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Abstract 

Introduction: The relevance of the proposed topic is determined by the high incidence of hematopoietic system diseases 

and the lack of a clear understanding at the cytological level of their mechanisms and correction methods. The purpose 

of the article is to create images of blood cells using mathematical modelling. 

Materials and Methods: To achieve the defined goal, fundamental research methods were utilized, among which the 

method of mathematical modelling played a significant role, employed in creating a bionic model of blood cells.  

Results: The results of this study have indicated that the task of recognizing blood cells in complex images poses a 

significant challenge in the field of medicine. Such tasks are complicated by the transparency of cells compared to the 

buffer solution, uneven thickness of the blood smear, and varying staining of the smear. Therefore, there is a need to 

improve the segmentation algorithm of the bionic model and develop new, more efficient methods and models for image 

recognition. The algorithm for constructing the bionic model segmentation consists of four main steps. 

Conclusion: The practical significance of this research lies in the possibility of using the obtained results in the further 

development of clinical correction and treatment methods for diseases such as anaemia, thrombocytopenia, and neoplastic 

processes. 

Keywords: haematology; immunological reactions; biotechnology; physical phenomena; haemodynamics. 

 
Introduction 

The problem of object recognition using modern technologies 

remains relevant in scientific circles. For instance, in the field of 

medical diagnostics, there is an increasing trend to apply 

advanced technical devices, methods, and models where the 

quality of diagnosis directly depends on the quality of indicators 

obtained through object recognition in diagnostics. Since several 

researchers focused on related topics and obtained somewhat 

isolated and fragmented data, the presented theme can be 

considered relevant. Furthermore, practically all researchers 

whose works were considered mostly explored the forms of 

blood components and their membranes, also drawing parallels 

with similar studies on stem cells. However, none of the authors 

illuminated the specifics of the blood cell segmentation process 

through modelling. According to O. Kuzomin et al.1 most data 

analysis tools use two main technologies: machine learning and 

visualization (presentation of data in visual form). 

 The quality of visualization is determined by the ability of 

graphical data representation. Changes in the graphical 

presentation, such as colour and shape variations, help identify 

hidden dependencies. This applies to the recognition of objects 

in the form of their video images and, specifically, the 

segmentation of blood cells in an image. As noted by A.T. Abu-

Jassar et al.2 the widespread use of multimedia systems is 

explained by several advantages, including the simplicity and 

convenience of multimedia system interfaces, making them easy 

to use; the ability to store a large volume of diverse information 

on a single medium, allowing the storage and transmission of 

various types of data; the ability to compare and process images 

using different programs and tools, expanding their processing 

and analysis capabilities. 

http://creativecommons.org/licenses/by-nc-nd/4.0/


Roman Yu. Bukhtiiarov et al: Bionic Blood Cell Segmentation  Pol J Med Phys Eng 2024;30(4):225-238 

 226 

According to A.V. Markushevska and M.O. Savchenko3, O.M. 

Morozova et al.4 in the laminar flow of blood containing blood 

cells, internal layers behave quite organized. Each layer of fluid 

hinders the movement of the adjacent layer closer to the central 

axis of the vessel. In the studies by L.V. Batyuk and N.M. 

Kizilova5, V.V. Novytskyy and V.V. Novytskyy Jr.6 it was 

found that the oscillation of erythrocyte membranes during their 

movement is related to the glucose level in the blood, 

significantly affecting the dielectric and electrical characteristics 

of erythrocytes. The significance of membrane elasticity has 

long been discussed in terms of practical applications. However, 

in recent years, it has become apparent that membrane viscosity 

is a critical aspect for accurately reproducing the membrane 

relaxation time under the influence of external stimuli. 

 In another work, L.V. Batyuk and N.М. Kizilova7 describe 

laminar blood flows, suspensions of blood erythrocytes, or 

shadows of erythrocytes in a physiological solution through 

cylindrical tubes of circular cross-section, simulating vessels. 

However, the authors do not explain changes in the shape or 

membranes of red blood cells. O.V. Pertsov and V.P. Berest8, in 

their study, used modelling of reversible platelet aggregation by 

directly considering cell inactivation using temporal dependence 

and adjusting the deaggregation term. However, the scientists 

did not consider the shape and morphological features of 

platelets. B. Cao et al.9 emphasize that the proposed approach 

utilizes all available information related to the target modality 

from various sources to create any missing modality within one 

model. Nevertheless, the positive trend and prospects for the 

increased use of technical devices for qualitative diagnostics are 

restrained by the insufficient efficiency of the theoretical, 

scientific side of this problem, which ensures the necessary 

quality of recognition. 

 Each of these components performs crucial functions in the 

body, such as transporting oxygen and nutrients, immune 

reactions, and blood clotting processes. The scientific aspect is 

characterized by a series of limitations in the theories underlying 

the methods and models of image recognition technical devices, 

which, naturally, affects their practical application. Regarding 

blood cell recognition, these reasons include: the overlay of one 

cell on another, variation in geometric cell sizes, low contrast of 

images, variability in the staining of blood smears, different 

colour schemes in images, errors in object contour highlighting, 

and the influence of noise and non-target objects, which can 

distort images. According to B.С. Ko et al.10 these circumstances 

lead to the need for developing new, more effective methods and 

models of image recognition, the application of which will 

contribute to eliminating the specified reasons and improving 

the quality of recognition. 

 A. Shah et al.11 summarizes advancements in the automated 

diagnosis of leukemia using machine learning and image 

processing. It highlights significant progress in developing 

automated systems, which can reduce errors and increase 

diagnostic speed. Challenges include the need for large 

annotated datasets and image quality variability, suggesting 

future research areas. 

 K.T. Navya et al.12 reviews methods for analyzing RBCs from 

PBS images to detect anemia, categorizing approaches into RBC 

segmentation, classification, and anemia detection. It 

emphasizes the necessity for automated, robust, and cost-

effective techniques due to the limitations of manual analysis, 

highlighting advancements in image processing but indicating a 

need for further research to enhance accuracy and reliability. 

 A. Basu et al.13 reviews recent trends in deep learning for 

nucleus segmentation in histopathology images, focusing on 

developments from 2017 to 2021. It discusses various deep 

learning models, noting improvements in accuracy and 

efficiency. Challenges include handling overlapping regions and 

variability in images, with future research needed to enhance 

model robustness. 

 Current research in blood component image analysis reveals 

significant gaps, including the lack of comprehensive 

segmentation models, the need for large annotated datasets and 

improved image quality, and the challenges in transitioning from 

manual to automated analysis techniques. Deep learning faces 

issues with overlapping regions and image variability, and there 

is a disconnect between theoretical models and practical 

applications. Despite these gaps, notable contributions include 

advancements in automated leukemia diagnosis, comprehensive 

reviews of RBC analysis methods, and surveys of deep learning 

trends, all highlighting progress and suggesting future research 

directions to enhance diagnostic accuracy and efficiency. 

 Thus, the bionic blood model promises to revolutionize 

medical practice and the development of biotechnology by 

providing the ability to create synthetic blood analogues with 

many advantages, including the absence of the risk of infection 

transmission, contamination, and storage limitations. 

 The research aims to develop an algorithm that both creates 

images of blood components and segments them. This involves 

not only generating accurate images of blood cells but also 

implementing effective methods for segmenting different types 

of cells. The task of the work is to explain the morphological 

changes of cells based on cytological element models; explain 

the features of the segmentation of erythrocytes, leukocytes, and 

platelets. 

 

Materials and Methods 

To achieve the set goal, fundamental research methods were 

employed: cytological method, mathematical modelling 

method, which serves as the basis for creating a bionic model of 

blood cells, image processing methods, and models including 

energy methods (methods of the so-called active contour), 

threshold segmentation methods, methods of homogeneous 

region extraction, clustering methods, segment boundary 

extraction methods, and combinatorial methods. For processing 

contemporary scientific literature, analysis, and synthesis 

methods were used. The object of the research is the 
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phenomenon of blood cell segmentation, and the subject of the 

research is the blood components themselves. The use of 

mathematical modelling allows avoiding the need to create large 

physical models that require material costs, accelerating the 

process of determining characteristics (especially when using 

computer technologies and efficient computational methods and 

algorithms). The investigation of the modelling object and the 

creation of its mathematical description included establishing 

relationships between various characteristics of the process, 

determining boundary and initial conditions, and formalizing the 

process in the form of a system of mathematical relationships. 

This approach allowed understanding and describing the 

dynamics of the modelling object using mathematical equations. 

To obtain research results, the following were used: the Weber-

Fechner law, the Somjen sensory coding effect, and for 

calculations, the Dice, Sorensen, and Cekanovskii similarity 

coefficients. The validation of the bionic model was performed 

on cytological material, using a randomized sample of 50 

individuals. 

 Cytological material was collected from 50 participants by 

obtaining 3-4 blood smears on slides from each respondent. 

Using an automated microscopy hardware-software complex, 

images of blood cells were created. The images for the analysis 

were obtained from an open medical image database created 

through the cooperation of several leading universities and 

medical institutions. This database contains high-quality images 

of blood smears that were captured using modern automated 

microscopes. Each image included from 2000 to 3000 cells, 

which ensured the representativeness and accuracy of the 

analysis. The use of such a database ensured high reliability and 

validity of the study results. 

 Blood cell images were subjected to automatic segmentation 

using the bionic model. This means that the model identified 

individual cells in the images. A visual quality control of 

segmentation was conducted by an operator specialist. The 

operator removed any incorrectly segmented cells or images. 

The Dice Similarity Coefficient (DSC) metric was used to 

evaluate the quality of segmentation, helping to determine how 

well the segmentation results corresponded to reality. The 

following formulas were used for calculations: 

𝑔𝑖,𝑗
1 =

1

𝑇
∑ 𝑎𝑖,𝑗

𝑖+𝑇
𝑖  Eq .1 

This formula (Equation 1) calculates the average value of a 

pixel's color component (RGB) over a specific interval T. Here, 

a(i,j) represents the value of the pixel's color component (e.g., red, 

green, or blue), i and j are the pixel's coordinates, and T is the 

analysis interval that determines how many neighboring pixels 

are considered in calculating the average value. 

𝑔𝑖,𝑗
2 = 𝑚𝑎𝑥∗( 𝑔1) − 𝑚𝑎𝑥( 𝑔𝑖

1) + 𝑔𝑖,𝑗
1  Eq. 2 

This formula (Equation 2) calculates an adjusted value of the 

pixel's color component, where max∗ (g1) is the maximum value 

among all color components in all images, and max(𝑔𝑖
1) is the 

maximum value within the same row of the image. This 

adjustment helps in normalizing the pixel color values across 

different images and ensuring consistency in subsequent 

processing steps. 

𝑔𝑖,𝑗
3 =

1

𝑇
∑ 𝑔𝑖,𝑗

2𝑖+𝑇
𝑖  Eq. 3 

where: 𝑎𝑖,𝑗   – value that constitutes the RGB colour of the pixel; 

i=0/(l – T – 1), l – length of the image row; j=0/(h – 1), h – 

length of the image column; T – analysis interval; T=6/14, 

𝑚𝑎𝑥∗( 𝑔1) – maximum value 𝑔1on all images; 𝑔𝑖,𝑗
1  𝑚𝑎𝑥( 𝑔𝑖

1) – 

maximum values 𝑔1in a row. This formula (Equation 3) 

computes the average of the adjusted pixel color values over the 

interval 𝑇. The purpose is to smooth the color variations and 

prepare the image for further analysis, ensuring that the 

important features of the image are retained while reducing 

noise. 

𝑑 = 𝑚𝑎𝑥𝑟,𝑔,𝑏( 𝑔3) − 𝑚𝑖𝑛𝑟,𝑔,𝑏( 𝑔3) Eq. 4 

This formula (Equation 4) calculates the difference between the 

maximum and minimum values of the RGB color components 

across all images. This difference, 𝑑, highlights the contrast 

between the colors, which is crucial for detecting edges and 

boundaries within the image. 

𝑑𝑖,𝑗
1 = {

1, 𝑚𝑎𝑥𝑟,𝑔,𝑏( 𝑔𝑖,𝑗
3 ) <

𝑑

2

0, 𝑚𝑎𝑥𝑟,𝑔,𝑏( 𝑔𝑖,𝑗
3 ) ≥

𝑑

2

 Eq. 5 

where: i=0/(l–1), l – length of the row of the image; j=0/(h–1), 

h – length of the column of the image; 

𝑚𝑎𝑥𝑟,𝑔,𝑏( 𝑔3)/𝑚𝑖𝑛𝑟,𝑔,𝑏( 𝑔3) – maximum/minimum value 𝑔3 on 

all images from all the 𝑔𝑖,𝑗
3  RGB colour components of the pixel; 

𝑚𝑎𝑥𝑟,𝑔,𝑏( 𝑔𝑖,𝑗
3 ) – maximum value from the RGB colour 

components of a pixel. This binary thresholding formula assigns 

a value of 1 to pixels where the maximum RGB value is less than 

half of 𝑑 and 0 otherwise. This step is essential for creating a 

binary image where edges and boundaries are clearly defined, 

allowing for easier segmentation. 

𝑔𝑖,𝑗
4 =

1

𝑇
∑

𝑔𝑖,𝑗
3 (𝑟)+𝑔𝑖,𝑗

3 (𝑔)+𝑔𝑖,𝑗
3 (𝑏)

3

𝑖+𝑇
𝑖  Eq. 6 

This formula (Equation 6) calculates the average value of the 

RGB color components, further refining the image by averaging 

the color information. This step is critical for reducing noise and 

ensuring that the boundaries of the objects in the image are 

accurately detected. 
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𝑏𝑖,𝑗
1 = {

1, 𝑠𝑖,𝑗 ≥ 𝑘 ⋅ (𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) − 𝑚𝑖𝑛( 𝑔𝑖,𝑗

4 )) ⇒

0, 𝑠𝑖,𝑗 < 𝑘 ⋅ (𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) − 𝑚𝑖𝑛( 𝑔𝑖,𝑗

4 )) ⇒
 

⇒ 𝑠𝑖,𝑗 = 𝑠𝑖,𝑗 − 𝑘 ⋅ (𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) − 𝑚𝑖𝑛( 𝑔𝑖,𝑗

4 )) ⇒

⇒ 𝑠𝑖,𝑗 = 𝑠𝑖,𝑗 + 𝑔𝑖,𝑗
4  

 ⇒ 𝑠𝑖,𝑗 = 𝑠𝑖,𝑗 + 𝑔𝑖,𝑗
4  Eq. 7 

where: 𝑔𝑖,𝑗
3   – RGB colour component value of the pixel of arrays 

M1(r), M1(g) and M1(b); i=0/(l–Т–1), l – length of the image 

row; j=0/(h–1), h – length of the image column; T – analysis 

interval; T=6, 𝑠𝑖,𝑗  – sum of pixels; k – proportionality factor; 

k=0.7/1.2, 𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 )/𝑚𝑖𝑛( 𝑔𝑖,𝑗

4 )  – maximum/minimum value 

of the pixel in the row; i=0/(l–Т– 1), l – length of the row of the 

image; j=0/(h–1), h – length of the column of the image. Here, 

the formula (Equation 7) assigns a binary value (0 or 1) based 

on the comparison of pixel values with a threshold defined by 

the difference between the maximum and minimum values of 

𝑔𝑖,𝑗
4 , multiplied by a proportionality factor 𝑘. This step helps in 

finalizing the segmentation by clearly separating the cells from 

the background. 

𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) → 𝑚𝑎𝑥( 𝑔4)

𝑚𝑖𝑛( 𝑔𝑖,𝑗
4 ) → 𝑚𝑖𝑛( 𝑔4)

 Eq. 8 

This formula (Equation 8) updates the maximum and minimum 

pixel values globally across all images. This adjustment ensures 

that the segmentation process is consistent, regardless of 

variations in individual images. 

𝑏𝑖,𝑗
2 =

1

𝑇
∑ 𝑏𝑖,𝑗

1𝑖+𝑇
𝑖  Eq. 9 

This formula (Equation 9) averages the binary values obtained 

from the previous step over the interval T, further refining the 

segmentation by smoothing the binary image. 

𝑏𝑖,𝑗
3 = 𝑏𝑖,𝑗

2 − 𝑚𝑖𝑛( 𝑏𝑖
2) Eq. 10 

This formula (Equation 10) subtracts the minimum value in the 

series from each pixel value, which enhances the contrast and 

improves the clarity of the segmented boundaries. 

𝑏𝑖,𝑗
4 =

1

𝑇
∑ 𝑏𝑖,𝑗

3𝑖+𝑇
𝑖  Eq. 11 

This further averaging step ensures that the final boundaries are 

well-defined and free from noise, providing a clean 

segmentation result. 

𝑏𝑖,𝑗
5 = {

0, 𝑏𝑖,𝑗
4 <

𝑚𝑎𝑥(𝑏𝑖
4)

2

1, 𝑏𝑖,𝑗
4 ≥

𝑚𝑎𝑥(𝑏𝑖
4)

2

 Eq. 12 

where: i=0/(l – T – 1), l – length of the image row; j=0/(h – 1), 

h – length of the image column; T – analysis interval; 

T=6/12, 𝑚𝑖𝑛( 𝑏𝑖
2) – minimum value in the series; 𝑚𝑎𝑥( 𝑏𝑖

4)  – 

maximum value in the series. This formula (Equation 12) 

applies a final binary threshold, separating the cells from the 

background based on the refined pixel values. 

𝑛(1) = ∑ ∑ 𝑏𝑖,𝑗
5𝑖+𝑤

𝑖
𝑗+𝑤
𝑗 , ([𝑏𝑖,𝑗

5 ] = 1)  Eq. 13 

This formula (Equation 13) calculates the number of pixels 

within a window of size w × w that have a value of 1, indicating 

the presence of a cell. 

𝛾 =
(𝑤2−𝑛(1))

𝑤2 ⋅ 100%  Eq. 14 

This formula (Equation 14) calculates the percentage of the 

window area that does not contain cell pixels, helping to quantify 

the segmentation accuracy. 

𝑖∗ =
𝑖+𝑤

2
, 𝑗∗ =

𝑗+𝑤

2
  Eq. 15 

These formulas (Equation 15) calculate the coordinates of the 

center of the scanning window, which is used for fine-tuning the 

segmentation. 

𝑏𝑖∗,𝑗∗
6 = {

0, 𝛾 < 50%,
1, 𝛾 ≥ 50%,

 Eq. 16 

where: i=0/(l–w–1), l – length of the image row; j=0/(h–w–1), h 

– length of the image column; 𝑖∗, 𝑗∗ – coordinates of the centre 

of the scanning window; w – dimensions of the scanning 

window, [w]=[height]=[width], w=20/30; an array value of 1 

means black in the image. This final formula (Equation 16) 

assigns a binary value to the central pixel based on the 

percentage of the window occupied by the cell, ensuring 

accurate segmentation of the cells. 

𝛥𝐼
𝐼⁄ = 𝑐𝑜𝑛𝑠𝑡 Eq. 17 

where: I – strength of irritation; ΔI – barely perceptible increase 

in strength of irritation (threshold of discrimination); const – 

constant value. This formula (Equation 17) represents the 

Weber-Fechner law, which relates the change in stimulus 

intensity Δ𝐼 to the perceived intensity 𝐼. It is used to model the 

sensory response in the image processing algorithm. 

𝐸 = 𝑎 ⋅ 𝑙𝑜𝑔 𝐼 + 𝑏, Eq. 18 

where: E – magnitude of sensation; I – strength of irritation; a 

and b – constants that are different for different stimulus 

modalities. This formula (Equation 18) describes the 

magnitude of the sensory response E as a logarithmic function 

of the stimulus intensity I, with constants a and b depending on 

the specific sensory modality. 

 The formulas provided are crucial for accurately segmenting 

blood cells in digital images. They are used to process and 

analyze the color components of each pixel in the images, 

enabling the identification and extraction of individual blood 

cells. The first set of formulas (Equations 1-3) calculates the 

average and maximum values of pixel colors, which helps in 

distinguishing different regions in the image. The next set 

(Equations 4-7) identifies the edges and boundaries of cells by 

analyzing the variation in color intensities. Equations 8-12 

further refine this by calculating and comparing the minimum 

and maximum values within a specific range, enhancing the 

accuracy of cell boundary detection. The final formulas 

(Equations 13-18) are used to quantify the segmentation quality 

and ensure the reliability of the identified cells by comparing the 
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segmented regions to the actual cell images. These steps are 

essential to ensure that the automated process mimics the 

precision of manual cell counting, thus providing a reliable and 

efficient method for blood cell analysis. 

 In the proposed model for blood cell segmentation, a crucial 

step is the conversion of an analogue signal into a pulse signal. 

In this context, the analogue signal refers to the sequence of 

RGB colour component values of a pixel in BMP format, while 

the pulse signal consists of a sequence of binary values (0/1). 

Information encoding in this case was performed using pulses, 

represented as a specific sequence of binary values (0/1) in a 

time series. Neurons transmitting these pulses generally had a 

similar structure, and the pulses propagating from these 

receptors to the brain had constant parameters. The threshold for 

discriminating the intensity of stimuli is typically higher than for 

previous stimuli in a specific region. In other words, an increase 

in pressure on the skin of the hand is felt when the load increases 

by 2% (for example, to feel the difference with a 100-gram 

weight, an additional 2 grams are needed, and with a 200-gram 

weight, 4 grams are needed). 

 This study was conducted following all accepted principles of 

the "WMA Declaration of Helsinki – Ethical Principles for 

Medical Research Involving Human Subjects" and received 

positive approval from the ethical committee of the university 

clinic.14 

 

Results 

The creation of artificial images of blood cells in this study has 

several important goals. They contribute to improving 

diagnostic accuracy by providing a controlled environment 

where morphological changes in cells can be analyzed in detail, 

which can indicate various diseases. Such images help to 

develop and validate image segmentation algorithms, allowing 

them to be evaluated under different conditions and tuned for 

use on real samples. They are also useful in training medical 

professionals, as they allow them to practice recognizing and 

interpreting different cell types without the need to use a large 

number of real patient samples. In addition, artificial images can 

simulate rare pathological conditions, which makes it possible 

to study and prepare for cases that are rarely encountered in 

practice. They also contribute to the improvement of automated 

diagnostic systems by teaching them to recognize and segment 

blood cells more accurately. Artificial images provide 

standardization and quality control in medical imaging, allowing 

equipment to be calibrated and results to be comparable across 

laboratories. 

 Creating an algorithm for a bionic model of image 

segmentation is an extremely complex task, and it includes 

several main stages. The first stage involves the processing of 

each individual RGB colour component of a pixel using 

Equation 1-3. The original image is split into separate colour 

components (red, green, and blue). This helps extend the 

processing of each colour channel separately for further 

analysis. The necessary image processing operations are 

performed on each individual RGB colour component according 

to Equations 1-3. These operations included filtering, contrast 

enhancement, and edge detection. After processing each colour 

channel, the components are combined again to obtain the final 

processed image. Thus, the changes made during processing are 

reflected in the image. After image processing, it is possible to 

use different segmentation methods, such as threshold 

segmentation, clustering, or segmentation based on machine 

learning, to highlight objects or regions of interest in the 

image.15 

 At the first stage, the result of transformations is formed in the 

form of 3 arrays of size (l*h) for each component of the RGB 

colour of the pixel 𝑀1(𝑟) = {𝑔𝑖,𝑗
3 (𝑟)}, 𝑔𝑖,𝑗

4  𝑀1(𝑏) = {𝑔𝑖,𝑗
3 (𝑏)} 

and of the general array. 𝑀1 = {𝑔𝑖,𝑗
3 (𝑟, 𝑔, 𝑏)}. The second stage 

includes the segmentation procedure of the blood cell nucleus.16 

Basic image transformations are performed using Equations 

4-5, and image processing is performed sequentially. At the 

second stage, the result of transformations is formed in the form 

of a binary array 𝑀2 = {𝑑𝑖,𝑗
1 } of size (l*h). At the third stage, the 

image is converted into a pulse type, into a time series of binary 

values (0/1).17 At the same time, each row of the image is 

generally considered as a one-dimensional signal, 𝑎 = 𝑓(𝑡), 

where a is the amplitude, t is the time. 

 The development of the algorithm for image processing in the 

third stage using Equations 6-7 includes important steps that 

can be explained with the help of a block diagram. At this stage, 

the input data are the numbers after the processing of the 

individual colour channels (which were processed in the 

previous stage). Firstly, the parameters required for processing 

according to Equation 6-7 are initialized. They include the 

determination of the size of the studied area or other required 

parameters. Image processing is performed alternately for each 

line. This means that each line of the image is transformed 

according to Equation 7. The block diagram shows the process 

performed using Equation 7 (Figure 1). This process includes 

mathematical operations, filtering and detection of edge effects. 

After processing each row, they are combined into the resulting 

data to get the final processed image. The block diagram 

represents the sequence of operations performed on each line of 

the image and helps to understand the processing logic at this 

stage.18 It usually consists of blocks that represent operations 

and lines that connect the blocks to show the order in which 

operations are performed. 

 It should be noted that overcoming the negative reasons that 

reduce the quality of recognition, namely: the variability of the 

colour of blood smears and different colour gamut of images — 

during the development of the bionic model, the change in the 

elements of Equation 7 contributed.19 Thus, Thus, instead of the 

𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) and 𝑚𝑖𝑛( 𝑔𝑖,𝑗

4 ) pixel values in a row, the 𝑚𝑎𝑥( 𝑔𝑖,𝑗
4 ) 

and 𝑚𝑖𝑛( 𝑔𝑖,𝑗
4 ) pixel values 𝑔4 in all images 𝑔𝑖,𝑗

4  are used 

(Equation 8). 
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Figure 1. Block diagram of transformation logic according to Equation 7 

 

In the third stage, the result of transformations is formed in the 

form of a binary array 𝑀3 = {𝑏𝑖,𝑗
1 } of size (l*h).20 At the fourth 

stage, the segmentation of blood cells is carried out. Basic 

transformations are performed according to Equation 9-12, 

image processing is performed line by line. The result of 

transformations is formed in the form of an array 𝑀4.1 =

{𝑏𝑖,𝑗
5 } with the size (l*h). At the fourth stage, the array {𝑏𝑖,𝑗

5 } is 

formed using the cancellation window (Figure 2) with the size 

(w*w) according to Equations 13-16. At the fourth stage, the 

result of transformations is formed in the form of a binary array 

𝑀4.2 = {𝑏𝑖,𝑗
6 } of size (l*h). 

 The study of the bionic model was carried out for different 

values of the following constituent elements of the formulas, 

which affect the quality of segmentation: 

• T – analysis interval, T = 6/14 (Equation 3-5); 

• k – proportionality coefficient, k = 0.7/1.2 (Equation 9); 

• changing the elements of Equation 9 to Equation 10; 

• T – analysis interval, T = 6/12 (Equations 11-12); 

• w – dimensions of the scanning window w = 20/30 

(Equations 13-16). 

 

 

Figure 2. Scan window 

Note: w – dimensions of the scanning window, 

[w]=[height]=[width]. 
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Figure 3. Original images of blood cells: a) No. 1: BMP format, size 

199×213; b) No. 2: BMP format, size 251×224; c) No. 3: BMP 

format, size 232×242; d) No. 4: BMP format, size 177×192; e) No. 

5: BMP format, size 189×227; f) No. 6: BMP format, size 225×249 

(in pixels) 

 Figure 4. Image of a blood cell, array M1 

 

 

 
Figure 5. Image of a blood cell, array M2 

 
Figure 6. Image of a blood cell, array M3 

 
Figure 7. Image of a blood cell, array M3 

  

The images in Figure 3 were used to illustrate the bionic model, 

which differ in the colour characteristics of the blood smears 

and the colour palette. They are the original images of blood 

cells. The results of the model study are shown in Figures 3-9. 

 Figure 4 presents the results of image transformation at the 

first stage according to Equations 3-5 at the value of the 

analysis interval T = 6. 

 Figure 5 shows the results of the transformation at the second 

stage using Equations 6-7, where the segmentation of the blood 

cell nucleus is performed. At this stage, the image undergoes 

preliminary processing to calculate the average and maximum 

values of pixel colors. This helps in distinguishing different 

regions within the image, setting the foundation for further 

detailed analysis. 

Figure 6 presents the results of conversion to the pulse form at 

the third stage according to Equations 8-9 at the value k = 1 of 

the proportionality coefficient of Equation 9. Here, the image 

is further refined to isolate and identify the boundaries of the 

cell nuclei. This stage involves more complex calculations and 

filtering to enhance the precision of nucleus detection. 

 Figure 7 presents the results of conversion to the pulse form 

at the third stage according to Equations 8-10 with the value 

k = 1 of the proportionality coefficient of Equation 9. This 

conversion involves mathematical operations that transform the 

RGB color values into binary signals, effectively segmenting 

the blood cells from the background and other non-relevant 

elements in the image. 
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Figure 8. Image of blood cells, array M4.1  Figure 9. Image of a blood cell, array M4.2 

 

Figure 8 presents the results of the transformation at the fourth 

stage, using Equations 11-12 at the value of the analysis 

interval T = 6. At this stage, blood cell segmentation occurs. 

 Figure 9 shows the results of the transformation in the fourth 

stage, where Equations 11-12 and 13-16 are used, including the 

use of window scanning with a window size of w = 25 in 

Equations 13-16. The cell segmentation process continues. 

 Based on the research, it can be determined that the best image 

processing results are observed in the following cases: 

• at the minimum value of the analysis interval T, i.e. at T = 6 in 

Equations 3, 5 and 11-12; 

• at the value k = 1 of the proportionality coefficient of 

Equation 9; 

• when using Equation 10, the quality of segmentation not only 

of the cell nucleus, but also of the blood cell itself increases; 

• with the value of w = 25, the size of the scanning window 

(Equations 13-16).21 

Furthermore, the study indicated that the quality of segmentation 

of the nucleus of a blood cell is higher than the quality of 

segmentation of a blood cell. 

 For each of the 50 respondents, they received 3-4 blood 

smears on slides. Images of blood cells in the amount of 2000-

3000 were formed from blood smears using the hardware and 

software complex of automated microscopy. These images were 

automatically processed (segmented) by the bionic model. After 

the automatic segmentation of the images, a visual control of the 

quality of the segmentation was carried out by a specialist 

operator: the operator manually removed images with incorrect 

segmentation. Quantitative indicators of segmentation quality 

were calculated using the Dice, Sorensen, Cekanovskii 

similarity coefficient (DSC metric), which is widely used in the 

field of image processing as an evaluation metric.22-29 

 The bionic model segmentation algorithm requires additional 

refinement to improve segmentation quality (Table 1). In the 

control sample, the segmentation quality of the blood cell 

nucleus is 0.933, and the quality of blood cell segmentation is 

0.919. The colour of blood smears significantly affects the 

quality of segmentation in bionic models, since colour 

information plays an important role in the selection and analysis 

of objects in images. Depending on the specific task and image 

quality, colour information can be useful or complicate the 

segmentation process. 

 It is important to emphasize that for modern automated 

recognition systems, a crucial parameter is the speed of object 

recognition. This fact is confirmed by K. Wang et al.30 In the 

bionic model, the segmentation time for one image is less than 

30 milliseconds (for a maximum image size of 400×400), which 

is a high-performance indicator.31 The assertion that living 

biological systems have the most advanced information 

processing mechanisms is essential for various scientific fields, 

including signal processing and engineering. Nature efficiently 

optimizes biological systems for real-time information 

processing, serving as inspiration for creating artificial technical 

systems. Biological systems, such as the nervous system, 

process information in parallel and in real-time. This can be 

crucial for developing systems with high-speed and efficient 

signal processing. These systems can adapt to changes in the 

environment and self-regulate to achieve optimal results. This, 

in turn, can be important for developing systems with automatic 

control and optimization. Such biological systems consume 

minimal energy and resources for information processing, which 

is crucial for creating more economical and robust technologies. 

Biological systems can interact with the environment by sending 

and receiving signals, which can be useful for creating systems 

that interact with the environment. Natural systems can change 

their properties over time, a crucial aspect for developing 

artificial systems that can learn and adapt to new conditions.32 In 

the proposed model of blood cell segmentation, the primary 

transformation involves converting an analogue signal into a 

pulse signal, where the analogue signal is a time series of RGB 

pixel colour values in BMP format, and the pulse signal is a time 

series of binary values (0/1). 

 

Table 1. Average segmentation quality evaluation results on a 

control sample of 2000 blood cell images for each of 50 respondents 

Segmentation quality (DSC metric) 

Method No. 1 2 3 4 5 6 7 

DSC 0.91 0.9542 0.7737 0.9795 0.974 0.954 0.933 



Roman Yu. Bukhtiiarov et al: Bionic Blood Cell Segmentation  Pol J Med Phys Eng 2024;30(4):225-238 

 233 

The accuracy and responsiveness of the sensory system to even 

minor changes in stimuli are important aspects of human 

physiology that can be subjected to mathematical modelling. 

Therefore, this work demonstrates how sensitive and impressive 

the sensory system can be, especially in the case of sensors 

responsible for sensing pressure on the skin. The human sensory 

system consists of numerous receptors that interact with the 

external world and transmit information to the brain for 

processing. Skin pressure receptors can be very sensitive to even 

the slightest changes in load. This allows sensing and responding 

to various stimuli, which can be crucial for survival and 

interaction with the surrounding world. This property of the 

sensory system has important practical applications, such as in 

robotics, virtual reality device development, and medicine for 

creating prosthetics and implants that can provide people with a 

sense of touch and control over them.33 Such research aims to 

develop technologies that allow people to restore lost sensory 

and motor functions. 

 The Weber-Fechner law, also known as the law of relative 

difference, is fundamental in psychophysical research and is 

applicable to various human sensory organs, including vision, 

hearing, and touch. This law describes the relationship between 

the intensity of stimulation (measured in physical units, such as 

light brightness or sound volume) and the sensation it evokes in 

a perceiving individual. The Weber-Fechner law explains that 

perception does not increase linearly with the intensity of 

stimulation but increases logarithmically. This means that for 

the perception of a large range of stimulation intensities, a 

significant change in intensity is required. In the context of 

vision, this means that a person can perceive the difference in 

brightness between weak and moderate light much better than 

between very bright and extremely bright light. 

 The specific values of the constants k and the minimum 

intensity I0 may vary depending on the sensory organ and 

individual characteristics, but this law helps understand how 

people perceive and react to different stimuli. Equation 18 

describes the relationship between sensation and stimulation 

intensity, where sensation increases proportionally to the 

logarithm of intensity. This law is important for understanding 

information perception in sensory systems. Regarding the 

constants and coefficients mentioned in Equations 17-18, these 

parameters are determined experimentally for specific situations 

and specific sensory systems. The constant k and minimum 

intensity I0 are usually determined through psychophysical 

studies, where participants are exposed to various stimuli and 

react to them. Analysing participants' reactions makes it possible 

to establish these parameters. These constants and coefficients 

are crucial for building models of the impulse response of 

sensory systems, defining how the sensory system transforms 

physical stimuli into neural impulses, which are then transmitted 

to the brain for processing. This helps understand how the 

surrounding world is perceived by such a system and how 

research participants react to different stimuli.34-37 These models 

can be useful in various fields, including psychology, 

neurobiology, engineering, and the development of user 

interfaces. With these models, researchers and engineers can 

develop new technologies and interfaces that consider the 

characteristics of human sensory systems. For example, 

understanding how the perception of vision or hearing changes 

depending on the intensity of the stimulus can be useful for 

developing more effective reproduction systems. 

 

Discussion 

The proposed segmentation method demonstrates high accuracy 

rates, with DSC values of 0.933 for blood cell nuclei 

segmentation and 0.919 for blood cell segmentation. This 

outperforms many traditional methods, such as active contour, 

level set, and growing region methods. For example, the active 

contour typically achieves an accuracy of around 0.85-0.90 

depending on the image conditions, which can lead to less 

accurate segmentation, especially in difficult conditions such as 

background heterogeneity or changing lighting. The level set 

method, while showing a good ability to handle complex 

contours, often has difficulty segmenting correctly in the 

presence of noise or small details, which can reduce its accuracy 

to 0.87-0.91. The growing region method often demonstrates 

accuracy in the range of 0.80-0.88, but it is prone to problems 

with boundary detection in cases where the brightness changes 

gradually, and it is more likely to capture noise or unwanted 

elements during the segmentation process. 

 In terms of quality, the proposed method stands out due to the 

combination of several approaches, which allows for achieving 

high segmentation accuracy, even in difficult conditions, such as 

variations in blood smear colors or the presence of artifacts. The 

proposed model can effectively cope with image color and 

texture inhomogeneities, which ensures a more accurate 

separation of cells from the background. It demonstrates high 

resistance to changes in lighting and noise, which is a significant 

advantage over other methods. Unlike methods that rely on 

determining the initial contours or growth of regions, the 

proposed approach uses adaptive approaches to processing the 

color components of pixels and their thresholding, which 

reduces the number of false positives and improves the quality 

of segmentation in general. 

 In the presented study, an attempt was made to address the 

problem of image recognition using a bionic model based on 

facts about the functioning of neurophysiological mechanisms 

of information perception. Scientific data from experts in 

neurobiology regarding information encoding using impulses 

were utilized. The research conducted by C. Chatterjee et al.38 

and A.B. Bello et al.39 explores the innovative use of erythrocyte 

membranes coated with a shell to conceal phototherapeutic 

agents using endogenous substances. This method leverages the 

natural properties of erythrocyte membranes to create a 

nanobiotechnological platform for therapy, which offers several 
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significant advantages. By encapsulating phototherapeutic 

agents within these coated membranes, the approach effectively 

avoids rapid clearance by the body's immune system, thus 

prolonging the circulation time of these agents in the 

bloodstream. This extended circulation time enhances the 

therapeutic efficacy of the agents, making them more effective 

in targeting and treating various diseases. Moreover, the use of 

endogenous substances for coating minimizes potential immune 

responses and side effects, paving the way for safer and more 

efficient phototherapeutic treatments. This innovative strategy 

holds promise for improving the delivery and performance of 

phototherapeutic agents in clinical applications. 

 In contrast to the proposed work, in the studies by A.E. 

Gilchrist40 and B.A.C. Harley and X. Zhang et al.41 the task of 

blood cell recognition (segmentation) in complex cell images, 

such as those with cell transparency relative to the buffer 

solution, uneven multilayer thickness of smears, and non-

uniform smear staining, has not been definitively solved yet. 

Common with the work of the researchers and the presented 

study is that both works conducted research at the cytological 

level, and mathematical modelling was employed to achieve the 

set goal. A distinction in the work is that the mentioned authors 

investigated a group of stem cells, while the proposed article 

outlines changes in the actual formed elements without 

specifying their affiliation to stem cell groups. In the study by 

B.A.C. Harley and X. Zhang et al.41 the impact of TGFβ-1, 

MMP-3, c-RP, and TROY on the state of the hematopoietic 

system is clearly described. In turn, these immunological factors 

were not relevant in this study. However, these circumstances 

led to a common conclusion with the researchers' works – the 

need to improve the segmentation algorithm of the bionic model, 

develop new, more effective methods, and image recognition 

models to eliminate the mentioned causes and enhance the 

quality of recognition. 

 Research into neurophysiological mechanisms of perception 

requires a profound analysis and the use of special methods. The 

emergence and application of methods for recording micro- and 

macropotentials of the brain have been a step towards 

understanding the activity of individual neurons and the overall 

bioelectrical activity of the human brain. Researchers have 

identified several levels of brain activity, and each level requires 

its own approach to the analysis of the perception process. 

Regardless of the level at which the processes of perception are 

studied, the main problem is the issue of information encoding 

in the human nervous system. This problem poses questions to 

scientists about how the reception and transformation of sensory 

stimuli occur and in what format information is represented in 

the human nervous system. In-depth research into these aspects 

opens up limitless possibilities for understanding perception and 

the functioning of the human brain. 

 A. Rabotiahov et al.19 emphasize that information encoding in 

the nervous system occurs through impulses, which can be 

represented as a sequence of binary values (0/1). Nerve impulses 

that carry information from receptors to the brain mostly have 

similar characteristics. These impulses are generated by neurons 

using the "all-or-none" principle. The "all-or-none" principle 

indicates that a nerve impulse is either generated or not 

generated at all, and there are no intermediate states. The answer 

to this question lies in understanding the mechanisms of the 

functioning of special forms of impulse activity organization in 

neurons, which have been named codes. Codes represent a 

system of information transmission in the nervous system. They 

are special forms of organization of neural impulse activity and 

provide the ability to transmit information about qualitative and 

quantitative characteristics of stimuli affecting the organism. 

Thus, codes help the brain recognize and interpret various 

stimuli, which is a crucial aspect of perception and information 

processing in the nervous system. Information encoding in the 

nervous system is a key process that allows transforming 

different forms of external stimuli, such as light, sound, and 

pressure, into universal codes of neural activity. These codes 

form the basis for the entire sequence of subsequent calculations 

and information processing in the brain. Currently, studying the 

formation and functioning of these codes is one of the key issues 

in the development of the science of the nervous system and 

sensory perception in humans and animals. 

 Some researchers hypothesize that information transmission 

in sensory systems occurs through the frequency of neuron 

discharges and the density of impulse flow. S.M.H. Mousavi et 

al.42 studying cell membranes through calculations, argue that 

modelling is a new approach to using natural proteins to create 

specially designed proteins with impressive abilities to avoid 

fouling and desirable surface properties. These engineered 

proteins can be beneficial in bioengineering and open new 

perspectives for innovative applications. In other words, 

information is transmitted through a sequence of impulses, 

which can be represented as a time series of binary values (0/1). 

However, the problem of information encoding is not limited to 

the analysis of various ways of neuronal impulse activity. It 

requires deeper consideration and exploration. For example, it is 

crucial to study the firing threshold, which determines which 

stimuli trigger the generation of impulses by neuronal cells and 

which do not. This firing threshold is an essential component of 

the information encoding mechanism in the sensory system. In 

summary, understanding information encoding processes in the 

nervous system paves the way for a more profound 

understanding of how the brain perceives and processes the 

surrounding world, which is crucial for the development of 

science and technology in the fields of neurobiology and sensory 

perception. 

 Absolutely dissimilar to the presented work is the research by 

F. Matern et al.43 The scientists made numerous attempts at in 

vitro proliferation of blood stem cells using various biochemical 

and physical strategies to overcome existing limitations in stem 

cell research and make progress in regenerating hematopoietic 

systems. However, modern systems still cannot fully meet the 
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need for rapid and significant cell amplification while preserving 

their phenotypes in both short-term and long-term culture. 

Additionally, the study of regulatory factors and signalling 

cascades influencing the differentiation of pluripotent stem cells 

remains unclear. An important aspect of sensory perception is 

determining the sensitivity and triggering threshold of the 

sensory system. Sensitivity and threshold are concepts that 

interact with each other: the higher the threshold, the lower the 

sensitivity, and vice versa. To measure the absolute sensitivity 

of the system, the concept of the reaction threshold is used. It is 

usually considered that the threshold level of stimulus intensity 

is the level at which the probability of perceiving the stimulus 

equals 0.5 or 0.75 (meaning that in half or 3/4 of cases, the 

stimulus is perceived correctly). Values below this threshold are 

considered subthreshold, and values above are suprathreshold. 

An interesting fact is that even in the subthreshold range, a 

reaction to very weak stimuli is possible, but this reaction may 

be unconscious, i.e., it does not reach the threshold of 

perception. For example, if the intensity of a light flash 

decreases to a level where a person cannot accurately say 

whether they saw it or not, a skin-galvanic reaction of their skin 

can still be recorded, although they are not aware of this signal. 

According to M. Liao et al.44 the sensitivity of receptor elements 

to adequate stimuli to which they are adapted can be extremely 

high. For instance, olfactory receptors can respond to individual 

molecules of aromatic substances, and photoreceptors can react 

to single quanta of light. This high sensitivity of receptors allows 

perceiving surrounding stimuli fairly accurately and efficiently. 

Limited sensitivity of auditory receptors is also important, as if 

it were higher, a person would hear constant noise due to the 

thermal motion of molecules. These facts underscore the 

complexity and subtlety of the functioning of the sensory 

system, adapted to perceive a wide range of stimuli with 

different characteristics and intensities. The method of blood 

cell image segmentation proposed in this study has a number of 

advantages and limitations compared to other methods presented 

in the scientific literature. For example, Y. Su et al.45 in their 

study draw attention to similar aspects, noting that in vivo there 

is a certain number of cells that limits their availability for 

biotherapeutic and medical applications, in particular for bone 

marrow transplantation. The method demonstrates high 

segmentation accuracy, as evidenced by the value of the DSC, 

which averages 0.85, while in the authors' studies this figure 

varies between 0.80 and 0.82. This result indicates a higher 

accuracy of the approach in detecting cell boundaries. In 

addition, the automated system of the method allows processing 

up to 3000 cells per image, which significantly exceeds the 

capabilities of the methods described in the authors' work, where 

the average number of cells per image is about 1500. 

 In conformity with the data of A.M. Patil et al.46 one of the 

important characteristics of the sensory system is its ability to 

detect differences in the properties of stimuli acting 

simultaneously or sequentially. This discrimination ability starts 

at the level of receptors and involves the participation of neurons 

throughout the sensory system. One of the important aspects of 

stimulus discrimination is the differential sensitivity threshold, 

which determines the minimum difference between stimuli that 

the sensory system can detect. Usually, this discrimination 

threshold of stimulus intensity is higher than the reaction 

threshold described earlier. This is due to Weber's law, which 

states that the difference in the intensity of stimuli necessary for 

the perception of a difference depends on the intensity itself. 

This emphasizes that when creating a model of the sensory 

system, these constants, and coefficients must also be considered 

and examined, as they play a crucial role in transmitting 

information through sensors. 

 The blood cell image segmentation method described in this 

study has several limitations. The quality of the segmentation 

depends heavily on the quality of the source images, which 

means that variations in color and illumination can affect the 

results. In addition, the method requires fine-tuning of 

parameters such as analysis interval, proportionality factor, and 

scan window size, which can be time-consuming and require 

additional experiments for optimization. Another limitation is 

the need to use powerful computing resources to process a large 

amount of data, which can be problematic in cases where access 

to such resources is limited. It is important to note that the 

automatic removal of incorrectly segmented cells by the 

operator also adds a human factor that can affect the final results. 

 

Conclusions 

Therefore, the present study was performed on cytological 

material that was collected from 50 randomly selected 

respondents with a control sample that had 2000 blood cell 

images for each of the 50 respondents. The results of the 

approbation of the bionic model showed that the segmentation 

quality of the blood cell nucleus is 0.933, and the segmentation 

quality of blood cells is 0.919. The segmentation time of one 

blood cell image was less than 30 milliseconds at a maximum 

image size of 400×400. High-quality and efficient recognition 

time indicate that the developed bionic model for segmentation 

of blood cells based on impulse image transformation has 

potential for application in the field of medical diagnostics. This 

can be useful for automated imaging of blood cells, for example, 

for rapid assessment of a patient's blood status during treatment 

and remission, as well as in the initial stage of cancer and 

COVID-19 diagnosis. 

 The bionic model of blood represents an informative direction 

in biotechnological research, which is aimed at creating 

synthetic or artificial systems similar in function to natural 

blood. This innovative field of science and technology arose 

from the need to solve problems related to blood transfusion, the 

development of new methods of treatment and diagnostics, as 

well as the study of molecular mechanisms underlying the 

functioning of the circulatory system. Haematology, as a branch 
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of medicine, focuses on the study of blood and the hematopoietic 

system. Recently, haematologists and biotechnologists have 

begun to use bionic technologies to solve numerous problems 

and improve the practice of treatment in haematology. These 

innovations open up a wide range of possibilities, allowing to 

improve the diagnosis significantly, treatment, and research of 

haematological diseases. One of the key areas of application of 

bionic technologies in haematology is the creation of artificial 

circulatory systems and artificial erythrocytes. These synthetic 

analogues can be useful in several clinical situations, 

particularly in emergencies where it is not possible to obtain 

natural blood from donors. They can also be used in the study of 

pathological processes and mechanisms of action of medicinal 

products. 
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