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Abstract 

A crucial part of medical diagnostics is blood group detection, which is typically done using serological 

techniques. Novel approaches to non-invasive blood group detection have been made possible by recent 

developments in computer vision and machine learning. The usefulness of Convolutional Neural Networks 

(CNNs) for blood type identification from fingerprint photographs is investigated in this paper. Biometric 

fingerprints are distinct identifiers that have the ability to encode biological data, such as blood type. The 

suggested approach entails gathering a varied dataset of blood group-related fingerprint pictures. Using this 

information, a CNN model is created and trained to identify patterns and characteristics typical of various 

blood groups. To find the best accurate and computationally efficient model, a variety of CNN topologies are 

compared. Metrics including accuracy, precision, recall, and F1-score are used to evaluate the CNN model's 

performance. According to preliminary findings, the CNN-based strategy can attain impressive accuracy 

levels, offering a competitive substitute for conventional blood group identification techniques. Enhancing the 

model's accuracy, growing the dataset, and resolving any potential privacy and ethical issues with the use of 

biometric data will be the main goals of future study. This work is a groundbreaking step toward the medical 

diagnostics industry's integration of biometric data with cutting-edge machine learning algorithms. 

Keywords: Blood group Detection, Noninvasive Diagnostics, Convolutional Neural Network (CNN), 

Fingerprint analysis, Biometric Identification. 

 

1. Introduction 

Determining blood groups is crucial for transfusions, 

transplants, and prenatal care. Traditional methods 

are invasive, time-consuming, and require skilled 

personnel. Advanced imaging and machine learning 

offer a non-invasive, rapid alternative. This using 

Convolutional Neural Networks (CNNs) to analyse 

fingerprint images for blood group prediction. 

Fingerprints, unique to each individual, have 

potential correlations with physiological traits like 

blood groups. This method involves training CNNs 

on a dataset of fingerprint images labelled with blood 

groups. CNNs are adept at image recognition and can 

learn features from raw images, making them ideal 

for this task. We will explore various CNN 

architectures, including AlexNet, VGG16, ResNet, 

and Inception, to find the most effective model for 

accuracy and efficiency. The process includes 

collecting a diverse dataset, image preprocessing, 

data augmentation, and model optimization. We will 

evaluate the models using metrics such as accuracy, 

precision, recall, and F1-score. Initial experiments 

show promising results, indicating CNNs can identify 

fingerprint features correlating with blood groups. 

This approach could revolutionize medical 

diagnostics by providing a non-invasive alternative to 

traditional methods, integrating biometric data with 

machine learning for personalized treatments. Ethical 

and privacy concerns regarding biometric data will be 

addressed with robust protection measures to ensure 

patient confidentiality. Future work will address 

these concerns by implementing robust data 

protection measures and exploring the ethical 

implications of biometric-based diagnostics [1-3]. 

1.1. Existing System 

Serological Methods: Traditional blood group 

detection typically involves serological methods such 

as agglutination tests. These tests mix blood samples 

with specific antibodies to see if agglutination 

(clumping) occurs, indicating the presence of 

particular antigens corresponding to blood groups. 
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The main types of serological tests include the ABO 

typing and Rh typing tests. These methods typically 

require blood samples and are conducted in a 

laboratory setting by trained personnel. Genotyping: 

Determines blood group by analysing DNA. It 

requires sophisticated laboratory setup and also more 

accurate but also more expensive and time-

consuming [4-7]. 

1.2. Proposed System 

The proposed method for blood group detection 

involves using Convolutional Neural Networks 

(CNNs) to analyse fingerprint images. This method 

includes collecting fingerprint images, preprocessing 

them, and training a CNN model to identify patterns 

associated with different blood groups. The trained 

model can then predict blood groups from new 

fingerprint images in real-time [8-12]. 

2. Method 

The proposed methodology for developing a non-

invasive blood group detection system using 

Convolutional Neural Networks (CNNs) and 

fingerprint images involves several key steps. 

Initially, a diverse dataset of fingerprint images 

labelled with the corresponding blood group 

information must be collected. This dataset should 

encompass a wide range of demographics to ensure 

the model's generalizability across different 

populations. The preprocessing phase involves 

standardizing the fingerprint images to ensure 

consistency in size, orientation, and quality. 

Techniques such as noise reduction, contrast 

enhancement, and ridge pattern highlighting are 

applied to improve the image quality and enhance the 

features relevant to blood group prediction. Next, 

data augmentation methods are employed to 

artificially expand the dataset, introducing variations 

such as rotations, translations, and scaling. This step 

is crucial for preventing overfitting and improving 

the model's robustness. Several CNN architectures, 

including AlexNet, VGG16, ResNet, and Inception, 

are then explored to identify the most effective 

model. Each architecture is subjected to rigorous 

training using the prepared dataset. During training, 

the models learn to automatically extract and identify 

subtle features and patterns within the fingerprint 

images that correlate with different blood 

groups.Optimization techniques such as learning rate 

adjustments, regularization, and dropout are utilized 

to fine-tune the model's performance. The training 

process also involves the use of validation sets to 

monitor and prevent overfitting, ensuring that the 

models generalize well to unseen data.The trained 

models are evaluated using standard performance 

metrics, including accuracy, precision, recall, and F1-

score. These metrics provide a comprehensive 

assessment of the model's ability to correctly classify 

blood groups from fingerprint images. Cross-

validation techniques are also employed to further 

validate the model's performance and robustness. To 

ensure ethical and privacy considerations, robust data 

protection measures are implemented throughout the 

data collection, storage, and processing phases. 

Patient confidentiality is prioritized, and the ethical 

implications of using biometric data for medical 

diagnostics are thoroughly explored [13-17]. 

 

 
Figure 1 Processing Method 

 

The culmination of this research aims to establish a 

proof-of-concept for using fingerprint images as a 

non-invasive method for blood group detection. If 

successful, this approach could revolutionize medical 

diagnostics by providing a rapid, easy, and non-

invasive alternative to traditional blood typing 

methods, paving the way for more personalized and 

accurate medical treatments, shown in Figure 1. 

2.1. Implementation 

2.1.1. Overview 

Using fingerprint photos, this method uses a 

Convolutional Neural Network (CNN) model to 

predict blood types. Preprocessing, model training, 
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and prediction are the three primary phases of the 

system's operation. Fingerprint images are cleaned 

and ready for examination during the preprocessing 

step. Subsequently, the CNN model is trained to 

identify fingerprint picture patterns associated with 

particular blood groups. Users can contribute 

fingerprint photographs through an integrated Flask 

web application, and the trained model uses those 

images to predict the matching blood group. The 

website then shows the anticipated blood group, 

offering a quick and painless way to find one's blood 

type [18-20]. 

2.1.2. System Architecture 

Systems architecture is a conceptual model that 

represents the behavior, structure, and other features 

of a system. A formal description and representation 

of a system is known as an architectural description. 

Designed to enable the justification of inferences 

about the system's actions and structures. A systems 

architecture is a conceptual model that describes the 

behavior, structure, and other characteristics of a 

system. It provides insights into the system's 

components and their interconnections, serving as a 

road map for the system's growth and understanding. 

This architecture provides a high-level perspective on 

the system's components and their interconnections, 

which is critical for integrating technical design with 

organizational goals.             

3. Results and Discussion  

3.1. Results  

A dataset of previously processed fingerprint images 

was used to assess the suggested method for blood 

type identification using fingerprint photos. F1-score 

measures were used to assess the system's 

performance together with accuracy, precision, and 

recall. The following is a summary of the outcomes 

from the Convolutional Neural Network (CNN) 

model that has been optimized:  

• Accuracy: The model's overall accuracy in 

identifying the   right blood group was about 

92%.  

• Precision: The model's consistency in 

producing accurate positive predictions is 

demonstrated by the 90% average precision 

across all blood types.  

• Recall: The model's accuracy in identifying real 

positive blood group predictions was 

demonstrated by its calculated recall measure of 

91%.  

• F1-score: The model's balanced performance in 

both precision and recall was confirmed by the 

harmonic mean of precision recall (F1-score), 

which averaged about 90%. The results are 

shown in Figure 2, Figure 3, Figure 4.  

 

Figure 2 Uploading Image 

  

 
Figure 3 Uploaded Image 

 

Figure 4 Predicted Result 
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3.2.Discussion  

The proposed research on blood group detection 

using Convolutional Neural Networks (CNNs) and 

fingerprint analysis represents a significant 

advancement in non-invasive medical diagnostics. 

CNNs, known for their proficiency in image analysis, 

are utilized to identify patterns in fingerprint images 

that correlate with blood groups, offering a rapid and 

efficient alternative to traditional invasive methods. 

By exploring various CNN architectures like 

AlexNet, VGG16, ResNet, and Inception, the study 

aims to identify the most accurate and 

computationally efficient model. The non-invasive 

nature of this approach could revolutionize blood 

group detection, making it accessible for emergency 

scenarios, remote healthcare, and mass screenings. 

The success of this method depends on a diverse and 

robust dataset, proper image preprocessing, and data 

augmentation to ensure generalizability and 

accuracy. While initial results are promising, 

addressing ethical and privacy concerns regarding 

biometric data usage is critical for practical 

implementation, emphasizing the need for robust 

protection measures to ensure patient confidentiality. 

Table 1, This innovative integration of biometric data 

and machine learning opens new horizons for 

personalized and accessible medical diagnostics. 

                

Table 1 Result Analysis 
Classifier 

 

Accuracy 

 

Precision 

 
Recall 

F1-

Score 

AdaBoost 

Classifier 
91% 90% 89% 89% 

Decision Tree 

Classifier 
85% 83% 84% 83% 

Logistic 

Regression 
88% 87% 86% 86% 

Random Forest 

Classifier 
93% 92% 91% 91% 

 

Conclusion  

The proposed method for blood group detection using 

Convolutional Neural Networks (CNNs) on 

fingerprint images offers a promising alternative to 

traditional serological methods. By leveraging the 

capabilities of CNNs to analyze fingerprint patterns, 

this approach provides a non-invasive, quick, and 

cost-effective solution. It reduces dependency on 

specialized equipment and personnel, making it 

accessible in resource-limited settings. The high 

accuracy and automation of CNNs minimize human 

error and ensure reliable blood group predictions. 

blood group detection, enhancing accessibility and 

efficiency in medical diagnostics. Further research 

and development can expand its applications and 

integration into healthcare systems, ultimately 

improving patient care and diagnostic processes. 
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