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Abstract—Myocardial Infarct (MI) is a 

dangerous heart condition that needs to be 

diagnosed and treated right away. Automatic 

ECG-based diagnostic systems offer 

considerable potential; however, numerous 

current methodologies encounter challenges 

related to multi-class classification while 

computational efficiency. This research presents 

an effective deep feature fusion structure to 

multi-class myocardial infarction detection 

utilizing ECG signals. The framework combines 

advanced signal preprocessing, learning 

morphological features, and ensemble 

classification methods to make detection more 

accurate.  

 

Wavelet-based filtering as well as adaptive 

methods of normalization are used to remove 

noise from ECG signals at first. To find cardiac 

cycles, R-peak detection is used, and then beat 

segmentation is done. A stacked Auto-Encoder 

architecture-based deep feature extraction 

module learns compact connection 

representations that capture small pathological 

changes. These features learned are combined 

with statistical adjectives to make it easier to tell 

the difference.  

 

We look at a number of classifiers, such as 

Support Vector Machines and Gradient 

Boosting. Additionally, an extension method 

using Attention-Enhanced Features Reweighting 

is presented to continually prioritize clinically 

important features. The results of the 

experiment show that classification precision as 

well as durability have improved a lot. The 

suggested system provides a scalable, effective 

but and clinically pertinent solution for ECG-

based myocardial infarction diagnosis.  

 

Keywords—Myocardial Infarction, ECG 

Monitoring, Deep Knowledge Fusion, Auto-

Encoder, Combination Learning, Cognitive 

Mechanism and Multi-Class Classification. 

I. INTRODUCTION 

 

Cardiovascular diseases remain a significant global 

health issue, with myocardial infarction being one 

of the most severe appearances. To lower the death 

rate and improve treatment outcomes, it is 

important to diagnose early and correctly. ECG 

signals give useful information for diagnosis, but it 

is still hard and prone to mistakes to read them by 

hand.  

Deep learning and machine learning methods have 

been used more and more in automated diagnostic 

systems. Deep models can learn a lot of useful 

features, but they usually need a lot of computing 

power. So, lightweight and successful frameworks 

that can do multi-class classification are very 

useful.  

This paper introduces a deep feature fusion scheme 

that integrates representation learning as well as 

ensemble classification to enhance MI detection as 

well as localization.  

Myocardial Infarction (MI) constitutes an serious 

heart disease that happens when blood flow to the 

heart is blocked, causing permanent damage to the 

heart muscle. Early detection is still a very 

important clinical goal because late diagnosis 

greatly raises the risk of death and long-term 

problems. ECG signals offer an efficient, 

economical, and non-invasive diagnostic method 

that can identify electrophysiological anomalies 

linked to myocardial infarction.  

Even though automated ECG analysis has come a 

long way, finding multi-class MI is still hard 

because of differences between patients, noise 

artifacts, and disease subtypes that look similar. 

Handcrafted features that may not be able to 

capture intricate nonlinear patterns are often used 

in traditional machine learning systems. On the 

other hand, deep learning models are very 

powerful, but they often have a lot of extra work to 

do and are hard to understand. 

To overcome these constraints, this study 

introduces a deep feature combination scheme that 

amalgamates learning the representation with 

statistical identifiers of features. The framework's 
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goal is to improve MI subtype discrimination while 

keeping precision of classification, robustness, or 

computational efficiency in balance. 

 

II. LITERATURE SURVEY 

 

Previous ECG classification studies predominantly 

utilized manually crafted features obtained from 

signal morphology alongside frequency analysis. 

Machine learning classifiers worked okay, but they 

needed a lot of work to get the right features. 

Recent deep learning methods have made it easier 

to automatically extract features, but problems with 

overfitting or computational complexity still exist. 

Attention mechanisms and feature fusion strategies 

have become promising ways to make models 

easier to understand and more accurate.  

ECG classification studies predominantly focused 

on morphological feature engineering, 

encompassing amplitude measurements, waves 

durations, while frequency-domain 

transformations. These methods gave us some basic 

ideas, but they couldn't be used on a larger scale 

because they relied on features defined by experts. 

Recent advancements have produced deep neural 

networks proficient in automated feature learning. 

CNN-based methods were better at finding spatial 

patterns, but they often needed a lot of data and 

processing power. Later on, feature fusion 

strategies proved to be useful ways to combine 

complementary representations. 

Attention mechanisms have improved learning 

efficiency even more by letting models 

dynamically prioritize important features. 

Nonetheless, there has been insufficient research on 

attention-driven feature reweighting especially for 

multi-class MI identification. This study enhances 

these developments by combining deep 

representational learning with adapting feature 

prioritization. 

 ECG dataset employed in this study comprises 

clinically annotated recordings that depict various 

MI subtypes as well as normal cardiac conditions. 

Multi-lead ECG signals record electrical activity 

from different anatomical angles, which makes it 

possible to do a full pathological assessment. 

Signals show differences in sampling rates, 

magnitude distributions, and noise properties. This 

kind of variety calls for strong preprocessing and 

normalization methods. Additionally, controlled 

sampling strategies are used to deal with class 

imbalance and make sure that model evaluation is 

fair. 

III. PROPOSED METHODOLOGY 

 

The proposed framework aims to attain resilient as 

well as computationally efficient multi-class 

infarction detection through the integration of deep 

representational education, feature fusion, along 

with adaptive feature prioritization processes. The 

system architecture is made up of processing 

modules that work in order to improve signal 

quality, extract useful features, and make 

classification more reliable. 

 

First, raw ECG signals are preprocessed to get rid 

of noise artifacts and baseline distortions. Wavelet-

based denoising methods are used to keep 

important morphological parts while getting rid of 

high-frequency noise. After that, signal 

normalization is used to make sure that the 

amplitude changes are the same across all patient 

recordings, which helps to keep learning behavior 

stable. 

 

To find the boundaries of the cardiac cycle, true R-

peak detection is used, which allows for precise 

beat segmentation. This process of breaking things 

up separates individual heartbeat structures, which 

are the main input for deep representational 

learning. We use an arranged Auto-Encoder 

architecture to learn small latent feature 

representations that can capture small nonlinear 

changes that happen with different MI subtypes. 

 

To improve the ability to tell the difference even 

more, learned deep characteristics are put together 

in statistical descriptors that come from the shape 

of the signal. This strategy for combining features 

makes the system more stable by using information 

in both learned as well as domain-driven model 

representations that work well together. 

 

The framework has a feature prioritization system 

built in that dynamically highlights attributes that 

are important for diagnosis. The mechanism doesn't 

treat all features the same way. Instead, it gives 

each feature an adaptive importance weight based 

on the relationships it learned during training. This 

process helps the model focus on clinically 

important signal features, which makes 

classification more stable and easier to understand. 
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Figure 1: System Architecture of proposed 

Methodology 

 

IV. RESULT AND DISCUSSION 

 

The experimental results also show that combining 

deep as well as statistical feature representations 

gives a better picture of how ECG signals change 

over time. Deep representations encapsulate 

intricate, non-linear structures linked to 

pathological patterns, whereas statistical 

descriptors offer precise quantification of variations 

in time and waveform morphology. This 

complementary integration makes it easier to 

separate classes, especially when individual 

property types alone aren't enough to show small 

differences between classes. The resulting feature 

space shows better coherence and interpretability, 

which helps classifiers learn more reliably.  

Also, the reduction of dimensionality mechanism 

helps make the model more robust and more 

efficient in terms of computation. By getting rid of 

noise-prone and unnecessary features, the machine 

learning models are less likely to overfit and are 

better able to handle signal distortions. This effect 

is particularly useful for ECG evaluation, where 

differences in how the data is collected and the 

patient's unique traits often cause inconsistencies. 

The ensemble approach to learning takes advantage 

of this better representation by using the 

differences between base learners to make 

predictions that are more reliable.  

The attention-driven extension adds a process for 

adaptive refinement that changes the order of 

importance of features that are important for 

diagnosis. This selective focus makes the model 

more sensitive to clinically significant changes 

while lessening the effect of changes that don't 

matter. As a result, prediction stability gets better 

across segments that are close in time, which is 

more in line with how heart signals work all the 

time. The mechanism of attention also helps with 

borderline and unclear cases, where the cues that 

help tell the difference between things may be 

inadequate or hidden.  

 

The comparative evaluation shows that the 

proposed method consistently improves precision, 

recall, predictability, and F1-score. This shows that 

it effectively addresses both portrayal integrity and 

classification reliability. These results show how 

important it is to combine feature fusion, 

dimensionality effectiveness, and adaptive feature 

weighting in order to accurately detect multi-class 

Myocardial Infarction. The framework lays the 

groundwork for future improvements in 

knowledgeable ECG-based diagnostic systems, 

making them more useful in clinical settings and 

helping doctors make decisions. 

 

 

 

Model / 

Algorithm 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Random 

Forest 
96.72 96.10 95.84 95.97 

XGBoost 95.34 94.88 94.21 94.54 

Hybrid (RF 

+ XGB) 
96.75 96.42 95.93 96.17 

Overfit 

DNN 
99.90 99.85 99.92 99.88 

 

Table 1: Model Performance Metrics 

 

 

V. CONCLUSION 

 

This study presented an effective deep combination 

of features framework aimed at tackling the 

intricacies of numerous classes of Myocardial 

Infarction surveillance from ECG signals. The 

proposed architecture methodically integrates in 

addition feature representations to improve 

diagnostic reliability. Auto-Encoder-based 

representation learning finds hidden structural 

patterns in signals, which makes it easier to abstract 

useful features. The addition to mathematical 

descriptors, which give clear measures of quantity 

of waveform variance and signal dynamics, makes 

these learned features even better. The model can 

adaptively emphasize clinically pertinent attributes 

by using an attention-driven property reweighting 

mechanism. This makes it better at distinguishing 

between different MI categories.  

 

The combined effect of those parts led to 

significant performance enhancements, illustrating 

that heterogeneous blending of features can greatly 
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enhance classification robustness as well as 

sensitivity. The framework strikes a balance among 

computational efficiency and accuracy in 

prediction, which is important because it makes it 

suitable for real-world use cases, such as those that 

require real-time data or have limited resources. 

This balance is very important in medicine, where 

both agility and dependability have a direct effect 

on how useful a treatment is in the clinic.  

 

Future research may investigate cross-dataset 

generalization to assess model stability across 

various patient populations as well as acquisition 

contexts. Looking into lightweight mechanisms for 

attention could help cut down on computational 

overhead even more while still keeping 

representational effectiveness. Moreover, 

improving clinical interpretability is an essential 

path, as clear decision-making processes can foster 

physician trust, aid diagnostic validation, and 

encourage incorporation into clinical workflows. 
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