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ABSTRACT 

Artificial Intelligence advancements have been a rapidly evolving field. 

Machine Learning and Deep Learning are being utilized to overcome historical limits 

in a variety of sectors, particularly in healthcare. This research project seeks to apply 

Deep Learning to image processing in comparisons of several neural networks for white 

blood cell (WBCs) recognition and classification. In addition, an algorithm called 

YOLO to further segment the individual white blood cells.  

The dataset is acquired from the Core Laboratory at the Hospital Clinic of 

Barcelona through a public platform. The images acquired will then be used in four 

different types of neural networks: GoogLeNet, Resnet, VGG, and Squeezenet. 

GoogLeNet provided 98.81% accuracy in training while Resnet, VGG, and Squeezenet 

provided 99.19%, 99.68%, and 99.19%, respectively.  

The results indicated were the efficiency of the training procedure. Which were 

adapted in terms of input size, output size, weight learn factor, epochs, and 

MiniBatchSize. With all neural networks performing exceptionally well and differing 

This material is reserved for educational use only, not allowed for commercial use. 

Forbidden to modify the content, and cite the document when use



iv 
 

only slightly, Resnet50 the second runner-up was considered to be used as a model 

along with YOLO to further advance the classification and segmentation.  

The testing phase of the Resnet50 was performed with the 10% of the initial 

dataset that was separated beforehand. The data consists of 1,030 pictures in total of the 

five different classes. The training and validation stages consists of 9,268 pictures of 

the five classes of white blood cells. The result of the training was promising with Mini-

batch RMSE of 0.45, Validation RMSE of 2.15, Mini-batch Loss of 0.2, and Validation 

loss of 4.64. The test results provide over 90% in each class. While the accuracy of 

most of the neural networks are relatively high, future studies on the advancement of 

dataset, efficacy of the network, and parameters required in distinguishing the data is 

still required. 

The net efficiency of the process allowed the process of White Blood Cells 

classification relatively faster with a lower cost in capital. Which can be used in medical 

aiding or research strategies. With higher development and precision, the Deep 

Learning Convolutional Neural Network will be able to overcome conventional 

strategies and reduce the limitations towards white blood cell classification.
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CHAPTER I 

INTRODUCTION 

 
This chapter introduces the report's major topics and contextualizes the work's 

objective. Following that, the reasons and aims for the project's investigation are 

described, followed by an overview of the entire project. Finally, a chapter-by-chapter 

description of the research is provided. 

 

1.1 Limitations in Conventional Methods 

 The process of cell recognition and classification has been a demanding process 

in many fields. A viable cell count is essential for the study of eukaryotic cells for a 

variety of reasons, including cell culture management, cell population titration, as well 

as in medical diagnostics [1]. For its low cost and availability, manual counting using 

a hemocytometer has been the most widely used viable cell count method established 

thus far. This method relies on the analyst's ability to evaluate various cell 

properties and it also utilizes the benefit of various staining procedures depending on 

the analysis' goals. However, because the technique is time consuming, it cannot be 

used to analyze a large number of samples at once. The image under the microscope 

shows faint lines indicating sections and manual counting and dyeing techniques are 

used to distinguish between living and dead cells. 
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Although it has several inherent drawbacks, such as the need for skilled 

personnel, high inaccuracy, and the possibility of generating post-analytical errors due 

to manual transcription of data, microscopic analysis has been the standard method for 

quantification and classification of WBC. Automated flow cytometry, employing either 

urine or hematological equipment, is thus another interesting option for screening or 

analysis of biological fluids, as it overcomes most of the drawbacks of manual analysis 

previously discussed [2]. Flow cytometry is a technique for analyzing single cells in 

solution promptly and with multiple parameters. Flow cytometers use lasers as light 

sources to generate scattered and fluorescent light signals, which are detected by 

photodiodes or photomultiplier tubes. These signals are translated into electronic 

signals, which a computer interprets [3]. However, there are still certain drawbacks to 

this procedure. The fact that the laser can only examine one cell at a time as shown in 

Figure 2, and cells must be in suspension to be evaluated. Therefore, tissues cannot be 

analyzed. Highly skilled operators are also necessary, and cells must be viable to be 

analyzed. 
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1.2 Objectives of the study 

1.2.1  Compare the accuracy of four different Neural Networks on the 

recognition and classification of WBCs.  

1.2.2 To provide a more efficient method in WBC classification. 

1.2.3 To lower the cost per capita of WBC classification 

1.2.4 To implement the use of YOLO to enhance WBC segmentation and 

localization. 

 

1.3 Scope of the study 

1.3.1 Research the unique parameters of different Convolutional Neural 

Networks (CNNs). 

1.3.2 Experiment on the accuracy of each model through different datasets to 

train the CNNs. 

1.3.3 Implementation of YOLO with other neural networks  

1.3.4 Collect data from the samples for training and testing of the Neural 

Networks
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CHAPTER II 

REVIEW OF DEEP LEARNING METHODS AND THE DETAILS 

OF WBC CLASSIFICATION 

 This chapter elaborates on the process of image processing, conventional white 

blood cell (WBC) classification, the definition of Deep Learning, definition and 

components of Convolutional Neural Networks (CNNs), and the structures of four 

types of CNNs: GoogLeNet, Resnet50, VGG16, and Squeezenet. The advantages of 

Deep Learning will be observed when compared to conventional methods and the 

differences in each CNNs will be illustrated to compare the efficacy of each individual 

network.  

2.1 Image Processing 

 The advancement of computer vision and image processing systems has paved 

the path for any engineers to extract quantitative data sets from visual picture outputs. 

Digital image processing (DIP) eliminates the subjectivity of hand interpretation by 

properly measuring and quantifying the image [4]. 

 With the emergence of deep learning, computer vision has shown to be effective 

in a variety of applications. The application of deep learning in computer vision can be 

divided into several categories, including image and video classification, segmentation, 

object detection, and detection inside images and videos [5]. Object detection is a 

Computer Vision task that automatically classifies various objects from images into 

categories of interest. Object detection, in addition to classifying images, seeks to 
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precisely identify the placement of objects inside the image and label the concepts to 

gain a better knowledge of the images. 

 Images can be classified into gray-scale images and RGB images. The 

composition of digital images consists of pixels and pixel values. The size of the images 

refers to the numbers of pixels in width and height. As in Figure 1, there are 22 pixels 

in height and 16 pixels in width, thus the size of the picture will be 22 x 16 pixels. The 

fundamentals of an image are pixels, and these pixels hold a value. In a gray-scale 

picture the values range from 0 - 255 to indicate the intensity of the color. Zero 

represents black while 255 represents white, the values between depends on the 

intensity of the pixel [6].  

 

 

 

 

 

 

Figure 1. Gray-Scale Image 

 Colored Images on the other hand, possesses pixels as well, but the 

configuration of the channel is different. Color can be classified using the three primary 

colors, red, green, and blue [6]. The matrix which would usually be 1 in gray scale 

images, would be 3, representing the matrices of each color as shown in Figure 2. The 

colored images are the compilation of the three matrices, thus inserting another 

dimension, height x weight x 3 (representing the 3 layers).  
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Figure 2. RGB layers in a colored image 

 

2.2 White Blood Cell (WBC) Recognition and Classification 

 White blood cells, also known as leukocytes or leucocytes, are immune system 

cells that help to protect the body against infectious disease and foreign threats. 

Granulocytes and Agranulocytes are the two basic forms of white blood cells. 

Neutrophil, Eosinophil, and Basophil are examples of Granulocytes, whereas 

Lymphocytes and Monocytes are examples of Agranulocytes [7]. Each type of white 

blood cell differs in their physical appearance, due to its different function in the body. 

Classification can be clearly seen under the microscope as shown in Figure 3.  

 

 

 

 

 

  

 

 

Figure 3. Classification of White Blood Cells (WBCs)
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Leukocytes or white blood cells (WBCs) total count and differential count in 

blood samples are critical pathological indicators for illness diagnosis [8]. Manually 

counting WBCs is through hemocytometers, which is a thick glass chamber used to 

determine the number of WBCs through well-dispersed cell or nuclei suspensions. 

Thick glass chambers are separated into areas and depths that are calibrated. From the 

counts of cells in the hemocytometer chamber, the total number of cells in a suspension 

can be simply estimated. Figure 4 shows the structure of a hemocytometer.  

 

 

 

 

 

 

Figure 4. Hemocytometer 

 The number of cells per grid square is counted using a microscope after a 

calibrated grid is placed over the culture chamber. The hemocytometer is divided into 

nine 1mm × 1mm main squares. The four corner squares are subdivided further into 

four 4 × 4 grids as shown in Figure 5. Since the cover glass creates a chamber with a 

height of 0.1 mm, a 1 mm x 1 mm x 0.1 mm chamber has a capacity of 0.1 mm3 or 10-

4 ml. Add 15-20 μl of cell suspension between the hemocytometer and the cover glass. 

The target is to have 100-200 cells per square. Divide the total number of cells in each 

of the four outer squares by four (the average number of cells per square). The number 

of cells per square multiplied by 104 equals the number of cells per milliliter of 

suspension [9].  
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Figure 5. Counting Methods of Hemocytometer. 

 

2.3 Deep Learning 

New discoveries have emerged to complement the rapidly rising knowledge as 

the globe has developed towards a technology-based community. The deployment of 

Artificial Intelligence (AI) to further expand the limitations is one of the most essential 

advancement in many fields. In this research we will concentrate on Deep Learning, a 

subset of Machine Learning. Machine Learning is a more advanced version of AI that 

allows machines and software programs to adapt or predict outcomes based on the data 

they are provided. While Machine Learning is a successful sophisticated pathway that 

is utilized in a variety of applications, it is still necessary to employ AI in a more 

elaborate context.  

 Deep Learning makes use of structures that are modeled after the human brain. 

To handle complex problems, the framework of neural networks interconnected in 

multiple layers is used. The pathway is built up of neural networks and complicated 
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algorithms, along with a training system that allows the machine to 'learn' from 

enormous volumes of data. Deep Learning is widely utilized in picture classification, 

object identification, image retrieval, biomedical imaging, and signal processing, 

among other applications [10]. Deep Learning is commonly employed in biological and 

medical disciplines, but it is also used to advance everyday technology. 

 Deep Learning resembles the structure of neurons, where the weights (w) serve 

as dendrites, the artificial neuron serves as the cell body, and the output as signals from 

the axon as shown in Figure 6. Inputs (x) will be calculated by multiplying with the 

weights of the pathway and then the sum of each pathway will be added together 

(∑ 𝜒𝑖 𝜔𝑖) [11]. In some cases, a biased parameter will be added (∑ 𝜒𝑖 𝜔𝑖 +  𝒷). This 

is used to adjust the output, as well as the weighted sum of the neuron's inputs. As a 

result, bias is a constant that aids the model in fitting the data the best it can. 

 

 

Figure 6. Comparisons of a biological neuron and an artificial neuron 
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Apart from the layered structures of the repeating units of artificial neurons, the process 

in which the machine is trained is through processes called feed-forward neural network 

and backward propagation.  

Feed forward neural network describes a one-way direction of the input 

information through the channels. While the backward propagation enhances the ability 

for the network to optimize the weights and biases to allow the neural network can learn 

how to correctly map arbitrary inputs to outputs. In Figure 7 the value of each output 

parameter (ox) is labeled accordingly, with target values shown at the end. Backward 

propagation calculates the error by calculating the sum of half the difference of the 

target and output value, ∑ 1
2

(𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑜𝑢𝑡𝑝𝑢𝑡)2. The weights (w), hidden layers (h), 

and biases (b) are then recalculated according to the weight change. This reduces the 

error and allows the machine to learn from the dataset and provides a higher accuracy 

towards the net accuracy of the neural network. 

 

Figure 7. Back propagation of the neural network 
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2.4 Convolutional Neural Networks (CNNs) 

 Convolutional Neural Networks (CNNs) is a type of Deep Learning approach 

where multiple layers are trained. The architecture of CNNs mainly consist of three 

different layers: convolutional layers, pooling layers, and fully connected layers [12]. 

These can vary depending on the engineer and purpose of each design.  

 

2.5 Layers of CNNs 

 The first layer is the convolution layer which extracts features of the image 

through a combination of linear and non-linear operations. The input tensor is extracted 

as a kernel and directed onto the feature map. The combination of kernels allows the 

different characteristics of input tensors to be represented on the feature map, as shown 

in Figure 8. The hyperparameters (parameters involved in the learning process) that 

define the operation is the size and number of the kernels, which can generally be 3x3, 

5x5, or 7x7 [13]. 

 

 

 

 

 

 
 
 
 

 
Figure 8. 

Extraction of data from input tensor through kernels to display on feature maps
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The following layer of the CNNs network is the pooling layer that down-

samples the complexity or dimension for further layers [12]. Max pooling is the most 

common approach of pooling, where the image is dissected into smaller regions and the 

maximum value of each section is passed on to the next layer. The most common sizes 

of max pooling used is 2x2 [14]. As shown in Figure 9, the filter size is 2 x 2, with a 

stride, a parameter of the neural network's filter that defines the amount of movement 

across an image, of 2.  

 

 

 

 

 

 

Figure 9. 

Max pooling of a 4 x 4 input with a 2 x 2 filter. 

 The final layer of the CNNs is the fully connected layer. Fully connected layers 

are multilayers of nodes that functions similarly to neurons in a neural network as 

shown in Figure 10. The nodes interconnect to form complex analysis. These layers are 

the most complex of all the layers and contain about 90% of the total parameters [12]. 

It requires high computational efforts in training. Alexnet is an example of a CNNs that 

utilizes each type of layer with 2 fully connected layers. It holds 650,000 neurons, 60 

million parameters and 630 million connections [14].  
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Figure 10. Structure of CNNs. 

 In Convolutional Neural Networks, the net process reduces the size of the image 

due to matrix calculation, which could result in loss of information. A technique called 

padding is introduced to the steps to prevent the loss. Padding, usually zero padding, is 

a solution for dealing with this problem that involves adding rows and columns of zeros 

on each side of the input to maintain the same in-plane dimension during the 

convolution procedure. In order to apply more layers, modern CNN designs commonly 

use zero padding to keep in-plane dimensions. After the convolution operation, each 

consecutive feature map would be smaller if there was no padding as shown in Figure 

11 [20].  

Figure 11. Zero-padding on a 5 x 5 size input to prevent loss in the output tensor. 
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2.6 Structures of Neural Networks 

 There are many neural networks available commercially and, in this research, 

we will apply four different networks: GoogLeNet, Resnet, VGG, and Squeezenet, to 

classify WBCs. There are a few factors we are considering adjusting to affect the 

training process in this research. The input, output, fully connected layers, MaxEpochs, 

MiniBatchSize, Validation Frequency, and Initial learning rate of each neural network, 

as shown in Figures 12 and 13. 

 

  

 

 

 

 

Figure 12. Adjustments made: Input size at 244,244,3, Fully Connected Layers have 

an output size of 5. Output layer has an auto output size setting. 

 

 

 

 

Figure 13. MaxEpochs and 

MiniBatchSize was changed according to the performance of the neural network to 

help amplify and better the training processes. As well as the Validation frequency 

and Initial Learning Rate. 
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2.6.1 GoogLeNet 

GoogLeNet is a CNN that is pretrained with a dataset called ImageNet. The 

architecture consists of 22 layers, 12 times less layers than Alexnet [15]. Figure 14 

displays the structure of GoogLeNet. 

 

 

 

Figure 14. Structure of GoogLeNet  

 

 2.6.2 Resnet50 

Resnet is another type of CNN model, as shown in Figure 15, which stands for 

Residual Network. It has three versions including ResNet-34, ResNet-50, and ResNet-

101, with the numbers indicating the neural network layers [16]. One of the strengths 

of Resnet is the concept of skip connections. Skip connections open up an alternative 

pathway for information to pass through, thus alleviating vanishing gradient. The 

output of previous layers can be combined to other layers of output, increasing the 

potential of training of deep networks [16]. 
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Figure 15. Structure of Resnet-50  

2.6.3 VGG16 

  VGG or VGGNet is a successful CNNs proposed by Simonyan & 

Zisserman, 2014 [17]. VGG-16 refers to the compilation of 13 convolutional layers and 

3 fully connected layers connected together to form 16 layers as shown in Figure 16. 

With a total of 138 million parameters, VGG-16 has been one of the most used 

architectures [18]. 

 

Figure 16. Structure of VGG-16  
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2.6.4 Squeezenet 

  The final CNNs is the Squeezenet architecture. Squeezenet 1x1 

convolution kernels to reduce the computation on 3x3 kernels, which resulted in 50 

times less parameters than AlexNet but an overall similar accuracy [19]. The 

architecture of Squeezenet is as shown in Figure 17. 

 

 

Figure 17. Structure of Squeezenet  
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CHAPTER III 

METHODOLOGY 
3.1 Action Plan 

 

 

3.2 Introduction 

 The development process of the neural network will be illustrated in the 

following chapter. Including the details of the dataset, the testing procedures, 

adjustments, progress of each step and the final achieved result of the combined neural 

network and YOLO recognition.  

 

3.3 Data 

 The data in this research is from the Core Laboratory at the Hospital Clinic of 

Barcelona by the analyzer CellaVision DM96 (RGB, 360x363 pixels). The dataset 

contains 17,092 digital images in total with 8 categories of blood cell images. Five 
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categories of white blood cells were chosen, neutrophils, eosinophils, basophils, 

lymphocytes, and monocytes. The total images used is 10,298 pictures with 3,329 

neutrophils, 3,117 eosinophils, 1,218 basophils, 1,214 lymphocytes, and 1420 

monocytes. The dataset is separated into training data, validation data, and testing data, 

70%, 20%, and 10%, respectively. Figure 18. shows a sample of the data. 

 

 

 

 

 

 

 

 

 

 

 

Figure 18. Sample of each white blood cell category of the dataset 

3.4 Software preprocesses 

The software used in this study is MATLAB. The interface and settings 

included in the application on MATLAB, Deep Network Designer, will be discussed in 

the following section. These two interfaces are used in the testing of four different 

neural networks, GoogLeNet, Resnet50, VGG-16, and Squeezenet. The results of each 

neural network will be evaluated and the most suitable one will be chosen to be 

implemented together with YOLO for further segmentation. 
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3.4.1 MATLAB Interface 

The MATLAB interface consists of folder section, workspace, command 

window, and editor window as shown in Figure 19. The folder section states the 

location of the current folder of the file and keeps track of the file address and location. 

The workspace window keeps track of the variables and data from importing files and 

data from the editor window. The command window provides a short-term coding 

evaluation as well as process tracing and debugging. The final window, editor window, 

is where most activity happens, including the main coding part of MATLAB.  

 

Figure 19. MATLAB Interface 
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3.4.2 Deep Network Designer 

Deep Network Designer is an application provided by MATLAB with three sub 

interfaces including the designer, data, and training. The Designer is made to import 

neural structures into the application. Pre-made structures can be imported in and 

adjusted towards our preference or we can design new structures from the building 

blocks provided, shown in Figure 20. The data section, shown in Figure 21, allows us 

to import data from files and the image datastore. The training page provides settings 

related to the training procedure such as the MiniBatchsize. It tracks whole training 

process and displays it in two graphs, accuracy, and loss. The detail of the trained 

program is displayed when finish training and the software can be exported and use to 

classify other data as shown in Figure 22. 

 

 

Figure 20. Designer Interface of the Deep Network Designer
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Figure 21. Data Interface of the Deep Network Designer 

 

 

Figure 22. Training interface of Deep Network Designer 
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3.5 Training each network 

 Before training, there are a few procedures to follow. In order to prepare the 

data, we first divide it into training and validation data. The data is then transformed 

into a similar size and set of preferences. Figure 23 displays the preparation's code with 

details of the size adjustments and other parameters. 

 

Figure 23. Preprocess code to prepare and store data for the image datastore 

 

 The next step is to import the network structure into the Deep Network 

Designer. GoogleNet, Resnet50, Squeezenet, and VGG-16 structures are imported and 

adjustments can be seen in Figure 24, 25, and 26, which are settings that needs to be 

changed in order to suit the classification process.  
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Figure 24. The input size is set according to the preprocess 

 

 

 

 

 

 

 

 

Figure 25. The final fully connected layer adjusted to 5 for the five classes of WBCs. 

 

 

 

 

 

 

Figure 26. The output layer is changed to auto to compliment the fully connected 

layer.
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From the pre-process in the previous section, the data will be extracted through 

into the data section and selection of training data and validation data. 

 

Figure 27. Importing data from the datastore from classification 

 

The training section settings are changed at the initial learn rate, validation 

frequency, max epochs, and mini batch size, as shown in Figure 28.   

 

 

 

 

 

 

 

Figure 28. Training options for the neural networks
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3.6 Output of CNNs 

This section presents the results of each CNNs to further on decide the most 

suitable network to implement with YOLO. The accuracy of the four different 

networks, GoogLeNet, Resnet50, VGG-16, and Squeezenet is displayed in Figures 29, 

30, 31, and 32, respectively. 

 

Figure 29. GoogLeNet results in training 

 

Figure 30. Resnet50 results in training
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Figure 31. VGG-16 results in training  

 

 

 

 

 

 

 

Figure 32. Squeezenet results in training 

The results of the training are relatively similar with VGG-16 at 99.68%, 

Resnet50 and Squeezenet at 99.19% and finally GoogLeNet at 98.81%. However, 

Resnet50 was chosen to be used together with YOLO due to its advancement in 

architectural design. The testing accuracy of Resnet50 has a 99.09% accuracy in 
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Basophils, 99% in Eosinophils, 97.18% in Lymphocytes, 97.62% in Monocytes, 

and 99.37% in Neutrophils as shown in Figures 33, 34, 35, 36, and 37 respectively.  

 

Figure 33. Basophil accuracy in testing 

 

Figure 34. Eosinophil accuracy in testing 
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Figure 35. Lymphocyte accuracy in testing 

 

 

 

 

 

 

 

 

Figure 36. Monocyte accuracy in testing 

 

 

 

 

 

 

 

Figure 37. Neutrophil accuracy in testing
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3.7 Training with YOLO 

 The Image Labeler software, which is available on MATLAB, is required for 

the training process with YOLO. This is used to pre-train YOLO's localization feature. 

The images will be made accessible for manual selection by importing the data file into 

the image labeler. As seen in Figure 38, there are five separate classes of white blood 

cells (WBCs), and each class's label will be colored accordingly. While Figures 39, 40, 

41, 42, an 43, displays examples of manual selection of each class of white blood cells 

(WBCs). 

 

 

 

 

Figure 38. Image Labeler functions 

 

 
 
 
 
 
 
 
 
 
 

Figure 39. Basophil example of labelling
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Figure 40. Eosinophil example of labelling 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 41. Lymphocyte example of labelling 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 42. Monocyte example of labelling
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Figure 43. Neutrophil example of labelling 
 

 

  The label summary, as shown in Figure 44, is a spreadsheet of the occurrence 

of each class throughout the whole sample data. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 44. Labeling Summary
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When the training data is finished, the entire dataset is exported back to the main 

interface where the training process will happen. The code depicted in Figures 45 and 

46, show the overall code for the training procedure using Resnet50 and YOLO together 

to classify and segment the white blood cells.  

 

 

 

 

 

 

 

 

 

 

 

Figure 45. Code for training procedure [1] 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 46. Code for training procedure [2]
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CHAPTER IV 

EXPERIMENTAL RESULTS 

4.1 Training Outcome 

 The training included 8 epochs as shown in Figure 47 and 48. The results show 

a low root mean square deviation (RMSE) as well as loss. Which proves an excellent 

accuracy of the network. With Figure 49, displaying the training loss during the training 

procedure.  

Figure 47. First section of training

This material is reserved for educational use only, not allowed for commercial use. 

Forbidden to modify the content, and cite the document when use



35 

 
Figure 48. Second section of training 

 

 
Figure 49. Training loss graph 
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The data that was separated prior to the training process, comprising of 10% of 

the original data, and used in testing is assessed and tested using the network that was 

previously preserved. The confusion matrix in Figure 50. depicts the results accurately 

in various groups of white blood cells as well as the percentages of error.  

Figure 50. Confusion matrix of results of testing data. 

 

The results of the tests indicate a strong likelihood of success in each class. 

Following Eosinophils, which had a 100% accuracy rate, were neutrophils, basophils, 

monocytes, and lymphocytes.  
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Figure 51. Basophil 

 

 

Figure 52. Eosinophil
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Figure 53. Lymphocyte 

 

Figure 54. Monocyte 
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Figure 55. Monocyte 

 The Figure 51, 52, 53, 54, and 55 illustrate some of example from the YOLO’s 

results in each class.
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CHAPTER V 

CONCLUSION 

5.1 Discussion 

 The need to adapt medical practices to this new prefound technology is critical 

as the importance of deep learning using convolutional neural networks becomes more 

evident. Accuracy reduces the likelihood of human error, minimizes labor expenses, 

and helps to save time. The results of this trained network's data imply that this 

technology's potential may be increased by progressively adopting more sophisticated 

networks with larger quantities of qualifying data. Which will enable the medical 

industry to advance into an innovative future with fewer constraints and increased 

service effectiveness. Future studies might collect data and improve the effectiveness 

of the training process. 

 

5.1 Conclusion 

It is advised to continue using Resnet50 with YOLO incorporation since it has 

demonstrated great accuracy and precision in the classification, segmentation, and 

localisation of white blood cells. 
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