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ABSTRACT

The counting of blood cells is an important test that aids in the diagnosis of certain disorders. The
technique of manually counting abnormal blood cells by an experienced specialist is exceedingly
arduous, time-consuming, and imprecise, with a substantial risk of error. Automated detection of
blood cells using image processing techniques is gaining prominence as a result of recent
advancements. In this research, the authors offer a deep learning strategy for automatically
identifying and counting three types of blood cells using the ‘you only look once' (YOLO) object
detection and classification algorithm in this paper. The YOLO framework has been taught to
automatically recognize and count red blood cells, white blood cells, and platelets using a modified
configuration BCCD Dataset of blood smear image. Overall, our automated blood cells counting
system is fast and more efficient to detect blood cells.
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CHAPTER: 1 INTRODUCTION

1.1 Background:

A complete blood cell (CBC) count is a vital test that medical practitioners frequently order to
assess a patient's health [1, 2]. Red blood cells (RBCs), white blood cells (WBCs), and platelets
are the three primary types of cells that make up blood. RBCs, also known as erythrocytes, make
up 40-45 percent of all blood cells [American Society of Haematology:
http://www.hematology.org/Patients/Basics/]. Blood contains a large number of platelets, also
known as thrombocytes. WBCs, commonly known as leukocytes, account for less than 1% of all
blood cells. RBCs transport oxygen to our body tissues, and the number of RBCs determines the
amount of oxygen delivered to those tissues. WBCs combat infections, while platelets aid in blood
coagulation. Because these blood cells are so numerous, typical manual blood cell counting with
a haemocytometer is both time consuming and inaccurate, and accuracy rests heavily on the
clinical laboratory analyst's abilities [3, 4]. As a result, an automated procedure for counting
distinct blood cells from a smear image will make the entire counting procedure much easier.
Image categorization and object recognition applications are getting more robust and accurate as
machine learning techniques advance. As a result, technologies based on machine learning are
being used in a variety of sectors. Deep learning methods are being used in a variety of medical
applications, including anomaly identification and localization in chest X-rays [5], automatic left
ventricle segmentation in cardiac MRI [6], and diabetic retinopathy identification in retinal fundus
pictures [7]. Thus, it is worthwhile to investigate deep learning-based approaches for identifying
and counting blood cells in smear images. A blood cell counting method based on deep learning
is presented in this Letter. It has been suggested. We use a deep learning-based object recognition
system. A method for detecting distinct types of blood cells. Among them are object detection
methods that are state-of-the-art, such as regions with You only have to look once YOLO) with a
convolutional neural network (R-CNN) [8]. From blood smear images, we retrain the YOLO
framework to automatically detect and count RBCs, WBCs, and platelets.

A verification mechanism has been devised to avoid the framework's repeated counting in order
to increase counting accuracy. In addition, the trained model was evaluated using photos from a
different dataset to see if the strategy was generalizable. The proposed deep learning-based blood
cell identification and counting system is shown in Figure
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1.2 Motivation of Research

Human blood is made up of three types of cells: red blood cells (RBCs), white blood cells (WBCs),
and platelets. The most abundant cell type in human blood, red blood cells (RBCs) transport
oxygen from the lungs to all tissues and cells, as well as carbon dioxide from the tissues back to
the lungs. Low RBC counts in the blood can cause a variety of pathophysiological issues.
Hemolytic anemia, sickle cell anemia, thallasemia, and different membranopathies and
enzymopathies can all be diagnosed, evaluated, and monitored using RBC counting. As a result,
analyzing microscopic pictures is critical for determining the typical form and size of RBC.
Blood counts were done manually in the past pathological method, which was more error-prone
and time-consuming. Because of its low cost and ease of deployment, automatic RBC detection
has recently acquired a lot of traction. The cells' chemical and physical properties are determined.
It just requires a minimal bit of specimen and properly counts the cells, but it fails to detect
abnormalities and is quite expensive. The goal of this study is to create a system that can reliably
count red blood cells and identify the quantity of normal and pathological cells in a picture. In the
field of medicine, the analysis of blood smear images is critical since it aids in the early diagnosis
of disease. It helps clinicians make the best decisions about illness monitoring and, as a result,
disease prevention. Separating red blood cells from white blood cells is the first step in detecting
them. If white blood cells aren't separated, they can be mistaken for red blood cells. The labeling
method and circular Hough transform are used to create a counter.
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1.3 Problem Statement:

Since learning about previous similar works, I've noticed some weaknesses, which may
take this to the next level of the study.

v Limited label images.
v/ XML and Images are in same folder.
v/ Worst images are there.

1.4 Research Question:

A research question is an answerable inquiry into a specific problem or topic. In a
research, this is the initial step. Once, an understanding of what to explore, the 'initial
step' means that the research topic is the first important step in the research. Some
questions are explored. The list of questions is given below:

v How to collect the data set for selected diseases? and where?
v/ How to data mine the data set?

v/ How to process data?

v/ What was the splitting ratio?

v/ Which algorithm use there?

v/ Why use this algorithm?

v/ How to add the references?
1.5 Research Objectives:
The key goals of this thesis are given below:

v Finding out how well yolov5 can detect blood cells from better images and worse images.
v How fast YOLOv5s algorithm for detecting blood cells.
v Detect and Count blood cells.

v Why YOLOV5s better than others algorithms.

1.6 Research Scope:

The study's scope applies to the areas covered by the research. The scopes are given
below:

v Downloading data.
v Data Processing using Python.
v Apply Algorithm.
v Training of data.
v Detection and Counting blood cells.
©Daffodil International University
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1.7 Thesis Organization:

In a certain section, the whole paper is organized. Where the relevant analysis is discussed in
Section 2 to extract the conceptual framework. The source of supporting proof of arguments to not
only validate the statement or theory, but also serve as a basis for the results. The Proposed
methodology is presented in the section 3. | have clarified my results and final outcome in section
4 with the support of some graphs and network. In that section, all the outcomes have been
described. A small summery of the whole research is presented as conclusion in section 5
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CHAPTER 2: LITERATURE REVIEW

2.1 Definition of The Thesis Topic or Area:

In general, when it comes to automated blood cell counting, there are two basic ways. They are
the methods for image processing as well as the machine learning strategy

2.2 The Direction of Research:

Our goal is to recognize and count blood cells directly from a smear image using the YOLO object
recognition and classification technique. With an updated configuration and annotated blood cells
training image, we must train the YOLO framework.

2.3 Theoretical Framework:

YOLO (You Only Look Once) is a cutting-edge object detection categorization method. Object
detection is treated as a regression problem. To make a quick forecast for both image class and
location, only one forward propagation pass over the network is required. It resizes the image by
448 448 pixels and divides it into 7 7 grid cells, with each grid cell predicting two bounding boxes
and their confidence scores. If the object's center falls inside a grid cell, that grid cell is in charge
of detecting the object.

2.4 Resources:
To recognize automobiles in this research, we employed the most recent version of the You Only

Look Once (YOLO) object detection algorithm. Our concentration as computer vision
practitioners was on the algorithm's application, data collecting, and data annotation.

©Daffodil International University

12| Page



CHAPTER 3: METHODOLOGY

Figure 1 represent the method step by step

Input Pre- Apply Yolovbs Train Custom Show detecting
Image |=* | processing |=* Algorithm *|  Yolovs detector  |=® accuracy
Figure 1

3.1 Data Collection:
We use a publicly available dataset of annotated blood cell images called Blood Cell Count
Dataset (BCCD) [BCCD:https://github.com/akshaylamba/all_CELL _data].

3.2 Preprocessing:

There are 364 annotated smear photos in all, but the dataset includes a major defect. We
discovered that one annotation file in the test set does not include any RBCs, despite the image
having RBCs, after splitting the dataset into training (300) and testing (64). Furthermore, three
annotated files have significantly lower RBC than the actual RBC. As a result, four erroneous
files are removed, reducing the overall size of the test set to 60. We chose 60 training photos
with annotations at random for the validation set.

3.3 YOLOVS5s:

YOLO (You Only Look Once) is a cutting-edge object detection categorization method. Object
detection is treated as a regression problem. It only necessitates to build a quick connection, one
forward propagation pass through the network is required. Both image class and location are
predicted. The image is resized by 448 448 and divides the entire image into a grid cell of 7 7
pixels and each grid cell foresees two boundary boxes The boxes have a confidence score. If the
object's center falls, enters a grid cell, and the grid cell is in charge of detecting it that particular
object The YOLO approach was first implemented as a On the PASCAL VOC dataset, a CNN
was assessed. Figure 2 show that YOLO architecture.
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3.4. Training Of data:

The Tiny YOLO configuration was trained for 20 different classes when it was first implemented.
We adjust it for three kinds of blood cells: WBC, RBC, and platelets, in order to use it for blood
cell identification. The number of filters in the final convolutional layer of the CNN architecture
must also be modified as a result of changing the class number. For each anchor box, YOLO
forecasts five values as well as class probabilities. The values are the probability of having an
object in a grid cell, the object's x and y coordinates, height, and width. The number of anchor
boxes in our case is 5, which gives us more flexibility in placing bounding boxes based on the

object's aspect ratio.

Box Objectness Classification
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Figure.3 Plot graph shown
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3.4. Proposed identification and counting method of blood cell:

Our suggested method is a machine learning strategy in which we employ the YOLO algorithm to
identify and count blood cells automatically. It contains a training model with a modified
configuration in which the final convolution layer is changed for three outputs, and blood cell
identification using an appropriate algorithm. Cells are counted based on their labels. Depending
on the detected cell, the modified YOLO returns three labels: RBC, WBC, and Platelets. The total
number of RBC in a smear image is equal to the total number of labels containing the word "RBC,"
the total number of WBC is equal to the total number of labels containing the word "WBC," and
so on. Our models provide two separate detections for a single platelet in some circumstances. The
reason for this is that the same platelet is detected in two successive grid cells, resulting in the
same platelet being tallied twice. To avoid double counting, we use the KNN method in each
platelet to determine its closest platelet, and then we compute the extent of overlap between two
platelets using the intersection of union (I0U). We allow 10% overlap between platelets and their
closest platelets based on empirical data. If the overlap is greater than that, we treat the cell as a
double count in order to avoid erroneous counting.
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CHAPTER: 4 RESULTS

RBCs, WBCs, and platelets are automatically identified and counted using the proposed method.
We put our model to the test on a test dataset of 60 photos with known ground facts. First, we
count the distinct cells in the validation dataset with different confidence thresholds using our
model. It should be noted that the threshold is important in YOLO because it is used to anticipate
each grid cell rather than the entire image. Grid cells with no blood cells have a low confidence
level. By selecting a suitable confidence threshold, we can eliminate duplicate and erroneous
predictions. We calculate the average absolute error between ground truths and the validation
dataset's predicted number of cells. We get the minimum average by using different confidence
thresholds. Choose those confidence values in the blood cell identification process based on the
absolute error value for each type of cell. where cell is the cell type (RBC, WBC, or platelets), N
is the size of the validation dataset (in our case, 60), X is the number of cells, and 1 denotes the
average absolute error value for that cell. Table 1 shows the calculated error values.

As can be seen from the table, a nominal threshold of 0.55 can be used to count RBCs. However,
the threshold for WBC and platelets is substantially lower (0.35 and 0.25 in our trials). As a result,
the suitable thresholds for each cell type are chosen as follows:

RBC WBC Platelets
Estimated 790 70 82
Accuracy 86% 93% 80%

Then, using the total number of ground truth cells and the total number of estimated cells in the
test dataset, we determined the accuracy. We achieved 83 percent accuracy for RBC with a
confidence threshold of 55 percent. Table 2 shows the total estimated numbers of cells of various
categories with accuracy determined at their respective confidence threshold value. It may appear
that the proposed method is counting RBCs that aren't visible in the photos. However, we should
point out that the ground truth labels were missing for several of the RBCs along the image's
periphery. The YOLO algorithm can detect these RBCs, resulting in a high RBC count.
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CHAPTER 5: CONCLUSION

5.1 Findings:

A machine learning strategy based on the YOLO method is provided in this Letter to automatically
recognize and count blood cells from a smear image. The method used KNN and 10U based
methods to eliminate multiple counting of the same object, which improved accuracy. On publicly
available datasets, we test our proposed technique. For the test dataset, it was discovered that our
technique correctly identified RBCs, WBCs, and Platelets. It can be observed that our technique
can reliably count even those of the cells in the dataset that aren't labeled. In the YOLO backend,
various neural network models have been tested, and it has been discovered that different models
can deliver the best accuracy on different cells. Despite the fact that multiple models with varied
depths have been explored, the method has been found to be quite fast for counting and tagging
smear images. The proposed method was also tested on a separate dataset of smear photos, and it
performed admirably. With the proposed method's accuracy and detection performance, it can be
said that it has the potential to simplify the manual blood cell identification and counting process.

5.2 Recommendation for Future works:
In this research Almost all of the experiments in this study were carried out with the help of we try

apply more algorithms to find accuracy with others algorithms. And compare them which give the
best accuracy
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