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Abstract: Accurate is essential in blood group detection medical situations such as trauma response, organ transplantation, and
blood transfusion services. Historically, blood type analysis was based on manual serological methods employing skilled
technicians and visual examination, which, while successful, are time-consuming and prone to human error.
These limitations pose significant risks, especially in emergency or resource-constrained environments.
To tackle this problem, this project puts forward a digitized blood group detection system leveraging image processing
techniques. The system utilizes high-resolution images of blood samples mixed with standard reagents (Anti-A, Anti-B, and Anti-
D) to detect agglutination patterns. Using Python libraries such as OpenCV, the software processes these images to identify the
ABO blood group and Rh factor with minimal human intervention. A user-friendly graphical interface enables operation by non-
specialists, making the tool ideal for deployment in ambulances, rural clinics, and field blood camps.
Experimental results demonstrate the system’s capability to detect blood groups with high precision and significantly reduced
processing time compared to traditional methods. Its offline functionality and hardware-independent design further enhance
accessibility and usability. The framework is scalable and adaptable, with potential future enhancements including integration of
Al models for complex blood analysis and mobile platform deployment.
Keywords: Blood group detection, image processing, agglutination, OpenCV, automation, medical diagnostics, ABO typing, Rh
factor.

L. INTRODUCTION
Blood group detection is a centerpiece of modern medical diagnostics, crucial for ensuring safe blood transfusions, organ
transplantation compatibility, antenatal care, and emergency medical interventions. The classification of blood into various types
based on the absence or presence of antigens such as A, B, and Rh(D) on the surface of red blood cells plays a pivotal role in
preventing life-threatening immunological reactions. A mismatch in blood transfusion or organ donation can result in severe
complications, including hemolysis, shock, and even death. Hence, the accuracy and timeliness of blood group recognition are non-
negotiable in clinical settings.
Historically, blood typing has commonly involved agglutination techniques. This conventional method involves mixing blood
samples with Anti-A, Anti-B, and Anti-D serums on a slide or test card and visually observing the occurrence of clumping
(agglutination). While this approach has been the standard for decades and is considered highly effective under laboratory
conditions, it is not without shortcomings. It demands skilled laboratory technicians, is time-intensive, and is susceptible to human
error due to subjective interpretation. Moreover, in situations like mass emergencies, rural outreach programs, and resource-
constrained medical camps, the availability of trained personnel and lab-grade reagents becomes a significant challenge.
In recent years, the intersection of biomedical engineering and computational technology has opened new avenues for automating
routine medical diagnostics. Image processing and computer vision fields traditionally associated with industrial automation and
surveillance have found promising applications in healthcare, including skin cancer detection, fracture diagnosis, and
histopathology. Leveraging these technologies for blood group detection introduces the possibility of faster, more objective, and
widely accessible testing methods.
This research proposes an automated approach for blood group detection through digital image analysis techniques developed using
python. The device is intended to capture and analyze photographs of blood samples combined with specified reagents. These
photos, taken with smartphone cameras or digital microscopes, are then analyzed using libraries like OpenCV and NumPy to find
agglutination patterns.
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Based on the absence or presence of clumping in certain reagent areas, the system determines the ABO blood group (A, B, AB, or
0O) and the Rh factor (positive or negative). The system's processing pipeline consists of color space transformations, contour
detection, pixel intensity analysis, and classification decision logic.

The innovation of this system lies in its accessibility and efficiency. Designed to run on modest computing hardware, including
laptops and Raspberry Pi devices, the system features an intuitive graphical user interface (GUI) that allows non-technical users to
perform accurate blood grouping with minimal training. It operates entirely offline, eliminating dependencies on internet
connectivity or cloud-based infrastructure. This makes it highly suitable for rural clinics, ambulance units, mobile blood camps, and
disaster response zones areas where timely and reliable diagnostic tools can significantly impact patient outcomes.

The suggested solution not only reduces human intervention but also reduces the time from sample collection to result generation,
making it invaluable in time-critical environments. By automating the interpretation process, the system eliminates inter-observer
variability and enhances reproducibility. Furthermore, the modular approach in software architecture to support architecture, where
future upgrades could include Al-driven classification, real-time data logging, remote diagnostics, and integration with health record
systems.

1. LITERATURE SURVEY
In the last ten years,progress in image processing and artificial intelligence has greatly contributed to the growing use of automation
in medical diagnostics. Many researchers have explored divergent methodologies for improving the accuracy and efficiency of
blood analysis and classification systems, particularly with the objective of minimizing manual intervention and human error.
In [1], A. S. Patil and A. S. Lature proposed an image processing approach to detect blood groups by analyzing the agglutination
reaction of blood samples with Anti-A, Anti-B, and Anti-D reagents. Their method used basic thresholding and color detection
techniques on pre-captured images. Although their implementation demonstrated accurate detection under controlled lighting, the
absence of advanced noise filtering or dynamic thresholding limited its robustness in real-world environments.
Extending this line of work, M. Shekar and S. Kumar in [2] introduced a real-time image acquisition system that processed
agglutination patterns using morphological operations and edge detection algorithms. Their system was capable of handling slight
variations in lighting and background, thereby improving result reliability. However, the GUI interface lacked interactivity, and the
method did not address image quality issues stemming from low-resolution inputs.
Another important contribution is from S. Sharma et al. in [3], who integrated OpenCV-based contour detection to identify
agglutination zones with higher accuracy. Their framework included preprocessing techniques such as grayscale conversion,
Gaussian filtering, and contour mapping to isolate relevant reaction areas. Their results demonstrated improved classification
performance, especially for differentiating weak positive agglutinations. However, their system required significant preprocessing
time, which could limit real-time deployment.
A deep learning-based classification method was explored by K. R. Karthik and P. Dinesh in [4], who trained a CNN (Convolutional
Neural Network) model on a dataset of annotated blood sample images. The system learned to identify agglutination patterns
directly from raw input without the demand for non-automated feature extraction. While the model achieved high accuracy, it
required a large training dataset and high computational power, making it less suitable for offline or low-resource environments.
An alternative approach was proposed by M. R. Gowda and S. Chitra in [5], who combined image segmentation techniques with
decision-tree logic to classify blood groups based on appearance variations in test images. Their lightweight algorithm was designed
to work on embedded systems and showed promise for field applications. However, it lacked support for Rh factor detection and
could not process images captured under suboptimal lighting.
In [6], B. N. Prasad and K. Jain addressed the issue of inconsistent results due to varying camera angles and distances by
implementing perspective correction algorithms and adaptive ROI (Region of Interest) extraction. This preprocessing improvement
significantly enhanced the accuracy of detection in mobile environments but increased computational complexity.
Furthermore, M. B. Thakur and P. Patel in [7] proposed a hybrid model integrating traditional image processing with supervised
learning techniques for decision-making. Their research emphasized reducing false positives by incorporating a multi-parameter
scoring system. This made the system more reliable but introduced dependencies on multiple preprocessing parameters that had to
be fine-tuned for each environment.
Collectively, the literature highlights the shift from manual to semi-automated and fully automated blood grouping systems using
digital image analysis. Each of the reviewed studies contributed foundational techniques and insights that shape the current
landscape of image-based diagnostics. However, several existing methods either fall short in handling real-time offline deployment
or require complex training data, limiting accessibility in rural or emergency settings.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue IX Sep 2025- Available at www.ijraset.com

The proposed research builds upon these prior works by offering a fully offline, lightweight system that balances accuracy,
accessibility, and ease of use. By combining robust preprocessing with optimized agglutination detection using Python libraries and
OpenCV, and delivering results through an intuitive GUI, the present system aims to overcome practical deployment challenges
while maintaining diagnostic reliability.
1. METHODOLOGY

The suggested blood group detection system uses a step-by-step workflow to convert raw photos of blood samples into reliable
diagnostic results. The system is developed with the goal of reducing human error, improving speed, and allowing offline operability
in remote environments.

A. Overview

The system is designed to detect blood groups (A, B, AB, O) and Rh factors (+/-) using Python-based image processing. It takes
high-resolution images of blood samples treated with Anti-A, Anti-B, and Anti-D reagents, processes them using OpenCV, and
analyzes agglutination patterns to classify the blood group.

B. Input Source and Data Capture

1) Blood test samples are processed using traditional agglutination techniques, mixing a tiny amount of blood with three reagents
(Anti-A, Anti-B, and Anti-D).

2) Images of the test slides are captured using a smartphone or digital camera in controlled lighting.

3) The system accepts JPEG/PNG image formats with resolution > 720p to ensure clarity.

C. Pre-processing Stage

To prepare images for analysis:

1) Resizing: Standardize image dimensions (e.g., 640x480).

2) Color Space Conversion: Convert to grayscale and HSV color spaces.

3) Noise Reduction: Apply Gaussian Blur to remove minor reflections.

4) ROI Extraction: Automatically crop three reagent zones from the image using template matching or predefined regions.

D. Agglutination Detection Logic

The detection of agglutination is based on:

1) Thresholding: Convert image zones to binary format.

2) Blob Detection: Identify clumping using connected component analysis.
3) Histogram Analysis: Detect intensity variation indicating agglutination.
A decision tree is then applied:

e Agglutination in Anti-A — A antigen

e Agglutination in Anti-B — B antigen

e Agglutination in Anti-D — Rh Positive

¢ No agglutination in any zone — O Negative

E. Classification Of Blood Group

Based on detected patterns, the blood group is inferred:

e ABAB,orO

e Rh factor determined via Anti-D reaction

The logic is implemented using Python with OpenCV, NumPy, and Scikit-image.

F. Graphical User Interface (GUI)
A Tkinter-based GUI allows users to:
1) Upload image

2) View detection result

3) See highlighted zones

4)  Access confidence score
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This enables ease-of-use in offline setups.
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Fig 1: Feature Module Distribution
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Fig 2: System Architecture
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Fig 3: Processing Time Breakdown

V. EVALUATION & RESULTS
The evaluation of the proposed automated blood group recognition system was carried out through a series of simulation tests under
varying sample image conditions, lighting variations, and agglutination intensities. The objective was to assess the system’s
accuracy, responsiveness, robustness, and usability in practical medical scenarios, especially in emergency or remote environments.
To validate the effectiveness of the methodology, a set of key performance indicators (KPIs) were defined and measured:

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 889



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue IX Sep 2025- Available at www.ijraset.com

A. Accuracy

Accuracy is the foremost metric in medical diagnostic systems, representing the proportion of correctly identified blood groups
compared to ground truth data. For evaluation, a test dataset comprising 100 labelled blood sample images was prepared, with
known agglutination results across Anti-A, Anti-B, and Anti-D regions.

TP+TN

A e i
Y = TP TN+ FP+ FN

Where:

e TP: True Positive (correctly identified group)

e TN: True Negative (correctly rejected)

e FP: False Positive (incorrect detection)

e FN: False Negative (missed detection)

The system achieved an overall accuracy of 96.3%, with the majority of errors occurring in borderline agglutination zones due to
uneven lighting.

B. Precision and Recall

Precision is calculated as the genuine positive proportion of all positive forecasts, demonstrating the reliability of the discovered
blood group. Recall, also known as sensitivity, measures the system's capacity to recognize true positive cases, such as Rh-positive
detection.

TP TP
i Al

Precision =

The average precision was 95.4%, and recall was 94.7%, showing strong performance across different sample categories. Higher
recall values are particularly crucial in reducing false negatives, which could lead to dangerous transfusion mismatches.

C. F1-Score
To balance precision and recall, the F1-Score was used as a harmonic mean. It provides a single, consolidated metric to evaluate
diagnostic reliability:

Precision X Recall

X e ———
Precision + Recall

The F1-Score for the detection model was recorded at 95.0%, indicating a strong overall diagnostic balance between detecting true
positives while avoiding false positives.

D. Processing Time

The system was benchmarked for response time to evaluate its real-time usability. Across 100 tests, the average time taken from
image upload to result generation was approximately 1.42 seconds, demonstrating efficiency suitable for time-critical applications
such as emergency response and field diagnostics.

E. Robustness under Noise and Variation

Tests were carried out under different lighting conditions and image quality levels. With the addition of Gaussian noise or
underexposed samples, the accuracy dropped marginally to 91-93%, proving the algorithm’s robustness against minor artifacts and
image inconsistencies.
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F. User Interface Evaluation

Feedback from 10 non-technical users (e.g., nurses, lab assistants) showed a 95% satisfaction rate in terms of interface usability,
feature clarity, and result readability. The GUI’s simplicity and offline operation were noted as major strengths, especially for rural
clinics.

V. CONCLUSION
Precision is defined as the genuine positive fraction of all positive forecasts, which demonstrates the blood group's reliability.
Recall, also called as sensitivity, assesses the system's ability to detect real positives, such as Rh-positives.By leveraging Python-
based computer vision algorithms and reagent-based agglutination pattern analysis, the system effectively addresses the limitations
associated with conventional manual detection, such as human error, dependency on trained personnel, and prolonged diagnostic
times.
The framework follows a well-defined workflow, beginning with picture acquisition and progressing through pre-processing,
partitioning, and feature extraction to agglutination detection and classification. To determine both ABO and Rh blood types, high-
resolution pictures of blood samples treated with Anti-A, Anti-B, and Anti-D reagents were processed using OpenCV and
proprietary thresholding logic.The implementation emphasizes both diagnostic accuracy and user simplicity, making the solution
accessible in field scenarios, rural healthcare centers, and emergency vehicles.
The evaluation phase supported the methodology's effectiveness, with the system achieving an overall accuracy of 96.3%, precision
of 95.4%, and an F1-score of 95.0%. These results validate the model's capability to provide speedy and trustworthy outputs under
varied testing settings.The system also demonstrated robustness under noisy input and lighting variations, making it viable for real-
world deployment.
This solution directly fulfils the problem statement presented in the abstract: enabling fast, error-free, and technician-independent
blood group detection. It reduces diagnostic delays and facilitates prompt treatment decisions, especially in time-sensitive
environments such as trauma centres, ambulance services, and blood donation camps.

A. Future Work

While the current implementation achieves promising results, several areas of improvement can further enhance the system’s

capabilities:

1) Al Integration: Incorporating deep learning models such as CNNs (Convolutional Neural Networks) can improve detection
accuracy and robustness, especially under diverse visual conditions.

2) Mobile Application Support: Porting the solution to Android/iOS platforms would enable wider deployment, especially in
mobile diagnostic labs or remote field services.

3) Multi-sample Batch Processing: Enhancing the system to support simultaneous detection of multiple samples could improve
throughput in high-volume environments like hospitals and blood banks.

4) Cloud and loT Integration: Syncing test data with centralized health records or enabling remote diagnosis through cloud
services can facilitate smarter healthcare decision-making.

5) Extended Blood Analysis: The system can be expanded to detect rare blood subtypes or perform compatibility matching for
transfusions and organ transplants.

In conclusion, this project serves as a scalable, accurate, and accessible diagnostic framework that aligns with the current needs of

smart healthcare systems. With continuous improvements and integration into larger medical infrastructures, the system has the

potential to become a standard tool in next-generation point-of-care diagnostics.
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