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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

il



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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CHAPTER1
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.



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.



1.2

1.3

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.

Scope of the study

1.3.1

1.3.2

1.3.3

1.34

Research the unique parameters of different Convolutional Neural
Networks (CNNs).

Experiment on the accuracy of each model through different datasets to
train the CNNs.

Implementation of YOLO with other neural networks

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

Networks



CHAPTER 11
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: GooglLeNet, 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



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].
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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.

(2) Eosinophils (3) Basophils

SR GPF D |

g

(4) Lymphocytes | (5) Monocytes

Figure 3. Classification of White Blood Cells (WBCs)



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.
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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 Imm X Imm main squares. The four corner squares are subdivided further into
four 4 x 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 mm? or 10°
*ml. Add 15-20 pl 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 10* 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 (Al) 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 Al 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 Al 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



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
(X xi w;) [11]. In some cases, a biased parameter will be added (Y y; w; + ). 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.

(a) (b)
dendrites @xon
=¥
cell body ?{@
/ )
terminal axon (d)
Input 15t hidden 2" hidden Output
layer layer layer layer

%jx %@J

synapse

Figure 6. Comparisons of a biological neuron and an artificial neuron



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, ) % (target — output)?. 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.

.01

0.593269992 0.75136507

Eol =0.274811083 Total Error

0.298371109

h2 .99

&

10 0.596884378 0.772928465
Eo2 = 0.023560026

b1 b2

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].

Element-wise product
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Input tensor \
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.

Singlq_deptp sli_c_e

£ A 2.4 l
max pool with 2x2 filters \
5 1.6 718 1 and stride 2 6 8
3 [2 L% ]0 2 3|4
1|2 84
Figure y 0.

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].

12
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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].

o 0o 0l ol 0 o ho

02| 4 9?174‘70' 21
o|2/1|4|4a|6]0 P13 30
01 1 2 9 2 o0 X 4 7 4 = -14
0 7 3 5 1 3 0 2 5 1 59
0 2 3 4 8 5 0 Filter / 49
ojlo|o|o|o|o]oO Kernel

Image

59
51
31
15
57

37 19 2

66 20 43

49 101 -19

53| -2 | 21

64 76 10
Feature

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.

(o] input [~} input ( irop7 N
[ imagelnputLayer ~ imagelnputLayer g

dropoutLayer

4

) convi_1 | | - conv1_1 f
convolution2dL. ﬁ convolution2dL. | fe

fullyConnected

relu1_1 ] relul_1 prob
| reluLayer reluLayer | softmaxLayer

¥

conv1_2 | [ . convl_2 classoutput
| — — 3
convolution2dL : | ﬁ convolution2dL. ﬁ classificationLa

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.

ValidationFrequency =
MaxEpochs __s
MiniBatchSize 12
ExecutionEnvironment auto v
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 i1s 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 ResnetS0

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].

15
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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].
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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.

7
~

SqueezeNet-6
SqueezeNet-9
SqueezeNet-11
SqueezeNet

Figure 17. Structure of Squeezenet
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CHAPTER III

METHODOLOGY
3.1 Action Plan
Action Plan for the Recognition and Classification of White Blood Cells
Week
January February March April May June July
onth
Apply to Perform Perform
Week 1 Research ) ) ) )
each model | diagnostic diagnostic Finalization
software Test resnet
test and test and and
used in and alexnet Analyze data | presentation
prepare prepare
Week 2 deep model . , of study
(L binary multiclass
earnin ;
£ Debugging model model
Find and
Week 3 )
classify data
Test google Perfect Perfect
Adapt | \ Interpret data
and lenet binary multiclass 4 l
Apply t h and results
Week 4 models PR30 AR model model
each model | model with
Yolo
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.
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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.
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Qe —— .
@ ] ¢
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. . . :,
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‘@ o
] 9” 8“8
v Do 8>

Figure 18. Sample of each white blood cell category of the dataset
34 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.

4 Deep Network Designer Start Page

Blank Network

v Pretrained Networks

Figure 20. Designer Interface of the Deep Network Designer

21



4\ Deep Network Designer

- o X

Preview first five observations.

224x224x3 uint

224x22433 uint
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LS Te
e .

22422433 uint
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1x1 categoncal

Data

Datastore type:

Figure 21. Data Interface of the Deep Network Designer
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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.

4\ MATLAB R2021a - a X

i coee 500 : 4 o0 |

o d% S et 3 f Bl — By P ipinseion O

v lGoTov Comment % g %3

New Open Save = Breakpoints  Run  Runand [ Agvance  Runand
- T

v S pint v Qfind v Indent (3] #F (2 v Advance ime
e NAVIGATE o REAKPOINTS B
<@ EFE > ¢ users » s » Documents b Deep Leaming > hd
Current Folder ®
Name exgro exyoloBook2m % | testingforconfusionm %< preprocessm | showingpicm % | +
leam Alz- by
original data 2=
TRAIN 3- )
wec 4
WBC test o
) augmentDatam iF
£ avgolorm =
bookDatasetGroundTruthmat 2
) colorsegmentm S
#) contrastm -
Deep Leamingrar o
1 detectormat 1
“edgem 12
#) ext_imreadm 13
:Qex.am\m 14 - e (inputSize, imdsTrain,'ColorPre jb!, DataRugmentation=augnenter) ;
;”JO""«“‘"‘ 1s imdsvalidation=augm nageDatastore (inputSize, imdsvValidation 3', "gray2rgb', DataAugmentation=augmenter) ;
“) ex_groundtruthm e
) ex negativem vllig
teststdm (Script) ~ f1e -
Workspace ®
Name {0x0 double J {0x0 double ) &
5 vehicteDataset {0x0 double ) {108 111 145 155]
{0x0 double )
{0x0 double )
[ validationDeta b
)

B rainingldx
[ wrainingDatar.

[l trainingData lymphocyte
H testiax \basophil\BA_85592

[ testDataThl \e0sinophil\EO_2 105 148 1441)
1) testData 5

5 1581}
L shuffledindices 1 )
[l imacatidation tello

e

UTF-8 18 Col 1
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/5/2022 =
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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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~3ll imagelnputLayer (2

Name | input_1

InputSize
Normalization

NormalizationDimension

Mean [224x224x3 single]
StandardDeviation []
Min 11
Max [1

Figure 24. The input size is set according to the preprocess

% fullyConnectedLayer (2

Name e ]

InputSize auto

OutputSize E |
Weights []

Bias 0

Weight_eamRateFactor | 1

BiasLearnRateFactor

| |
WeightL2Factor L1 ‘
| |
| |

BiasL2Factor |0
Weightsinitializer glorot v

Biaslnitializer ZEros ».

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

classificationLayer (2

Name ] classoutput
Classes

ClassWeights

OutputSize auto
LossFunction crossentropyex

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.

4 Import Datastore — O 5 4
Training data: imdsTrain - augmentedimageDatastore v Refresh |
Validation data: | imdsValidation - augmentedimageDatastore v | Refresh |

@ Impor{ \ | Cancel i

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.

4. Training Options = O X
SOLVER

Solver ;ég;im_ V|
InitialL earnRate | o000t}
BASIC

ValidationFrequency
MaxEpochs
MiniBatchSize 3

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.

4\ Deep Network Designer

- o x

Training Progress (27-Jun-2022 16:54:06)

rrrrr

Training Time
Start time: 27-Jun-2022 16.54.06
Elapsed time: 53 mn 33 sec
Training Cycle
8of8
1848 of 1848
231
1848
S ecatons
Epoch 5 pochiS a7
Epoch5  Eppch6 Epoch7 | Epoch8 1 e
1000 1200 1400 160 1800 Single GPU
Iteration Constant
0.0001
¢
Aceurscy
— R e e R
0 50 1000 1200
lteration Loss,

Figure 29. Googl.eNet results in training

Training Progress (11-Jun-2022 02:33:10) Results
99.19%

Reached final teration

v " b [ i 4 Training Time
Start tme. 11-Jun2022 02:3310
Elapsed time 115 min 16 sec
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80l8
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21
1848
Froquency § terations
Epoch2 |  Epoch3 | Epoch 4 Epoch 6 fpoch 7 | Epoch8
200 400 6500 00 1200 1400 1600 1800 Single GPU
le Constant
00001
5 [iLearn more
8 1
S Accuracy
05,
2 o O
oicpoch 1 1 = s s e s Enat o
) 200 400 800 800 1000 1200 1400 1600 1800
teration L

Figure 30. Resnet50 results in training
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4\ Decp Network Designer - o0 x

‘Training Progress (27-Jun-2022 19:20:45)
9066%

Reached final teraton

06 e R " ™ =1 1
% 27402022 192045
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70
S so0i8
g g 3704 013704
i o

Figure 31. VGG-16 results in training

4 Deep Network Designer =
TRAINING

‘Training Progress (27~Jun-2022 18:40:28)

o -
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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 GooglLeNet 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.

Basophil
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100.00% \Va W s v ——v v-
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40.00%

20.00%
0.00%

N oM MN AN OOMNMMNSN dNn 0O MONN N O MmSN TS o NS dwn oo mn s -

Figure 33. Basophil accuracy in testing
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Figure 34. Eosinophil accuracy in testing
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Lymphocyte
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Figure 35. Lymphocyte accuracy in testing
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Figure 36. Monocyte accuracy in testing
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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).

4\ Image Labeler

o NewSession /b \. "S5/fiol Labbls ~ROVG

Import
E Save Session ¥ >

FILE \ [ VIEW

1 Open Session W B |
|On Hover ¥| By Label

7 RBI Labels ﬂli‘s:;epg[agiels ) ‘7 4y 1259
g B !
Label Sublabel Attribute
2 éasophil 7 O
F  Eosinophil iO
F Lymphocyte I O
P Monocyte O
¥ Neutrophil 1O

Figure 38. Image Labeler functions

Figure 39. Basophil example of labelling
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Figure 40. Eosinophil example of labelling
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Figure 41. Lymphocyte 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.
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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.

clear
doTraining = true;

data = load('yo c.mat');
vehicleDataset = data.gTruth;

% Display first few rows of the data set.

vehicleDataset (1, :)
% Add the fullpath to the local vehicle data fol

%vehicleDataset.im .imageFilename)

ilename = fullfile (pwd,veh

rng(0) ;
shuffledIndices = randperm(height (vehicleDataset));
idx = floor (0.6 * length(shuffledIndices) ):;

trainingIdx = 1:idx;
trainingDataTbl = vehicleDataset (shuffledIndices (trainingldx), :)

validationIdx = idx+l : idx + 1 + floor (0.1 * length(shuffledIndices) ):;
validationDataTbl = vehicleDataset (shuffledIndices(validationIdx),:);

testIdx = validationIdx(end)+1 : length(shuffledindices);
testDataTbl = vehicleDataset (shuffledIndices (testIdx),:);

imdsTrain = imageDatastore (trainingDataTbl{:, 'imageFilename'});
bldsTrain = boxLabelDatastore (trainingDataTbl(:,2:end)):;

imdsvValidation = imageDatastore(validationDataTbl{:, 'imageFi
bldsValidation = boxLabelDatastore(trainingDataTbl (:,2:end));

name'});

Figure 45. Code for training procedure [1]

imdsTest = imageDatastore (testDataTbl{:,'imageFilename'});
bldsTest =boxLabelDatastore (trainingDataTbl(:,2:end)):

trainingData = combine (imdsTrain,bldsTrain);
validationData = combine (imdsValidation,bldsValidation);
testData = combine (imdsTest,bldsTest);

data = read(trainingData);

I = data{l};

bbox = data{2};

annotatedImage = insertShape (I, 'Rectangle',bbox);
annotatedImage = imresize (annotatedImage,?2):;
figure

imshow (annotatedImage)

inputsize = [224 224 3];
inputImageSize = [224 224 3];
numClasses = width(vehicleDataset)-1;

trainingDataForEstimation = transform(trainingData, @(data)preprocessData (data,inputSize));
numAnchors = 7;

[anchorBoxes, meanIoU] = estimateAnchorBoxes (trainingDataForEstimation, numAnchors)
load resnet50.mat;

network = lgraph 1;
featureLayer = '

ivation 40 relu';

lgraph = yolov2Layers (inputImageSize,numClasses,anchorBoxes,network, featureLayer)

Figure 46. Code for training procedure [2]
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CHAPTER 1V

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.

Training a YOLO v2 Object Detector for the following object classes:

*

Basophil
Eosinophil
Lymphocyte
Monocyte
Neutrophil

*

*

*

*

Training on single GPU.
Initializing input data normalization.

| |
| Epoch | Iteration | Time Elapsed | Mini-batch | Validation | Mini-batch | Validation | Base Learning |
| | | (hh:mm:ss) | RMSE | RMSE | Loss | Loss | Rate |
| |
| iy 14 00:00:38 | 9538\ | 7.74 | 87.9075 | 59.8638 | 1.0000e-04 |
| g | 50 | 00:02:32 | 1:94( 1 2.08 | 3.7775 | 4.3309 | 1.0000e-04 |
| 17 100 | 00:04:25 | 1232 1.60 | 1.7303 | 2555(15 || 1.0000e-04 |
| Ll 150.4| 00:06:03 | 1. 26T A63- | 1.5966 | 2.6650 | 1.0000e-04 |
| 1 gb 200 | 00:06:52 | iyt | {1,466 139344 | 2.75108] 1.0000e-04 |
| b 250 | 00:07:43 | 1.23 | 1.70 | 1.5236 | 2.9016 | 1.0000e-04 |
| 1Y 300 | 00:08:34 | 0.85 | T:725 0 0.7246 | 3.0631 | 1.0000e-04 |
| 2 | 350 | 00:09:32 | 0. 778 1.74 | 0.5905 | 3.0218 | 1.0000e-04 |
| 21 400 | 00:10:24 | O=81 | 18 [ 0.8247 | 3.1668 | 1.0000e-04 |
| 2% 450 | 00:11:16 | 0.76 | 1¥827 0.5761 | 3.3241 | 1.0000e-04 |
| & [ 500 | 00:12:08 | 0.82 | 1:85° | 0.6793 | 3.4132 | 1.0000e-04 |
| 2% 550 | 00:13:00 | 0.69 | 1/ 88gil 0.4710 | 3.3330 | 1.0000e-04 |
| 2 600 | 00:18452_] 0s63 | 1.84 | 0.4021 | 3.4011 | 1.0000e-04 |
| 2 650 | 00:14:45 | 0.58 | 1.84 | 0.3359 | 3.3836 | 1.0000e-04 |
| 31 700 | 00:15:43 | 0.50 | 1.87 | 0251740 3.4879 | 1.0000e-04 |
| 31 750 | 00:16:35 | 0.53 | 1.86 | 0.2848 | 3.4542 | 1.0000e-04 |
| 31 800 | 00:17:28 | 0.68 | 1.90 | 0.4650 | 3.6235 | 1.0000e-04 |
| 31 850 | 00:18:20 | 0.70 | ™9 | 0.4915 | 3.6394 | 1.0000e-04 |
| 31 900 | 00741813 | 0.74 | 1. o3 0.5436 | 3.6422 | 1.0000e-04 |
| 31 950 | 00:20:05 | 0.54 | 1. g 0.2953 | 3.6588 | 1.0000e-04 |
| 31 1000 | 00:20:58 | 0.60 | 1.91 | 0.3569 | 3.6569 | 1.0000e-04 |
| 4 | 1050 | 00:21:56 | 071 | 1.92 | 0.4975 | 3.6687 | 1.0000e-04 |
| 4] 1100 | 00:22:49 | 0.42 | 1.95 | 0.1747 | 3.7994 | 1.0000e-04 |
| 4| 1150 | 00:23:42 | 0.48 | 2.00 | 0.2283 | 4.0016 | 1.0000e-04 |
| 4| 1200 | 00:24:34 | 0.61 | 199 | 0.3667 | 3.9468 | 1.0000e-04 |
| 4 | 1250 | 00:25:27 | 0.45 | 1.98 | 0.1988 | 3.9078 | 1.0000e-04 |
| 4 | 1300 | 00:26:20 | 051 | 2.00 | 0.2572 | 3.9827 | 1.0000e-04 |
| 4 ] 1350 | 00:27:13 | 0.48 | 2.03 | 0.2315 | 4.1367 | 1.0000e-04 |
| 51 1400 | 00:28:11 | 0.36 | 2.00 | 0.1326 | 3.9996 | 1.0000e-04 |
| 51 1450 | 00:29:04 | 0.38 | 2.02 | 0.1418 | 4.0873 | 1.0000e-04 |
| 51 1500 | 00:29:57 | 0.40 | 2.05 | 0.1577 | 4.2143 | 1.0000e-04 |
| 51 1550 | 00:30:50 | 0.36 | 2.05 | 0.1270 | 4.2219 | 1.0000e-04 |
| 51 1600 | 00:31:44 | 0.43 | 2.03 | 0.1885 | 4.1248 | 1.0000e-04 |
| 51 1650 | 00:32:37 | 053 || 2.05 | 0.2777 | 4.2122 | 1.0000e-04 |
| 51 1700 | 00:33:30 | 0:33 || 2.08 | 0.1093 | 4.3399 | 1.0000e-04 |
| 6 | 1750 | 00:34:28 | 0:57. || 2.04 | 0.3248 | 4.1690 | 1.0000e-04 |

Figure 47. First section of training
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| 6 | 1800 | 00:35:21 | 0.77 | 2.06 | 0.5956 | 4.2383 | 1.0000e-04
| 6 | 1850 | 00:36:16 | 0.49 | 2.05 | 0.2356 | 4.2026 | 1.0000e-04
| 6 | 1900 | 00:37:09 | 0.42 | 2.07 | 0.1759 | 4.2896 | 1.0000e-04
| 6 | 1950 | 00:38:03 | 0.42 | 2.08 | 0.1737 | 4.3080 | 1.0000e-04
| 6 | 2000 | 00:38:57 | 0.34 | 2.07 | 0.1166 | 4.2978 | 1.0000e-04
| 6 | 2050 | 00:39:51 | 0.43 | 2.14 | 0.1853 | 4.5723 | 1.0000e-04
| 7] 2100 | 00:40:49 | 0.31 | 2.08 | 0.0982 | 4.3057 | 1.0000e-04
| 7] 2150 | 00:41:42 | 0.38 | 2.10 | 0.1442 | 4.4025 | 1.0000e-04
| 7] 2200 | 00:42:35 | 0.51 | 2:2 | 0.2565 | 4.4788 | 1.0000e-04
| 7] 2250 | 00:43:28 | 0.48 | 2.13 | 0.2335 | 4.5266 | 1.0000e-04
| 7] 2300 | 00:44:21 | 0.38 | 2:10 | 0.1478 | 4.4154 | 1.0000e-04
| 71 2350 | 00:45:14 | 0.35 | 2.13 | 0.1190 | 4.5464 | 1.0000e-04
| | 2400 | 00:46:08 | 0.54 | 2:16 | 0.2899 | 4.6636 | 1.0000e-04
| 8 | 2450 | 00:47:06 | 0.45 | 2.12 | 0.2024 | 4.5117 | 1.0000e-04
| 8 | 2500 | 00:47:59 | 0.48 | 2:14 | 0.2340 | 4.5629 | 1.0000e-04
| 8 | 2550 | 00:48:52 | 0.30 | 2.14 | 0.0896 | 4.5647 | 1.0000e-04
| 8 | 2600 | 00:49:45 | Be39m| 2:16 | 0.1492 | 4.6698 | 1.0000e-04
| 8 | 2650 | 00:50:38 | 0.42 | 2.14 | 0.179%6 | 4.5915 | 1.0000e-04
| 8 | 2700 | 00:51:32 | 0.52 | 250Gy 0.2655 | 4.6023 | 1.0000e-04
| 8 | 2750 | 00:52:26 | 0.57 | 2315 || 0.3292 | 4.6129 | 1.0000e-04
| 8 | 2776 | 00:52:59 | 0.45 | 2:15 || 0.2065 | 4.6354 | 1.0000e-04
|
Detector training complete.
EE R R R R R R R R
Figure 48. Second section of training
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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.

[4\ Figure 1

File Edit View Insert Tools Desktop Window Help

Dade /808 RE I

White Blood Cell Classification

Basophil 120 2
Eosinophil
Lymphocyte 121 1

:
) Monocyte 1 7 1
()]
2
'_

Neutrophil 2 0

99.2% 100.0% 93.1% 97 8% 99.7%

0.8% 6.9% 2.2% 0.3%

Basophil Eosinophil Lymphocyte  Monocyte Neutrophil
Predicted Class

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 52. Eosinophil
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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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