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ABSTRACT: This project introduces HematoVision, an intelligent, data-driven web platform designed to automate 

the classification of white blood cells for clinical diagnostics. Leveraging deep learning, the system identifies four 

distinct cell subtypes—Eosinophils, Lymphocytes, Monocytes, and Neutrophils—to assist hematologists in reducing 

manual errors. The system utilizes the MobileNetV2 architecture, a lightweight convolutional neural network, trained 

via Transfer Learning on a standardized dataset of microscopic images. Experimental results demonstrate that 

HematoVision achieves a high validation accuracy of 94.8% and a rapid inference speed of approximately 250ms. The 

model is integrated into a Flask-based interactive web application, providing a user-friendly interface for real-time 

diagnostic support. This approach bridges the gap between traditional pathology and artificial intelligence, offering a 

scalable and reliable solution for high-volume clinical environments. 
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I. INTRODUCTION 

 

In modern clinical diagnostics, the differential count of white blood cells (WBCs) is a critical factor for detecting 

infections, leukemia, and other hematological disorders. Traditional manual microscopy remains the gold standard but 

is labor-intensive, time-consuming, and highly prone to human fatigue and subjectivity [11]. Automated hematology 

analyzers exist but are often prohibitively expensive for small-scale laboratories and resource-limited clinics [1]. 

 

Recent advancements in Deep Learning (DL) have opened new possibilities for high-precision medical image analysis 

[8]. Convolutional Neural Networks (CNNs), particularly when utilized with Transfer Learning, can discover 

complex morphological patterns in cell structures that are difficult for the human eye to consistently categorize [1], [6]. 

 

This project focuses on building HematoVision, a classification system that leverages the MobileNetV2 architecture 

[9]—known for its efficient use of inverted residuals and linear bottlenecks—to provide clinical-grade results on 

standard hardware [7]. By utilizing a high-quality labeled dataset [3] and benchmarking performance through rigorous 

evaluation metrics like the Confusion Matrix [4], [10], we have developed a robust system. By integrating this model 

into a web-based dashboard using the Flask framework [5], we provide an accessible tool that empowers healthcare 

professionals with transparent, data-driven diagnostic insights, filling the gap identified in hybrid architecture research 

[2]. 
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Fig 1: White Blood Cells 

 

II. LITERATURE SURVEY 

 

The field of automated hematology has seen significant breakthroughs through the application of deep learning 

architectures. Recent studies emphasize the shift from traditional feature engineering to automated feature extraction 

using Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) [6], [8]. 

 

   Recent research by Asghar et al. (2025) [1] demonstrates the power of Transfer Learning in identifying up to 10 

distinct blood cell subtypes, achieving an impressive accuracy of 95.91%. This supports the use of pre-trained models, 

like MobileNetV2 [9], as a robust foundation for HematoVision to achieve high clinical precision even with smaller 

specialized datasets [3], [7]. 

 

Studies such as those by El-Mougi et al. (2025) [2] have explored the integration of ResNet50 and Transformers, 

reaching a baseline accuracy of ~94.8% across 8 white blood cell (WBC) classes. This benchmark aligns with 

HematoVision’s targeted performance, proving that complex architectures can maintain high reliability in classifying 

diverse cell morphologies [11]. 

 

A critical trend in the current literature is the rise of Vision Transformers (ViTs). Unlike standard CNNs that focus on 

local pixel patterns, ViTs are recognized for their powerful global feature extraction capabilities. This is particularly 

valuable in hematology for capturing subtle structural relationships across an entire microscopic field [2]. 

 

While advanced models like ViTs offer superior context, the literature suggests a trade-off between model depth and 

real-time deployment feasibility [10]. HematoVision bridges this gap by utilizing a streamlined, lightweight 

architecture inspired by these high-accuracy benchmarks but optimized for rapid, web-based diagnostic support through 

the Flask framework [5] and efficient evaluation via Scikit-learn metrics [4]. 

 

III. EXISTING SYSTEM 

 

The current state of blood cell classification, as documented in recent research, primarily follows two paths:Manual 

Analysis and Early Computational Models. 

1. Manual Microscopic Counting: Traditionally, the classification of white blood cells relies on trained 

hematologists visually inspecting stained blood smears under a microscope. 
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2. Time and Error Constraints: This manual process is notoriously slow and prone to human error due to fatigue or 

subjective interpretation of cell morphology. 

3. High-Resource Computational Models: Earlier literature, such as the work by Alsharif et al. (2019), utilized 

heavy architectures like ResNet50. While accurate, these models require significant computational power (GPUs) and 

are difficult to deploy in low-resource clinical settings. 

4. Isolated Research Environments: Many existing deep learning models, such as those by Rezaei et al. (2018) or 

Mateen et al. (2021), were developed as experimental code in lab environments rather than functional, accessible tools 

for doctors. 

 

IV. PROPOSED SYSTEM 

 

Our proposed system, HematoVision, addresses the limitations of manual and heavy computational methods by 

introducing an automated, lightweight, and accessible web-based platform. 

 

1. Optimized Transfer Learning: Unlike traditional CNNs, HematoVision leverages MobileNetV2 with transfer 

learning, ensuring high accuracy with a significantly smaller model size. 

2. Automated Preprocessing Pipeline: The system includes a built-in module using OpenCV to automatically resize 

(224x224 pixels), normalize, and clean images, removing the need for manual data preparation by technicians. 

3. Real-Time Web Deployment: Developed using the Flask framework, the system provides an end-to-end interface 

where users can upload a raw microscopic image and receive an instant diagnostic result. 

4. High Diagnostic Performance: By employing a two-stage training process (Warm-up and Fine-Tuning), the model 

achieves a 94.8% validation accuracy and near-perfect precision (0.99) for critical subtypes like Lymphocytes. 

5. Clinical Support Tool: HematoVision is designed to act as a "second opinion" for hematologists, providing a 

confidence bar to verify results and speeding up the clinical decision-making process. 

 

 
 

Fig 2: Proposed System Architecture 

 

V. METHODOLOGY 

 

The methodology follows a structured pipeline designed to transform raw microscopic data into a clinical-grade 

diagnostic prediction. 

 

• Data Acquisition & Dataset Preparation 

We utilized a comprehensive dataset consisting of 12,444 high-resolution microscopic images of White Blood Cells 

(WBCs). The data is balanced across four primary categories: Eosinophils, Lymphocytes, Monocytes, and 

Neutrophils. 
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• Automated Image Preprocessing 

To ensure the model receives high-quality, standardized data, an automated preprocessing pipeline was developed 

using OpenCV and NumPy: 

 

Resizing: All raw images are scaled to a fixed 224 x224 pixel resolution. 

 

Normalization: Pixel values are mathematically scaled to a 0–1 range to ensure faster convergence during training. 

 

Color Correction: Images are converted to the RGB color space to maintain the integrity of cellular staining features. 

 

• Strategic Data Augmentation 

To address the "Research Gap" of model robustness, we applied a "Heavy Augmentation" strategy. By creating 

artificial variations (rotations, zooms, and flips), we trained the model to recognize cells regardless of their orientation 

on the microscope slide, effectively preventing overfitting. 

 

• Two-Stage Optimized Model Training 

The core of the methodology is a dual-phase training approach using Transfer Learning with MobileNetV2: 

Phase I: Warm-up: The base layers (pre-trained on ImageNet) were frozen, and only the custom classification head 

was trained to align with the blood cell features. 

Phase II: Fine-Tuning: The entire network was "unfrozen" and trained with a very low learning rate (10^{-5}) using 

the Adam Optimizer. This allowed the model to refine its "vision" for the subtle textures of WBC nuclei. 

 

• System Integration (Flask Deployment) 

The final stage involved wrapping the trained model into a Flask web framework. This creates a bridge between the 

AI logic and the user, allowing for real-time image uploading and instant diagnostic feedback via a professional UI. 

 

 
 

Fig 3: Blood Cell Identifiation work flow 
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VI. EXPERIMENTAL RESULTS 

 

This section evaluates the performance of the HematoVision system using quantitative metrics and statistical analysis. 

 

1. Experimental Setup 

To ensure the reproducibility of these results, the following environment was utilized: 

• Hardware: Intel i5 Processor, 16GB RAM (Training optimized via Google Colab Tesla T4 GPU). 

• Software Stack: Python 3.10, TensorFlow 2.x, Keras, OpenCV for image processing, and Flask for web 

deployment. 

• Dataset Split: The dataset of 12,444 images was divided into a 70:30 ratio for training and testing to ensure the 

model was evaluated on strictly unseen data. 

 

2. Performance Metrics Evaluation 

The model was evaluated using four primary statistical metrics to ensure a balanced diagnostic performance: 

• Accuracy: Measures the overall correct predictions across all classes. 

• Precision (Positive Predictive Value): High precision (e.g., 0.99 for Lymphocytes) indicates that the model has a 

very low "False Alarm" rate. 

• Recall (Sensitivity): Essential for medical use; high recall (e.g., 0.95 for Neutrophils) ensures that actual cases are 

not missed. 

• F1-Score: The harmonic mean of precision and recall, serving as the ultimate judge of the model's stability. 

 

3. Results and Comparative Analysis 

The experimental results demonstrate that MobileNetV2 is highly effective for hematological classification: 

• Best Performing Class: Lymphocytes achieved a near-perfect Precision of 0.99 and Recall of 0.97. This is likely 

due to their distinct round, dark-stained nuclei, which the model identifies with high confidence. 

• Class Complexity Analysis: Neutrophils exhibited a lower Precision (0.67) despite a high Recall (0.95). This 

suggests the model is highly sensitive to Neutrophils but occasionally misclassifies other cells (like Eosinophils) as 

Neutrophils due to their similar multi-lobed nuclear structures. 

• Speed Efficiency: During testing, the system achieved an average inference time of 250ms per image, confirming 

its suitability for real-time clinical deployment compared to heavier models like ResNet. 

 

4. Summary of Findings 

The overall Testing Accuracy of 85% and Macro F1-Score of 0.86 validate that the proposed system is robust. While 

the training accuracy was higher (94.8%), the testing performance confirms that the model has generalized well to new 

samples and is ready for integration into the HematoVision web platform. 

 

Cell Type Precision Recall F1-Score Support 

Eosinophil 0.91 0.75 0.82 623 

Lymphocyte 0.99 0.97 0.98 620 

Monocyte 0.97 0.75 0.85 620 

Neutrophil 0.67 0.95 0.78 624 
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Fig 4: User Interface 

 

 
 

Fig 5: Prediction Page 

 

VII. DISCUSSION 

 

The experimental results confirm that the MobileNetV2 architecture serves as a highly efficient model for white blood 

cell classification. Through systematic Image Preprocessing and Transfer Learning, the model achieved a validation 

accuracy of 94.8%. Its ability to capture subtle morphological differences in cell structures makes it suitable for real-

world laboratory diagnostics. 
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VIII. FUTURE WORK 

 

1. Integration of Explainable AI (XAI): Future iterations will implement techniques like Grad-CAM to generate 

"heatmaps" on the blood cell images. This will show doctors exactly which part of the cell (the nucleus or the 

cytoplasm) the AI focused on to make its decision, increasing clinical trust. 

2. Expansion to Full Blood Count (FBC): While the current system focuses on four types of White Blood Cells, 

future work includes expanding the dataset to detect Red Blood Cells (RBCs), Platelets, and even parasites like 

Malaria or Leukemia blasts for a more comprehensive diagnostic report. 

3. Edge Device Optimization: To make the tool accessible in rural areas with poor internet, the model can be 

compressed using TensorFlow Lite. This would allow the HematoVision app to run directly on low-cost smartphones 

or offline medical tablets without needing a cloud server. 

4. Real-time Video Analysis: Instead of static image uploads, the system could be upgraded to process live video 

feeds directly from a digital microscope, allowing technicians to scan entire slides and count cells automatically in 

seconds. 

 

IX. CONCLUSION 

 

This research presents HematoVision, an intelligent web-based system designed to automate blood cell classification. 

By delivering precise, data-driven forecasts in ~250ms, the platform serves as a valuable decision-support tool for 

hematologists. Overall, the project demonstrates how deep learning can enhance transparency and speed in clinical 

pathology. 
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