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ABSTRACT:

One of the main causes of death globally is a myocardial infarction, also referred to as a heart attack, which is a sudden
reduction in the heart's blood flow. Survival rates are significantly increased by early identification of this illness.
Because MRI can reveal the heart’s internal structure with high clarity, it can detect damaged heart muscle that standard
tests may miss. However, manually analyzing large numbers of MRI images is time-consuming and heavily dependent
on the observer’s expertise. In this work, an automated system for myocardial infarction detection from cardiac MRI
images is proposed using a Vision Transformer (ViT) based deep learning model. The EMIDEC cardiac MRI dataset,
which includes both healthy subjects and patients with myocardial infarction, is used in this study.To make key cardiac
structures more visible, the MRI volumes are first transformed into two-dimensional slices and then preprocessed using
noise reduction, contrast enhancement, scaling, and normalization. Further visual analysis with ROC curves and
confidence-based assessment bolsters the system's efficacy and stability. The system has a high test accuracy of 97.63%,
which shows that most of the MRI slices were correctly identified. This proposed system shows that Vision Transformer-
based models can be effectively used for automatic myocardial infarction detection from cardiac MRI images, providing
doctors with a useful tool for decision-support and facilitating prompt and precise diagnosis.

1. INTRODUCTION:

Cardiovascular diseases are and continue to be one of the leading causes of death globally and have caused millions to
suffer over the years, thus becoming a great burden to all health facilities. However, the most critical and life-threatening
heart disease, as discussed, refers to myocardial infarction, otherwise known as a heart attack, described as a condition
when scarring of the heart occurs as a result of a blockage of blood flow to the heart muscles.This kind of condition, if
not promptly diagnosed and managed, may cause serious detrimental effects, for example, cardiac failure. The early and
correct diagnosis of this condition is critical to the prevention of myocardial infarction for the improved survival of
patients.Medical imaging is an important aspect of diagnostic medicine used to detect various heart conditions. Among
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various medical imaging modalities, Cardiac Magnetic Resonance Imaging (MRI) is rated as one of the most reliable
imaging modalities for cardiac imaging. Cardiac MRI offers a clear image of the heart’s condition by depicting the heart
muscles, blood circulation, and damaged areas of the heart through very high-resolution images. It is most appropriate
for detecting myocardial infarction. During a regular clinical setting, a medical imaging radiologist undergoes analysis
of the MRI images to detect heart conditions, determine the severity of damaged heart tissues, and recommend the most
appropriate treatment plan. But the examination of the MRI images is time-consuming, demanding a lot of expertise
from the medical imaging radiologists involved. Additionally, determination of the appropriate treatment is subjective
to the radiologists involved, making decisions sometimes inconsistent.

Therefore, these problems have led researchers to incorporate artificial intelligence and deep learning techniques to
improve medical image analysis. Recently, convolutional neural networks (CNNs) have been successfully applied to
several medical image analysis problems, including image classification, segmentation, and disease detection. However,
these models have mainly dealt with local information provided by an image, but not long-range information. This might
be a limitation when dealing with medical images like MRI images of the heart, where long-range information is
important for a better diagnosis. More recently, Vision Transformers, abbreviated as ViTs, have been proposed as a strong
architecture compared to the traditional convolution-based CNNss for image-related tasks. Unlike the traditional CNNss,
ViTs make use of a self-attention mechanism that allows the model to learn the relationship between different parts of
the image. Thus, it is capable of learning both the local and global characteristics of an image. In practice, image-related
tasks, especially in the domain of medicine, involve the analysis of patterns that appear across different parts of an image
to detect diseases. Therefore, the Vision Transformers can be utilized for image-related tasks in the medical domain.

In the current work, we introduce an automated system that enables the detection of myocardial infarction by using
images of the heart through MRI scans, and the algorithm employed in the current work is based on the Vision
Transformer model. The primary aim of the current work is to provide an efficient and effective deep learning framework
that assists in the classification of MRI images as normal or abnormal, which further assists the early diagnosis of
myocardial infarction among affected patients. This has been achieved through the proper application of imaging
techniques.

2. RELATED WORKS:

Medical imaging with the incorporation of Al has transformed the diagnosis and management of cardiovascular diseases.
Amongst various imaging techniques, CMR is generally considered a very trustworthy method for the assessment of MI
due to its provision of high-resolution details on cardiac structure, tissue characteristics, and blood flow. However,
manual interpretation of CMR images is time-consuming and heavily reliant on clinical experience, which may result in
inter-observer variations and delayed diagnosis. Many researchers have hence explored automated detection methods
based on machine learning and deep learning for MI.Initially, there was a lot of research work done on traditional image
processing techniques and handcrafted features that were computed from cardiac MRI images. These techniques relied
on texture features and shape features along with intensity features. They also used machine learning techniques like
SVM and RF classifiers. These techniques worked well for some cases but had limited potential as handcrafted features
tend to perform badly under varying image quality and patient anatomy. Progress in the field of deep learning has enabled
convolution neural networks to become the widely used techniques for image analysis, as machines have the capability
to learn hard features from images directly [2].

VGGNet [6] and ResNet [5], which are based on CNNs, have been successfully applied in various medical imaging
analysis areas, including disease classification, segmentation, and detection. For cardiac MRI data analysis, CNNs could
be applied to identify myocardial infarction based on their learned spatial patterns of damage or scarring. Tao et al. [13]
introduced their deep learning approach to diagnose MI from cardiac MRI images, confirming that CNN-based methods
perform better compared to other machine learning methods. Bernard et al. [12] also applied deep neural networks to
perform segmentation of structures in the heart, also emphasizing the effectiveness of deep learning in heart disease
diagnosis.
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There have also been several studies to improve the segmentation of the cardiac structures, as it will eventually lead to
better MI detection. U-Net [4] was found to be one of the popular architectures in biomedical image segmentation due
to their encoder-decoder structure with skip connections that maintain spatial information in the images. Further
improvements to the U-Net were made by developing the Attention U-Net [10] and the nnU-Net [9]. It is seen that
accurate segmentation of the images will help to extract the myocardium, which is necessary to detect the infarcted areas
in the MRI images of the heart. Although CNNs succeed in their application, they have some limitations. CNNs
traditionally concentrate on local features; however, they fail to capture long-range dependencies in an image. The latter
drawback is very critical in cardiac MRI scans because infarct patterns may exist distantly in image regions. To eliminate
the CNN limitations, a new model based on Transformers, which is initially designed for natural language processing
tasks, is now applied in computer vision. The Vision Transformers (ViTs) process images as sequences of pixels and
make use of self-attention to capture overall relationships between image regions [1]. Dosovitskiy et al. [1] showed that
Vision Transformers can perform equally well or better than CNNs on large-scale image classification problems.
Encouraged by this, some researchers began to explore Transformers on medical image processing tasks. However, a
new model, TransUNet [7], combined CNNs with Transformers to better solve medical image segmentation problems,
proving that Transformers are effective for representing global contexts of medical images. Another model, Swin-
UNETR [8], achieved good performance on MRI-based medical image segmentation, especially for brain tumor and
cardiac image analysis, with a hierarchical transformer structure.

There have also been applications for transformers in medical image classification problems. Surveys conducted by
Azad et al. [15] and Shamshad et al. [16] showed that transformers perform better than traditional CNNs for a wide
range of medical imaging problems, especially where the global context is critical. Gao et al. [17] demonstrated that the
ViT family produces more stable classification results than traditional CNN architectures for medical image
classification problems.In the field of cardiac MRI, hybrid models combining the power of CNNs and Transformers
have been proposed to leverage the strengths of both architectures. In the paper by Wang et al. [ 18], the authors proposed
a hybrid model combining the Transformer and CNN architectures for the task of medical image classification. In the
specific case of myocardial infarction detection, both texture and spatial features may play a crucial role. This has been
further accelerated with the availability of benchmark datasets. The dataset of the EMIDEC [21, 22] was made available;
it consisted of labeled cardiac MRI from both healthy patients and those suffering from myocardial infarction. This
dataset has then been used to develop and evaluate a series of deep learning approaches for the detection of MI. Each of
those that utilized the dataset described herein demonstrated that these deep learning models are capable of identifying
infarcted regions and characterizing patients as normal or abnormal with high accuracy. Overall, existing studies clearly
indicate that deep learning, especially Transformer-based architectures, has great potential for the automated detection
of myocardial infarction from cardiac MRI. However, many earlier works have focused primarily on CNNs or
segmentation-based approaches. So far, the use of Vision Transformers for direct MI classification is quite new and
presents significant scope for further improvement. This motivates the present work to further investigate the use of a
fine-tuned Vision Transformer in classifying cardiac MRI images as normal or abnormal, with a view to providing a
sound and efficient decision-support tool for clinicians.

Recently, transformer models have been applied to the area of medical image analysis. Vision Transformers have shown
excellent performance in medical image analysis tasks like image classification and segmentation, often surpassing
CNNs when a large amount of training data is available. Some recent works have applied ViTs to medical datasets and
shown improved accuracy and generalization. These results encourage the application of Vision Transformers for
myocardial infarction detection in this research.

3. DATASET AND PREPROCESSING:

For this research, the EMIDEC cardiac MRI dataset is employed to create and test the proposed system for the detection
of myocardial infarction. The EMIDEC dataset is a collection of cardiac MRI scans obtained from healthy participants
and patients with a myocardial infarction diagnosis. This dataset is very useful because it contains a wide range of cases,
which makes it an ideal choice for training and testing deep learning models in a real-world environment. The dataset
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contains comprehensive scans of the heart, which enables the training of the model to distinguish between healthy and
infarcted heart tissue.

The cardiac MRI scans in the EMIDEC dataset are originally stored as three-dimensional data. The data is comprised of
several slices that represent various sections of the heart. However, deep learning models like Vision Transformers are
designed to process two-dimensional images. Therefore, the 3D data is first transformed into a series of 2D slices. This
process enables the model to examine the minute details of the slices while also being able to identify differences in
various parts of the heart.Following the extraction of slices, a number of preprocessing techniques are carried out to
improve the quality of the images. The first preprocessing technique is noise removal. This is useful in eliminating
random variations that may be present in the images during the MRI scan process. This technique improves the clarity
of the images and ensures that the model does not learn irrelevant patterns from the images.

The second preprocessing technique is contrast enhancement. This is useful in ensuring that the critical structures of
the heart are visible. This technique is particularly helpful in ensuring that the differences between the normal and
infarcted parts of the heart are visible, as these parts are likely to have different intensity patterns in the MRI images.
Finally, the normalization step is carried out to ensure that the pixel values are within a uniform range. This helps to
ensure that differences in brightness or intensity between various MRI images do not hamper the learning process. This
step also helps to ensure that the training of the model is faster and more stable. The combination of the above steps helps
to ensure that the quality of the MRI images is greatly improved and that the input to the Vision Transformer is clean
and standardized. This helps to ensure that the model is able to learn features that are relevant to myocardial infarction.

Dataset Number of Images | Percentage (%)
Training Set | 702 64.9 %
Test Set 380 351 %
Total 1082 100 %

Fig 1: Dataset Distribution

Fig.3. Sample Dataset
4. PROPOSED METHODOLOGY:

The proposed system for the detection of myocardial infarction is designed using a deep learning framework that is
based on a Vision Transformer (ViT) architecture and is trained to predict two classes: normal and abnormal (myocardial
infarction) based on the cardiac MRI slices. The overall approach for the proposed system includes data preparation,
image processing, fine-tuning of the model, training, and evaluation.
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Fig 2: Proposed System Architecture
4.1 DATA PREPARATION:

The EMIDEC cardiac MRI dataset is employed as the main source of data for this research. This dataset comprises
cardiac MRI images of healthy people and patients diagnosed with myocardial infarction. The images are delivered as
three-dimensional volumes, with every volume comprising several cross-sectional slices of the heart.As deep learning
models like Vision Transformers process two-dimensional images, every 3D MRI volume is initially transformed into a
set of 2D slices. These slices deliver detailed information about the heart at various spatial points and contain enough
information to detect myocardial damage. The slices are labeled based on the clinical diagnosis of the patient from whom
the slices were derived, ensuring that every image is properly labeled as either normal or abnormal.To ensure consistency
and prevent data imbalance, the dataset is carefully arranged to ensure that both normal and abnormal examples are
adequately represented. This is an important step in helping the model learn relevant distinctions between healthy and
infarcted heart tissues.

4.2. IMAGE PREPROCESSING:

Raw images obtained from the MRI may consist of noise, intensity variations, and artifacts due to patient movement
during the scanning process. If these flaws are directly used as input to a deep learning model, they could adversely
impact the performance of the model. To overcome this problem, a number of preprocessing steps are carried out to
improve the quality of the images.The first step involves the use of noise reduction methods to eliminate random
variations in the images. This process helps to make the boundaries of tissues and critical areas more distinct. The next
step involves contrast enhancement to enhance the visibility of areas in the myocardium, especially those that are
infarcted, which have intensity variations compared to normal areas.
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Then, all images are resized to a fixed resolution corresponding to the input size required by the Vision Transformer.
This helps ensure that the Vision Transformer model gets equal inputs, thereby stabilizing the learning process. Finally,
the pixel values are normalized to ensure that the image values are scaled to a fixed range. This helps eliminate large
differences in image brightness, thereby ensuring that the training process converges properly.By applying the above
preprocessing techniques, the MRI slices are made clearer and more uniform, which helps the Vision Transformer learn
features from them.

4.3. VISION TRANSFORMER MODEL:

A Vision Transformer (ViT) is employed as the backbone network for the new system. Unlike conventional convolutional
neural networks, which rely on local filters to extract features, Vision Transformers treat an image as a sequence of small
patches and examine the relationships among these patches using self-attention mechanisms. This enables the model to
learn both local texture patterns and global structural patterns over the entire heart. The input MRI images are first split
into fixed-size patches. The patches are flattened and projected into a high-dimensional embedding space. Positional
embeddings are added to preserve the spatial information of the original image. This is important because the spatial
configuration of cardiac structures is a critical factor in determining myocardial infarction.

The embeddings from the patch embeddings layer are then fed into multiple transformer encoder layers. Each
transformer encoder layer consists of a multi-head self-attention block and a feed-forward neural network. The self-
attention mechanism allows the model to compare every patch to every other patch, which is very useful in understanding
how different parts of the heart relate to each other. This is especially useful in the identification of infarction, which
may be present in multiple parts of the heart.

4.4 MODEL FINE-TUNING AND TRAINING:

The Vision Transformer is started with weights that have been pretrained on a large-scale image dataset. This is because
the Vision Transformer is capable of using the knowledge that was acquired during the pretraining phase to perform well
on the new task. This is referred to as transfer learning.During training, the preprocessed MRI images and their
corresponding labels (normal or abnormal) are fed into the model. The result of the transformer is then passed through
a classification head that predicts the probabilities of the two classes. A loss function, typically the cross-entropy loss
function, is used to calculate the difference between the predicted labels and the actual labels. The model parameters are
then updated using backpropagation to optimize the loss. The training procedure is tracked for overfitting by means of
a validation set. Hyperparameters like learning rate, batch size, and number of epochs are adjusted to obtain the
maximum possible performance.

4.5 PERFORMANCE EVALUATION:

After the completion of the training phase, the model is then tested on a test dataset that was not used in the training
phase. The output of the model is then compared with the actual output to determine the performance of the model in
terms of accuracy, precision, recall, F1-score, and the values of the confusion matrix. The performance metrics provide
a clear understanding of the model’s ability to detect a myocardial infarction and distinguish it from a normal state.In
addition to the above performance metrics, other techniques such as ROC curve analysis and confidence analysis are
also used to determine the accuracy of the model.

5. RESULTS AND DISCUSSION:

The proposed system based on Vision Transformer was tested on the EMIDEC cardiac MRI dataset to evaluate its
capability for the automatic detection of myocardial infarction. The experimental results show that the system performs
very well in identifying normal and abnormal cardiac MRI images. Each MRI slice is classified as normal or abnormal
using a pretrained Vision Transformer model that has been fine-tuned. Standard measures including accuracy, precision,
recall, F1-score, and confusion matrix analysis are used to assess the suggested model's performance. The model's ability
to accurately differentiate between infarcted and healthy heart tissue is demonstrated by the results. The system has a
high test accuracy of 97.63%, which shows that most of the MRI slices were correctly identified. This confirms that the
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Vision Transformer model was able to learn features from the cardiac images and identify healthy heart tissue from
infarcted heart tissue.

The analysis of the confusion matrix also supports this result. A large number of abnormal images were correctly
identified as myocardial infarction cases, and a large number of normal images were also correctly identified. Most
importantly, the number of false negatives was very low, which indicates that the system did not miss a patient with a
myocardial infarction. In practical applications, this is a very important property because a patient with a missed
myocardial infarction can lead to severe complications or even death. Although there were a few false positives, this
property is acceptable in a medical screening system. A normal case being identified as an abnormal case will only lead
to further medical screening, but a patient being missed is much more serious. Therefore, the prediction properties of
the proposed system are very suitable for practical applications. The ROC curve and threshold analysis indicate that the
model performs well at all thresholds, which is a sign of robustness. The system will continue to perform well regardless
of the threshold, which is important in practical applications where the environment can change.

In conclusion, the results above have demonstrated that the proposed Vision Transformer approach is accurate, reliable,
and clinically useful. The system has the potential to be a powerful decision-support tool for early and automated
myocardial infarction detection from cardiac MRI images due to its strong classification performance and confidence
estimates.
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6. CONCLUSION AND FUTURE WORK:

In this study, an automated system for the detection of myocardial infarction from cardiac MRI images using a Vision
Transformer-based deep learning model was successfully designed and tested. The proposed system has the advantage
of utilizing effective image processing techniques along with a strong self-attention mechanism, allowing the model to
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capture local as well as global patterns associated with abnormalities in heart tissue. The experimental outcome indicates
that the system is capable of achieving high classification accuracy (97.63%) with high sensitivity for the detection of
myocardial infarction. The confusion matrix and error analysis revealed that the number of false negatives is very low,
which indicates that the model is less likely to miss patients actually suffering from myocardial infarction. This is a very
important aspect of medical diagnosis, as failing to detect a diseased patient can cause severe health hazards. Although
there are a few false positives, this is acceptable in medical screening systems, as patient safety is given top priority. The
confidence and uncertainty analysis further validated the results and confirmed that the predictions made by the model
are accurate, and most of the correct predictions were made with high confidence. This makes the system suitable for
being used as a decision-support system, where the clinicians can use the predictions made by the model along with the
confidence score to make better-informed decisions. From the above discussion, it is clear that the Vision Transformer-
based models are highly effective for analysing the cardiac MRI images and identifying the myocardial infarction. The
proposed system has the potential to reduce the workload of the radiologists, increase the consistency of the diagnoses,
and enable the early and accurate detection of heart diseases, which will ultimately lead to better patient outcomes.
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