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Abstract: Identification of blood groups is a vital part of
medical diagnostics and is necessary for organ
transplants, safe blood transfusions, and prenatal care.
Because traditional blood typing methods depend on
chemical reagents and blood samples, they are intrusive,
time-consuming, and resource-intensive. In this study,
fingerprint analysis is used to classify blood groups in a
non-invasive manner. The unique fingerprint
characteristics linked to blood types are extracted by
utilising sophisticated image processing techniques.
Convolutional Neural Networks (CNN) and ResNet
architectures are used in our deep learning-based
categorisation, feature extraction, and picture
enhancement process. A thorough dataset is used to
evaluate the suggested model, which shows encouraging
accuracy and effectiveness in blood group prediction.
With its quick, affordable, and easily accessible
solution, this method has the potential to completely
transform conventional blood typing and is especially
advantageous in settings with limited resources or
distant locations. With bigger datasets and better deep
learning models, accuracy could be further increased in
the future, making fingerprint-based blood type
detection a competitive alternative to current
techniques.
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L. INTRODUCTION

In medical applications like organ transplantation,
transfusion medicine, and emergency care, precise blood
group identification is essential. Conventional blood type
techniques necessitate laboratory-based testing, which
involves blood samples and reagents, which aren't always
accessible in emergency situations or environments with
low resources. Consequently, there is growing interest in
creating quick and non-invasive blood group testing
methods that do not require laboratory infrastructure. Using
the well-established field of biometrics, fingerprint-based
blood group identification offers a fresh and exciting
method. To classify fingerprints into distinct blood groups,
our method entails pre-processing fingerprint data,
extracting features using CNN and ResNet models, and
then applying classification techniques. The accuracy and
efficiency of the model are evaluated thoroughly. By
providing a quick, affordable, and non-invasive method,
this discovery has the potential to revolutionise blood type
identification. It will be especially helpful for emergency
medical services, mobile health (mHealth) applications, and
healthcare systems in distant locations. Utilising the latest
developments in deep learning, this research helps create
novel biomedical imaging diagnostic tools and Al-powered
healthcare solutions. Deep learning has shown remarkable
effectiveness in feature extraction and classification
problems, especially using Convolutional Neural Networks
(CNN) and ResNet architectures. CNN-based models, in
contrast to typical manual feature extraction techniques,
build hierarchical representations directly from fingerprint
images, identifying complex patterns and relationships that
may be challenging to discern with older methods. ResNet's
deep residual learning capabilities increase feature
extraction by resolving vanishing gradient problems, which
raises classification accuracy. In this work, we create a
pipeline based on deep learning for classifying blood
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groups from fingerprint photos. Because each person's
fingerprints are distinct and don't change over time, they
are a trustworthy means of identification. Recent studies
point to a potential relationship between blood type and
other physiological or genetic traits and fingerprint
features. This possible link opens the door for the
development of novel, non-invasive diagnostic techniques
by supporting the use of fingerprint patterns as an indirect
biomarker for blood group classification.Accurately
extracting and analysing fingerprint features that can reveal
blood group characteristics is a major issue in this method.

A. Problem Statement

Serological testing, which necessitates blood samples, lab
space, and reagent-based analysis, is the foundation of
conventional blood group determination techniques.
Despite their effectiveness, these techniques take a lot of
time, need for skilled workers, and could not be available in
distant or urgent circumstances. The accuracy of results can
also be impacted by sample contamination and human
mistake. This work suggests a non-invasive, automated
method for blood group classification utilising fingerprint
analysis in order to get over these restrictions. Through the
use of deep learning methods, specifically Convolutional
Neural Networks (CNN) and ResNet architectures, the
system seeks to collect and evaluate fingerprint
characteristics in order to provide highly accurate blood
group predictions. This approach may provide a quicker,
more affordable, and more widely available substitute for
traditional blood type methods.

B. Objectives

The main objective of this study is to use CNN and ResNet
architectures to create a deep learning-based model for
fingerprint-based blood group classification. Among the
particular goals are:

i Dataset Collection and Preprocessing: Gather
and preprocess a dataset of fingerprint images
associated with different blood groups to enhance
image quality and remove noise.

ii. Model Development: Design and implement a
deep learning model using CNN and ResNet to
extract fingerprint features and classify blood
groups accurately.

iii. Model Training: Train the proposed model on a
labeled dataset to ensure robust feature learning
and high classification accuracy.

iv. Performance Evaluation: Assess the efficiency
and reliability of the model using appropriate
evaluation metrics such as accuracy to compare
its effectiveness against conventional blood
typing methods.

By fulfilling these goals, the project hopes to develop a
novel non-invasive blood group identification method that
will improve healthcare accessibility, especially in areas
with limited resources, and advance medical diagnostics.

II. LITERATURE REVIEW
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[1] The use of fingerprint-based biometric identification is
very reliable and appropriate for a variety of applications.
This work presents a practical method for using fingerprint
analysis to identify blood types. Several machine learning
algorithms are used to predict blood types based on
fingerprint data, which is characterised by many unique
minutiae traits. A 62% accuracy rate is attained by the
proposed technique, which uses Multiple Linear Regression
with Ordinary Least Squares (OLS). Future studies should
include new, as-yet-undiscovered fingerprint features for a
more thorough analysis and increase the sample size to
improve result precision. [2] Fingerprints have great
potential as a reliable form of identification. This study
explores the difficulty of blood group identification and
fingerprint analysis for age- or lifestyle-related disorders
such type 2 diabetes, arthritis, and hypertension. In order to
learn more about the links between fingerprint patterns and
various age-related or lifestyle-related health issues, the
study looks at the relationship between fingerprint patterns
and blood group and individual age. [3] An efficient
technique for fingerprint identification and recognition
based on detail features is presented in this work.
Beginning with the initial step of pre-processing to
eliminate extra material and enhance fingerprint clarity, the
entire procedure proceeds methodically. The content
extractor algorithm is then used to carry out the extraction
procedure in the second step, paying particular attention to
endings and forks. The matching step, which consists of
two parts—the verification process using (1:N) matching
and the verification process using (1:1) matching—is where
our effort ends. Here, the similarity score between two
fingerprint images is evaluated using a comprehensive
matching technique that makes use of the Euclidean
distance measure. [4] The finger's distinct characteristics
are obtained from a variety of sensors, including dots and
pattern bumps. Three categories of annotations—routing,
BGP, and GaborHoG—form the foundation of the scheme.
The instruction projection in the finger's foreground is
defined by directional identifiers. In the meantime, by
recording several local ridge patterns and local directions
around points, BGP and GaborHoG descriptors offer a
representation of fingerprints. [S] The results indicated that
finger patterns and ABO blood groups were positively
correlated. Automatic identification has emerged as a potent
addition to the identification process as a result of the
ongoing development of fingerprint technology and the
creation of precise and quick matching fingerprint
algorithms. Always make sure.

II1. SYSTEM DESIGN
A. System Architecture

The system architecture for blood group classification using
CNN and ResNet is structured to process photos, identify
key characteristics, and make precise blood group
predictions. Data collection, preprocessing, model training,
classification, and evaluation are all steps in the system's
sequential workflow. The first step in the procedure is the
acquisition of fingerprint pictures, which are gathered and
preprocessed utilising methods like ROI extraction, contrast
enhancement, and noise reduction. Following processing,
the images are sent into CNN and ResNet, two deep
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learning models that extract texture-based and spatial
characteristics. Using a labelled dataset, the deep learning
models are trained to identify patterns associated with
blood types. The models categorise fresh fingerprint
pictures into the appropriate blood types after they have
been trained. Metrics like accuracy are used by the system
to assess performance.

B. System Components

The following are the primary parts of the system:

1. Fingerprint Image Acquisition — Collecting
fingerprint images from a dataset or live scanning.

2. Preprocessing — Enhancing image quality using
grayscale conversion, noise removal, and contrast
enhancement.

3. Feature Extraction: Patterns and characteristics from
fingerprint photos are automatically extracted by deep
learning models (CNN and ResNet).

4. Model Training and Classification — CNN and
ResNet models are trained to predict blood groups
based on extracted features.

5. Performance Evaluation - Evaluating model
accuracy using standard classification metrics.

C. Flow Diagrams

o= )

Figure 1: Architecture of CNN

Vol.20, No.01(l), January-June: 2025

= l e ]

[—h—_wm Wone u«au_l
Enhancad Image
-

:
.
\

Derree Layer
1RRLU Actwvmt)

CBethenms Arvonnerd

Figure 2: Architecture of ResNet

IV. IMPLEMENTATION
Algorithm Steps

1. Image Acquisition: Capture fingerprint images
in real time, ensuring a diverse dataset containing
samples from different blood groups.

2. Preprocessing: Enhance image contrast using
histogram equalization, Resize and normalize the
images using central scaling crop techniques to
ensure uniform dimensions.

3. Labeling: Assign the corresponding blood group
labels to the fingerprint images for supervised
learning.

4. Data Splitting: Assure balanced representation
from all blood groups by dividing the dataset into
training and testing subgroups.

5. Model Training: Utilize CNN and ResNet
architectures to extract fingerprint features and
train the model on the prepared dataset.

6. Model Testing: Use the trained model to classify
unseen fingerprint images and predict the
associated blood group.

7. Performance Evaluation: Assess the model’s
accuracy using evaluation metrics and compare
results with traditional blood group classification
techniques.

V. RESULTS

In our study, the Convolutional Neural Network (CNN)
achieved 87% accuracy, while ResNet attained a slightly
higher 89% accuracy for blood group classification using
fingerprint images. The difference in performance can be
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attributed to the structural advantages of ResNet over
standard CNN architectures.

1. Feature Extraction Capability

Multiple convolutional layers make up CNN, which uses
fingerprint images to extract hierarchical characteristics. It
may have trouble with deeper feature extraction, which is
essential for differentiating minute differences in
fingerprint textures linked to various blood groups, even
when it successfully learns significant patterns. However,
by using skip connections, also known as residual
connections, ResNet (Residual Network) enables the model
to acquire deeper representations without experiencing
vanishing gradients. It can capture more complex
fingerprint details thanks to this deeper network structure,
which somewhat improves performance.

2. Handling of Vanishing Gradient Problem

A major challenge in deep networks is the vanishing
gradient problem, where gradients become too small during
backpropagation, making it difficult for deeper layers to
learn effectively. CNN, being a relatively shallower model,
is less affected but still limited in depth. ResNet, however,
overcomes this issue using residual learning, allowing
gradients to flow more effectively through deeper layers.
This leads to better feature learning and ultimately a slight
increase in accuracy.

3. Generalization Ability

ResNet’s architecture enables it to generalize better across
diverse fingerprint images, reducing overfitting and
improving performance on unseen data. This explains its
2% higher accuracy compared to CNN.

Figure 3: Accuracy and Loss Graphs for CNN
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Train vs Validation Loss

Figure 4: Accuracy and Loss Graphs for ResNet
CONCLUSION

In this work, we investigated fingerprint-based blood group
categorisation using deep learning models, namely
Convolutional Neural Networks (CNN) and ResNet. Both
algorithms proved to be successful in correctly predicting
blood types and extracting important fingerprint traits.
Nonetheless, experimental findings show that ResNet
performs better in terms of accuracy and resilience than
conventional CNN networks. ResNet’s ability to handle
deep feature extraction, mitigate vanishing gradient issues
through residual learning, and capture intricate fingerprint
patterns makes it a superior choice for this application.
While CNN also provides good results, ResNet's deeper
architecture  ensures higher accuracy and better
generalization across different fingerprint samples. Overall,
both CNN and ResNet contribute to the advancement of
non-invasive blood group detection techniques. The
suggested strategy presents a viable substitute for
conventional serological techniques, offering a quicker,
automated, and more dependable option that may be used
in emergency situations and hospital settings. Future
research can concentrate on refining these models even
more and incorporating them into embedded or real-time
mobile systems for useful implementation.
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