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Abstract 
The analysis of microscopic images of blood smears remains crucial in medical 
diagnostics, aiming to reveal abnormalities related to blood cells, particularly 
red blood cells. These abnormalities, whether morphological or colorimetric, 
allow for the precise detection of both common and rare diseases, as certain 
anomalies are clear indicators of specific pathologies. Stomatocytes, which are 
the focus of our study, are red blood cells exhibiting membrane defects that, 
to a certain extent, lead to increased permeability to sodium and potassium. 
These abnormal erythrocytes generally exhibit a morphology that is overall 
similar to that of normal red blood cells. However, the central pale area takes 
on a slit-like or elliptical shape instead of the typical round form. This specific 
feature, which distinguishes them from other cells, is indicative of a pathology 
known as stomatocytosis, which may be either congenital or acquired (such as 
in alcoholic cirrhosis or acute alcohol toxicity). Its diagnosis relies on a series 
of costly biological tests. However, the blood smear remains the essential ex-
amination due to the specific morphological characteristics of stomatocytes. 
This paper proposes a semi-automated characterization method for the clear 
identification of stomatocytes in blood smear images. Developed within the 
MATLAB environment, the method combines K-means pixel-based classifi-
cation with algorithms designed to isolate the central pallor of the stomato-
cyte, followed by the extraction of distinctive features enabling its differentia-
tion. The results obtained are highly promising, as stomatocytes in blood smear 
images are accurately identified using the proposed approach. Thus, the iden-
tification of stomatocytes is based on compactness, eccentricity characterized 
by the difference between the major and minor axes, as well as the proportion 
of red and white pixels. 
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1. Introduction 

The blood smear is a routine examination in hematology. On a blood smear, red 
blood cells also known as erythrocytes or hematies generally exhibit similar shapes: 
circular with a centrally located circular pale area. Calculating the proportion of 
this central pallor may contribute to the classification of anemia types [1]. Any 
alteration in these morphological parameters typically indicates a pathological 
condition in hematology. Microscopic image analysis of blood smears is an essen-
tial method in hematology, as it directly reveals the appearance of blood cells un-
der the microscope [2]-[5]. This examination, crucial for medical diagnostics, 
aims to highlight morphological and colorimetric abnormalities related to blood 
cells, particularly red blood cells. Among the morphological abnormalities ob-
served in blood smears, stomatocytes are notable due to their distinctive shape. 
These abnormal erythrocytes generally appear similar to normal red blood cells in 
overall morphology; however, their central pale region takes on a slit-like or ellip-
tical shape rather than the typical round form. 

These abnormally shaped red blood cells, which are the focus of our study, ex-
hibit membrane defects. While they may appear sporadically in an otherwise nor-
mal blood smear, their significant presence can indicate certain hematological dis-
orders, such as hereditary stomatocytosis, drug-induced toxicity, or specific liver 
diseases (e.g., alcoholic cirrhosis) [6] [7]. Therefore, their accurate identification 
is essential for guiding the diagnostic process. 

Stomatocyte identification traditionally relies on visual analysis by practition-
ers; this manual procedure is very time-consuming, subjective, and necessarily 
depends on the presence of an expert. Since the introduction of artificial intelli-
gence (AI) and biomedical image analysis techniques, new approaches are being 
implemented for the identification and classification of blood cells [8] including 
stomatocytes from digitized microscopic images [9]. 

This document proposes a semi-automatic approach for the identification of 
stomatocytes by analyzing microscopic images of blood smears, emphasizing 
discriminating morphological parameters. This method, whose main objective 
is to improve the reliability and speed of diagnosis, is developed in a Matlab 
environment, which is a combination of the pixel classification method with 
the K-Means method and algorithms for isolating the target red blood cell and 
also the pale central area of the stomatocyte and then extracting the specific 
characteristics used for their identification. The results obtained are excellent, 
because stomatocytes in blood smear images are clearly identified with the pro-
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posed method. 

2. Literature Review 

The recognition of red blood cells (erythrocytes) in general, and stomatocytes in 
particular, from microscopic images of blood smears represents a major techno-
logical and medical challenge. Image processing approaches applied to blood 
smears offer a promising solution for the rapid and accurate identification of red 
blood cell abnormalities. 

In response to this major challenge, the scientific community has not remained 
inactive. As a result, many researchers have conducted studies on this topic to 
assist practitioners in diagnosing diseases related to erythrocyte abnormalities. 
These studies encompass a variety of methods. In the literature, numerous re-
search efforts have employed neural networks and their various architectures for 
the identification and classification of blood cells [10]-[12]. Regarding red blood 
cell detection and classification, the authors in [13] used the Mask R-CNN model, 
which enables accurate segmentation of erythrocytes, thereby facilitating mor-
phological analysis through precise segmentation masks—crucial for feature ex-
traction in cell identification. The approach presented in [14] is based on deep 
learning techniques for erythrocyte classification, particularly in the context of 
sickle cell anemia. This method relies on transfer learning, data augmentation, 
and a multiclass SVM classifier. It highlights the challenges associated with accu-
rate cell classification while achieving excellent results. 

In 2017, H. A. Elsalamony employed the watershed segmentation method and 
circular Hough transform combined with the extraction of various morphological 
parameters to generate a unique signature for the identification of three red blood 
cell types: healthy red blood cells, sickle cells, and elliptocytes [15]. The detection 
of blood cells, including red and white blood cells, was the focus of the work by C. 
Di Ruberto et al. in 2019. The authors used an Edge Boxes-based approach to en-
able simple detection of red blood cells [16]. The segmentation and classification 
of red blood cells were also addressed in the research by Navya K.T. et al. In [17], 
the authors proposed an automatic segmentation and classification method using 
Fuzzy C-means (FCM) clustering and the SqueezeNet model. After segmenting 
red blood cells with FCM clustering, they used the YOLOv5 object detection 
model to identify red blood cells and then classified them as normal or abnormal 
using the SqueezeNet model, achieving an average classification accuracy of 97.9%. 
To further improve the accuracy of blood cell identification and classification, S. 
Pravinth Raja et al. proposed using neural networks, specifically the ResNet model, 
which extracts features from each segmented cell image and classifies them by 
type. The overall accuracy achieved by the authors’ proposed method was 93.01% 
[18]. 

The accurate identification of blood cells particularly erythrocytes remains crit-
ical in the diagnosis of related pathologies. In this context, Alico J.N. et al. [19] 
developed a semi-automated method using Otsu’s algorithm along with morpho-
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logical and colorimetric analysis of erythrocytes in blood smear images to identify 
various forms of anemia. This approach highlighted the importance of precise red 
blood cell recognition to improve diagnosis and patient management in healthcare 
settings. To refine feature extraction and ensure the reliability and accuracy of 
cancer diagnostics, G. Chinna et al. adopted the Random Forest-Recursive Fea-
ture Elimination (RF-RFE) model in combination with the XGBoost algorithm 
[20]. 

It should be noted that the present study builds upon the work in [19], which 
was based on the analysis of 250 prepared blood smears. 

At the end of our literature review, we observed that existing studies, taken as a 
whole, did not specifically address the identification of stomatocytes. However, 
this red blood cell morphology is associated with serious conditions such as he-
reditary stomatocytosis, drug-induced intoxications, and certain liver diseases 
(e.g., alcoholic cirrhosis). Therefore, we consider it essential to develop a semi-
automated method for identifying these specific cell types, given their clinical sig-
nificance. 

In the following section, we describe the method we propose for the accurate 
identification of stomatocytes based on the analysis of microscopic images of 
blood smears. 

3. The Method Proposed 

In this study is divided into seven (07) steps, the first two of which were previously 
developed in [1] and [19]. The microscopic image acquisition process was carried 
out on blood smears using a setup described in [1]. In this section, the authors 
ALICO et al. collected blood samples from patients after obtaining their informed 
consent, following an explanation of the importance of the study. After collection, 
a team of biologists received the samples in the laboratory. This team was divided 
into two groups: the first was responsible for preparing the blood smears, while 
the second assessed the quality of the smears in order to select those suitable for 
analysis. 

Step II, which results in the isolation of the initial red blood cell to be identified, 
begins with a semi-automated process involving a modified Otsu algorithm and a 
combination of the 8-connected component labeling algorithm (ARCC-8 connec-
tivity) and the automatic threshold segmentation algorithm (ASSA), as developed 
in [19]. 

At this stage, the developed algorithm enables the selection of the red blood cell 
to be identified within the blood smear image. From this selection, a mask is gen-
erated, within which the erythrocyte is located. The cell is then isolated using an 
8-connected component labeling algorithm (see Figure 1 for the connected neigh-
bors of pixel (x, y)). This process involves identifying the neighboring pixels along 
the cell’s boundary. The algorithm evaluates each pixel’s connectivity: if a pixel 
has all eight neighbors, it is considered to be fully inside the cell and not on its 
contour. Otherwise, the pixel is located on the boundary. By scanning the entire 

https://doi.org/10.4236/ojapps.2025.157141


A. N. Jerôme et al. 
 

 

DOI: 10.4236/ojapps.2025.157141 2140 Open Journal of Applied Sciences 
 

cell in this manner, we are able to isolate the red blood cell. 
 

 
Figure 1. Table showing the eight-connectivity of a pixel with coordinates (x, y). 

 
In Step III, the isolated erythrocyte is segmented using a combination of Otsu’s 

[19] and K-means algorithms. 

3.1. Pixel-Based Classification 
3.1.1. Principle of the K-means Algorithm 
The K-means algorithm is a pixel classification technique that partitions data into 
K predefined classes. It is widely used in the literature due to its speed, simplicity 
of implementation, and effective classification performance. 

The principle of the algorithm is as follows: 
1) The algorithm begins by initializing K cluster centroids in the feature space. 
2) Next, it calculates the distance between each feature (or pixel) and the cen-

troids, assigning each feature to the nearest cluster in order to minimize this dis-
tance. 

3) Then, the centroids are recalculated based on the new clusters. 
4) Based on the newly formed clusters, the attributes in the feature space are 

reassigned to the nearest cluster. 
This iterative process continues until the centroids stabilize or the mean squared 

error falls below a predefined threshold (see Figure 2 below). 
 

 
Figure 2. Description of the k-means algorithm. 
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3.1.2. Combination of Otsu’s Algorithm with K-Means 
The isolated red blood cell, which is the result of the combination of Otsu’s seg-
mentation algorithm with connected component analysis, undergoes segmenta-
tion using the K-means algorithm to group pixels into two classes based on their 
coloration. This combination enables the distinction of two pixel classes repre-
senting different colorations of the red blood cells (see Figure 3 below) and allows 
for the isolation of each class. 

 

 
Figure 3. Segmentation process of erythrocytes into two classes, (a) original erythrocyte, 
(b) erythrocyte segmented into two classes. 

3.1.3. Red and White Zone Isolation Algorithm (AIZRB) 
The isolation of the different colored regions of red blood cells (see Figure 4 be-
low) contributes to an accurate quantification of the pixels composing them. This 
algorithm for extracting the central white zone of the erythrocyte allows us to cal-
culate morphological parameters such as compactness, major and minor axes, and 
eccentricity, whose equations are shown below in section 3.2.2. These parameters 
are crucial for determining the shape of the central zone, which is decisive for the 
identification of stomatocytes. 

 

 
Figure 4. Isolation process of different parts of the erythrocyte, (a) image segmented into 
two classes (red and white), (b) isolated red zone, (c) isolated central zone. 

 
Algorithm 1: Red and White Zone Isolation (AIZRB) 
Input: RGB color image of the red blood cell 
Output: Isolated red area, isolated white area 
Begin 
1. Load the color image 
2. Extract the three channels: R, G, B 
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3. Define thresholds to detect: 
  a. Red pixels (high R, low G and B) 
  b. White pixels (high R, G, and B values) 
4. Create a binary mask for the red area 
  - red = (R > threshold1) AND (G < threshold2) AND (B < threshold3) 
5. Create a binary mask for the white area 
  - white = (R > threshold4) AND (G > threshold4) AND (B > threshold4) 
6. Apply the masks to extract the areas: 
  - red_image = Image.* red_mask 
  - white_image = Image.* white_mask 
7. Display or return the two extracted images 
End 
This approach enables the differentiation of the main structural components of 

the red blood cell through colorimetric analysis. The red region generally corre-
sponds to hemoglobin-rich areas, while the white region may represent the central 
pallor or abnormal features, such as those observed in stomatocytes. By isolating 
these regions, more specific and reliable morphological and diagnostic analyses 
can be performed. 

3.2. Algorithm for Estimating Colorimetric and Morphological  
Features 

3.2.1. Estimation of Colorimetric Features 
After segmenting the red blood cell into two classes (red and white) using our 
method to isolate the different parts of the cell and measure parameters on stomato-
cytes, these results will be compared with those of abnormal red blood cells char-
acterized in [19], namely: acanthocytes, sickle cells, elliptocytes, annulocytes, as 
well as healthy erythrocytes. This comparison will consider the shape, the propor-
tion of red and white areas, and the morphology of the central zone of the red 
blood cells. This methodology has been highly appreciated by field experts, as it 
enables greater accuracy in decision-making, which is crucial for patient health 
and care management. 

Colorimetric Feature Estimation Algorithm (CFEA) 
Input: Load the segmented binary image (red/white) 
Output: Proportion of red pixels, proportion of white pixels 
Begin 
1. Initialize counters: red_count = 0, white_count = 0 
2. For each pixel in the image: 
  a. If the pixel is red: 
    Increment red_count by 1 
  b. Else if the pixel is white: 
    Increment white_count by 1 
3. End for 
4. Compute the total number of pixels: 
  total_pixels = red_count + white_count 
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5. Compute the proportions: 
  red_ratio = red_count/total_pixels 
  white_ratio = white_count/total_pixels 
End 

3.2.2. Estimation of Morphological Features 
The identification of objects requires an appropriate selection of discriminative 
features (see Table 1 below), a choice that undoubtedly follows from an effective 
segmentation method [21]. 

 
Table 1. Morphological parameters [19]. 

Parameters Formulas Descriptions 

Area ( ),
x y

aire f x y=∑ ∑     (4.1) Set of pixels covering the region represented by the cell. 

Perimeter (P) ( ) ( ), with ,
x y

P f x y x y F R= ∈∑ ∑  (4.2) The sum of the pixels located all along the border of the cell 
(R). 

Compactness (C) 
2

4 areaC
P

π ⋅
=      (4.3) It is a morphological feature that contributes to the character-

ization of certain object shapes. 

Major axis ( ){ }grdaxe max ds |t , ,a b a b R= ∈   (4.4) This axis is obtained after determining the spatial centroid of 
the isolated and binarized red blood cell. 

Minor axis ( ){ }ptaxe min ds |t , ,a b a b R= ∈   (4.5) The minor axis (ptaxe) is the smallest diameter of the cell 
passing through the centroid. 

Axis difference EcartAxes grdaxe ptaxe= −    (4.6) The difference between the axes allows us to clearly distin-
guish between certain shapes of red blood cells. 

4. Results and Discussion 

The methodology proposed in this study (refer to Figure 5 above for illustration) 
begins with the extraction of discriminative features that enable the formal iden-
tification of stomatocytes, following their isolation from the blood smear image. 
This initial phase facilitates the computation of global morphological and colori-
metric descriptors specific to the isolated stomatocytes, with the corresponding 
morphological formulas provided in Table 1 above. 

Subsequently, the central pale area of each stomatocyte is segmented, and mor-
phometric analysis is conducted specifically on this region. The parameters ex-
tracted from this central area, when combined with the previously derived fea-
tures, enhance the ability to differentiate stomatocytes from other erythrocytes, 
whether normal or abnormal. 

This comparative analysis considers the overall shape of the red blood cells, the 
relative proportions of the red and pale regions, and the geometric configuration 
of the central area. 

The results of this analysis are summarized in the tables presented below. 
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Figure 5. Proposed flowchart for the detection of stomatocytes. 

 
Table 2. Morphological parameters of stomatocytes. 

 Morphological parameters: stomatocytes 

 Compactness 
minor Axis 

(r1) 
major Axis 

(r2) 
Axis differ-

ence 
varconvex 

H5_2 1.15 87 93 6 0 

H5_3 1.23 77 78 1 0 

H5_4 1.20 66 72 6 0 

H5_5 1.17 69 74 5 0 

H5_6 1.22 65 69 4 0 

H2_2 1.24 78 83 5 0 

H2_3 1.23 85 86 1 0 

H2_4 1.23 87 91 4 0 

H2_5 1.25 76 80 4 0 

H3_1 1.27 77 79 2 0 

H3_2 1.21 83 86 3 0 

H3_5 1.26 81 86 5 0 
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Table 3. Summary of morphological parameter measurements for other erythrocyte types [19]. 

 Normal erythrocytes Annulocytes Elliptocytes Sickle cells Acanthocytes 

Compactness C 1.13 < c < 1.22 0.9 < c ≤ 1.05 0.9 < c ≤ 1.09 0.53 < c ≤ 0.73 0.57 < c ≤ 0.78 

Axis difference (r) r < 7 r < 7 25 < r ≤ 29.36 32 < r ≤ 35.69 21 < r ≤ 42.02 

% Red 86 < %R ≤ 92 54 < %R ≤ 66 96 < %R ≤ 100 96 < %R ≤ 100 100% 

%White 10 < %B < 13 33 < %B < 45 10 < %R ≤ 100 -rare 0% 

Center circular circular -sometimes absent -absent absent 

 
Table 4. Colorimetric parameters of stomatocytes. 

 Colorimetric parameters of stomatocytes 

 Red pixels White pixels % White % Red 

H5_2 4195 810 0.16 0.84 

H5_3 4075 820 0.16 0.84 

H5_4 3082 587 0.16 0.84 

H5_5 3222 675 0.17 0.83 

H5_6 2982 451 0.13 0.87 

H2_2 4659 543 0.10 0.90 

H2_3 5034 781 0.13 0.87 

H2_4 5540 896 0.14 0.86 

H2_5 4340 561 0.11 0.89 

H3_1 4162 650 0.14 0.86 

H3_2 5083 695 0.12 0.88 

H3_5 4568 723 0.14 0.86 

 
Following the isolation of stomatocytes, we extracted and quantified parame-

ters from the images of the initial stomatocytes. Upon analyzing the obtained re-
sults, we observed that the stomatocytes exhibit a circular shape, as reported in 
the literature [22]. This circularity is further supported by the compactness values 
ranging between 1.15 and 1.22, and by the deviation r being less than 7. 

This initial analysis creates a morphological ambiguity between stomatocytes 
and healthy erythrocytes, which is also observed with annulocytes, as both cell 
types share similar morphological parameters with stomatocytes (see Table 2 and 
Table 3 above). Consequently, this suggests that stomatocytes could be both nor-
mal and abnormal, which is implausible and thus inconsistent. 

Conversely, this analysis distinguishes stomatocytes from sickle cells (drepano-
cytes) and acanthocytes, which exhibit compactness values below 0.80, as well as 
from elliptocytes, characterized by an elongated shape with a deviation 𝑟𝑟 ranging 
widely between 25 and 30 (see Table 2 and Table 3). 
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Furthermore, by performing a colorimetric analysis of stomatocytes in compar-
ison to healthy erythrocytes and annulocytes, stomatocytes can be distinguished 
from annulocytes based on the proportions of different regions within the red 
blood cell, specifically the number of red and white pixels. For annulocytes, the 
proportion of white pixels (%W) ranges between 54% and 67% of the total eryth-
rocyte surface (see Table 3), whereas this proportion is below 18% for stomato-
cytes (see Table 4). 

 
Table 5. Morphological characteristics of the central region of stomatocytes 

 Morphological parameters of stomatocytes: the central slit region. 

 Compactness 
Minor Axis 

(r1) 
Major Axis 

(r2) 
Axis 

difference 
Excent 

H5_2 0.51 21.87 76.46 54.59 0.96 

H5_3 0.58 20.02 69.55 49.53 0.96 

H5_4 0.51 14.93 64.15 49.22 0.97 

H5_5 0.53 16.02 66.17 50.15 0.97 

H5_6 0.50 12.17 55.31 43.14 0.97 

H2_2 0.52 9.72 38.24 28.52 0.97 

H2_4 0.72 18.07 34.28 16.21 0.91 

H2_5 0.75 13.45 30.79 17.34 0.90 

H3_1 0.72 12.04 34.52 22.48 0.94 

H3_2 0.58 10.05 42.32 32.27 0.97 

H3_5 0.84 16.86 42.01 22.15 0.93 

 
Despite the previous analysis, confusion remains in differentiating stomato-

cytes from healthy erythrocytes. To resolve this issue, we completely isolated the 
central zone of the erythrocytes and studied their morphology (see Table 5 above). 
We observed that the central zones—specifically the white areas—of healthy eryth-
rocytes conform to their overall circular shape. In contrast, the central zones of 
stomatocytes exhibit, on one hand, an elliptical morphology characterized by 
compactness values centered around approximately 0.5, and on the other hand, 
high axis deviations. These deviations range from 17 to 54 pixels, further confirm-
ing the elliptical shape (see Table 5 above). 

5. Conclusions 

The automatic identification of blood cells in general, and stomatocytes in partic-
ular, represents a promising research area. Stomatocytosis is a hematological dis-
order that poses a serious threat to human health, as it affects vital organs such as 
the liver (cirrhosis). Early, precise, and reliable diagnosis is therefore crucial. 

To achieve this, we have proposed a method that enables the extraction and 
segmentation of red blood cells by grouping pixels into two classes. Our method 
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allowed us to estimate colorimetric and morphological parameters, facilitating the 
formal identification of any given erythrocyte, whether normal or abnormal. 

Indeed, our method enabled a comparative study between stomatocytes and 
other red blood cells (healthy erythrocytes, annulocytes, elliptocytes, sickle cells, 
and acanthocytes) by relying on morphological and colorimetric parameters ex-
tracted from each red blood cell, with particular emphasis on the morphological 
characteristics of the central white region of each cell to resolve any ambiguities. 

Thus, the identification of stomatocytes is based on compactness, eccentricity 
characterized by the difference between the major and minor axes, as well as the 
proportion of red and white pixels. 

Our future work will focus on refining the features for the accurate classifica-
tion of white blood cells based on their morphology and texture. 
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