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Abstract: Leukemia, a severe form of blood cancer, requires immediate diagnosis and early intervention for higher
survival rates. Traditional diagnostic methods involve the manual examination of blood smear slides under a microscope
by expert pathologists, which is time-consuming, expensive, and prone to human error due to fatigue. In rural and
resource-limited areas, the lack of digital scanners and specialized hematologists heavily delays the diagnosis. This paper
proposes "BloodAl Pro," an automated, cost-effective "Lab-on-a-Phone" diagnostic system. The proposed system
integrates a traditional microscope with a smartphone interface, utilizing a Hybrid Ensemble technique that combines
Computer Vision and Deep Learning. A Convolutional Neural Network (CNN) trained on the C-NMC dataset forms the
core prediction engine, while a custom mathematical Image Processing algorithm calculates Cell Density
(Hypercellularity) to eliminate False Positives. Furthermore, the system is backed by a robust FastAPI server and
automatically generates NABL-standard diagnostic PDF reports. The results demonstrate high precision, an extremely
low False Negative rate, and the ability to classify the severity of the disease based on clinical cell-crowding logic.

Keywords: Leukemia Detection, Convolutional Neural Networks (CNN), Deep Learning, Image Processing,
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L INTRODUCTION

Blood cancer, specifically leukemia, is a critical condition driven by the rapid overproduction of abnormal white blood
cells—known as blasts—in the bone marrow. These non-functional cells aggressively crowd out healthy red blood cells
and platelets, making early intervention vital. While global health reports stress that timely diagnosis drastically improves
treatment outcomes, the current gold standard for primary screening remains the manual microscopic evaluation of
peripheral blood smears (PBS). Unfortunately, this traditional inspection process is fraught with systemic challenges. It
traditionally requires advanced digital slide scanners that are prohibitively expensive for rural Primary Health Centers
(PHCs) and is hindered by a severe shortage of trained pathologists, which forces patients to travel to urban centers and
delays urgent care. Furthermore, manual cell counting is a tedious, highly subjective task where diagnostic accuracy
relies heavily on the technician's experience, and visual fatigue frequently leads to human error. To overcome these critical
healthcare bottlenecks, an innovative, zero-hardware-cost solution called "BloodAlI Pro" has been introduced. By
mounting a standard smartphone directly onto a traditional microscope eyepiece, this system captures real-time blood
smear images. These images are instantly analyzed by a backend architecture utilizing a highly optimized Convolutional
Neural Network (CNN) paired with rule-based image processing algorithms, ultimately capable of detecting malignancy
in just 15 seconds.

II. LITERATURE REVIEW
The integration of Artificial Intelligence within the domain of medical imaging has experienced exponential growth in
recent years, prompting numerous researchers to propose advanced machine learning methodologies specifically tailored

for automated blood cell classification. Early computational attempts predominantly relied on traditional machine
learning algorithms, such as Support Vector Machines (SVM), K-Nearest Neighbors (KNN), and Naive Bayes classifiers.
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Fig 2.1: CNN architecture showing flattening and final classification.

While foundational, these models were inherently limited because they necessitated extensive, labor-intensive manual
feature extraction—requiring technicians to mathematically define and isolate specific cellular characteristics like
nucleus area, perimeter, and granular texture. Consequently, this heavy reliance on manual feature engineering rendered
the models highly sensitive to inconsistent microscopic lighting conditions and variations in chemical staining.

ultimately making them unstable and unreliable for broad, real-world clinical applications. To overcome these limitations,
recent literature has heavily pivoted toward Deep Learning approaches, highlighting the profound superiority of
Convolutional Neural Networks (CNNs) in biomedical image analysis. Unlike their traditional counterparts, CNNs
possess the robust ability to automatically extract complex, hierarchical features directly from raw images without
requiring human intervention. However, despite their advanced capabilities, many existing CNN-based models still
exhibit significant vulnerabilities, most notably a high rate of false positives when tasked with analyzing real-time, noisy
images captured via handheld mobile devices in non-ideal environments. Furthermore, these conventional deep learning
systems typically yield overly simplistic binary outputs without providing any contextual or morphological verification.
This highlights a critical research gap within the current landscape: the distinct absence of a true "hybrid" diagnostic
approach. Because pure Al models often function as opaque "black boxes," they frequently misinterpret common
microscopic imperfections—such as dust, dirt, or routine staining artifacts—as malignant cancer cells. Additionally, very
few existing diagnostic systems encompass the complete clinical pipeline, from the initial image capture at the point of
care to the automated generation of a comprehensive clinical report. Addressing these profound limitations, "BloodAl
Pro" effectively bridges this research gap by introducing an innovative "Safe-Zone Density Logic"—a specialized
hypercellularity check—that evaluates the biological validity of the sample before the image is even passed to the CNN
for deep analysis. By integrating this preliminary rule-based biological filter, BloodAI Pro ensures that computational
predictions are rigorously aligned with actual biological realities, thereby drastically reducing false positives, mitigating
the black-box effect, and establishing a robust, end-to-end clinical screening tool.

I11. SYSTEM ARCHITECTURE
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Fig 3.1: System architecture: illustrating User to PDF Report processing pipeline.

© IJARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 318


https://ijarcce.com/
https://ijarcce.com/

IJARCCE ISSN (0) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :: Peer-reviewed & Refereed journal :: Vol. 15, Issue 2, February 2026
DOI: 10.17148/IJARCCE.2026.15247

The system is designed with a streamlined, end-to-end architecture that ensures efficiency, reliability, and clinical
alignment. At the entry point, the client interface consists of a web-based frontend developed using HTML and JavaScript,
where the laboratory technician inputs the patient’s Complete Blood Count (CBC) data and uploads the microscopic
blood smear image. This data is securely transmitted to a FastAPI backend, a highly asynchronous Python-based server
responsible for handling intensive image processing tasks and real-time

Al inference with optimized performance. Once analysis is completed, a report generation module powered by the FPDF
library automatically compiles the patient details, Al prediction results, confidence score, and the processed cropped slide
image into a standardized NABL-format PDF report for clinical documentation and review.

To ensure clinical safety and eliminate false negatives, the system integrates a Hybrid Ensemble Algorithm within the
API layer. The first layer of decision-making applies a Safe-Zone Logic: if the detected cell density is below 45%, the
sample is directly classified as “Normal.” This intelligent bypass conserves computational resources while preventing
unnecessary Al-triggered false positives from sparse or isolated cell structures. When the density exceeds 45%, the CNN
model performs detailed image evaluation. Additionally, if the density surpasses 50%, a mathematically calculated
probability boost is applied to the CNN’s output, aligning the prediction with the clinical reality of hypercellularity.
Finally, stage detection is determined by mapping malignancy severity (Stage 1 to Advanced) directly to the density
percentage, ensuring that staging remains biologically meaningful rather than purely algorithmic.

Iv. METHODOLOGY

BloodAl Pro represents a paradigm shift in accessible medical diagnostics, intentionally engineered as a highly accurate,
lightweight, and web-deployable system. By operating through a streamlined web interface, it entirely eliminates the
need for expensive, localized computing hardware, ensuring that even remote primary health centers can access top-tier
diagnostic tools. To guarantee uncompromising medical reliability and robust clinical validity, the model's foundational
architecture is rigorously trained on the globally recognized C-NMC (Classification of Normal versus Malignant Cells
in Leukemia) dataset.

1. Hypercellularity Density Calculation Algorithm
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Fig 4.1: Methodology Flow Diagram of BloodAI Pro for Leukemia Detection

To mathematically quantify hypercellularity, the system calculates Cell Density using color-based nucleus segmentation.
Since leukemic blast cells contain dense purple-blue nuclei (due to Wright-Giemsa staining), the algorithm isolates these
regions using HSV color thresholding.

The following steps are applied:

Convert RGB image to HSV color space.

Apply purple-blue color threshold mask.

Perform morphological operations (erosion + dilation) to remove noise.
Detect contours representing nuclei.
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e  Calculate nucleus area ratio.
The density percentage is calculated using:

Total Nuclei Pixel Area
Total Cropped Image Area

Cell Density (%) = ( ) X 100

Where:

Total Nuclei Pixel Area = Sum of all segmented nucleus pixels

Total Cropped Image Area = Total pixels in dynamically cropped region
Threshold Logic:

Density < 45% — Normal Sample

Density > 45% — CNN Activated

Density > 50% — Probability Boost Applied

This biological validation ensures that Al predictions remain clinically aligned and reduces false positives caused by
staining artifacts or debris.

2. CNN Model Architecture and Training Details
The core prediction engine is a Custom Convolutional Neural Network trained on the C-NMC dataset. The architecture
consists of:

1. Input Layer: 224 x 224 x 3 RGB images
Convolution Layer 1: 32 filters, 3x3 kernel, ReLU activation
Max Pooling Layer (2x2)
Convolution Layer 2: 64 filters, 3x3 kernel, ReLU activation
Max Pooling Layer (2x2)
Convolution Layer 3: 128 filters, 3%3 kernel, ReLU activation
Max Pooling Layer (2x2)
Flatten Layer
Fully Connected Dense Layer: 128 neurons (ReL.U)
Dropout Layer: 0.5 (to prevent overfitting)
Output Layer: 1 neuron (Sigmoid activation)

—~ S 0PN AW

— O

e Training Parameters:

Optimizer: Adam

Learning Rate: 0.001

Loss Function: Binary Crossentropy
Epochs: 25

Batch Size: 32

Train-Test Split: 80:20

O O O O O O

The model is optimized to prioritize recall (sensitivity) to ensure malignant samples are not misclassified as normal.

The system follows a highly structured, multi-stage computational pipeline beginning with sophisticated data collection
and preprocessing. Because raw images captured through a smartphone mounted on a microscope eyepiece frequently
suffer from severe vignette effects—resulting in dark, obscuring peripheral borders a Smart Dynamic Cropping algorithm
is immediately deployed. Utilizing the computational efficiency of the Python Imaging Library (PIL) and NumPy, this
algorithm mathematically evaluates pixel intensity matrices to intelligently detect the brightly illuminated central field
of view, precisely cropping away irrelevant dark edges that could otherwise skew the Al's pattern recognition. Following
this spatial isolation, the system executes a critical biological verification step: a rule-based density calculation designed
to specifically measure hypercellularity. Because leukemic blasts aggressively multiply and overcrowd the bloodstream,
they create an abnormally high density of purple-blue stained cellular nuclei.
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V. RESULTS AND DISCUSSION

Confusion Matrix: BloodAl Pro System
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Fig 4.1: Confusion Matrix of the Model

1. Performance Evaluation Metrics
The system was evaluated using standard classification metrics. The CNN achieved the following performance on the
test dataset:

e Accuracy: 95.2%
Precision: 93.8%
Recall (Sensitivity): 96.4%
F1-Score: 95.0%
False Negative Rate: 3.6%

Predicted Normal Predicted Malignant
Actual Normal 842 38
Actual Malignant 29 891

2. Real-Time Testing Performance

When tested on real-time smartphone-captured microscopic images, the system maintained consistent performance with
only a minor 1.5% drop in accuracy due to lighting variations. The Smart Dynamic Cropping algorithm significantly
improved robustness under non-ideal conditions.

The system underwent comprehensive testing on both the validation dataset and real-time unseen images captured
through smartphone cameras to ensure practical reliability. During evaluation, the CNN model demonstrated strong
performance, achieving high accuracy on the test set while prioritizing recall (sensitivity) to minimize false negatives.
Since missing a malignancy case in medical diagnostics can have critical consequences, the model is intentionally
optimized toward higher sensitivity to ensure suspected cases are not overlooked. In terms of system performance and
user interface behavior, the platform processes inputs efficiently within 1-2 seconds, making it suitable for real-time
clinical environments.
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Fig 4.2: Cancer Detected by model

Figure 4.2 demonstrates the system’s behavior when a leukemic blood smear is evaluated. The preprocessing module
immediately detects 'Hypercellularity' (high cell density), a primary clinical indicator of blood cancer. This triggers the
Convolutional Neural Network (CNN) to deeply analyze the irregular shapes and textures of the crowded blast cells. The
system accurately outputs "Malignancy Detected" in bold red text to indicate a critical medical alert. Furthermore,
based on the severity of the cell density, the system predicts and displays the specific stage of the disease (e.g., Stage 1 -
Pre Stage).
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Fig 4.3: Normal Cell Detected by Model

As illustrated in Figure 4.3, when a healthy blood smear image is captured and uploaded, the system immediately applies
the density-check algorithm. Since the cell crowding is within the normal biological range (below the 45% threshold),
the system's Safe-Zone logic classifies the image as a ""Normal Sample." The user interface displays the result with a
high confidence score. To ensure a positive user experience, the output and automated advice are displayed in green text,
indicating no significant morphological abnormalities and advising the maintenance of a healthy lifestyle.

VL CONCLUSION
The "BloodAl Pro" system demonstrates a highly effective, low-cost approach to the automated screening of Leukemia.
By transforming standard optical microscopes into Al-powered digital diagnostic tools, this system completely removes

the financial barrier associated with advanced pathological hardware. The integration of the Convolutional Neural
Network with the biological logic of Hypercellularity (Density Check) resolves the primary issue of False Negatives in
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medical Al. This solution proves that high-end accuracy can be achieved in resource-limited settings, promising to
drastically reduce diagnostic delays and potentially save thousands of lives in rural and developing regions.

VIIL. FUTURE SCOPE

While the current system excels in detecting Leukemia from peripheral blood smears, the architecture is highly scalable.
Future enhancements include:
e  Multi-Disease Detection: Expanding the CNN classes to detect other blood-borne diseases such as Malaria
parasites, Dengue, and Sickle Cell Anemia.
e  Mobile Application: Converting the web application into an offline-capable native Android/iOS app (using
TensorFlow Lite) for use in extremely remote areas without internet connectivity.
e Cloud-Based Telemedicine: Integrating the system with cloud storage to automatically send positive detection
reports directly to city-based hematologists for instant second opinions.
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