة

دةستنيشانكرنا نةخوشيَين دومدرَيذ ضالنجةكة ذبةر كَيمبوونا داتايا وزةمحةتيا دةستنيشانكرنَى. وشَيوازَين كالسيكى يَين دهَينة 

شيانَين دةستى نة. دبنة  دةمةكَى درَيذن و ىوئةجنامَين هوير نينن وثَيتظ ددةتبكارئينان بؤ دةستنيشانكرنا نةخوشيا ئاستةكَى خرابَى 

وثولينكرنا وان وةكى خانةيَين خوينَى يَين سثى دوَينةيَين ثشكنينا تاقيطةهَى بؤ  يان داهةروةسا دةستنيشانكرنا جهَى بوونةوةرا دوَينة

يان بكارئينانا ثروسةكا برينَى يا ب دةستى بؤ خانةيا  نرت بؤ وَينةيانةخوشيا ثةجنةشَيرا خوينَى بَى بكارئينانا ضارةسةركرنةكا ثَيش

زةمحةتة ذبةركو شَيوةيَى شانةيا وةكى ئَيكة وناظك نةيا رَيكخستى ية وهةروةسا طةلةك شانة هاتينة  تشتةكَى طةلةك ب

 شَيواندن وناهَينة نياسني.

يكاريا كومثيوتةرى ثشت بةستنَى ب زيرةكيا دةستكرد دكةت ب تةمامى لةورا ئةظ نامة ثَيشنيار ا دورستكرنا سيستةمةكى دكةت ب هار

ثولينكرنا سَى جورَين شانةيَين خوينَى يَين سثى كو شةنطستَى ئيك بو  بؤ ئاشكراكرن و ئيك (CAD3ب سَى منوونا دبَيذنى )

 YOLO v2( )You Only Lookدةستنيشانكرنا نةخوشيا ثةجنةشَيرا خوينَى نة. ئةظ سيستةمة ثشت بةستنَى ب خةوارزميا )

One( دكةت برَيكا تؤرَين دةمارا يَين تةالفيفى )CNN .) سيستةمَى(YOLO v2)  ئَيك ذ سادةترين خوارزميانة يَين

دكةت كو ثَيش وةخت هاتينة راهَينانكرن ذ بَو زَيدةكرنا هندةك تةخان بَو  (CNN)ثشتةبةستنَى لسةر تورا دةمارين تةالفيفى 

طةلةك يَى طوجناية بَو ئاريشا ظةكولينَى ذبةركو ثرت يَى  (YOLO v2)ان د وَينةياندا. هةروةسا سيستةمَى دياركرنا بونةوةر

هةروةسا سيستةمَى ثَيشنياركرى  بلةز و روون وهويرة. و سيستةمَى ثَيشنياركرى هاتة راهَينانكرن ب رَييا خوارزميا ئادةم يا باشرتكرنَى.

ندن لسةر هذمارةكا داتايَين هاتينة دروستكرن وبةرهةظكرن بتايبةتى بؤ ئاريشا ظةكولينَى بَى دَى هَيتة راهَينانكرن وهةلسةنطا

ظةكولينَى سةملاند  ن هاتينة وةرطرتن ذميكروسكوثَى.ئةجنامدانا ثشككرنا كالسيكى يان ضارةسةركرنةكا ثَيشوةخت لسةر وَينةيَي

ئاستةك وهويراتيةكا باشرت جبهدئينيت. هةروةسا، ن د وَينةياندا ذَيكظةكرنا ثروسا دةستنيشانكرنَى و ثولينكرنا بوونةوةرا

( بوو دئاشكراكرنا شانةيَين AP %96( بدةستظةئيناين طةلةك دبلند بوون، ناظنجيا هويراتيَى )CAD3ئةجنامَين سيستةمَى )

( راثورتةكَى ددةت CAD3هةروةسا )( دثولينكرنا شانةيَين خوينَى يَين سثى.  %94.3هويراتيا )دطةهشتة  خوينَى يَين سثى و

 زانياريَين متامَين تَيدا هةين لدور قةبارة وذمارا هةر جورةكى ذجورَين شانةيَين خوينَى يَين سثى دوَينةيَين دضنة دناظ سيستةمى دا.

 (.BCCD( و)ALL-BD1( كاريطةريا خؤ سةملاند لسةر هذمارةكا داتايَين دى وةكى هذمارا داتايَين )CAD3ولدوماهيَى، )

 

 

 

 



 

 

 

 

 

  

 

 

 

 

يفى بؤ دةستنيشانكرن ( دطةل تؤرَين دةمارا يَين تةالفYOLOبكارئينانا خةوارزميا )

 خانةيَين خوينَى يَين سثى دنةخوشيا ثةجنةشَيرا خوينَىوثولينكرنا 

 
 نامةكا

 دهوك -ئاكرَى ل زانكويا تةكنيكى -ثَيشكَيشكرى بؤ جظاتا كوليذا تةكنيكا زانياريا

 كو ثشكةكة ذثَيتظيَين بدةستظةئينانا ثلةيا ماستةرَى دتايبةمتةنديا تةكنيكا زانياريا
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 عرياق -  هةرَيما كوردستانَى

 وةزاروتى خوَيننى باال وفهكولينى زانستى

 زانكويا دهوك يا تكنيكي


