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Abstract: The prediction of a person's blood group based on their fingerprints represents an innovative approach that 

merges biometric identification with medical data. This project explores the use of Convolution Neural Networks 

(CNNs), a powerful class of deep learning algorithms, to predict an individual’s blood type from fingerprint images. 

The CNN is trained on a large dataset containing fingerprint images and their corresponding blood group labels. The 

model learns to recognize unique patterns, such as ridge and valley configurations, that may have subtle correlations 

with the individual’s blood type. According to preliminary findings, the CNN-based technology can attain encouraging 

accuracy levels, indicating a potential substitute for conventional blood group identification techniques. Enhancing 

model accuracy, growing the dataset, and resolving possible ethical and privacy issues with the use of biometric data 

will be the main goals of future study. While the primary goal of this research is to explore the feasibility of blood 

group prediction using fingerprints, the findings could have broader implications in fields like security, healthcare, and 

forensic investigations. 

 

By learning visual patterns and agglutination characteristics present in the samples, the CNN model can classify blood 

types with high accuracy. This approach significantly reduces diagnostic time and human dependency, offering a 

scalable and efficient alternative to conventional methods. The results demonstrate the potential of AI-powered 

diagnostic tools in transforming healthcare delivery, particularly in remote or resource-limited settings. Future work 

will focus on expanding the dataset, refining the model, and validating the system in real- world clinical environments. 

 

Keywords: Blood Group Prediction, Fingerprint Recognition, Convolution Neural Network (CNN), Deep Learning, 

Biometric Identification, Medical Image Classification, Pattern Recognition. 

 

I. INTRODUCTION 

 

Fingerprints, unique to every individual, have been extensively used in biometric identification due to their distinct 

patterns and ridge structures. Recent studies suggest that these patterns might carry more information than previously 

thought, potentially correlating with physiological characteristics like blood groups CNNs have revolutionized various 

fields, including medical imaging, where they have shown remarkable success in detecting diseases from X-rays, 

MRIs, and other imaging modalities. The core idea is to train a CNN model on a dataset comprising fingerprint images 

labeled with corresponding blood group information. The model learns to identify subtle features and patterns in the 

fingerprints that correlate with different blood groups. The process begins with the collection of a diverse dataset of 

fingerprint images and their associated blood group labels. This dataset forms the basis for training and validating the 

CNN model. Several CNN architectures, such as AlexNet, VGG16, ResNet, and Inception, will be explored to 

determine the most effective model in terms of accuracy, computational efficiency, and generalizability. Each model 

undergoes a rigorous training process involving image preprocessing, data augmentation, and optimization techniques 

to enhance performance. This research aims to establish a proof-of-concept for using fingerprint images as a non-

invasive method for blood group detection. 

 

II. LITERATURE REVIEW 

 

Association between Fingerprint Patterns and Blood Groups: 

➢  A foundational aspect of this research is the hypothesis that certain fingerprint patterns correlate with specific 

blood groups. 

➢  A comprehensive review by Kanchan et al. (2020) delved into the potential associations between fingerprint 

patterns, blood groups, and lifestyle-related diseases.  

➢ The study highlighted the uniqueness and permanence of fingerprint patterns, suggesting a possible link 

between these patterns and an individual's blood group. 

https://iarjset.com/
https://iarjset.com/


IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.066Peer-reviewed & Refereed journalVol. 13, Issue 7, July 2026 

DOI:  10.17148/IARJSET.2026.13703 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                  16 

ISSN (O) 2393-8021, ISSN (P) 2394-1588 

Implementation of CNNs for Blood Group Prediction: 

➢ Optimized CNN Approaches: Ingle et al. (2023) proposed an optimized CNN model, extending the Alex Net 

architecture, to predict ABO and Rh blood groups based on fingerprint patterns. 

➢  The study underscored the potential of deep learning in capturing intricate features within fingerprint images, 

achieving promising accuracy levels. 

 

Fingerprint Based Blood Group using Deep Learning: 

➢ Sivamurugan et al. (2024) presented a methodology utilizing CNNs to extract intricate characteristics from 

fingerprint images for blood group prediction.  

➢ The study demonstrated the potential of deep learning techniques in this domain, highlighting the importance 

of large, labeled datasets for training robust models. 

 

Non-Invasive Blood Group Prediction Using Optimized Efficient Net Architecture: 

➢ Ujgare et al. (8thfeb2024) proposed a non-invasive method for predicting blood groups by analyzing images 

of superficial blood vessels found on the finger.  

➢ They utilized an optimized EfficientNet architecture to classify ABO blood types without the need for skin 

pricking. 

➢ This approach offers a cost-effective and immediate identification method, holding promise for medical 

emergencies and scenarios where invasive procedures pose additional risks.  

 

Blood Group Prediction Using Fingerprint: 

➢ Prasad et al. (19th dec 2024) investigated the feasibility of predicting blood groups from fingerprint images 

using CNNs. 

➢ Their study involved collecting a diverse dataset of fingerprint images associated with known blood groups 

and training a CNN model to identify patterns correlating with different blood types.  

➢ The preliminary findings indicated that the CNN-based approach could achieve impressive accuracy levels, 

suggesting a viable alternative to traditional blood group identification methods.  

 

Blood Group Detection Using Fingerprint Images: 

➢ Sakshi Amrutkar published in the International Journal of Research in Applied Science & Engineering 

Technology (15thnov 2024) explored the application of CNNs for blood group prediction from fingerprint 

images.  

➢ After enhancing and normalizing the fingerprint images, the CNN model was trained to learn relevant features 

autonomously, achieving a classification accuracy of 90.5%. This study demonstrated that deep learning 

approaches could effectively automate blood group detection using fingerprints.  

 

Blood Group Determination Using Fingerprint Patterns: 

➢ Nihar et al. (18th march 2024) investigated the potential of fingerprint patterns for blood group 

determination. 

➢  They focused on analyzing ridge frequencies and employed Gabor filters to extract spatial features from 

fingerprint images. 

➢  The study highlighted the distinctiveness of fingerprint patterns and their potential correlation with specific 

blood groups, suggesting that such biometric features could be utilized for non-invasive blood group 

determination. 

 

Fingerprint-Based Blood Group Detection: Technologies and Advancements 

➢ Nidhiumashankar (4thnov 2024) published on ResearchGate explored various technologies and 

advancements in fingerprint-based blood group detection.  

➢ The research emphasized the unique and permanent nature of fingerprint patterns, making them a valuable 

biometric identifier. 

➢  The study discussed the application of CNNs in extracting intricate features from fingerprint images to predict 

blood groups, highlighting the advancements and challenges in this field.  

 

Blood Group Detection through Finger Print Images using Image Processing: 

➢ Authors: Dr. M Prasad, Amrutha (7thjuly 2023) published in the International Journal of Research in 

Applied Science & Engineering Technology investigated the application of image processing techniques for 

blood group detection through fingerprint images. 
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➢  The researchers analyzed various fingerprint patterns—loops, whorls, arches, and composites—to identify 

potential correlations with specific blood groups.  

➢ The study highlighted the significance of fingerprint patterns in predicting blood groups, suggesting that image 

processing methods could serve as a non-invasive alternative to traditional serological tests. 

 

Deep Learning-Based Blood Group Detection Using Fingerprints: 

➢ Abinaya (4thnov2024) by JP Infotech proposed a deep learning-based system for blood group detection using 

fingerprint images. 

➢  The system utilized the MobileNetV2 architecture, a lightweight yet effective CNN model, to analyze 

fingerprint images and predict blood groups.  

➢ The model achieved a training accuracy of 94% and a validation accuracy of 90%, demonstrating the potential 

of deep learning techniques in non-invasive blood group detection. 

➢  This approach offers a rapid and reliable alternative to conventional methods, particularly in resource-limited 

settings.  

 

III. SYSTEM ANALYSIS 

 

 4.1PROBLEM STATEMENT 

• Traditional blood group detection methods are invasive, time-consuming, and require specialized laboratory 

equipment and trained personnel. These methods involve extracting blood samples and performing serological 

tests to determine blood type, which can be uncomfortable for patients and may not always be immediately 

accessible, especially in resource-limited settings. 

• The increasing availability and sophistication of imaging technologies and machine learning techniques 

present an opportunity to develop alternative methods for blood group detection. Fingerprints, which are 

unique to each individual, are easily obtainable and have been widely used in biometric identification. There is 

potential for these biometric patterns to carry additional biological information, such as blood group markers, 

which can be extracted and analyzed using advanced image recognition algorithms. 

 

ADVANTAGES: 

• Non-Invasive: There is no need to draw blood, which lowers discomfort and infection risk.  

• Fast and Effective: After the model is trained, results are almost instantaneous. 

• Economical: reduces overall expenses by requiring only fingerprint scanners and computing equipment. 

• High Accuracy: CNNs have demonstrated efficacy in image recognition tasks and reduce human error, 

guaranteeing accurate predictions.  

• Accessible and Scalable: Easily deployable in a variety of environments, including places with low resources 

and remote locations. 

 

DISADVANTAGES: 

• Time-consuming: The procedure involves several steps, including blood sample collection, reagent 

preparation, and result interpretation, which can be slow and ineffective in emergency settings.  

• Invasiveness: Requires blood samples, which entails needle pricks and possible discomfort for patients.  

• Need for Specialized Staff and Equipment: To perform and interpret the tests, specialized staff and lab 

equipment are needed, which may not always be available, particularly in places with limited resources.  

• Human error: Inaccurate blood group identification may come from human error in the manual handling and 

interpretation of results.  

 

4.2 MOTIVATION: 

The primary objective of this study is to develop a non-invasive, accurate, and efficient method for blood group 

detection using fingerprint images analyzed by Convolutional Neural Networks (CNNs). This involves: 

Collecting and curating a diverse dataset of fingerprint images along with corresponding blood group information. 

Designing and training various CNN architectures to learn and identify patterns within fingerprint images that correlate 

with different blood groups. 

 

Evaluating the performance of these CNN models using metrics such as accuracy, precision, recall, and F1-score. 

Demonstrating the feasibility and potential of using fingerprint images for blood group detection, thereby providing a 

quick, non-invasive alternative to traditional serological methods. 
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4.3 DATA COLLECTION 

Step 1: Data Collection  

1. Data collection 

Fingerprint Dataset: Take participants' high-resolution fingerprint pictures. 

Blood Group Labels: Blood groups A, B, AB, and O, as well as Rh+ or Rh-if necessary, must be linked to each 

fingerprint. 

Verify participant consent and ethical approval. 

 

2. Image Resizing for Data Preprocessing: Make all fingerprint images the same size (e.g., 224x224 pixels). 

Normalization: Set the values of the pixels to either [0, 1] or [-1, 1]. 

Augmentation (optional): To enhance model generalization, use flips, rotations, and contrast modifications. 

 

3. CNN model design: 

Standardised fingerprint photos are accepted by the CNN Model Design Input Layer. 

Convolutional Layers: Use filters to extract characteristics from fingerprint patterns. 

Activation Functions: For non-linearity, use ReLU. 

Pooling Layers:  MaxPooling and other downsampled feature maps. 

Utilise dropout layers to avoid overfitting. 

Layers that are fully connected: flatten and decipher features that have been extracted. 

Softmax activation with as many neurones as blood group classes makes up the output layer. 

 

4. Dataset for Model Training:  

Train (70%), Validation (15%), and Test (15%). 

For multi-class classification, the loss function is categorical cross-entropy. 

Optimiser: SGD or Adam. 

Evaluation Metrics: Accuracy, Precision, Recall, F1-score. 

 

5. Model evaluation: 

  Examine the confusion matrix to assess performance by class. 

  For performance insights, use AUC scores and ROC curves (if relevant) 

  For robustness, use k-fold cross-validation. 

 

6.Deployment 

Use a lightweight framework (such as ONNX or TensorFlow Lite) to deploy the model for embedded or mobile 

systems. 

For real-time predictions, integrate a fingerprint scanner with a straightforward user interface. 

 

4.4 Data Pre-Processing 

Pre-processing is a procedure adopted to enhance the quality of images and increase visualization. In food imaging, 

image processing is a crucial phase that helps to improve the images quality. This can be one of the most critical factors 

in achieving good results and accuracy in next phases of proposed methodology. damage images may contain a 

different issue that may lead to poor and low visualization of the image. If the images are poor or of low quality, it may 

lead to unsatisfactory results. During preprocessing phase, we performed background elimination, elimination of non-

essential blood supplies, image enhancement, and noise removal. 

 

Image Cleaning & Enhancement Grayscale Conversion: 

 Convert images to grayscale to reduce complexity. Noise Removal: Apply filters (e.g., Gaussian, Median) to remove 

noise. 

 

Fingerprint Feature Extraction Extraction:  

Identify ridges, bifurcations, and terminations. Edge Detection: Use techniques like Sobel, Canny, or Gabor filters to 

highlight ridges. Frequency Analysis: Identify texture patterns and orientation fields. 

 

Image Resizing & Normalization Resizing:  

Resize all images to a fixed size (e.g., 128x128 or 256x256 pixels) to maintain uniform input to the CNN. 

Normalization: Scale pixel values between 0 and 1 (or -1 to 1) for stable CNN training. 
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IV.  SYSTEM DESIGN 

 

In Deep Learning, model building is the process of creating a computational structure that can learn from data and 

make predictions. This structure, called a model, is typically a series of interconnected layers, each performing a 

specific task. Here is a breakdown of the key steps involved: 

1. Defining the Model Architecture: Model architecture refers to the structure of the neural network—how many 

layers it has, what type of layers, how they’re connected, and how data flows through the model. 

2.Specifying Layers: Different types of layers serve various purposes. 

3.Input Layer: Defines the format of the data the model will receive (e.g., image size, numberof features). 

4. Hidden Layers: These layers perform the core computations and learning within the model. Convolutional layers in 

CNNs extract features from data, while fully connected layers learn complex relationships between those features. 

5. Output Layer: Produces the final prediction based on the processed data. 

6. Setting Hyperparameters: These are parameters that control the learning process of the model, such as the number 

of filters in a convolution layer, the number of neurons in a fully connected layer, or the learning rate (how much the 

model updates its weights based on errors).Choosing the right hyper parameters is crucial for optimal model 

performance. 

7. Compiling the Model: This step involves defining the loss function (how the model's errors are measured) and the 

optimizer (algorithm used to adjust the model's weights to minimize the loss). Additionally, metrics like accuracy are 

chosen to track the model's performance during training and evaluation. 

8. Training the Model: The model is trained on a large dataset of labelled examples. During training, the model 

processes the data, compares its predictions to the actual labels, and adjusts its internal weights based on the errors. 

This iterative process continues until the model achieves a desired level of accuracy. 

9. Evaluation: Once trained, the model's performance is evaluated on a separate dataset. This helps assess how well the 

model generalizes to unseen data and avoids over fitting (performing well on training data but poorly on new data). 

 

5.1 Convolution Neural Network(CNN) 

A Convolution Neural Network (CNN) is a type of deep learning model that is particularly well-suited for processing 

data that has a grid-like topology, such as images. CNNs are inspired by the natural visual perception process in living 

creatures, and they have proven to be highly effective for various computer vision tasks, including image classification, 

object detection and image segmentation. CNNs are a specialized kind of neural network that employs a unique 

mathematical operation called convolution. This operation is designed to extract relevant features from the input data 

by applying learned filters or kernels to the input. The filters are small matrices that slide across the input data, 

computing the dot product between the filter weights and the corresponding input values at each position. 

 

The key advantage of CNNs over traditional neural networks is their ability to capture spatial and temporal 

dependencies in the input data. By leveraging the convolution operation, CNN scan effectively learn and recognize 

patterns and features that are invariant to translation or small shifts in the input data. 

 

One of the core building blocks of a CNN is the convolution layer, which performs the convolution operation and 

generates feature maps that represent the responses of the learned filters. These feature maps capture distinct aspects of 

the input data, such as edges, textures and shapes. 

 

In addition to convolution layers, CNNs typically include pooling layers, which down sample the feature maps by 

summarizing the presence of features in local regions. This helps to reduce the spatial dimensions of the data and 

introduces a degree of translation invariance, making the learned representations more robust to small shifts or 

distortions in the input. 

CNNs often consist of multiple stacked convolution and pooling layers, with each layer learning increasingly complex 

and abstract representations of the input data. These learned representations are then fed into fully connected layers, 

similar to traditional neural networks, to perform the desired task, such as image classification or object detection. 

 

One of the key advantages of CNNs is their ability to automatically learn the most relevant features from the raw input 

data, without requiring manual feature engineering. This makes them highly versatile and adaptable to various domains 

and tasks, as long as the input data has a grid-like structure. 

 

CNNs have achieved remarkable success in a wide range of computer vision applications, including image recognition, 

facial recognition, self-driving cars, medical image analysis, and many more. They have also been adapted and applied 

to other domains, such as natural language processing and signal processing, by leveraging their ability to learn from 

sequential or time-series data. 
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5.2 Basic Building Blocks of Convolution Neural Network (CNN) 

The components of a Convolution Neural Network (CNN) can be broken down into several key parts: 

1. Convolutional Layers: These are the core building blocks of CNNs. Convolution layers apply convolution 

operations to the input data using learnable filters or kernels. These filters slide across the input data, extracting 

relevant features and generating feature maps. 

 

 
Fig. 1  A typical CNN 

 

Kernel: In the context of Convolution Neural Networks (CNNs), a kernel refers to a small matrix used for the 

convolution operation. It is essentially a filter that slides over the input data (such as an image) to perform feature 

extraction. 

 

 
Fig. 2 The Flow of CNN 

 

Pooling Layers: Pooling layers are used to down sample the feature maps generated by the convolution layers. 

Common pooling operations include max pooling and average pooling, which summarize the presence of features in 

local regions of the feature maps. Pooling helps to reduce the spatial dimensions of the data and introduces translation 

invariance, making the learned representations more robust. 
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Fig. 3 The Pooling Layers 

 

Activation Functions: Activation functions introduce non-linearity into the network, allowing it to learn complex 

relationships in the data. Common activation functions include ReLU (Rectified Linear Unit), sigmoid, and tanh. ReLU 

is the most commonly used activation function in CNNs due to its simplicity and effectiveness. 

 

ReLU (Rectified Linear Unit): ReLU is one of the most commonly used activation functions in CNNs. It simply 

replaces negative values in the input with zero, while leaving positive values unchanged. Mathematically, it is defined 

as: 

 

f(x)= max(0,x) 

 

Sigmoid: The sigmoid activation function squashes the input values to the range between 

‘0’ and ‘1’. It is expressed as:  

 

f(x)= 1 

 

1+e−x 

 

Tanh (Hyperbolic Tangent): Tanh is similar to the sigmoid function but squashes the input values to the range 

between -1 and 1.  

 

4. Fully Connected Layers: Fully connected layers, also known as dense layers, perform high-level reasoning and 

decision-making based on the features extracted by the convolution and pooling layers. These layers connect every 

neuron in one layer to every neuron in the next layer, enabling the network to learn complex mappings between the 

input and output data. 

 

 
Fig. 4 Flow of Dense Layers 
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5. Flattening: Before passing the data to the fully connected layers, the feature maps generated by the convolution and 

pooling layers are typically flattened into a one-dimensional vector. This process converts the spatial information in the 

feature maps into a format that can be processed by the fully connected layers. 

 

 
Fig. 5 The Flow of Flattening  

 

5.3METHODOLOGY 

 

 
Fig. 6 A Processed Model Flow  

 

• Fingerprint Dataset: Collect labeled fingerprint images.  

• Preprocessing: Clean, resize, normalize, and enhance the images.  

• Split Data: Divide the dataset into training and testing sets.  

• Train CNN Model: Train the deep learning model, evaluate its accuracy, and save the trained model.  

• Flask Web Application: Develop a web interface for user interaction.  

• Input Fingerprint: User uploads a fingerprint image.  

• Prediction: The uploaded image is processed by the trained CNN model.  

• Blood Group Prediction: The model predicts the corresponding blood group.  

• Display Result: The predicted blood group is shown on the website. 
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VI.IMPLEMENTATION 

 

6.1 Data Flow Diagram: 

 

 
Fig. 7 A Data Flow 

  

• Data Acquisition: Collect labeled fingerprint images.  

• Pre-processing: Clean, resize, normalize, and prepare the images.  

• Data Augmentation: Increase dataset size using image transformations.  

• Classification using CNN: Train the CNN model to recognize blood groups from fingerprint images.  

• Analysis and Comparison: Evaluate the model using performance metrics and compare results with existing 

methods. 

 

VII. GUI 

 

 
Fig 8 Home Screen 
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Fig 9 Uploading Finger PRINT IMAGE 

 

 
Fig 10 Uploaded FINGER PRINT 
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Fig 11 Detection of BLOOD GROUP 

 

VIII. CONCLUSION 

 

A viable substitute for conventional serological techniques is the suggested approach for blood type identification 

utilizing Convolution Neural Networks (CNNs) on fingerprint images. This technique offers a quick, easy, and 

affordable solution by utilizing CNNs' ability to analyze fingerprint patterns. Because it lessens reliance on specialized 

tools and staff, it can be used in environments with minimal resources. CNNs' great precision and automation reduce 

human error and guarantee accurate blood group predictions. All things considered, this technique could completely 

transform blood group identification, improving accessibility and effectiveness in medical diagnostics. Its uses and 

integration into healthcare systems can be expanded with more research and development, which will ultimately 

improve patient care and diagnostic procedures. 

 

IX. FUTURE SCOPE 

 

1. Advancements in Biometric Medical Diagnostics 

Combining fingerprint patterns with deep learning models could revolutionize non-invasive diagnostic tools. 

In the future, a simple fingerprint scan might reveal not only blood group but other genetic or phenotypic information. 

 

2. Integration with Smart Healthcare Systems 

Hospitals and clinics can incorporate such a system into automated patient identification and medical record access, 

improving response time in emergencies. 

Possible integration with wearable’s or smart phones for real-time health monitoring. 

 

3. Explainable AI (XAI) in Medical Biometrics 

Future models will likely focus on explain ability—helping clinicians understand why a particular prediction was made. 

Techniques like Grad-CAM and SHAP can make CNN decisions more transparent. 

 

4. Real-Time Mobile & Embedded Systems 

With lightweight CNN models (e.g., MobileNet, SqueezeNet), blood group detection can be integrated into portable 

devices or smartphones, enabling quick and non-invasive diagnostics even in rural or low-resource settings. 

 

5. Integration into Health & Emergency Systems 

Fingerprint-based blood group prediction can be linked to digital health records, enabling fast retrieval of blood group 

data during accidents, surgeries, or transfusion scenarios—enhancing medical preparedness. 
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