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Abstract: Accurate and rapid identification of human blood groups is essential in medical diagnostics, 
emergency transfusions, and blood bank management. This paper proposes a novel automated system for 
blood group recognition and categorization leveraging digital image processing and neural network-based 
machine learning algorithms. An automated blood typing system that integrates image processing and 
Convolutional Neural Networks (CNNs) to recognize and categorize human blood groups from 
agglutination test images. The system acquires microscopic images of blood samples subjected to 
agglutination tests with anti-A, anti-B, and anti-D sera. Image preprocessing steps, including grayscale 
conversion, filtering, and morphological operations, are applied to extract relevant features. Advanced 
feature extraction techniques are applied to detect agglutination patterns for accurate pattern recognition. 
These features are then fed into a feed-forward Convolutional Neural Networks (CNNs) trained to classify 
the ABO blood groups. The model was trained and validated on a labeled dataset, achieving high 
classification accuracy and demonstrating robust performance across varying sample conditions. By 
applying artificial intelligence in healthcare, the proposed system streamlines the blood typing process, 
reduces manual errors, and improves diagnostic efficiency. The results validate the effectiveness of this 
automated blood typing approach as a scalable and reliable solution for modern clinical applications 
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I. INTRODUCTION 

Blood group classification is a crucial aspect of 
modern medicine. Ensuring compatibility in 
blood transfusions, organ transplants, and 
maternal-fetal interactions depends significantly 
on accurate identification of a person's blood 
group. Errors in this process may result in severe 
and potentially fatal immunological responses. 
Historically, the manual approach to determining 
blood types involved visual examination of 
agglutination reactions following interaction 
between blood samples and reagent antibodies. 
While effective under controlled conditions, this 
technique is often affected by time constraints, 
personnel fatigue, and insufficient technical 
expertise, especially in high-demand 
environments such as emergency rooms and 
mobile clinics. 
 

To overcome the drawbacks of traditional 
systems, researchers and medical technologists 
have begun developing automated solutions that 
can classify blood groups more rapidly and with 
greater consistency. One promising approach is 
the integration of digital image processing with 
artificial intelligence (AI). Image processing 
allows for detailed visual analysis of blood 
sample images, while machine learning 
algorithms enhance the system's decision-making 
capabilities. These combined techniques offer a 
new paradigm for medical diagnostics by 
minimizing human intervention and enabling 
rapid, data-driven classification. 
 
Digital image processing methods, especially 
when implemented through MATLAB, provide 
numerous tools for filtering, segmentation, and 
morphological analysis. These steps are crucial in 
preparing the image data for machine learning 
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models. Subsequently, deep learning techniques, 
particularly convolutional neural networks 
(CNNs), are employed to extract hierarchical 
features and learn patterns unique to each blood 
group. Such models outperform conventional 
classifiers, especially in handling complex image 
datasets, by leveraging their multilayered 
architecture to automatically discover relevant 
features during training. 
 
Moreover, the role of automation in diagnostics 
has gained increasing relevance due to global 
health emergencies such as the COVID-19 
pandemic, where minimal human contact, fast 
diagnosis, and efficient resource allocation have 
become priorities. An automated blood group 
detection system not only improves operational 
efficiency but also extends the reach of diagnostic 
services to under-resourced and remote areas. 
This paper introduces a comprehensive, real-time 
blood group classification framework that fuses 
the advantages of image preprocessing and deep 
learning. The model’s adaptability, accuracy, and 
speed make it an ideal candidate for deployment 
in various healthcare scenarios. 
 

II. LITERATURE REVIEW 

The challenge of accurate and rapid blood group 
identification has driven significant research 
interest in the intersection of medical diagnostics, 
image processing, and machine learning. 
Traditional techniques such as manual 
agglutination tests have been a reliable standard 
in medical laboratories. However, the potential 
for human error, especially under time-sensitive 
conditions, necessitates a transition to more 
automated and reliable methods. A wide range of 
studies has explored the effectiveness of 
automation through computer vision and artificial 
intelligence (AI) algorithms, aiming to mitigate 
these limitations. 
 
One of the most notable approaches was by 
Mustafa F. Mahmood [1], who implemented a 
dual-stage system involving MATLAB for image 
preprocessing and Python for machine learning. 

Their system demonstrated an impressive 99.7% 
classification accuracy with neural networks and 
reduced diagnostic time to under two seconds. 
This highlighted the capability of combining 
classical image enhancement with modern deep 
learning for high-throughput diagnostics.  
 
Similarly, Ratnamala et al. [2] proposed a 
system using OpenCV to analyze digital images 
of blood samples, emphasizing reduced manual 
labor and rapid response. They used 
segmentation and morphological analysis to 
detect agglutination patterns, achieving accurate 
results even under varying light conditions. 
 
Shaban and Elsheweikh [3] developed a blood 
group classification system based entirely on 
MATLAB. Their methodology focused on digital 
slide image analysis using contrast enhancement 
and object counting. With a dataset of over 600 
images, their model achieved 98% accuracy, 
reaffirming that even with classical techniques 
alone, automation can reach reliable results.  
 
Gundlagutta et al. [4] explored the use of 
thresholding and morphological preprocessing to 
detect agglutination in digitally captured 
samples. Their results, while not as precise as 
deep learning models, provided a cost-effective 
and accessible alternative, especially for low-
resource settings. 
 
P. Rohith Saikumar and colleagues [5] 
introduced a non-invasive technique using 
spectroscopic imaging, aiming to detect blood 
groups from near-infrared hand images. Their 
novel method avoided traditional blood draws 
and relied on light absorption patterns, achieving 
up to 92% classification accuracy. Though non-
traditional, this approach revealed the scope of 
innovative imaging modalities beyond standard 
microscopy.  
 
Amol Dhande et al. [6] also contributed to this 
domain by developing an HSV-based image 
segmentation model to automate blood group 
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detection in emergency conditions. Their 
approach emphasized the urgency and real-time 
application of automated diagnostics. 
 
In earlier work, Ravindran et al. [7] employed 
histogram analysis combined with clustering 
algorithms to detect blood group from 
agglutination patterns. Their system integrated 
morphological filtering with color intensity 
clustering and demonstrated the relevance of 
feature-based analysis in blood typing.  
 
Ana Ferraz [8] proposed a real-time blood typing 
system that utilized CCD cameras and slide tests. 
Her results validated that accurate predictions 
could be obtained with less than five minutes of 
processing time, laying a foundational 
framework for real-time, contactless diagnostics. 
 
The convergence of AI in this domain is further 
exemplified by recent contributions in the field of 
deep learning. Research by Kumar et al. [9] 
leveraged convolutional neural networks to 
analyze microscopic images of blood samples. 
Their model outperformed traditional machine 
learning classifiers such as SVMs and decision 
trees.  
 
Similarly, Bansal et al. [10] proposed a hybrid 
system using feature fusion and ensemble 
learning, boosting classification accuracy for 
multi-class blood typing. These studies 
reinforced that CNNs not only automate the 
process but also significantly elevate prediction 
reliability. 
 
Another aspect of advancement is the application 
of transfer learning. Raj et al. [11] employed 
pretrained models such as ResNet50 and VGG16 
for blood image classification, demonstrating that 
fine-tuned models can yield comparable 
performance with limited datasets.  
 
Moreover, Singh and Patel [12] emphasized data 
augmentation and regularization to improve 

generalization in CNNs trained on diverse blood 
group images.  
 
Sharma et al. [13] explored federated learning to 
enable distributed model training across hospitals 
without compromising data privacy. 
 
The importance of dataset diversity and quality 
has also been highlighted. Zhang et al. [14] 
created a large-scale annotated dataset of blood 
group images captured under various lighting and 
magnification levels. Their benchmark 
encouraged the development of more generalized 
models.  
 
Finally, in a systematic review, Choudhary et al. 
[15] categorized current trends in AI-based blood 
diagnostics and concluded that hybrid systems—
those combining image processing with AI—
demonstrated the best trade-off between speed, 
cost, and accuracy. 
 
These cumulative contributions showcase the 
rapid evolution of blood group detection 
technologies. From basic HSV thresholding to 
sophisticated CNNs and non-invasive 
spectroscopy, the domain continues to evolve. 
The reviewed literature confirms that integrating 
image processing with machine learning is not 
only feasible but highly effective, providing the 
scientific foundation for the system proposed in 
this study. 
 

III. PROPOSED METHODOLOGY 

The proposed methodology for automated blood 
group recognition is divided into two primary 
stages: image preprocessing and machine 
learning-based classification. This modular 
architecture ensures high accuracy, reliability, 
and adaptability in diverse operational conditions 
such as hospital laboratories, emergency care 
units, and mobile diagnostic settings. 
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A. Overview of the Workflow 

The system begins with the acquisition of blood 
sample images, followed by MATLAB-based 
preprocessing, and finally classification using a 
Convolutional Neural Network (CNN) developed 
in Python using the TensorFlow and Keras 
libraries. This division allows domain-specific 
optimizations: MATLAB is used for its robust 
image processing functions, while Python is 
leveraged for its advanced machine learning 
ecosystem. 

B. Image Acquisition and Preprocessing 

The dataset comprises 5000 labeled images 
covering the main ABO blood groups. These 
images were collected from publicly available 
sources like Roboflow, ensuring diverse 
conditions of lighting, resolution, and angle. Each 
image goes through the following MATLAB 
preprocessing steps: 

1. Grayscale Conversion: Color images 
are converted to grayscale using the rgb2gray 
function. This reduces computational 
complexity while preserving the key features 
needed for analysis. 

2. Noise Removal: Noise artifacts that 
can hinder classification are removed using 
median filtering via the medfilt2 function. 
This technique is chosen for its ability to 
preserve edges while reducing salt-and-
pepper noise. 

3. Morphological Enhancement: 
Using structuring elements (strel) and 
morphological operations (imopen), small 
non-informative regions are removed and 
boundaries of relevant areas are clarified. 
This is crucial for isolating the agglutination 
features. 

4. Saving Processed Images: Each 
processed image is saved with appropriate 
labels for use in the training phase. 
MATLAB functions such as imwrite and 
uigetfile are used for interaction and storage. 

 

C. CNN-Based Classification 

The CNN model is structured to accept the 
preprocessed 128x128 grayscale images. Image 
augmentation is applied during training to 
enhance generalization. Augmentation 
techniques include horizontal flipping, rotation, 
and zooming. These are implemented using 
Keras’ ImageDataGenerator. 
 
CNN Architecture: 

 Input Layer: Accepts images resized 
to 128x128x3 dimensions. 
 Convolution Layers: Four 
convolutional layers with ReLU activation 
extract increasingly abstract features. 
 Pooling Layers: MaxPooling layers 
reduce dimensionality and retain dominant 
spatial features. 
 Dropout: Regularization is applied via 
a dropout layer with a rate of 0.5 to prevent 
overfitting. 
 Dense Layers: Fully connected layers 
with softmax activation provide multi-class 
classification. 

 
D. Training and Evaluation 

The dataset is split into 80% training and 20% 
validation subsets. The model is trained over 30 
epochs with early stopping and learning rate 
reduction callbacks. The optimizer used is Adam 
with a learning rate of 0.0001. The loss function 
is categorical crossentropy. Performance metrics 
such as validation accuracy, precision, and loss 
are monitored throughout. 
 
E. Prediction Phase 

During prediction, the saved model 
(final_model.keras) is loaded, and a new blood 
sample image is passed through the same 
preprocessing pipeline. The model outputs a 
softmax probability distribution, and the class 
with the highest probability is selected. Class 
labels (A, B, AB, O) are mapped using argmax 
function. 
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This robust methodology leverages the strengths 
of both image processing and deep learning, 
ensuring accurate and rapid classification of 
blood group types with minimal user 
intervention. 
 
IV. ARCHITECTURE, ALGORITHM, AND 

DATA COLLECTION 

The system architecture developed for blood 
group recognition incorporates a hybrid approach 
combining traditional image processing and 
modern machine learning methodologies. The 
architecture is modular, consisting of distinct but 
interdependent layers: Data Collection, Image 
Preprocessing, Model Training, and Prediction 
Output. This design enables independent tuning 
of each module to improve accuracy and 
computational efficiency. 

A. System Architecture Overview 

The architectural workflow is visualized as a 
four-stage pipeline: 

1. Input Stage: Raw blood sample 
images are collected. 

2. Processing Stage: Images undergo 
preprocessing in MATLAB to enhance 
quality and extract relevant features. 

3. Learning Stage: A CNN model is 
trained using preprocessed images in Python. 

4. Prediction Stage: A new image is 
classified using the trained model, outputting 
a blood group label. 

This modular flow supports easy integration with 
cloud platforms, mobile apps, and hospital record 
systems. 
 
B. Data Collection and Annotation 

The dataset includes 5000 blood sample images 
sourced from public repositories like Roboflow. 
Images span all ABO categories (A, B, AB, O) 
and are annotated manually using standard 
naming conventions. Variations in lighting, 
background, and camera resolution are 
incorporated to ensure robustness. Each class 

contains roughly 1250 images, maintaining 
dataset balance. 
 
C. Preprocessing Techniques 

MATLAB preprocessing techniques were 
applied to improve feature clarity: 

 Grayscale Conversion: I = rgb2gray(I_rgb) 
 Denoising: I_denoised = medfilt2(I, [3,3]) 
 Morphology: I_morph = 
imopen(I_denoised, strel('disk',5)) 

These transformations standardize image contrast 
and size, reduce irrelevant noise, and preserve 
boundary features. 
 
D. CNN Algorithm and Model Construction 

The CNN architecture follows a sequential 
pattern. The pseudocode and mathematical 
representation are: 
Let input image be X ∈ ℝ128×128×3 

 First Conv Layer: Z₁ = ReLU(W₁ * X + b₁) 
 Max Pooling: P₁ = maxpool(Z₁) 
 Second Conv Layer: Z₂ = ReLU(W₂ * P₁ + 
b₂) 
 Flatten: F = flatten(Z₂) 
 Dense Layer: D = ReLU(Wd * F + bd) 
 Softmax Output: y = softmax(D) 

Where * denotes convolution and W, b are 
weights and biases. 
 
E. Hyperparameter Configuration 

 Epochs: 30 
 Batch size: 32 
 Optimizer: Adam 
 Learning rate: 0.0001 
 Loss function: Categorical crossentropy 

Callbacks such as ReduceLROnPlateau and 
ModelCheckpoint were implemented to enhance 
convergence. 
 
F. Tools and Libraries 

 MATLAB R2021b for preprocessing 
 TensorFlow/Keras for CNN construction 
 NumPy for tensor operations 
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 Matplotlib for plotting accuracy and loss 
 OpenCV for additional image 
manipulations (optional) 

G. Output Label Mapping 

The final classification is executed as: 
ŷ = argmax(softmax(D)) → Label ∈ {A, B, AB, 
O} 
This model’s classification label is returned along 
with a confidence score, which is useful for real-
time diagnostics. 
 

H. System Integration Potential 

The architecture is scalable for web apps, 
embedded systems, and clinical diagnostic tools. 
Its low-latency design (<2 seconds per 
prediction) makes it ideal for field deployment 
where medical decisions are time-sensitive. 
This comprehensive system architecture ensures 
reliability, scalability, and adaptability, 
positioning it as a viable solution for automated 
blood group recognition in real-world healthcare 
environments. 
 

V. RESULTS  

The performance of the proposed blood group 
classification system was evaluated using 
standard metrics: accuracy, precision, recall, F1-
score, and confusion matrix. The results were 
obtained after training the Convolutional Neural 
Network (CNN) for 30 epochs on 5000 
preprocessed blood sample images. 
 
A. Training and Validation Accuracy 

The CNN model demonstrated a smooth 
convergence over the epochs. Figure 1 shows the 
training and validation accuracy over 30 epochs. 
Initially, both accuracies rise sharply, indicating 
effective learning. After epoch 20, the validation 
accuracy plateaus, suggesting optimal model 
stability. 
Fig 1: Training vs Validation Accuracy Over 

Epochs 
 

B. Confusion Matrix 

The confusion matrix in Table 1 provides a 
detailed view of the model’s classification 
performance across the four blood groups. Each 
cell indicates the number of instances where 
actual labels matched (or mismatched) the 
predicted labels. 

Accuracy(%) = 
்ேା்௉

்௉ାி௉ା்ேାி
  

 
Table 1: Confusion Matrix for CNN 
Classification 

BLOOD 
GROUP 

A B AB O 

A 235 3 2 0 

B 4 229 6 1 

AB 2 4 231 3 

O 0 2 1 238 
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The matrix highlights that the model correctly 
predicted the majority of cases in each class, with 
occasional misclassifications between B and AB 
types. 
 
C. Classification Metrics 

Table 2 summarizes the model's precision, recall, 
and F1-score for each blood group. 
 

Table 2: Precision, Recall, F1-Score 

Class Precision Recall F1-Score 

A 0.96 0.97 0.96 

B 0.94 0.92 0.93 

AB 0.93 0.92 0.92 

O 0.98 0.97 0.97 

 
The average F1-score across all classes is 0.95, 
indicating a strong balance between precision and 
recall. The O and A groups showed the highest 
precision and recall, respectively. 
 
D. Model Accuracy 

The overall accuracy of the model on the 
validation set is: 
Accuracy = 94.19% 
This high accuracy confirms the effectiveness of 
the integrated preprocessing and CNN 
classification pipeline. It meets clinical 
requirements for diagnostic reliability. 
E. Inference Time 
The system was benchmarked for real-time 
performance. On average, the model processed 
each new image in: 
Prediction Time = 1.87 seconds/image 
This demonstrates its applicability for emergency 
and point-of-care settings. 
 
F. Visual Prediction Samples 
Figure 3 shows sample predictions for each blood 
group, with model confidence scores annotated. 

Fig 3: Sample Predictions of Blood Groups 
with Confidence 

 
These results collectively validate that the 
proposed system not only achieves high 
performance in controlled settings but also 
generalizes well to real-time scenarios. 
 

VI. DISCUSSION AND FINDINGS 

The results obtained through this study provide 
insightful perspectives into the feasibility and 
practical application of combining image 
processing and machine learning for blood group 
classification. The use of MATLAB for 
preprocessing allowed for consistent quality 
improvement across the dataset, ensuring that all 
images were denoised, normalized, and enhanced 
for better feature extraction. This process, while 
simple, significantly reduced the computational 
burden on the deep learning model and provided 
a more uniform dataset for training. 
 
One of the major findings is the synergy achieved 
by separating the image enhancement and 
classification phases. MATLAB-based 
operations like medfilt2 and imopen effectively 
isolated meaningful agglutination patterns, 
thereby allowing the CNN to focus on 
biologically significant structures rather than 
background noise. As a result, the CNN required 
fewer epochs to converge and avoided common 
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pitfalls such as overfitting and vanishing 
gradients. 
 
From the confusion matrix and classification 
metrics, it is evident that the model performs well 
across all blood groups, with class O showing the 
highest recall. This is likely due to clearer visual 
distinctions in agglutination for O-type samples 
in the training dataset. The minor 
misclassifications between B and AB samples 
point to potential overlap in visual features, 
suggesting a need for enhanced contrast 
normalization or possibly deeper models that can 
learn more nuanced differences. 
 
The training and validation curves showed stable 
convergence and no significant divergence, 
which confirms that the model was neither 
undertrained nor overfitted. Early stopping and 
regularization methods, including dropout layers, 
contributed to this stability. Moreover, the use of 
Keras’ ImageDataGenerator ensured variability 
through data augmentation, further increasing the 
model's generalization capabilities. 
 
Another key discussion point is the speed of 
inference. With an average prediction time of 
1.87 seconds per image, the system is suitable for 
near real-time applications. This enables its use 
in emergency scenarios such as trauma units or 
mobile testing labs, where rapid decision-making 
is crucial. Additionally, the low computational 
cost of the system, especially with lightweight 
CNN layers, ensures it can be deployed on basic 
hardware systems such as Raspberry Pi or cloud-
based hospital networks. 
 
It is worth noting that while the current system 
focused on ABO classification, the methodology 
is extensible to Rh factor identification. 
Furthermore, the results indicate that using a 
larger, more diverse dataset might further 
improve the model’s robustness. Expanding the 
image dataset to include different microscope 
magnifications, sample collection environments, 

and lighting conditions could reduce false 
positives and improve inter-class separation. 
 
In the broader context of AI in medical 
diagnostics, the findings of this paper align with 
a growing body of evidence that hybrid systems 
— combining classical image processing and 
modern AI — yield superior results compared to 
using either technique in isolation. The model 
balances interpretability, speed, and accuracy, all 
of which are crucial for real-world clinical 
applications. 
 
Finally, the visual prediction examples presented 
in the results section validate the model’s 
reliability. In most cases, the predicted class not 
only matched the ground truth but also exhibited 
high confidence scores, indicating that the model 
was not uncertain or relying on ambiguous cues. 
 
To summarize, the system demonstrates: 
 High classification accuracy (94.19%) 
across all major blood groups 
 Minimal inference time (<2 seconds) 
 Robustness to variations in input images due 
to preprocessing and augmentation 
 Scalability for real-time deployment 
 
These findings support the conclusion that the 
integration of image processing and deep 
learning offers a practical and scalable solution 
for blood group classification in clinical and 
emergency settings. 
 

VII. CONCLUSION 

In this study, a novel system was proposed for 
automated blood group classification by 
combining MATLAB-based image 
preprocessing with CNN-based deep learning 
classification. The experimental outcomes 
demonstrated that the approach is efficient, fast, 
and reliable. The preprocessing phase 
successfully enhanced the quality of blood 
sample images, while the CNN model, trained on 
a large dataset, achieved a validation accuracy of 
94.19%. This method holds significant potential 
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to be adapted into clinical workflows to replace 
manual procedures that are prone to delays and 
errors. The integration of this system in real-time 
applications can help reduce diagnostic time, 
improve patient outcomes, and address the 
challenges of limited manpower in diagnostic 
laboratories. Future work will include Rh factor 
classification, deployment on mobile platforms, 
and clinical validation. 
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