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Abstract- A person’s blood type might show up in the
swirls of their fingertips. Fingerprint pictures take the
place of test tubes and needles here. Through software
tricks, those tiny lines get sharpened and tidied up. Clear
ridges mean better clues for the next step. Patterns
hidden in the skin emerge after digital cleanup. Machine
smarts search for links between grooves and blood kinds.
‘What once needed labs now leans on image math instead.
Once cleaned up, the fingerprint pictures give out main
traits fed into learning systems. Though several methods
like SVM, Random Forest, KNN, plus Gradient Boosting
take turns being tested, one stands out in guessing right
more often. This work aims at building something swift,
hands-off, yet simple enough to help when knowing
blood type fast matters - say during crises or far from
labs.
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L. INTRODUCTION

Right now, tech shapes how health care gets better. Spotting
someone's blood type matters a lot - think surgery, crashes,
or giving blood. Usually, labs handle this by drawing blood
and using special chemicals to test it. True, the results are
correct, yet it takes time, tools, plus people who know what
they’re doing. One way to look at blood types starts with
fingerprints. These skin ridges differ sharply from person to
person, showing up clearly through digital scans. When
software learns from many examples of these prints, certain
shapes begin linking to specific blood categories. Learning
such links takes large sets of tagged images. Patterns hidden
in swirls and loops might carry clues about biology beyond
identity. What matters most isn’t swapping out lab tests
entirely. Instead, it’s about building something faster that
backs up decisions when time in medicine gets tight.
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Nowadays, learning machines show up in nearly every corner
of medicine. Spotting diseases in images? That’s one way they
pitch in. Not limited to detection alone, they sometimes
forecast issues before symptoms appear. Speeding things up
for doctors, technology backs choices while leaving final calls
to people. Mistakes are a concern for certain folks. Yet many
believe early warnings are getting stronger because of it.
Every day inside medical centers, clever programs scan details
humans could miss. Not spelling - numbers do the thinking,
trained by countless old records. Quick decisions? They grow
from solid facts put together right. Each print unique like a
signature, never fades under pressure. Team them up,
suddenly new ways to help patients start showing up.
Fingerprints start forming before a baby arrives, then never
change later. Loops, swirls, or peaks along the skin set
everyone apart. Research connecting these tiny ridges to traits
such as blood group has shown hints of ties. As experts dig
further, smart software picks up subtle clues human eyes often
skip. Proof remains uncertain - still, technology untangles
what seems too tangled by hand. Pictures of fingerprints are
cleared up at the start, using steps that sharpen details while
removing fuzzy patches. The clear parts become digits rather
than curves or edges. After studying many labeled samples
over time, the system gradually notices patterns linked to
blood groups.

What pushes this design ahead is a rush to know when timing
matters most. Labs give solid answers - yet speed sometimes
beats precision at first. In tight windows, delays can stall
decisions. Ahead oflab work, it fits in quietly. Not here to take
over testing - but to show up earlier. Sure, old ways win when
it comes to precision. Still, moments pop up where waiting
slows things down too much. That space gets covered here,
without fanfare. Full checkups just aren’t possible whenever
seconds count.

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)
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II. L TERATURE SURVEY

1.“Secure Blood Group Using ML Technology” — S.
Karthikeyan, R. Priyanka, and M. Sangeetha (2023)
This paper explores the study focused on using
dermatoglyphic parameters including total ridge count, ridge
density, and pattern type identification such as loops,
arches, and whorls.

2. “Blood Group Classification” — P. Sharma and A.
Gupta (2022) The study by Fatma Nada Khalifa et al.
(2021) investigates the possible relationship between
fingerprint patterns and blood groups among a sample of 221
healthy Egyptian individuals.

3.” Blood group classification on based on image
processing”  (2021) The researchers conducted an
observational study, where fingerprints of the participants
were collected and classified into major dermatoglyphic
patterns such as loops, whorls, and arches, along with
measurements of ridge density.

4. Cross sectional analysis of fingerprint patterns in
blood groups (2023) The study by Surendra Kumar Sah,
Samyog Mahat, et al. (2023) presents a cross-sectional
analysis aimed at exploring the association between
fingerprint patterns and blood groups among

200 medical students.

III. PROBLEM STATEMENT

Statement - Nowadays, figuring out someone's blood type
usually happens inside a lab. Getting it done means drawing
blood, using specific chemicals, having working tools
nearby, plus people who know how to run tests. Even if the
answer turns out correctly, waiting slows things down -
especially when help is needed fast. When seconds count,
delays show up because supplies or experts might not. A
shift toward speed matters now, especially when labs aren’t

down delays caused by older methods needing special tools
and experts. Instead of relying solely on people, smart
algorithms scan ridge patterns, linking each mark to a likely
blood type. Errors drop when machines handle repeats
instead of tired eyes doing it again. In urgent cases - like
sudden injuries - answers come quicker, shaping choices
before time runs out. Guarding private details matters just as
much; encrypted layers keep health records locked away
from risks. Built to grow without breaking, the setup stays
simple even when more users join in. Hospitals might adopt
it first, though remote clinics benefit too where supplies run
thin. Efficiency rises not because tech replaces humans but
because tasks flow smoother behind the scenes. Quiet
improvements like this shift how care moves from guesswork
toward precision. One way it helps. By making room for
fresh tech like machine learning to step into healthcare. Built
with savings in mind, it cuts down on heavy spending on lab
setups.

Motivation:

e To reduce dependence on traditional laboratory-
based blood testing.

e To develop a non-invasive blood group prediction
approach.

e  To assist healthcare professionals during emergency
situations.

e To improve accessibility in rural and remote
healthcare centers.

e To reduce human errors in manual blood typing.

e To create a faster response system for critical
medical decisions.

e To design a scalable and efficient prediction

within reach. Tech steps in where needles and test tubes fall framework
short. Prediction moves ahead not through samples but
signals. Distance from lab work doesn’t mean stepping back IV.OBJECTIVE

from accuracy. Tools rise to fill gaps once left open by
tradition. Speed meets simplicity outside sterile rooms.
Reliance on machines grows while waiting fades.

Explanation- Fingerprint clues might one day help reveal a person’s
blood type. Instead of drawing blood, this work explores how ridge
shapes, line flows, and small details in fingerprints may contain useful
information. The patterns hidden in skin textures can become data
points for analysis. Machine leaming models study these details and
leam to associate them with specific blood groups. This approach
focuses on making the process quick, simple, and painless, without the
need for needles or traditional laboratory tests. Identification gradually
moves toward touch-based scanning methods where each curve, ridge
ending, or split in a fingerprint may carry meaningful signals. By
feeding fingerprint images into intelligent algorithms, the system leams
to detect subtle differences in pattems. These results aim to classify
fingerprints accurately based on biological relationships that may not be
visible to the human eye. Such a method introduces a new direction
where identity verification could also provide insights about health
characteristics through friction ridge pattemns. Testing therefore shifts
from laboratory experiments to digital pattern recognition. What
appears to be simple swirls and loops in fingerprints contains structured
pattems that machines can interpret. In this way, fingerprint impressions
are transformed into meaningful insights without the need to collect
blood samples, offering a fast and non-invasive altemative for analysis.

laboratory-based blood testing methods, which are time-
Picking up speed, analyzing fingerprints with software cuts
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One goal here is to build a smart tool that guesses blood type
from fingerprints using machine learning. Instead of drawing
samples, it looks closely at ridges, bends, and tiny points in the
print. Through digital image work, those visual clues turn into
numbers a computer can understand. Afterward, several
learning models learn this number patterns linked to specific
blood types. Speed matters, so the idea works best when quick
answers are needed without needles or labs. Even remote places
might benefit since equipment demands drop sharply. Testing
shows whether predictions hold up across diverse skin textures
and print qualities. Accuracy climbs when more varied data
feeds the training stage. Because results come fast, help could
arrive sooner during urgent cases. Less waiting means faster
decisions when every second counts. This path skips some
classic lab steps while still aiming for reliable outcomes. From
another angle, simplicity guides the design - scalability fits right
in, security tags along. Biometric information stays protected
without slowing down precision or speed. Looking closer, this
effort shows what artificial intelligence brings to healthcare: a
leaner way to figure out blood types using smart tech instead of
heavy costs.
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V.METHODOLOGY

1.Data Collection

Folks give fingerprint scans after their blood type has been
recorded. Once gathered, those prints get sorted, then clean
up a bit so they’re ready to move forward.

2.Image Preprocessing

Fresh off the scan, fingerprints get wiped off specks and
smudges for sharper detail. Though originally messy, they
shift into gray tones, then stretch or shrink just enough to
match size.

3.Feature Extraction

Fingerprint details like ridge shapes, how they move across
the surface, also where they split or stop get picked out first.
From there, those traits turn into numbers, so algorithms are
able to process them.

4.Model Training

A mix of methods - Support Vector Machine, Random
Forest, K-Nearest Neighbors, along with Gradient Boosting
- get shaped by the selected features during training. Though
each handles patterns differently, they all rely on those same
inputs to learn. While one might weigh distances, another
follows decision paths. Each model adjusts its inner logic
based on what the data shows. Where some split repeatedly,
others draw boundaries.

5.Testing and Evaluation

A split happens within the data - some parts train, others test.
Once learning finishes, fresh untouched examples check how
well it works. Numbers like accuracy show results, along
with precision and recall shaping the full picture.

6.Model Selection

A different version gets picked if it guesses outcomes more
correctly than others. This one then moves into the main
setup.

DATA COLLECTION

]

FEATURE EXTRACTION

l

MACHINE LEARNING ALGORITHMS

l

MODEL TRAINING AND EVALUATION

|

RESULTS AND ANALYSIS

VL. SYSTEM ARCHITECTURE

Starting off, a fingerprint picture comes in - grabbed by a
scanner or pulled from stored data. Next up, that image gets
cleaned; messy bits fade out so clarity steps forward. With
sharper detail now visible, key traits rise ridges curve, tiny
split points show, patterns emerge like whispers. Numbers
take shape from those clues, turning physical marks into
digital code. data and used to train different machine learning
models. Algorithms such as Support Vector Machine, forest
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of decision trees learns from marked examples, just like
neural nets do, spotting signs tied to different blood types.
Features inside a fresh fingerprint scan get examined once it
arrives, guiding the model toward a likely match. Out comes
a conclusion - something like A+, B+, AB—, or O+ - shown
plainly on screen. Step by step, without pauses, the process
moves forward, turning images into answers quietly, without

fussing.
o
Blood Shde
Preprocessing
Image Apply SIFT or ORB
Detect blood group

VL ULTS

Once the models were trained and tested, they managed to
guess blood types with decent precision. Because of careful
data cleanup and smart selection of traits, their guesses got
sharper. While several methods were tried, certain ones sorted
the categories more successfully than the rest. It turns out
fingerprints might someday help confirm a person’s blood

type.
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VII. DISCUSSION

Fingerprint designs might hint at someone's blood type when
studied with machine learning. Starting from tagged samples,
the model picks up links between ridge shapes and specific
blood groups. Even if early outcomes look hopeful, how well
it performs ties closely to data volume and clarity. Better
results could come from richer datasets or smarter algorithms
down the line. Think of this approach as more like backup
support, not an alternative to standard lab checks.
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