
© March 2025 | IJIRT | Volume 11 Issue 10 | ISSN: 2349-6002 

IJIRT 174507   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      4571 

Optimizing Blood Cell Segmentation in Hematological 

Analysis Using Advanced Image Processing 

Techniques 
 

 

Ifthikaar Ahmed A, Haari Vignesh T, Akshaya E, Dr.B.Vanathi 

Department of Computer Science and Engineering SRM Valliammai Engineering College Chennai, 

India 

 

Abstract— Accurate identification and classification of 

RBC morphology are significant in hematological 

diagnosis, especially in poikilocytosis disorders. 

Microscopic examination requires time and is prone to 

human error. This article presents an image processing 

and Faster Region-Based Convolutional Neural 

Networks (Faster R-CNN)-based automatic system for 

segmentation and identification of blood cells. The 

proposed system uses a severity grading feature for 

classifying cases of poikilocytosis as mild, moderate, 

and severe based on clinically proven thresholds. The 

system is efficient in classifying RBCs and has an 

automatic diagnostic report feature, supporting 

improved clinical decision-making and patient 

outcome. 
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I. INTRODUCTION 

Red blood cells (RBCs) play a crucial role in the 

diagnosis of hematological disorders. The disease 

known as poikilocytosis, in which RBCs are not 

normal in shape, may be an early indicator of serious 

blood pathology. Practitioners are now primarily 

dependent on manual microscopic examination, 

which is inherently subjective and error-prone. 

Although machine learning algorithms have been 

used in the automated classification of RBCs, the 

algorithms are generally not able to assess the 

severity of the condition. 

This work is a continuation of an automated RBC 

classification system based on the Faster R-CNN 

model with the addition of a severity assessment 

module. This allows a complete diagnostic system to 

be created. The system measures RBC abnormalities 

as a severity score, allowing physicians to make 

priority decisions on treatment. 

II. LITERATURE REVIEW 

The attention towards analyzing blood images has 

increased rapidly because of developments in deep 

learning methods alongside image processing. 

Research has analyzed the application of traditional 

methods and deep learning methods to classify and 

segment red blood cells with focus on disease 

diagnosis. A review of current approaches 

accompanies this section together with identification 

of important previous work advantages and 

constraints. 

 

A. Traditional Image Processing Techniques for RBC 

Segmentation 

 

The early phase of research applied watershed 

segmentation along with Otsu's thresholding and 

morphological operations for the identification of 

RBCs. 

 

[1].J. M. Sharif et al. (2020) - Red Blood Cell 

Segmentation Using Masking and Watershed 

Algorithm 

--The research design employed watershed 

algorithms connected to masking operations for RBC 

segmentation in blood smear images. 

–The developed method both removed background 

noise properly and differentiated overlapping red 

blood cells which produced better segmentation 

results. 

1)Limitations: 

--The method displays a tendency to split objects into 

too many parts thus producing fragmented detections 

of red blood cells. 

-- No classification mechanism for different RBC 

morphologies. 

[2]S. Pradeep et al. (2019) - Otsu’s Thresholding for 

RBC Segmentation 

–The research applied Otsu’s method followed by 

morphological operations for RBC detection. 
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– The method succeeded in basic RBC separation but 

failed to handle changes in image illumination across 

blood smear pictures effectively. 

2)Limitations: 

-- Failed to segment overlapping RBCs. 

--The technique had a basic segmentation capability 

that depended on threshold detection without 

additional classification features. 

3)Comparison with Our Work: 

Traditional segmentation methods deliver 

performance speed but they cannot adapt to intricate 

RBC forms nor make abnormal RBC 

pronouncements. The integration of Faster R-CNN 

within our approach allows for both segmentation 

and classification operations to deal with these 

limitations. 

 

B.Deep Learning approaches for RBC Classification 

 

The classification of Red Blood Cells has become 

more accurate because deep learning algorithms 

discover complex patterns which exist among various 

RBC morphologies. 

[3].Prasenjit Dhar et al. (2021) - Morphology of Red 

Blood Cells Classification Using Deep Learning 

– Researchers applied a CNN-based model to 

classifying RBC types from Erythrocyte IDB 

database information through its methodological 

developments. 

– The identification process attained 90% precision 

in determining all RBC classes including elliptocytes 

and spherocytes. 

1)Limitations: 

– The proposed system conducted only classification 

functions without capability to segment objects. 

– The system failed to process Red Blood Cells that 

overlapped with one another which reduced its 

practical usefulness.  

[4].Carlos Hortinela et al. (2021) - Identification of 

Abnormal Red Blood Cells Using SVM and Image 

Processing 

– Support Vector Machine (SVM) classification with 

hand-crafted features such as size, shape and texture 

was employed by the researchers for RBC 

abnormalities classification. Although the model 

proved suitable for normal-abnormal RBC 

discrimination tasks. 

2)Limitations: 

– The method depended on manually designed 

features so it offered limited flexibility when dealing 

with different appearances of RBCs. 

– The method achieved an accuracy score of 85% 

which was below what deep learning methods could 

reach. 

3)Comparison with Our Work: 

 Peter has highlighted CNN models routinely deliver 

exceptional accuracy although they cannot conduct 

segmentation tasks which need distinctive pre-

processing to work correctly. The features used by 

SVM-based approaches must be handcrafted while 

showing reduced effectiveness when working with 

complex cell morphology structures. The system 

unites Faster R-CNN detectable objects with analysis 

for severity which creates a stronger process suited 

for medical applications. 

 

C.Severity Grading in Hematological analysis 

 

Studies that classify RBC types usually do not 

include measures for severity evaluation. Recent 

academic attempts have been made to develop 

severity grading systems. 

[5]Bheem Sen et al. (2022) - Machine Learning-

Based Diagnosis and Classification of Sickle Cell 

Anemia in Human RBCs 

-- The detection of sickle cell anemia was achieved 

by implementing machine learning with image 

processing and deep learning techniques used as 

methodology. 

-- The testing model demonstrated high precision in 

identifying sickle cell cells though it did not provide 

any measure of their severity level. 

1)Limitations: 

–The study centered on sickle cell anemia without 

examination of all red blood cell abnormalities. 

–The approach did not integrate a graded severity 

system to measure different blood disorders as a 

whole. 

[6]Kundu et al. (2023) - Severity-Based RBC 

Classification for Malaria Diagnosis 

–A CNN network was applied to image processing 

with malaria parasites in order to detect infected 

RBCs and parasite counting for infective severity 

measurement. 

2)Key Findings:  

–The model was able to correctly identify infected 

and non-infected red blood cells. 

–The grading system was introduced specifically for 

malaria infection severity but excluded other blood 

disorder analysis. 

3)Limitations: 

–Not generalizable to other RBC abnormalities. 
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–The evaluation missed other abnormal red blood cell 

shapes which includes elliptocytes and macrocytes. 

4)Comparison with Our Work: 

–Current research fails to provide an extensive 

severity evaluation process which would apply to 

various forms of RBC abnormalities. Our proposed 

model fills the existing knowledge gap through its 

implementation. 

–The quantitative severity score is introduced 

through the new formula. 

–The measurement scale divides overall severity into 

three categories. 

–The model provides support for various RBC 

disease abnormalities as well as multiple pathological 

conditions instead of focusing on one isolated 

condition. 

 

D)Recent Advancement in Object Detection for 

Medical Imaging 

 

Deep learning technology, especially object detection 

models have reached new levels because of recent 

developments which enhance both medical image 

accuracy and efficiency. 

[7]Ren et al. (2015) - Faster R-CNN: Towards Real-

Time Object Detection 

- The methodology incorporated Faster R-CNN into 

the detection process using Region Proposal Network 

(RPN) to boost efficiency outcomes. 

- Thus the method achieved high state-of-the-art 

accuracy and fast computational performance in 

detecting objects. 

[8].Redmon et al. (2016) - YOLO: Real-Time Object 

Detection 

- Researchers at the Microsoft Corporation used 

YOLO (You Only Look Once) to create one forward-

pass analysis that outpaced R-CNN models regarding 

speed. 

- The model showed affirmative faster execution 

compared to Faster R-CNN yet demonstrated inferior 

accuracy when identifying small objects especially 

RBCs. 

1)Comparison with Our Work: 

- Dual-objectness R-CNN achieves precise RBC 

localization which makes it the best option for 

detecting RBCs in medical image processing. 

- YOLO runs rapidly yet not well in detecting small 

objects which limits its effectiveness in high-quality 

blood smear analysis. 

 

III. PROPOSED METHODOLOGY 

A.System Architecture 

The model works through several steps to analyze 

blood smear images: 

The system has retrieved blood smear images from 

two standalone datasets, i.e., Erythrocyte IDB and 

BCCD. 

1)Preparing Images  

– Images are preprocessed to remove noise, increase 

contrast, and scale down to a basic form to analyze. 

–The examination of RBC characteristics includes 

the observation of the size, texture, and shape of the 

red blood cells for any abnormalities. 

2)RBC classification  

– RBC identification and classification into various 

categories, like macrocytes, microcytes, spherocytes, 

and elliptocytes, with the aid of Faster R-CNN. 

3)Severity Grading  

– The grading system measures the severity of the 

abnormal red blood cells (RBCs) and reports the 

severity as mild, moderate, or severe based on the 

proportion of the abnormal cells. 

–This procedure makes it simple and straightforward 

for physicians to diagnose blood disorders. 

B.Image Segmentation and Preprocessing 

 Preprocessing methods like median filtering and 

unsharp masking are employed for image quality 

improvement. Classification and segmentation are 

performed using the Faster R-CNN model. In 

contrast to conventional segmentation techniques, 

Faster R-CNN offers accurate localization of RBCs 

and distinguishes between normal and abnormal 

morphologies. 

C.Severity Assessment Algorithm 

 

A grading scale of severity by a new formula is 

proposed under which percentage abnormal RBC is 

calculated as: 

Severity Score = (Abnormal RBCs / Total RBCs) × 

100 

Severity levels are categorized as: 

Mild: < 25% abnormal RBCs 

Moderate: 25-50% abnormal RBCs 

Severe: > 50% abnormal RBCs 

This automated severity scoring assists clinicians in 

identifying high-risk patients for prioritization. 
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IV. EXPERIMENTAL RESULTS 

 

A.Data And Training The Model 

 

–The Faster R-CNN model was trained on the 

Erythrocyte IDB and BCCD databases. That database 

had over 10,000 labeled red blood cell images, split 

into normal and abnormal classes.  

Training set: 80% of data 

Validation set: 10% 

Test data: 10% 

 

B.Performance Metrics 

 

The model  was evaluated for accuracy, precision, 

recall, and F1-score. Comparison with CNN and 

LSTM-based classifiers is shown in Table 1. 

Model Accuracy Localization 

Precision 

Processing 

Speed 

Multi-

tasking 

Faster 

R-CNN 

96.8% High Moderate Yes 

CNN 90.3% Low High No 

LSTM 72.5% Very Low High No 

Table 1 

The Faster R-CNN performed better than CNN and 

LSTM with accurate localization and high 

classification accuracy. 

 

C.Severity Grading Results 

 

Severity grading algorithm was validated on 1,000 

patient samples with 93.2% accuracy in prediction of 

correct severity levels. Results of sample 

classification are presented in Figure 1. 

 
Figure 1 

 

V.  INPUT PROCESSING AND OUTPUT OF THE 

PROPOSED SYSTEM 

A. How Our System Takes Input 

The designed system accepts blood smear images that 

it collects from both microscopes and digital imaging 

sources. No restrictions exist regarding the input 

images as they source from publicly available 

Erythrocyte IDB and BCCD databases and hospital 

laboratory systems. Instances of normal and 

abnormal red blood cells form part of image inputs 

which additionally present differences in size 

alongside shape irregularities and textural variations. 

 

Example: Input image 

 
Figure 2 

 

B.The System's Function In Relation to the Input 

(Steps of Processing) 

 

The system executes these steps when provided with 

an image input. 

1)Noise Reduction: 

- Eliminates background noise and unwanted 

artifacts. 

- Due to its functionality the system implements 

Contrast Enhancement to enhance both RBC border 

definition as well as image details. 

- Using the binary conversion technique transforms 

the document to black and white for better 

segmentation. 

2)Segmenting the RBCs: 

- Using R-CNN Faster the system picks out a single 

RBC while separating it from other images in the 

background. 

- The identification method detects multiple RBCs 

that overlap while maintaining easy distinction 

between different cells. 

3)Categorizing RBC Types: 

- Different RBC type classifications happen based on 

experienced RBC shapes within detected RBC 

populations. 

● Elliptocytes – Oval RBCs 

● Spherocytes–Small, round ball-like RBCs 

● Macrocytes– Larger-than-average RBCs  

● Microcytes– Smaller-than-normal RBCs 
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- The system uses a calculation to detect abnormal red 

blood cells in the input image based on the severity 

grading scheme. The Severity Score is calculated by 

the system as per the given mathematical formula. 

Severity Score = (Abnormal RBCs / Total RBCs) × 

100 

 

C. What the System Gives as Output 

 

 
Figure 3 

   

 
Figure 4 

 

V1.  CLINICAL RELEVANCE AND REAL 

WORLD APPLICATIONS 

Hematological diagnostic systems operated by 

computers are key instruments which help 

pathologists decrease their workload while aiding in 

early disease identification. AI systems integrated 

into healthcare operations offer three key benefits 

which enhance the identification of RBC-related 

disorders by improving efficiency and accuracy 

while providing better accessibility. 

A.Assisting Pathologists 

- The system decreases human labor through 

automated diagnosis of RBCs and their severity 

assessment capabilities. 

- The system guarantees both accuracy and 

uniformity in diagnoses without human intervention 

thus decreasing misdiagnosis frequencies. 

- The standardized reports system enables precise 

decision-making processes. 

 

B.Telemedicine & Remote Diagnostics 

 

- Modern diagnostic systems implement this solution 

within cloud infrastructure to support remote 

healthcare operation. 

- Healthcare centers in rural areas receive AI-guided 

analysis support for blood tests. 

- Patient emergency screening processes are speeded 

up through its implementation. 

 

C.Integration with Electronic Health Records (EHR) 

 

- The system produces organized diagnostic reports 

which EHR systems can access. 

- The system offers extended historical patient blood 

tests which facilitate monitoring of disease 

development. 

 

VII.   CONCLUSION AND FUTURE RESEARCH 

DIRECTIONS 

This work presents an automatic RBC segmentation 

and classification system using Faster R-CNN with a 

severity assessment mechanism for poikilocytosis 

diagnosis. The system achieved 96.8% classification 

accuracy and effectively measured RBC 

abnormalities, allowing clinical decision-making and 

patient prioritization. 

Future Work: Enhancing the model's interpretability 

through the inclusion of explainable AI (XAI) 

techniques. Augmenting the dataset with actual 

clinical samples. Implementation of the system on 

cloud-based diagnostic platforms supports real-time 

analytical analysis. 
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