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Hematology is the branch of science that deals with blood diseases and disorders. Unlike 

other alternatives, computer vision technologies provide an uncostly precise tool for 

diagnosing such diseases. A cardinal issue that rises in the conventional techniques used to 

detect blood diseases is its dependency on external physical interferences which can 

significantly produce a deficiency in term of accuracy. In addition, the high cost of the 

analyzer is considered a major limitation with the currently used blood test devices. These 

drawbacks have motivated this study to come up with a more reliable non-expensive 

solution. In this paper, Hough Transform (HT) has been used in a computer-vision based 

model to recognize the different constituents of human blood. According to the sizes, shapes 

and count of blood cells, different hematological diseases are detected. Results showed 

promising efficiency the accuracy of diagnosing anemia, leukemia, myeloma and sickle cell 

anemia. 
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1. INTRODUCTION

According to WHO’s report dated in May 2023, 40% of 

children, a total percentage of 30% of pregnant women, and 

37% of adult females suffer from blood disorder diseases [1]. 

Many Hematologic diseases are mainly caused by abnormality 

in the number of blood cells as it is the case with anemia 

disease which is attributed to the low count of red blood cells 

[2-4]. Polycythemia on the other hand occurs when the 

marrow of bones overproduces red blood cells [5-7]. A 

decreased amount of white blood cells can be considered a 

sign of some viral infections like HIV or hepatitis [8-10]. In 

contrast, a sort of cancer hits bone marrow leading it to 

produce excessive amount of white blood cells [11, 12]. In 

addition, low count of blood platelets is a sign of a disease 

called thrombocytopenia [13]. In contrary, a decreased number 

of platelets in blood is termed as thrombocytosis which can be 

attributed to a certain disorder in bone marrow, steroid 

medications, or sorts of infections [14, 15]. Early diagnosis of 

such ailments can contribute to a large extent in saving human 

lives [16-18]. Not only the count of the different types of blood 

cells can be invested to detect relevant ailments, but instead, 

the differentiation in the shapes of blood cells gives critical 

diagnostic information as it is the case in sickle cells anemia 

where red blood cells are deformed [19-22]. 

Early diagnosis is considered a crucial factor in preventing 

unwanted complications. Early detection of leukemia for 

instance, can significantly lead to a better response to 

treatment [6]. In addition, HIV disease is a viral infection, 

where the delayed diagnosis can give the virus chance to 

continue replicating which can strongly threaten the infected 

individual’s life. In contrary, prompt diagnosis of HIV and 

hence rapid treatment can be significantly beneficent when 

immune system is still stronger during the early stages of the 

disease. In addition, early detection of blood diseases makes it 

easier to control the symptoms like fatigue, or pain [8]. 

Automated Blood Analyzer (ABA), or most of the time 

referred to as Hematology Analyzer (HA) is the currently used 

electronic device for the purpose of counting different blood 

constituents. HA uses physical characteristics of blood stains 

to measure the approximate number of red blood cell, known 

as erythrocytes, white blood cells, leukocytes, and blood 

platelets, known as thrombocytes [23-25]. This operation of 

counting different blood components is termed Complete 

Blood Count (CBC). In addition to CBC test, Hematology 

Analyzer offers another important diagnostic service 

represented by measuring the amount of hemoglobin, the 

protein responsible of carrying oxygen to the different body 

cells [26-28]. Normally, erythrocytes should count 3.5-5 

million per microliter in females, and 4-5.5 million per 

microliter in males [29]. Slight variation in these counts is 

permissible since these ranges are slightly dependable on some 

demographic factors such as age, sex and location [30]. Light 

passing though different constituents of blood experience 

different scattering levels. This physical property is employed 

in HA to differentiate among different kinds of blood cells and 

platelets. Developed analyzers use more than one physical 

property such as the amount of scattering experienced by light 

when subjected to the different blood particles, the level of 

light absorption, impedance and conductivity of blood smears, 

and flow cytometry of the blood specimen [31]. 

Many problems appear when using Hematology Analyzer 

affecting the device accuracy, such as the existence of blood 

clots, impurities in the collected and specimen. Furthermore, 
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air bubbles created due to the excessive shaking of the blood 

specimen during the pre-analytical stage can contribute to a 

substantial extent in deluding the counting process since some 

bubbles could be considered cellular particles. According to 

the study by Tadesse et al. [32], a total of 477 out of 2606, 

about 28%, of hematology tests were recorded incorrectly in 

St. Paul’s hospital in Addis Ababa. Some of these errors were 

happened in pre-analytic stage, others in analytical stage, and 

some others occurred during the post-analytic stage. 

Furthermore, some diagnostic operations need manual 

processing to detect certain types of blood abnormalities, 

especially those abnormalities characterized by cell 

deformation such as hereditary spherocytosis and sickle cell 

anemia. In addition to the all-aforementioned issues, 

Hematology Analyzer is considered a high-cost device. In this 

paper a new computer-vision based method is proposed to 

analyze blood diseases. This method makes use of an image 

processing techniques and Hough Transform algorithm to 

identify a particular cellular particle, count the different blood 

components, diagnose the sort of ailment in an automatic 

manner. The proposed method outweighs the traditional CBC 

method mainly based on using Hematology Analyzer in terms 

of the cost, accuracy and diagnostic capabilities. In the 

capability’s perspective, it offers an intelligent way to detect 

cells deformation, like sickle cell anemia, in an automatic 

manner. Clotting blood patches problem has also been 

resolved via using detaching and color facts. Section 2 in this 

paper reviews the necessary background for achieving the 

work of this paper. Section 3 on the other hand, shows the 

results of the proposed method and discusses these results. 

Finally, section 4 concludes this paper and suggests ideas for 

future work. To summarize, computer-vision based techniques 

outperform the traditional Hematology Analyzer-based 

detection in terms of the resulting accuracy, cost, speed, and 

covering a wider range of blood disorders. 

2. METHODOLOGY

MATLAB programming platform has been utilized to 

analyze blood smears, recognize different types of blood 

particles, and finally give the corresponding diagnosis. A 

blood smear should pass through several analytic stations till 

a diagnosis result is given. MATLAB offers efficient facilities 

when dealing with image processing. Hough Transform 

algorithm and other image processing tools were invested in 

this work to recognize different types of blood cells and 

platelets according to predefined characteristics of the detected 

blood components. An image of blood smear obtained in 

phase-1 of the proposed scheme passes through another five 

phases to collect cardinal specifications of blood particles 

from each phase. All these resulting specifications gathered 

from the five phases are put together and analyzed to find out 

what and how many these particles are. These five phases are 

namely, extracting color planes, Hue-Lightness-Saturation 

(HLS), filtering, circular Hough Transform, and counting. The 

results of the counting phase are then fed to the diagnosis 

phase as shown in Figure 1. 

2.1 Collecting specimen 

This is the first phase in the proposed system where the 

blood smear sample is collected and a digital image is taken, 

then the image is imported by MATLAB. Coagulation is the 

major reason for the failure of CBC tests. According to the 

study by De la Salle [33-35], 57% of the failed CBC tests is 

attributed to coagulation. Consequently, appropriate measures 

should be considered when collecting specimens, such as 

using tubes supported with anti-coagulant agent. 

Figure 1. The proposed method chart 
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2.2 Extracting color planes 

In this phase the, the specimen image is disassembled into 

its three-color planes, namely, red plane, green plane, and blue 

plane. Each plane contains important information about the 

specimen. This information can be utilized to recognize some 

cardinal facts about the blood that are used to make the proper 

diagnosis. Furthermore, White blood cells are colorless, and 

can look bluish when a dye is applied to the specimen, making 

it is easier to recognize the white blood cells by extracting the 

colors. 

2.3 HLS 

In this stage, lighting effects represented by shading and 

light spotting are eliminated using HLS filters. Light spots 

appear in the image of the specimen when the light is reflected 

from the specimen. These light spots can conceal very 

important information of the patch where they are located. 

Shading on the other hand can delude the system by making 

the program counting cells’ shades as blood particle leading to 

a wrong count, and hence false diagnosis. These lighting 

effects can be resolved by applying hue, brightness, and 

saturation filters. 

2.4 Noise filtering 

Noise Filtering is the next phase, where the noise 

represented by air bubbles and impurities are eliminated from 

the treated image. These bubbles and impurities appear on the 

image as tiny objects and need to be filtered prior to applying 

the Hough Transform lest they will be falsely counted as blood 

particles, specifically blood platelets. MATLAB offers an 

efficient tool in doing such a task via using “bwareaopen” 

instruction. This instruction is used to remove tiny paches in 

black-and-white images. The sensitivity of this filter can be set 

within the instruction’s arguments to select a suitable 

threshold size for the patches desired to be deleted. As a result 

of applying this filter, patches which are identified as 

contiguous white pixels are removed from the blood’s binary 

image if and only if these patched have smaller sizes than the 

threshold specified within the instruction.  

2.5 Hough Transform 

Hough Transform is a tool used in the field of computer 

vision to recognize regular shapes such as circles, lines, and 

ellipses. It is a mathematical method used to connect disjoint 

points of a particular shapes if the original image is imperfect. 

Circular Hough Transform on the other hand is specialized in 

detecting circular objects. In Hough Transform, the algorithm 

walks through the edges of an image, after edge detection was 

performed, and considers each point on the edge as a center of 

a circle with a specific radius. The point where most of the 

circles intersect is the actual center of the circular object. 

Different radius values are tried to detect objects of different 

radiuses. The task of edge detection is achieved implicitly 

using the instruction “imfindcircles” which invests the 

capabilities of circular Hough Transform to identify circle-like 

shapes. This instruction takes two input arguments, the first is 

the image data variable, and the second is the range of radii of 

circles to be detected. The instruction can be executed twice 

but with different ranges of radii to detect the bigger WBCs 

and the smaller RBCs. This mathematical tool was used in this 

work to recognize blood cells and measure their sizes. 

Whenever a cell is detected, it is treated to remove its border 

line aiming to detach clotting cells.  

2.6 Counting blood constituents 

After applying circular Hough Transform, it is the time to 

count the number blood cells and inspect the existence of any 

deformation in cells. The results are directed to the diagnosis 

phase in order to find out whether there are any potential signs 

of blood diseases. 

2.7 Diagnosis phase 

It is the last phase of the proposed algorithm. Given the 

previously counted number of cells within a pre-determined 

volume of the blood specimen, the system decides which sort 

of illness is experienced, if any. Anemia, polycythemia, HIV, 

hepatitis, leukemia, thrombocytopenia, thrombocytosis, and 

sickle cells are examples of hematology diseases. 

3. RESULTS

In Figure 2, the prepared blood specimen is imaged and fed 

into the proposed system. This image is then gray-scaled in 

Figure 3 to enhance the image contrast aiming to recognize the 

different types of blood components. This contrast of the blood 

sample can be further enhanced by changing the resulted 

image into binary one as shown in Figure 4. Results showed 

that the nucleus of cells appears in a different color in the 

microscopic specimen image. However, these nuclei can 

mislead the process of counting the number of cells or 

differentiating among the different types of these cells 

efficiently. To overcome this issue a kind of filtering is 

required to exclude these nuclei. MATLAB offers tremendous 

capabilities in processing and filtering images. Hence, filtering 

these nuclei is a very handy task through the use of imfill 

instruction. In addition, specimen impurities represented by 

dust particles and small air bubbles can also be removed 

through the use of this instruction. The obtained results after 

eliminating the nuclei and impurities are shown in Figure 5.  

Figure 2. Original blood specimen 
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Figure 3. Grayscale specimen 

Figure 4. Black and white specimen 

Figure 5. Inverted BW image after eliminating nuclei 

Figure 6. Counting red and white cells 

The Hough Transform algorithm is then utilized to 

recognize circle-like objects in the resulting specimen image. 

Hough Transform is done twice in this work with different 

radius operands to recognize the large which cells and the 

relatively smaller red blood cells. Neither the white blood cells 

nor the red cells are all similar in size. Therefore, a further 

inspection algorithm needs to be used that makes use of the 

color planes to recognize the bluish colored white cells. In 

Figure 6, red blood cells are encircled with red borderlines, 

whereas white blood cells are encircled with green lines. A 

problem arises in the contiguous touching and clotting cells, 

where these cells can mislead the Hough Transform algorithm 

by showing these cells distorted or even these cells can appear 

as white blood cells, therefore, these touching cells are 

detached to resolve this confusion. This task is achieved by 

erasing the borderline of each circular object previously 

designated by Hough algorithm as shown in Figure 7. 

Figure 7. Detaching touching cells 

Figure 8. Counting sickle cells 

Sickle cells are then investigated by measuring the 

dimensions of cells. Regularly, normal cells are depicted to 

have equal or close vertical and horizontal axes. Sickle cells 

on the other hand are distorted red blood cells and their 

different vertical and horizontal diameters. In order to permit 

an acceptable range of irregularity, a cell is considered sickled 

if one of its dimensions is at least as twice as the other 

dimension. Normal blood should not have any sickle cells. If 

any exists, then it is an inevitable sign of sickle cell anemia. 

For the purpose of diagnosis, white and red blood cells are 

counted and the concentration within a predefined sample’s 

volume is calculated. Medical decisions can be made 

according to these automated measurements. For instance, the 

sample in Figure 8 is clearly diagnosed with sickle anemia 

ailment due to the presence of those deformed red blood cells 

they have crescent-like shapes. Sickle cells are surrounded by 

yellow boxes in Figure 8. The stage of investigating sickle 

cells is preceded by detaching the contiguous cells in order to 

resolve any illusion caused by these cells as they could look 

like sickle cells when stuck to each other. The proposed model 

has been tested on a number of different blood smear samples 

to quantify the efficiency and feasibility of the model. The 
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results showed a range of accuracy exceeding 90% in terms of 

detecting and counting red blood cells. On the other hand, the 

process of white blood cells detection was a little more 

awkward due to the confusion caused by the smaller white 

blood cells which may be falsely considered red cells. 

However, this degradation in sensing white blood cells was 

overcome using color analysis method since the colorless 

white blood cells appear bluish when the smear is stained in 

the laboratory during the collecting phase. 

4. CONCLUSIONS AND FUTURE WORK

This paper introduces a computer vision system to 

investigate hematological abnormalities as an alternative to the 

classical laboratorial Hematology Analyzer. The traditional 

analyzer is characterized by its high cost and relatively low 

accuracy compared to the proposed system. In addition, the 

proposed system outweighs the conventional analyzer in its 

capability to diagnose diseases attributed to cell distortion like 

sickle cell anemia. In this work, MATLAB programming 

language has been used to build a CBC system that considers 

different kinds of blood cells, counts them, and then detect any 

abnormality in these cells. Image processing tools and 

facilities were employed in this paper to recognize and 

differentiate among the different types of blood components. 

Circular Hough Transform capabilities have been invested 

here to identify white and red blood cells. Circle size and color 

is utilized to distinguish among the different constituents of 

the blood. Furthermore, cell distortion has also been 

investigated to identify any kind of hematological diseases. 

Results showed a promising level of efficiency in terms of 

detecting and counting blood cells accurately. A limitation of 

the proposed algorithm is represented by the incapability to 

classify different types of white blood cells. In fact, WBCs are 

not of a single type and each type has its own functions. White 

blood cells can be classified into neutrophils, eosinophils, 

basophils, lymphocytes, and monocytes. A low count of each 

type can be accompanied by underlaying ailment. Therefore, 

for further work, it is encouraged to improve the algorithm by 

granting it the power to identify the different types of WBCs 

and hence diagnose a wider range of immunological diseases.  
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