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Abstract—Medical visualization is a fundamental method that guarantees the accuracy of data analysis for the reliable and prompt diagnosis of potential diseases, resulting in improving the public health. Among the instruments of medical visualization, the methods for delineating edges and identifying possible regions of interest are notable. The proposed study examines color medical images of blood smears exhibiting megaloblastic anemia. To perform the requisite analysis, the input image is enhanced using histogram equalization and segmented into multiple color channels of the RGB format. The wavelet theory of the db1 mother wavelet is employed to identify edges in picture objects. The evaluation of the acquired results relies on visual comparison and widely recognized metrics: niqe, brisque, and entropy. The results indicate that decomposing the original image into data corresponding to distinct color channels yields greater information. For example, the value of the entropy parameter for individual color channels exceeds the value of this parameter for the image as a whole, which enhances the findings, both within the context of each color channel and in comparison, to the grayscale format, which is crucial for employing wavelet theory in image processing. The acquired information can be utilized based on the issue formulation necessary for diagnosing the ailment and making educated decisions.
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Introduction
A comprehensive analysis of medical data underpins the diagnosis of potential diseases, justifies treatment alternatives, evaluates patients' overall health, and facilitates subsequent preventative efforts [1]-[3]. 
Preliminary investigations can serve as a source of diverse medical data. The data can be represented as numerical sets that characterize individual health markers or as visual qualities principally utilized for the examination of internal organs or human tissues. The study of microscopic data simultaneously improves awareness of the patient's health and facilitates effective diagnosis of potential ailments. Consequently, among the sources of medical data, digital images occupy a significant role as a subject of research and a means of acquiring essential information. Such images facilitate comprehension of the patient's health processes and provide further information for undertaking comprehensive research to elucidate the preliminary phases of diagnosis. Consequently, the examination of medical images remains a focal point of inquiry for researchers and practitioners alike [4]-[6].
Researchers may employ diverse methodologies and strategies to perform such investigations [7]-[12]. Nonetheless, the most significant interest is generated by methodologies that primarily facilitate the identification of possible areas of interest. The interest in finding zones of interest within the analyzed image arises from the necessity to localize the most pertinent information and elucidate its intricate characteristics. The identification of prospective zones of interest in each case is contingent upon the type of image being analyzed and the specific goal being addressed. Such an endeavor necessitates the consideration of a tailored method for each individual case, which does not diminish interest in such investigations. 
W. Q. Shiaa, A. B. Abdulghafour, and O. H. Hassoon present an enhanced technique for identifying regions of interest in medical imaging [13], which is employed during the initial processing phase of input images. The work mostly involves the elimination of noise and background, manifested as soft tissues. Preserving the precision of identifying the position and specifics of essential image attributes is crucial. The specifics of the bones' exterior structure serve as the principal imaging parameters to validate the conclusion of the delineation of regions of interest based on the task of assessing the input image. Simultaneously, it must be highlighted that preprocessing treatments are not suitable for all categories of medical images [14], [15].
The study [16] presents a comprehensive overview of many methodologies and techniques in medical imaging and their use in illness diagnoses. The study places special emphasis on the correlation between current medical imaging techniques and the issues that need resolution. Medical imaging enables the examination of a patient's interior anatomy non-invasively, facilitating informed decision-making. The precision of such determinations is contingent upon the selection of a particular method or approach for analyzing medical images. Consequently, such investigations are essential for performing objective medical diagnostics and administering the requisite treatment regimen. S. L. Tan, G. Selvachandran, R. Paramesran, and W. Ding present a comprehensive overview of methodologies for the analysis of medical pictures in the diagnosis of lung cancer [17]. The authors systematically categorize the conducted investigations into distinct categories based on fundamental models [17]. Their work facilitates the simplification of judgments for the selection of methods for analyzing the relevant images and underscores the necessity for the chosen analysis to be suitable for the task at hand. L. Dao and N. Q. Ly categorize medical images [18] that underscores the necessity of adopting a tailored approach for each unique situation when analyzing medical photos. 
To identify possible areas of interest, many methods can be employed, including basic edge detection, conventional picture segmentation, and the application of deep learning to enhance data clustering accuracy. The study [19] evaluates different techniques and strategies for finding prospective regions of interest in medical pictures. A conclusion is drawn regarding the overall efficacy of employing classical algorithms for these objectives. The authors simultaneously highlight the challenges associated with its use for intricate, noisy, or variable medical pictures, which requires acquiring further information to perform a proper analysis of the input photos. Simultaneously, acquiring such information should not substantially elevate the computational expenses of the proposed methodologies. L. Mochurad presents a method to enhance the precision of chest image segmentation by edge detection and deep learning [20], which facilitates substantial outcomes in the segmentation of input photos category. Nonetheless, it must be acknowledged that the majority of deep learning techniques do not facilitate the full preservation of structural boundaries, potentially resulting in artifacts. The selection of an edge detection method as an initial phase of the segmentation process remains unresolved. The training of the model with the introduction of fresh photos is equally significant, since it may result in heightened computing expenses. H. Li and K. Xu investigate edge identification in noisy images with the wavelet transform and the Gaussian approach [21]. The study indicates that the wavelet transform is a suitable instrument for analyzing medical images.
It is important to acknowledge the considerable diversity of studies focused on the study of identifying prospective areas of interest in medical imaging. It is important to note that certain medical images are displayed in color to enhance the efficacy of medical visualization [22]-[24]. Simultaneously, color can serve as a means of acquiring supplementary information on the images being analyzed. The RGB color space facilitates the decomposition of the source image into distinct color channels to extract supplementary information [2]; which is not adequately researched, despite its undeniable curiosity and analytical promise. 
The primary aim of the proposed study is to investigate the selection of a color channel when applying wavelet theory to enhance edges in color medical images represented in the RGB color space to enable improving the efficacy assess of the acquiring supplementary information through the specified method utilizing wavelet theory to emphasize the edges, and to ascertain the viability of performing such an analysis overall.
Methods and Materials
Wavelets as a tool for obtaining additional information in medical imaging research




The wavelet approach is a significant and promising domain for edge identification in diverse digital images [25]-[28], whereas the conclusion is predicated on the intricacy and ambiguity of the answer to the issue with medical digital images, particularly microscopic images [29]-[31]. Conversely, wavelet theory facilitates superior information extraction from breakpoints in an image, defined as brightness variations between neighboring pixels, which enables the identification of both the distinctive attributes of brightness variation between adjacent spots and the unique qualities that may emerge at other locations within the image; ultimately, this allows to emphasize possible transitions between brightness levels () for the image under study (). The input image () for its subsequent wavelet transformation is specified as a matrix of brightness level readings on a square lattice () in the range from 0 to 255.



To select special points on the input image (), the wavelet spectrogram matrix () is calculated based on the wavelet transform using some mother wavelet ()[32], [33]:

,                        (1)




where:,  – scale and localization center, which determine the scale and offset of the function () according to its scaling conditions ;





 – the shape of the mother wavelet in accordance with the specified parameters (, ) and satisfying the condition , which allows to emphasize the characteristic details in the image under study; in this case, the mother wavelet will be further considered to be the wavelet (), which is the most commonly used standard when implementing the edge detection procedure in an image;



indices define the current coordinates of individual brightness levels () of the original image () in a two-dimensional coordinate system.


The  comprehensive  matrix  of  the wavelet spectrogram () is derived by aggregating the horizontal and vertical matrices of the wavelet spectrograms that enables to attain invariant independence of the items depicted in the input image ().
General strategy for conducting the research and its main components
In formulating the comprehensive strategy for executing a study, two factors must be considered: 
1. The original color image must be transformed to a grayscale image prior to applying the wavelet transform. Simultaneously, decomposing an RGB color image into distinct color channels enables the acquisition of a sequence of grayscale images. The resultant images will delineate the input color image over each distinct color channel: R, G, and B. Consequently, converting the original color image into distinct color channels facilitates the transition to grayscale images with minimal computational work, while also providing further information contained within each individual channel.
2. To boost the efficacy of edge detection, it is recommended to employ contrast enhancement techniques on the input image, which is a primary method for the preliminary processing of the original image [34], [35]. 
The standard process for performing the study entails executing the following sequence of stages. 
1. The original image exhibits contrast. For these goals, a fundamental way of altering contrast is employed, which relies on histogram equalization [36], [37]. No other pre-treatment methods were used.

.                            (2)
2. The image after the contrasting procedure is applied is converted to the “gray” type. At the same time, such an image is divided into separate color channels. 

Thus, for one original image, where a set of “gray” type images – () is obtained, which to be used for further analysis.

                           (3)





3. Wavelet processing is applied to a set of prepared images (). As noted earlier, the mother wavelet () is used for these purposes. After wavelet processing, individual points are also removed using simple thresholder, which is the same for all processed images and the threshold value is also the same in all cases. The obtained result is superimposed on the original image () and the final result () is obtained – the selection of potential areas of interest (in the form of selection of the contour of objects) in each specific case. The set () combines the result of edge selection and detection of potential areas based on the wavelet ideology for the original image and its individual color channels.

    (4)


4. For a set of final images (), the scores from the set () are calculated [38]-[41]:
niqe – characterizes the naturalness of the image;
brisque – characterizes the quality of the image detail transfer;
entropy – shows the change in uncertainty.
The lower the value of the niqe or brisque indicator, the better the quality of perception. A higher value of the entropy indicator indicates the presence of a large number of details in the image.

.                  (5)
Based on the obtained estimates, the results of wavelet processing of the original image are analyzed and compared.
Basic example images to conduct proposed study
The proposed study examines color medical images, specifically focusing on blood smear images containing megaloblastic anemia cells; whereas the decision is predicated on the particulars of researching this condition and the significance of its timely diagnosis, as megaloblastic anemia can result in heart failure, the potential for cancer, and various other ailments [42]. The specificity of images depicting megaloblastic anemia cells is characterized by the variety of distinct items present in the blood smear. It is crucial to identify the boundaries of as many items in the image as feasible to facilitate superior diagnostics and suitable visualization of the data in question. Furthermore, it is crucial to precisely determine the edges within the megaloblastic anemia cell, facilitating the future classification of its variants.
Figure 1 and Fig. 2 show typical images of a blood smear with megaloblastic anemia cells (these images are in the public domain and were used in our earlier work).
[image: D:\demos\8888-1.jpg]
Fig. 1. Medical image with megaloblastic anemia cells (Example 1)
[image: D:\demos\888-1.jpg]
Fig. 2. Medical image with megaloblastic anemia cells (Example 2)
The blood smear samples with megaloblastic anemia display a comparable texture and color spectrum. Observe specific distinctions in the megaloblastic anemia cell. The histograms depicting brightness level distribution for the original photographs, Fig. 1 and Fig. 2, exhibit substantial differences. 
Figure 3 illustrates histograms depicting the distribution of brightness levels for the analyzed photos (Example 1 and Example 2), with the pixel count for each brightness level (ordinate axis) provided on a logarithmic scale for clarity.
[image: ]  [image: ]
                     a) Example 1                                       b) Example 2
Fig. 3. Histograms of brightness distribution of original images (a – Example 1, b – Example 2)
Consequently, despite the seeming similarity of the shown images, the challenge of edge detection and the identification of possible regions of interest is complex, which justifies the consideration of a solution rooted in wavelet theory and the segmentation of the original image into distinct color channels.
Results and Discussion
In accordance with the outlined scheme of the proposed study, first, the change in contrast of the original images Example 1 and Example 2 (Fig. 4) are considered.
  [image: D:\demos\8888-1KZRGB.jpg]    [image: D:\demos\888-1KZRGB.jpg]
                     a) Example 1                                       b) Example 2
Fig. 4. Result of contrasting images Example 1 (a) and Example 2 (b)
Upon comparing the photos presented in Figs. 1, 2, and 4, it is evident that they exhibit increased saturation following the contrast adjustment. Simultaneously, numerous nuances have emerged in these photos that may be crucial for identifying potential disorders. Nevertheless, the emergence of new features may result in erroneous edge highlighting.
At the same time, contrasting changed the distribution of brightness in the studied images (Fig. 5).
[image: ]  [image: ]
                     a) Example 1                                       b) Example 2
Fig. 5. Histograms of brightness distribution of the original images after contrasting (a – Example 1, b – Example 2)
Upon comparing the data in Fig. 3 and Fig. 5, one can observe a certain equalization of the brightness distribution histogram. These changes can ultimately rectify the erroneous selection of the edge and enhance the precision of identifying possible regions of interest. 
Figure 6 illustrates the outcomes of pinpointing prospective areas of interest through wavelet analysis for the image Example 1. In alignment with the study's framework, Fig. 6 presents the outcomes for the individual R, G, and B channels of Image Example 1 post-contrast, as well as the image converted to grayscale immediately after contrast adjustment.
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                          a) gray                                                 b) R
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                           c) G                                                         d) B
Fig. 6. Results of wavelet image processing Example 1 according to the proposed research scheme (a – image in gray format, b – image presented in color channel R, c – image presented in color channel G, d – image presented in color channel B)

According to the comparative visual analysis and the data illustrated in Fig. 6, the following observations should be made. The outcome of wavelet processing on the image displayed in grayscale is suboptimal (Fig. 6a). The megaloblastic anemia cell has well-defined borders, and its components are inadequately described. The background of the blood smear in the instance of lacking superfluous identifications (Fig. 6a). The outcome derived from the G color channel data is equivalent to the result for the image displayed in grayscale (refer to Fig. 6a and Fig. 6c). The study of the results for the image from the R color channel reveals a more distinct delineation of the boundaries of the megaloblastic anemia cell. The background in the R color channel of the image lacks additional identification points for delineating object edges (Fig. 6b). The background of the image in the B color channel contains numerous additional identification spots, some of which remain erroneous (Fig. 6d). It is important to note that the outcome in the B color channel offers a more distinct and obvious identification of the megaloblastic anemia cell structure (Fig. 6d). Consequently, the pertinent information may be utilized to address the issue at hand. 
Generally, deconstructing the original image into data corresponding to specific color channels yields greater information, whereas the information may be utilized based on the specific problem statement requiring resolution, unlike the proposed work that offers additional information for diagnostics and informed decision-making. 
The findings drawn from the data depicted in Fig. 6 are corroborated by the individual estimations for each outcome of wavelet processing across several representations of image Example 1. The estimations are consolidated in Table 1.

TABLE 1. Quality Assessments of Images Processed Based on Wavelet Ideology for the Original Image Example 1 in its Various Presentation Formats
	Image representation format
	Quality assessment

	
	niqe
	brisque
	entropy

	Gray
	18.89
	41.93
	5.23

	Color channel R
	19.29
	42.73
	5.46

	Color channel G
	18.33
	41.30
	5.09

	Color channel B
	21.61
	43.45
	5.99



Figure 7 illustrates the outcomes of wavelet processing for the image Example 2, considering representations in grayscale and distinct color channels.
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                         a) gray                                                   b) R
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                           c) G                                                     d) B
Fig. 7. Results of wavelet image processing Example 2 according to the proposed research scheme (a – image in gray format, b – image presented in color channel R, c – image presented in color channel G, d – image presented in color channel B)
A visual comparative study of the wavelet edge detection outcomes for Fig. 7 enables to reach conclusions analogous to those derived from the data in Fig. 6. It is important to observe that the outcomes for processing the image in gray format (Fig. 7a) and for the G color channel (Fig. 7c) are remarkably similar. The most distinct identification of the megaloblastic anemia cell shape is evident in the B color channel (Fig. 7d); in this instance, the edge detection of the megaloblastic anemia cell is inadequate compared to other outcomes (Fig. 7a–7c). Simultaneously, numerous additional points emerge in the B color channel image due to wavelet processing during edge detection. Consequently, similar to the prior instance, segmenting the original image into data corresponding to individual color channels yields additional information. This is because each wavelet type primarily allows for the extraction of specific points, which explains the differences in the obtained results. It should also be taken into account that the original medical images are artificially colored. This affects the visualization of the data in individual color channels and, consequently, the results of edge-based processing, which also explains the differences in edge-based results in individual channels.
 Table 2 displays the estimates for each wavelet processing result for different image representations Example 2 for the data in Fig. 7.

TABLE 2. Quality Assessments of Images Processed Based on Wavelet Ideology for the Original Image Example 2 in its Various Presentation Formats
	Image representation format
	Quality assessment

	
	niqe
	brisque
	entropy

	Gray
	21.17
	42.43
	4.97

	Color channel R
	21.46
	42.54
	5.11

	Color channel G
	21.22
	42.33
	4.89

	Color channel B
	19.05
	42.49
	5.71


	
The evaluated estimations, in alignment with the data presented in Table 2, largely corroborate the visual comparison with the data illustrated in Fig. 7. Employing wavelet processing on color medical pictures for individual color channels substantiates the merit of segmenting the original image into several color channels to obtain supplementary information.
Сonclusion
The work addresses the selection of a color channel while employing wavelet theory to enhance edges in medical color images represented in the RGB color space. Color images of a blood smear containing megaloblastic anemia cells are analyzed for these objectives. The application of wavelet theory for emphasizing edges and areas of interest relies on the utilization of the db1 mother wavelet and initial comparison of the original image. Various quality assessments (niqe, brisque, entropy) and visual comparisons of the processed images are employed to interpret the generated results.
The research substantiates the necessity of segmenting the original image into multiple color channels to acquire further information. The depiction of the image over distinct color channels yields mutually complementary information, facilitating enhanced analytical correspondence. The analysis can be adapted and refined based on the specific task, aided by the supplementary information acquired. Overall, this expands the practical aspects of using the proposed tool as a visualization enhancement tool for decision-making in medical practice.
The studies conducted and the data obtained demonstrated the need for a process to integrate the results from separate color channels or their combinations. In particular, the combined use of mother wavelets can be the basis for processing an automated diagnostic system based on medical image analysis. This could provide a potential avenue for future investigation. Simultaneously, the analysis exhibited its efficacy and practicality for addressing research and applied issues in medical visualization.
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