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	 Medical imaging and digital image analysis are essential tools in diagnosing and 
detecting various diseases. One key application is the examination of blood smears, where 
specific cell types, such as those indicative of megaloblastic anemia, can be identified. A critical 
component of this process involves analyzing and studying relevant images, as well as conducting 
experiments to evaluate the effectiveness of different methods and approaches in addressing 
this diagnostic challenge. As a result of the comparative analysis, it was found that the most 
effective method for the purpose of isolating the edge with megaloblastic anemia cells is the 
approach based on the wavelet ideology. This approach has the best indicators of assessing the 
quality of the resulting images in comparison with other edge detection methods. In some cases, 
the value of such indicators exceeds similar values for other methods by more than 2 times. In 
some cases, the indicators for images after contrasting are higher than without contrasting. This 
is also typical for other approaches to edge detection in images with megaloblastic anemia cells. 
First, this is typical for images with a uniform background and the absence of multiple peaks 
in the histogram of the input image brightness distribution. In general, the issue of contrasting 
the original image for subsequent processing in order to detect edge remains open. At the same 
time, this study provides an answer to the most effective method for edge detection for images 
with megaloblastic anemia cells, using the original images contrasting procedure.

Keywords: Blood Smear; Comparative Analysis; Health Risks; Image Processing;
Medical Image; Megaloblastic Anemia.

	 Megaloblastic anemia is one of the 
diseases types that are largely identified through 
a comprehensive blood test 1, 2. The disease is 
characterized by a low level of hemoglobin in the 

blood, which is associated with a deficiency of 
vitamin B12 and/or folic acid in the body. This 
disease is also characterized by the presence of 
enlarged red blood cells and hyper segmented 
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neutrophils, which is important for the analysis 
and diagnosis of the corresponding disease using 
separate laboratory methods.
	 Symptoms of megaloblastic anemia 
include: fatigue, shortness of breath, weakness, 
dizziness, chest pain 3, 4. As a consequence, 
megaloblastic anemia contributes to the 
development of fatigue and hair loss 5, 6. Its more 
serious manifestation is the development of heart 
failure, the possibility of oncological diseases,  7, 

8. Also Folate and vitamin B12 deficiencies have 
been linked to recurrent pregnancy loss (RPL), 
affecting a woman’s ability to carry a pregnancy to 
term9.This disease is quite common and, according 
to WHO estimates, at least 25% of the population 
is susceptible to it 10. The greatest manifestation of 
the disease is typical for preschool-age children10. 
Therefore, diagnosis and early detection of anemia 
is an important step in the process of its subsequent 
treatment.
	 Diagnosis and in particular the diagnosis 
of megaloblastic anemia are an important element 
in determining the disease phase and its treatment. 
Here you can use various analysis and diagnostic 
tools. Among these tools, due to several factors, it is 
necessary to highlight the analysis of a blood smear 
to detect enlarged red blood cells or abnormal 
neutrophils. For these purposes, digital image 
analysis methods are used, which is reflected in 
various types of research 11-15. Also, similar studies 
are used considering the megaloblastic anemia 
analysis and its study.
	 The complexity of the corresponding 
analysis lies in the presence of a transitions set 
inside the megaloblastic anemia cell, determining 
its structural features 16, 17. Therefore, one of 
the stages of such analysis is the original image 
preliminary processing methods. For example, 
H. M. Chen, Y. T. Tsao and S. C. Tsai emphasize 
the labor intensity of solving such a problem and 
talk about the need to use methods for removing 
background and noise 18. However, this is difficult 
to do without losing the quality of the processed 
image visualization. At the same time, as noted by 
Abdulhay, E. W., Allow, A. G., & Al-Jalouly, M. 
E., the problem solving requires the presence of 
related samples with high visualization resolution 
19. In real conditions, it is necessary to work with 
existing source images. Therefore, an important 
aspect of such a research procedure application is 

to consider various aspects of the corresponding 
analysis. In the work of T. K. Yýldýz, N. Yurtay and 
B. Öneç, it is directly stated that correct diagnosis 
is important from the point of view of patient 
treatment 20. This implies, first, the use of simple 
but effective procedures for various images types. 
In particular, various methods of contour detection 
can be considered here, which are based on such 
operators as: Prewitt, Roberts, Sobel, LoG, Canny 
and others. This is based on the fact that even 
special methods do not provide 100% accuracy 
in detecting and identifying megaloblastic anemia 
cells 20. An important point here is to improve the 
quality of the processed image visualization to 
make appropriate decisions. For these purposes, it 
is desirable to consider both the original images and 
the images with modified contrast. To generalize 
the processing results, various metrics for assessing 
the quality of the resulting images should be taken 
into account.
	 Therefore, considering the above, 
this study main objective is to consider some 
procedure for analyzing images with megaloblastic 
anemia cells. The purpose of such a procedure is 
to improve the processed images visualization 
quality by highlighting potential areas of interest 
where various objects may be present. Therefore, 
an important aspect is to conduct a comparative 
analysis of various approaches to edge detection 
on medical images in the study of megaloblastic 
anemia cells.

Materials and Methods

Medical image of megaloblastic anemia cells as 
a research object
	 One of the research objects in the diseases 
diagnosis and increasing medical visualization 
efficiency are images of megaloblastic anemia 
cells, which are made under a microscope. These 
studies allow to increase the diagnostic analysis 
accuracy, and to improve the visualization of 
areas of interest. It is important to consider in 
detail not only megaloblastic anemia cells, but 
also accompanying elements, objects of potential 
interest.
	 On Fig. 1 - Fig. 3 show typical digital 
images with megaloblastic anemia cells. Here it 
will be simply Example 1, Example 2 and Example 
3. Despite the apparent identity of such images, 
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a number of the corresponding images features 
should be noted.
	 First of all, we see that the cells of 
megaloblastic anemia have a pronounced color 
difference against the background of the general 
background apparent homogeneity. In particular, 
the question of the background homogeneity can 
be investigated based on contrasting methods, 
which will emphasize the existing differences in 
brightness that are invisible to the naked eye.
	 However, the background heterogeneity 
can be seen from the analysis of the brightness 
distribution histogram for each image (see Fig. 
1b, Fig. 2b, Fig. 3b). Moreover, the brightness 
distribution histogram data have several local 
maxima (this is typical for the image Example 
1 and Example 3). In general, this complicates 
the detection of megaloblastic anemia cells using 
simple methods and thus requires an appropriate 
comparative analysis. It should also be emphasized 
that the entropy parameter (more details on this 
parameter will be given below) for the considered 
types of examples is equal to: Example 1 – 6.6240; 
Example 2 – 6.4684; Example 3 – 6.6933. Thus, 
the greatest number of brightness level differences 
is typical for Example 3, and not for Example 1, as 
could be seen from the data of the corresponding 
brightness distribution histograms.
	 All of the above highlights the complexity 
and ambiguity of the solutions to the stated goal of 
this study.
Edge detection methods
	 To conduct a corresponding comparative 
study, we will consider classical approaches, and 
a method based on wavelet ideology as edge 
detection methods. The choice of such an analysis 
is based on the fact that classical approaches form 
the basis for most edge detection developments. 
At the same time, wavelet ideology has recently 
become widespread in the study of digital images.
	 The Prewitt method or Prewitt operator 
is based on calculating the maximum response 
on a set of convolution kernels to find the local 
orientation of boundary 21. The following operators 
are used for these purposes. If we have some input 
image B, then the following convolutions are 
calculated (BH – horizontal, BV – vertical), which 
are then combined into a single resulting image 
(BR) 21 :

	 ...(1)

	 ...(2)

	 ...(3)

	 The Roberts operator for edge detection 
computes the sum of the squared differences 
between diagonally adjacent pixels of the input 
image B22. This can then also be written as a 
convolution of the image using the following 
kernels (G1, G2)

22 :

	
...(4)

	 Then the resulting image is defined as:

                                          	
...(5)

	 The Sobel operator is based on convolution 
of the image with small separable integer filters in 
the vertical (Gy) and horizontal (Gx) directions 21. 
Mathematically, this is written as follows 23 :

                      	
...(6) 

	 ...(7)
	 The LoG operator is based on the 
Laplacian of Gauss. The original image is 
convolved using a Gaussian kernel 24. The main 
problem with applying this operator at a single 
scale is that the response of the operator strongly 
depends on the ratio between the size of the spot 
structures in the image region and the size of the 
Gaussian kernel used for pre-smoothing 24.
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	 The Canny operator uses a multi-stage 
algorithm to detect a wide range of edges in images 
based on the first derivative of a Gaussian 25.
	 Ideologically based edge extraction also 
involves performing convolution in the horizontal 
and vertical directions (GWH, GWV) of the original 
image with the mother wavelet (MWH, MWV)26 :

...(8)
	 Next, the individual convolution results 
are combined into the resulting image 23 :

	 ...(9)
	 Each edge detection approach has its 
own advantages and disadvantages, which are the 
most typically manifested on certain types of input 
images 27-29, which also emphasizes the feasibility 
and necessity of conducting the corresponding 
study.
Contrast as a tool for changing image quality
	 For more accurate and effective edge 
detection, many researchers first perform 
contrasting of the original image. This allows one 
to highlight subtle differences in brightness in the 
image being examined 21, 23. However, at the same 
time, this approach can lead to false detection of 
edge points. It is also important to choose the right 
contrast change method for a particular type of 
image.
	 However, this paper primarily examines 
various edge detection approaches. Therefore, 
contrasting the original image is an additional 
factor in the corresponding study. Moreover, the 
contrasting basis is the methods of changing the 
brightness distribution histogram for the original 
image.
	 A common approach to contrasting an 
input image is to transform the corresponding 
histogram so that it is close to a uniform distribution 
27, 30, 31. This is the approach that is used later to 
analyze and compare different edge detection 
approaches.
Quality ratings of processed images
	 To conduct the corresponding study, an 
important point is the choice of the processed 
images quality assessments 32, 33. When choosing 
such assessments, one should take into account the 
task being solved and the possibility of calculating 

the selected assessments.
	 In this case, the problem of comparing 
different edge detection methods is solved. 
Therefore, it is inappropriate to use reference 
quality indicators. This is due to the impossibility 
and complexity of constructing a reference edge 
detection model. At the same time, in a specific 
case of edge detection, there may be a discrepancy 
in individual edge formation coordinates. Then, a 
priori, comparing different edge detection methods 
using such assessments is impossible.
	 It is also important to consider the fact that 
visualization plays an important role in medical 
diagnostics. Therefore, the quality of visualization 
can be considered the basis for choosing the 
appropriate assessments. Among such assessments, 
attention should be paid to no-reference quality 
metrics. These are assessments such as:
	 niqe is a measure of an image naturalness 
34. The lower the niqe value, the better the 
perceptual quality.
	 brisque is a spatial quality score 35. The 
lower the brisque value, the better the perceptual 
quality.
	 piqe is an overall perceptual quality score 
without a reference image quality score 36. A lower 
score indicates better perceptual quality.
	 The entropy parameter should also be 
considered as a measure that shows the change in 
uncertainty 37. In this aspect, a higher value of the 
entropy indicator indicates the presence of more 
details in the image, which can be considered as 
one aspect of edge detection. This also allows for 
some evaluation of the contour detection quality.

Results

	 First of all, we note that the corresponding 
comparative analysis general scheme consists of 
considering various quality indicators of images 
processed by different edge detection operators 
under conditions of input image contrasting and 
without contrasting. Here, such quality indicators 
are also considered for input images different 
types (Fig. 1, Fig. 2 and Fig. 3). Then, the obtained 
indicators are compared with each other, and 
certain conclusions are made.
	 The results of the quality indicators 
calculations are summarized in Table 1 – Table 
6 for each type of presented images without their 
preliminary contrasting and with contrasting.
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Fig. 1. Image of a blood smear with megaloblastic anemia cells. Example 1. Original image (a), histogram of the 
brightness levels distribution (b)

Fig. 2. Image of a blood smear with megaloblastic anemia cells. Example 2. Original image (a), histogram of the 
brightness levels distribution (b)

Fig. 3. Image of a blood smear with megaloblastic anemia cells. Example 3. Original image (a), histogram of the 
brightness levels distribution (b)
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Table 1. Quality ratings of the processed image for 
Example 1 (without contrast)

Edge 		                Quality ratings
detection 	 niqe	 brisque	 entropy	 piqe
method

Prewitt	 14.7793	 49.5523	 1.0244	 15.6029
Roberts	 16.8688	 49.7236	 1,666	 26.6450
Sobel	 14.7367	 49.5620	 1.0266	 15.6070
LoG	 16.1030	 51.2647	 1,7284	 27.7567
Canny	 17.3403	 45.7670	 1,878	 34.3264
Wavelet	 8,8495	 47.9526	 1,3317	 11.0569

Table 2. Quality ratings of the processed image for 
Example 1 (with contrast)

Edge 	                                   Quality ratings
detection 	 niqe	 brisque	 entropy	 piqe
method

Prewitt	 16.4635	 50.8991	 1,6554	 26.6523
Roberts	 16.8688	 49.7236	 1,666	 26.6450
Sobel	 16.5339	 50.4923	 1,672	 27.1415
LoG	 16.3438	 50.4617	 2,2138	 40.6998
Canny	 17.6094	 51.0705	 2,1949	 42.9896
Wavelet	 8,7037	 49.1124	 2,1839	 13.0392

Fig. 4. Edge detection results for image Example 1 using individual operators

	 The data analysis of Table 1 and Table 
2 allows us to identify the method based on 
the wavelet ideology (Wavelet method) as the 
most effective for edge detection in images with 
megaloblastic anemia cells among all those 
considered (based on the selected group of 
indicators). For a number of individual indicators, 
contrasting the original image (Fig. 1) allows us 
to improve individual indicators. This concerns 

the niqe and entropy indicators. For most other 
edge detection methods, the quality indicators 
deteriorate after contrasting. This is explained by 
the complexity of the general background, many 
small details in the area of the megaloblastic 
anemia cell itself, which is displayed in the 
brightness distribution histogram for this image 
(Fig. 1b). However, the presented quality metrics 
generally allow one to evaluate and compare the 
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Table 3. Quality ratings of the processed image for 
Example 2 (without contrast)

Edge 		  Quality ratings
detection 	 niqe	 brisque	 entropy	 piqe
method

Prewitt	 21.4605	 53.3878	 1,4206	 22.5627
Roberts	 21.5650	 52.6917	 1,4817	 25.3519
Sobel	 21.6411	 53.4302	 1,4129	 22.6225
LoG	 23.7022	 53.7618	 1,569	 25.5712
Canny	 20.6207	 51.7153	 1,7573	 32.2018
Wavelet	 8,5086	 28.9681	 3,8376	 18.6117

Table 4. Quality ratings of the processed image for 
Example 2 (with contrast)

Edge		           Quality ratings
detection 	 niqe	 brisque	 entropy	 piqe
method

Prewitt	 21.1925	 50.1839	 1,6308	 23.4704
Roberts	 17.5236	 52.4189	 1,4227	 18.5347
Sobel	 20.5683	 49.9179	 1,6589	 24.0004
LoG	 24.8985	 43.8370	 2,8014	 53.5161
Canny	 20.3263	 43.1628	 3,2421	 78.3213
Wavelet	 8,4886	 32.9681	 4,4376	 20.1403

Fig. 5. Some results of image processing Example 2 using different edge detection operators
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Table 5. Quality ratings of the processed image for 
Example 3 (without contrast)

Edge		               Quality ratings
detection 	
method	 niqe	 brisque	 entropy	 piqe

Prewitt	 17.6717	 49.8982	 1,0646	 15.3035
Roberts	 17.8587	 49.5139	 1,0118	 15.2313
Sobel	 17.7230	 49.8893	 1,063	 15.3059
LoG	 18.6288	 53.2788	 1,5778	 25.6888
Canny	 17.2408	 45.6353	 1,9843	 37.1334
Wavelet	 5.0643	 35.0228	 4,4625	 16.4014

Table 6. Quality ratings of the processed image for 
Example 3 (with contrast)

Edge		             Quality ratings
detection 	
method	 niqe	 brisque	 entropy	 piqe

Prewitt	 18.0005	 52.9498	 1,6164	 25.5550
Roberts	 16.7611	 53.3776	 1,5161	 22.3826
Sobel	 17.9964	 52.7035	 1,6441	 26.0477
LoG	 18.2448	 51.0766	 2,3855	 44.5935
Canny	 17.4163	 40.7631	 2,7122	 57.4449
Wavelet	 5.0943	 35.4228	 4,7625	 17.4693

Fig. 6. Some examples of image processing Example 3 for edge enhancement

original image and the image after contrasting 
(here and further in the tables the best indicators 
are highlighted in bold and underlined).
	 As an example, Fig. 4 shows individual 
edge detection results for the original image 
Example 1 (Fig. 1a).

	 From the data in Fig. 4 it is evident 
that contrasting the original image as a result of 
its subsequent processing for the edge detection 
increases the visible brightness differences number. 
This affects the processed image corresponding 
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evaluation indicators. In this case, many false 
edge points appear. The exception is the Wavelet 
edge detection method. This method allows you 
to emphasize the true edges on the original image 
objects.
	 The data analysis of Table 3 and Table 
4 for the image Example 2 also confirms the 
prevalence of the Wavelet edge detection method 
compared to other approaches. In this case, overall, 
an improvement in the evaluation indicators of 
the processed image after contrasting the input 
image is visible. This is based on a more uniform 
distribution of the background point brightness and 
a smaller number of their peak values for the entire 
image.
	 The data in Fig. 5 indicate approximately 
the same results of processing the image Example 2 
using different edge detection operators. Therefore, 
here we pay attention to the entropy index, which 
allows better structure of the megaloblastic anemia 
cell identification, which can be assessed without 
contrast (Table 3).
	 The data analysis of Table 5 and Table 
6 (for image – Example 3) also indicates a more 
efficient use of the Wavelet method for edge 
detection in an image.
	 On Fig. 6 shows some examples of image 
processing Example 3 for edge detection.
	 Thus, the obtained results allow us to 
evaluate various edge detection methods for 
images with megaloblastic anemia cells, taking 
into account the original image processing without 
preliminary changes in its contrast and contrasting.

Discussion

	 Digital image analysis has become an 
essential tool in modern hematology, enhancing the 
precision and efficiency of laboratory diagnostics38. 
Numerous studies focus on analyzing blood 
components, such as red blood cells (RBCs) and 
white blood cells (WBCs), using medical digital 
imaging techniques. Among these studies, images 
with megaloblastic anemia cells occupy a special 
place.
	 The work by K. T. Navya, K. Prasad and 
B. M. K. Singh provides an overview of blood 
smear image analysis for detecting anemia 39. First 
of all, the authors emphasize the importance of 

conducting relevant studies and in particular the 
anemia diagnosis using peripheral blood smear 
analysis. At the same time, attention is drawn to 
this process automation, which involves the use 
of simple and adequate approaches. For these 
purposes, the authors consider various methods 
and the possibility of their use for a certain type 
of digital images. In this aspect, this correlates 
with the ideas that are considered in our work. At 
the same time, an important point of such analysis 
is the input data segmentation, which is also 
emphasized in our study.
	 In the work of K. T. Navya, K. Prasad 
and B. M. K. Singh it is emphasized that such 
edge detection operators as Canny, LOG and Sobel 
allow to achieve up to 85% accuracy in identifying 
blood components 39. These figures cannot be 
unambiguously compared with our results, since 
we operate with quality metrics. At the same time, 
the data analysis of Table 1 – Table 6 also allows 
to distinguish the Canny, LOG and Sobel operators 
in comparison with the Wavelet operator for edge 
detection. In this regard, our study correlates with 
the conclusions of the work 39, where edge detection 
using wavelets was not considered.
	 B. Ballarò, A. M. Florena, V. Franco, 
D. Tegolo, C. Tripodo and C. Valenti consider 
some issues of images with megakaryocyte cells 
automated analysis40. For these purposes, first of 
all, the input image is segmented. The authors note 
that this can be done based on various approaches, 
including edge detection methods, wavelet 
transform of data. This emphasizes the feasibility 
of the studies conducted in our study. The authors 
also pay attention to the megakaryocyte cells 
geometric characteristics. However, this approach 
is controversial, since the geometric characteristics 
will correlate with the input image size, such an 
image presentation type and features. Nevertheless, 
study 40 offers useful assistance in supporting a 
specialist in the classification of megakaryocyte 
disorders.
	 The paper 40 also notes that edge detection 
methods can increase the accuracy of blood 
component classification to 97%. Thus, the 
choice of edge detection operator and the change 
in the original image contrast are key factors in 
identifying and classifying megaloblastic anemia 
cells. Then the data in Table 1 – Table 6 are a tool 



2282Babker et al., Biomed. & Pharmacol. J,  Vol. 17(4), 2273-2286 (2024)

for selecting a specific edge detection operator 
when solving the tasks set, taking into account the 
image type under consideration.
	 H. A. Elsalamony considers red blood 
cells in human blood smears based on the 
analysis of digital images using neural networks 
41. The author notes that one of such an analysis 
methods is based on microscopic examination of 
blood smears. Based on this, the paper presents a 
general algorithm for detecting and counting three 
types of anemia-infected red blood cells. This 
algorithm allows achieving maximum detection of 
approximately 97.8% of all cells in the examined 
images. For these purposes, the Hough transform, 
and a number of morphological tools are used 41. 
Further, a neural network is used to classify the 
cells. However, the author does not note the type 
of input images and its main characteristics, which 
is important in this kind of research. At the same 
time, considering perception metrics to evaluate 
the preliminary image analysis results before 
classifying subsequent results is an important step. 
This is what is summarized in the data in Table 
1 – Table 6.
	 P. Dhar, K. Suganya Devi, S. K. Satti 
and P. Srinivasan investigate the possibility of red 
blood cell classification from digital images using 
wavelet ideology 42. The authors propose a hybrid 
approach using color quantized segmented K-mean 
convolutional neural network with deep attention 
and extreme gradient boosting algorithm for 
poikilocytosis classification to detect and classify 
abnormal cells 42. In this case, the features of the 
segmented red blood cells are extracted using 
Gabor wavelets. The proposed approach gives good 
results, which justifies the use of wavelet ideology 
for this purpose. The model proposed by the authors 
allows obtaining estimates at the level of 95.38% 
and 93.43% in further classification of abnormal 
cells 42. In this process, an important role is given 
to the original image segmentation using wavelets. 
This fact is also confirmed and correlated with the 
results of our study, where the Wavelet operator 
gives the best results in edge detection (Table 1 - 
Table 6).
	 S. Mitra, N. Das, S. Dey, S. Chakraborty, 
M. Nasipuri and M. K. Naskar conduct a systematic 
review of digital cytological image analysis 
methods, paying attention to the possibility 
of automating this process 43. The authors 

clearly distinguish the types of cytological 
objects. However, insufficient attention is paid 
to the corresponding digital images types. At 
the same time, it is the digital image type and 
its characteristics that determine the certain 
methods application sequence in order to solve the 
problem. Nevertheless, the authors pay attention 
to the importance of using the wavelet ideology 
in studying the texture and structural features of 
megaloblastic anemia cells. This also correlates 
with the results of our study and confirms their 
validity and significance.
	 The researchers also highlight the 
complexity and ambiguity in using edge operators 
to isolate megaloblastic anemia cells. 
	 For example, C. C. Hortinela, J. R. Balbin, 
J. C. Fausto, P. D. C. Divina, and J. P. T. Felices 
emphasize the need for a balanced approach 
in the use of image processing methods in the 
study of abnormal red blood cells and the anemia 
certain types diagnosis 44. Various procedures for 
such analysis can also be used here, where it is 
appropriate to use edge enhancement operators. 
However, such analysis should be performed 
taking into account the input image type and the 
parameters for edge enhancement definition by 
different operators. This is especially important 
when different types of red blood cells can be 
in the field of view. Thus, the authors confirm 
the need for appropriate studies to examine the 
feasibility of using edge enhancement methods 
in certain conditions. The work notes a high 
degree of abnormal red blood cells various types 
identification from 95% to 98.33% 44, where it is 
important to take into account the type of input 
image. Our work also shows the high efficiency of 
using the Wavelet operator to highlight the edge on 
various types of images with megaloblastic anemia 
cells (Table 1 - Table 6).
	 V. Yadav, P. Ganesh, and G. Thippeswamy 
also highlight the need for consistency in the 
selection of edge operators in the study of red 
blood cells using a computer-aided framework 
for the blood disorders diagnosis 45. This analysis 
technique is based on granulometric assessment, 
which involves the relevant image preliminary 
segmentation, for example, using edge detection 
methods. This is also consistent with the 
approaches considered in our study and confirms 
the significance of such an analysis. However, it is 



2283 Babker et al., Biomed. & Pharmacol. J,  Vol. 17(4), 2273-2286 (2024)

not possible to compare the corresponding results, 
since V. Yadav, P. Ganesh and G. Thippeswamy 
operate with the concept of diagnostic accuracy 
in blood disorders, in our case, quality metrics act 
as an evaluation parameter.
	 V. Acharya and P. Kumar also use edge 
detection methods in their study on red blood 
cell identification. In particular, the authors pay 
attention to such an edge detection method as the 
use of the Sobel operator 46. This method is used 
in combination with granulometric analysis to 
separate red blood cells from white blood cells. 
However, the work does not consider preliminary 
methods for processing the input image. Also, 
the work does not describe the original image 
parameters. However, the results presented in 
Table 1–Table 6 confirm the validity of using the 
Sobel operator for edge detection for erythrocyte 
identification.
	 As for the obtained results evaluating 
methods, here researchers, first of all, take into 
account the problem they are solving.
	 Study 47 uses evaluation measures that 
allow us to evaluate the quality of the segmentation 
performed. Reference quality metrics are used 
here. However, it is not entirely clear what (with 
what base result) the corresponding comparison is 
made. This somewhat complicates the work results 
understanding. Our study describes in detail the 
rationale for choosing the evaluations of the results 
such evaluations types comparison.
	 The work by R. Garg, A. K. Sandhu, B. 
Kaur, B. Goyal, and A. Dogra uses standard image 
description statistical parameters, which allows 
understanding the meaning of the corresponding 
scores 48. However, this work also does not provide 
a rationale for using the corresponding scores. 
Moreover, statistical estimates depend on the data 
type presented and their sample, which complicates 
comparative analysis. Our study provides specific 
measures of the results perception quality, which 
allows for comparison for the individual types of 
images we study.
	 K. A. Noman and A. S. Yaseen describe 
in detail in their study the selection of appropriate 
estimators for the analysis of medical microscopic 
image processing 49. This helps to better understand 
the obtained results and evaluate them. In 
particular, the concepts of entropy and image 
quality assessment based on its perception were 

used as such assessments. Similar assessments 
were used in our study. However, it is inappropriate 
to compare such assessments values, since we use 
completely different medical images.
	 Thus, in general, the presented study 
corresponds to the main directions of analysis in 
the field of megaloblastic anemia cell images. This 
confirms the appropriateness and significance of 
the analysis, and the possibility of its use in further 
work on medical image research.

Conclusion

	 The paper presents a comparative 
analysis of edge detection methods in order to 
analyze digital medical images with megaloblastic 
anemia cells. Attention is paid to simple classical 
edge detection operators in comparison with an 
approach based on wavelet ideology. Cases of 
edge detection without changing the original image 
contrast and taking into account its contrasting are 
also considered. A number of no-reference quality 
metrics are used to evaluate the results obtained.
	 The strong points of the issues considered 
are justification of the obtained results estimates 
using; determination of the edge detection 
most effective method in a comparative aspect; 
characteristics description for the images types 
used in the study. Among the problematic aspects of 
the material considered, it is necessary to indicate 
the justification of the need for contrasting the 
original image and the choice of the method for 
changing the contrast procedure.
	 A series of experiments were conducted 
on real images. The results obtained are acceptable 
and can be used for blood smear analysis.
	 As further research directions, it is 
advisable to highlight the creation of a basic set of 
images with megaloblastic anemia cells in order 
to use reference quality metrics and comparing 
them with no-reference quality metrics. No less 
important is the expansion of such research: the 
study of various wavelets using for edge detection, 
conducting the corresponding analysis in various 
color spaces.
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