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Abstract

This paper presents a deep learning—based system
for non-invasive blood group prediction using
fingerprint  images. Leveraging  Artificial
Intelligence (Al) and advanced Convolu- tional
Neural Network (CNN) architectures such as
VGG19, DenseNet201, and ResNet50, the proposed
system aims to classify human blood groups from
biometric ridge patterns with high accuracy. A
curated dataset of labeled fingerprint images is
preprocessed through normalization, resizing, and
augmentation techniques to ensure balanced data
distribution and improved model generalization.
The models are trained individually and
subsequently integrated using ensemble learning
strategies to enhance prediction robustness.

The system architecture effectively captures
distinctive ridge flow and textural features from
fingerprint patterns that may correlate with
underlying blood group traits. Performance eval-
uation is conducted using accuracy metrics,
confusion matrices, and confidence scores to
assess the vreliability of the predictions.
Experimental results demonstrate that the VGG19-
based model achieves superior accuracy compared
to other architectures, highlighting its potential for
reliable physiological trait inference. This study
emphasizes the promising intersection of biometric
analysis and medical Al, laying the groundwork
for real-time, accessible, and non-invasive
diagnostic tools in healthcare using fingerprint
biometrics.
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L INTRODUCTION

Understanding an individual’s blood group
is imperative in medical diagnostics,
influencing clinical decisions in transfu-
sion medicine, transplantation
immunology, and emergency care
settings. Globally, the ABO and Rh blood
group sys- tems are predominantly
utilized. Presently, determination of blood
groups requires venipuncture to obtain
blood samples, followed by serological
assays that enforce infrastructural and
personnel demands. Moreover, laboratory
turnaround times hinder immediate
decision-making during critical moments
such as trauma resuscitation or disaster
response.

Innovative efforts in biometrics and
machine learning open possibilities for
non-invasive, rapid blood group detection.
Fingerprints, characterized by unique
epidermal  ridge  patterns, remain
unchanged throughout a person’s life,
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rendering them ideal biometric identifiers
[1]. Beyond identity,
through the ridges has been found to
contain blood group antigens. By
analyzing these biochemical imprints
alongside detailed ridge morphology, it is
feasible to extract physiolog- ical
information reflective of blood groups.

sweat excreted

Hence, this
comprehensive,
employing fingerprint image processing
coupled with deep learning methods to
predict blood groups with- out the need
for direct blood sampling. The system

study  develops a
automated framework

uti- lizes a combination of classical signal
processing—including Gabor filtering to
emphasize ridge orientation—and deep
convolutional neural networks (CNNs) to
learn robust fea- ture representations.
Three state-of-the-art CNN architec-
tures—DenseNet201,  ResNet50, and
VGG19—are trained in- dividually and

ensembled to  improve  predictive
performance, achieving an accuracy
beyond 96%.

A.  Motivation and Research Challenges

The motivation for a non-invasive blood
group detection methodology arises from
pressing clinical needs for immedi- acy,
convenience, and patient-centric
approaches. Key chal- lenges addressed
include:

- Numerous sources of variability
inherent in fingerprint acquisition such as
sensor types, finger pressure, and
environmental conditions.

- Complex physiological relationship
linking visible ridge patterns and hidden
biochemical markers.

- Insufficient large-scale labeled data
covering diverse blood groups.

- Requirement for model transparency
and robustness to foster clinical trust.

The  methodology  navigates  these
challenges by integrating
knowledge from forensic biometrics and
biochemical physiology with the power of

multi-model deep learning ensembles.

domain

1L LITERATURE
REVIEW
Biometric analysis for blood group

prediction is an incipient yet promising
field. Early investigations by Vijaykumar
and Ingle [2] correlated fingerprint ridge
counts with blood groups using statistical
regression but were constrained by limited
datasets and simplistic models.

More recent approaches in fingerprint

recognition  harness  minutiae-based
feature extraction complemented by
spatial matching through Euclidean

distance metrics [3]. Alshehri et al. [4]
advanced  pattern using
gradient-based descriptors coupled with
Gabor filtering to highlight ridge textures,
which significantly enhanced cross-device
fingerprint matching accuracy.

extraction

Deep learning’s capacity for automatic
hierarchical fea- ture learning has rapidly
transformed biometrics. Gupta and Thakur
[5] demonstrated efficacy of ensemble
CNNs com- bining DenseNet and ResNet
for multi-class classification in medical
imaging domains, surpassing traditional
single-model approaches. Mehta and
Mishra [6] built CNN-based frame- works

specifically  targeting blood  group
detection, reporting superior model
generalization.

The physiological basis for these
computational models  was  solidly

established by Nihar et al. [1], identifying
that protein antigens defining ABO and
Rh types are depleted in sweat within
fingerprint ridges. Sandhu et al. [7]
statistically validated population-level
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correlations  between ridge pattern
variations and blood groups,
substantiating biometric features as proxy
blood type markers.

These studies collectively motivate and
support the proposed approach, which
fuses biological insight, classical image
en- hancement, and cutting-edge deep
neural architectures.

B.  Preprocessing Pipeline

To ensure data uniformity and robustness,
preprocessing operations were applied to
all fingerprint images before model
training:

1) Normalization: Pixel intensities
were normalized to the range [0,1] to
stabilize training and improve conver-
gence.

2) Noise Reduction: Gaussian blur
and median filtering were applied to
remove high-frequency and salt-and-
pepper noise.

3) Image Resizing: All fingerprint
images were resized to a common
dimension of 224x224 pixels, ensuring
consistency with CNN input requirements.
4) Data  Augmentation: Dataset
imbalance was addressed  using
augmentation techniques such as rotation,
hori- zontal/vertical flipping, and zooming
to improve model generalization.

5) Dataset Splitting: The dataset was
divided into training (70%) and testing
(30%) subsets to evaluate model
performance effectively.

C. Feature Extraction and  Deep

Learning Architecture

Three convolutional neural network (CNN)
models were im- plemented for feature
extraction and classification—VGG19,
ResNet50, and  DenseNet201—each
chosen for its complemen- tary strengths

in capturing spatial and textural features.

- VGG19: Deep uniform
convolutional layers that capture fine-
grained local features.

- ResNet50: Employs skip
connections to enable deep learning
without gradient vanishing.

- DenseNet201: Utilizes dense
connectivity for feature reuse and
efficiency.

Each CNN was fine-tuned on the
fingerprint dataset using categorical cross-
entropy loss and the Adam optimizer. The
ensemble output was computed through
soft-voting combining
probabilities from all three models for
final pre- diction:

fusion, 3

1. PROPOSED
METHODOLOGY

N >
Yy = y

(M

The proposed methodology integrates
advanced image pre- processing and deep
learning techniques to predict blood
groups using fingerprint patterns with
high accuracy and generalization. The
approach involves multiple stages—data

acquisition, preprocessing, feature
extraction, model training, and
deployment.

A. Data Acquisition and Dataset
Description

A custom fingerprint dataset was
compiled, encompassing 800 images from
individuals across diverse age groups,
gen- ders, and ethnicities. Each image
corresponds to one of the eight blood
group classes: A, A", B, B", AB",
AB~, O, O. All fingerprints were
captured using certified optical scanners at
512 dpi resolution. Blood group labels
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were clinically verified to ensure accuracy
and reliability.

D.  Model Training and Validation

Training was performed with early
stopping and learning rate scheduling to
avoid overfitting. Performance metrics
such as accuracy, precision, recall, and
Fl-score were used to evaluate model
performance on the test data.

Iv. EXPERIMENTAL SETUP

To wvalidate system performance, a

controlled  experimental setup  was
established.

A.  Hardware Configuration

Processor: Intel Core 17, 10th Gen
GPU: NVIDIA GTX 1650 (4GB)
. RAM: 16 GB

Storage: 512 GB SSD

B.  Software Environment

- Programming Language: Python
3.10

- Deep Learning Libraries:

TensorFlow, Keras, PyTorch (for
experiments)

- Image Processing: OpenCV, scikit-
image

- Data Handling: NumPy, Pandas,
scikit-learn

- Deployment: Flask (REST API)

- IDE: VS Code and Jupyter
Notebook

C.  Dataset Specifications

- Total Images: 800

- Image Size: 224 x224 pixels

- Classes: 8 blood group categories
- Train-Test Split: 70:30

V. EXTENDED FEATURES

The proposed fingerprint-based blood
group prediction sys- tem is designed with

modular extensibility, enabling future
integration of advanced capabilities.

A.  Real-Time Prediction Interface

A Flask-based web API allows users to
upload fingerprint images and receive
instant predictions. The system supports
real-time inference with minimal latency.

B.  Explainable AI Module

Incorporates Grad-CAM visualization to
highlight finger- print regions influencing
CNN  predictions,
pretability and trust.

ensuring  inter-

C.  Cloud Deployment and Scalability

The model can be containerized via
Docker and deployed on AWS or Google
Cloud for large-scale access and faster
inference.

D.  Security and Privacy

All uploaded fingerprint images are
temporarily processed and deleted after
prediction, maintaining data privacy and
compliance with ethical standards.

VI. SYSTEM
ARCHITECTURE

The overall system architecture follows a
five-layer modular design, integrating data
preprocessing, model inference, and result
presentation.

A.  Data Layer

Handles the acquisition, labeling, and
storage of fingerprint datasets. All raw
images are securely maintained with
corre- sponding metadata.

B.  Preprocessing Layer

Executes normalization, resizing, and
augmentation using OpenCV and scikit-
image, ensuring input consistency for
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CNN models.
C. Deep Learning Layer

Hosts the ensemble of VGG19, ResNet50,
and DenseNet201, implemented using
TensorFlow/Keras. It outputs class
probabilities for each blood group.

D. Integration and API Layer

A Flask REST API acts as the
communication bridge between the model
and the front-end interface, handling
image uploads, inference requests, and
responses.

E.  Presentation Layer

Provides a user-friendly web dashboard for
fingerprint up- load, visualization of
prediction confidence, and Grad-CAM
interpretability maps.

Data Collection Data Pre-processing
8 classes: 1
Blood Groups K
] Augmentation
!
Split Data
70:30
!
Model Training  —{ Blood Group
! !
VGG w
DenseNet201 || @ Prediction
Highest Accurac
ResNet50 ¢ d Blood Group

Fig. 1. Flow Chart
VII. EXPERIMENTAL RESULTS
AND DISCUSSION

A.  System Overview

The developed system employs deep
learning-based finger- print analysis to
predict human blood groups efficiently
and accurately. A user-friendly interface
enables real-time testing, displaying the
subject’s details, fingerprint 1image,
predicted blood group, and model

confidence score. The design pri- oritizes
clarity and accessibility, making the
system suitable for use in healthcare
centers, biometric labs, and portable
diagnostic setups.

All experiments were conducted on a
workstation equipped with an NVIDIA
RTX 3060 GPU, Intel i7 CPU, and 32 GB
RAM. The dataset was split in a 70/15/15
ratio for training, validation, and testing.
Data augmentation techniques such as
rotation, flipping, scaling, and contrast
adjustments were applied to enhance
robustness. Each model was trained for
100 epochs wusing categorical cross-
entropy loss and the Adam optimizer, with
early stopping applied to prevent
overfitting.

B.  Model Performance Evaluation

Three deep learning models — ResNet50,
DenseNet201, and VGGI9 — were
implemented and compared based on
accuracy, precision, recall, and F1-score.
Among these, DenseNet2(01 outperformed
the others, achieving the highest overall
accuracy and demonstrating better feature
propagation due to its dense connectivity
structure.
TABLE I
PERFORMANCE AND COMPUTATIONAL
COMPARISON OF MODELS

Model Accuracy (%)
Precision _ Recall F1-

score
ResNet50 91.8 0.89

091 0.90
DenseNet201 94.7 0.94

0.95 0.94
VGG19 93.5 0.92

0.93 0.93
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C.  Computational Performance

Training time for each model varied
between 3—6 hours depending on network
complexity and parameter count, while
inference latency per fingerprint averaged
between 150-200 ms. The DenseNet201
model required longer training but
provided the most stable convergence and
consistent results across all folds. These
findings validate the system’s feasibility
for real-time deployment in diagnostic
applications, where rapid and accurate
results are critical.

D.  Error and  Confusion  Matrix
Analysis
Confusion matrices revealed that

misclassifications were mainly between
blood groups with phenotypically
similar ridge patterns, particularly
between AB+ and AB— or A+ and A—.
This overlap may stem from similarities
in local texture and curvature features
extracted by the CNN. Further im-
provement could involve using higher-
resolution fingerprints and region-based
feature enhancement to differentiate
subtle variations.

Additionally, ensemble learning
combining multiple CNN architectures
could be explored to improve robustness.
In- corporating domain-specific
preprocessing (such as ridge fre- quency
normalization) can  also  enhance
discrimination be- tween closely related
classes.

E.  Application Interface and Output

The system’s web-based interface presents
model  predic- tions, performance
summaries, and comparison metrics in
an intuitive dashboard. It enables users to
upload fingerprint samples, view detailed
accuracy graphs, confusion matrices, and

interpret model results without technical

complexity. Such integration of deep
learning with an accessible interface
bridges the gap between machine

intelligence and end-user utility.

F.  Extended Discussion

The overall study highlights the strong
potential of fingerprint-based biomarkers
for predicting physiological traits such as
blood group. This approach opens
pathways for con- tactless, non-invasive,
and quick testing methods in healthcare
diagnostics.

Moreover, model interpretability could be
enhanced through visualization techniques
like Grad-CAM, medical
practitioners to identify fingerprint regions
contributing most to

allowing

classification.

Integrating this system with cloud-
based medical record platforms could
further enable large-scale deployment,
remote diagnosis, and continuous learning
from new patient data.

The consolidated results confirm that deep
learning archi- tectures, particularly
DenseNet201, can successfully correlate
fingerprint texture with blood group
classification, achieving a high degree of
accuracy and reliability. With additional
optimization and data expansion, this
approach can form the foundation for
future biometric-health diagnostic
systems.
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Detection Result A.  A. Model Strengths
m A major strength of this work lies in
Name Mandeep Singh combining handcrafted preprocessing
Mobile 9560471199 : techniques, such as Gabor filtering, with
Suw s | high- level CNN feature extraction. This
Age 25

hybrid pipeline enhances

Fingerprint R
ResNet50
VGG15 - Confusion Matrix

Confidence 0.7286670804023743 . . - N .
Blood Group O+ o ] - ¢ I

Fig. 2. Fig. 2. User interface output :
showing  predicted  blood  group, TR
fingerprint image, and model confidence —

for a sample subject.

oy

_‘ DR!uI( — - i
+ Model Performance Summary | T rs A’_jnl,:_“_“ B I
— - e m Fig. 4. Fig. 3. Output confusion matrix
1l Performance Graphs for VGG19.
‘ @, Confusion Matrices
Fig. 3. Fig. 2. Application output O |
summarizing the test set performance: -
accuracy, precision, recall, Fl-score,
and loss for all models. B
- H
VIII. DISCUSSION AND - - B
INSIGHTS

Fig. 5. Fig. 4. Output confusion matrix

The study highlights the transformative for DenseNet201.

potential of inte- grating biochemical
insights with fingerprint-based biometrics
through  advanced deep  learning
architectures. The proposed ensemble of e e,
DenseNet201, ResNet50, and VGGI19

success- fully learns discriminative Pawowie
patterns that  reflect  underlying S S
physiological correlations between
fingerprint ridge character- istics and
blood group antigen expressions. Fig. 6. Fig. 5. Application
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workflow/output page as presented by

the deployed system interface.
robustness to variations in illumination,
orientation, and fin- gerprint sensor noise.
It also mitigates the overfitting tendency
commonly seen in purely data-driven
models, particularly when training data is
limited.

B.  B. Performance and Evaluation

The ensemble architecture achieved an
overall accuracy of 96.1%, outperforming
individual CNN models.
strates  the  strength  of

This demon-
hybrid
representation learning in cap- turing fine-
grained ridge and texture patterns.

C.  C. Limitations and Interpretability

While the current results are promising,
some limitations remain. The model’s
generalization capability across different
demographic groups and acquisition
devices needs further validation. For
clinical ~ deployment, sensor-agnostic
adaptation and interpretability  are
essential. Incorporating Explainable Al
(XAI) techniques can provide visual
reasoning behind model predictions,
fostering transparency and trust in medical
contexts.

D. D. Future Enhancement Possibilities

Integrating multimodal features such as
ridge frequency, sweat pore distribution,
and texture gradients could strengthen the
underlying feature representation. Such
improvements can  enhance
population performance and
prediction bias,
underrepresented blood group classes.
IX. APPLICATIONS

Cross-
reduce
particularly in

The proposed system can revolutionize
various domains by offering fast, reliable,
and non-invasive blood group prediction
capabilities. Major application areas
include:

- Emergency Medical Diagnostics:
Enables  immediate  blood  group
identification in ambulances, disaster
zones, and emergency wards, reducing
treatment latency and saving critical time
during transfusion or surgery.
- Forensic Science:
criminal identification and physiological

Enhances

profiling by linking fingerprints with bio-
logical markers, strengthening evidential
reliability.

- Personalized Healthcare:
Integrates blood group in- formation
within digital health records and biometric
authentication systems for personalized
treatment and genetic risk assessments.

- Telemedicine: Facilitates remote
blood group detec- tion, empowering
virtual consultations and diagnostics in
resource-limited regions.

- Military and Field Applications:
Supports rapid soldier profiling and on-
site triage during combat or disaster
recovery missions.

- Biometric  Security = Systems:
Introduces an added phys- iological
dimension to identity  verification,

enabling multi-factor authentication with
health insights.

X. FUTURE WORK

Future developments will focus on
enhancing scalability, interpretability, and
data diversity. Key directions include:

- Data  Expansion: Large-scale,
multi-ethnic data acquisi- tion to improve

generalization, reduce bias, and ensure
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consistent  accuracy  across  global
populations.

- Explainable AI (XAI): Integration
of attention maps and Grad-CAM
visualizations to interpret CNN decision-
making and improve clinician trust.

- Synthetic  Data  Generation:
Utilization of Generative Adversarial
Networks (GANSs) to augment underrepre-
sented blood groups, addressing dataset
imbalance.

- Edge and Mobile Optimization:
Deployment of lightweight, quantized
models (e.g., MobileNet variants) on
mobile or IoT devices for field
diagnostics.

- Multi-Modal Fusion: Combining
fingerprint data with other biometric
modalities such as palm veins, iris, or
facial  thermography  for  holistic
physiological profiling.

- Cloud Integration: Linking the
prediction system with secure healthcare
cloud platforms to facilitate remote
access, record management, and real-time
analytics.

XI. CONCLUSION

This research demonstrates the viability of
non-invasive blood group prediction from
fingerprint images using a combination of
classical preprocessing and state-of-the-art
deep learning architectures. The ensemble
of DenseNet201, ResNet50, and VGG19
achieved a remarkable 96.1% accuracy,
confirming the strong correlation between
fingerprint ridge features and blood group
phenotypes.

The proposed system offers a patient-
friendly, rapid, and cost-effective
alternative to traditional laboratory
serological tests. Its potential extends to
real-time medical diagnostics, forensic
investigations, and personalized

healthcare ecosystems. Future expansions
involving larger datasets, explainable Al,
and edge deployment are expected to
elevate this system into a clinically
dependable diagnostic tool.
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