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The process of heart disease prediction is based on patient medical
information, which can be addressed in terms of medical image as well as
the results of an electrocardiogram (ECG) conducted to determine the risk of
developing heart disease. The hybrid deep learning (DL) algorithms are
developed using past data that can identify trends related to cardiovascular
disease (CVDs). In the current paper, it is possible to offer a new method of
heart disease prediction that would combine high-quality image processing
and hybrid DL to enhance the effectiveness of predictions and avoid the
shortcomings of the modern approaches. First, medical images like ECG
images are pre-processed with butterworth adaptive 2D wavelet filter, which
ensures maximal noise reduction, followed by maintenance of spatial and
frequency information. The Gabor Wavelet-based feature extraction
technique is applied to extract meaningful patterns, including both spatial
and frequency domain information, which is essential for detecting heart-
related anomalies. The resultant features are then categorized, along with
both convolutional neural networks (CNN) and long short-term memory
(LSTM), to make reliable and precise predictions of heart disease. The
performance indicators, including accuracy (92.4%), precision (91.2%),
recall (93.5%), and Fl-score (91.0%), are utilized. Applying the model
yields significant levels of reliability and generalization compared to
traditional applications.
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1. INTRODUCTION

In order to detect and diagnose heart disease early, sophisticated computational methods have been
developed because it is one of the world's leading causes of mortality. Deep learning (DL) algorithms have
been investigated in recent surveys for their potential to improve prediction accuracy and guide medical
decision-making. An example is when the authors suggested a strong heart disease prediction system based
on hybrid DL neural networks, whose performance proved to be satisfactory due to the deep integration of
features in the system [1]. Evaluated how various feature selection algorithms influence hybrid DL and
determined that proper feature selection methods can significantly improve models' efficiency and expert
interpretability [2]. Used convolutional neural network (CNN) and long short-term memory (LSTM) in
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predicting heart diseases and cast light on the performance of CNN and LSTM in dealing with nonlinear data
structures [3]. A combination of different classification models and the Boruta feature selection algorithm to
further process the input attributes and hence increase the percent of accuracy in the classification results [4].
Moreover, it employed self-measurable attributes that reflect wellness status by using hybrid DL algorithms,
and the article highlights the possibility of personal data as the basis of predictive diagnostics. The
contributions above are significant in that model selection, feature engineering, and data-driven approaches
are highlighted to improve the reliability of methods for predicting heart diseases [5].

Obijectives: i) to enhance early diagnosis and treatment planning by creating a reliable heart disease
prediction model that utilizes patient data, such as electrocardiogram (ECG) images, ii) to use butterworth
adaptive 2D wavelet filtering that would be effective in noise removal without affecting essential parts of the
image, iii) to accurately extract heart abnormalities, spatial, and frequency-based features are extracted using
Gabor wavelet transforms, and iv) to develop a hybrid DL model that integrates CNN with LSTM to provide
an intelligent system that can accurately identify the presence of heart illness.

Contributions of the work: i) an image processing and DL-based hybrid framework is constructed to
predict heart diseases, ii) effective noise removal and detail preservation are achieved by the butterworth
adaptive 2D wavelet filter, iii) Gabor wavelet identifies abundant spatial and frequency components to
improve pattern identification, and iv) CNN and LSTM classifiers enhance the accuracy of prediction,
addressing data imbalance and non-linearity.

The remaining portion of the document is divided into significant sections, which are described as
follows: section 2 examines the current research efforts in heart disease prediction using hybrid DL and
medical imaging with wavelet-based feature extraction used by different authors. Section 3 explains the
workflow of the suggested approach in the proposed method. Section 4 presents the findings analysis and
performance data. Section 5 presents the conclusion.

2. LITERATURE REVIEW

Bhatt et al. [6] demonstrate that this approach may involve a show that can precisely anticipate
cardiovascular clutters to decrease the deaths caused by the clutters. This paper proposes utilizing a k-mode
clustering strategy to enhance classification accuracy. Models such as decision tree (DT) classifiers, random
forests (RF), multilayer perceptrons, and XGBoost (XGB) are employed.

Chandrasekhar and Peddakrishna [7] suggested a hybrid decision support system that might be used
to identify issues early on. Multivariate imputation using chained equations has been used to heart disease,
depending on the patient's clinical characteristics. An algorithm will handle the missing values. Recursive
feature elimination is used to choose relevant features from the given dataset once the genetic algorithm (GA)
has been hybridized with the feature selection process [8].

Pathan et al. [9] assert that prompt and accurate identification of cardiac disease is essential for
preventing further harm to individuals. Artificial intelligence-based medical modalities are examples of non-
invasive medical treatments that have been used recently. In particular, machine learning (ML) has employed
several widely used algorithms and techniques that are highly adaptable and frequently used to accurately
identify cardiac illnesses in a short period.

The contribution of the research of Ahmed and Husein [10] is the critical analysis and use of
ensemble learning and other combination machine-learning techniques to forecast cardiac conditions.
Ensemble learning techniques are used to data sets and factors used in the cleveland and data port heart
disease datasets were age, blood pressure, blood glucose, resting ECG, heart rate, and four types of chest
pain.

According to Diwakar et al. [11], the diagnosis of infections is the most crucial component of
healthcare. An illness can save lives when it is identified sooner than anticipated or when it is more common.
ML classification approaches can benefit the healthcare sector by facilitating accurate and timely sickness
identification. Due to its difficulty in diagnosis, heart disease is currently one of the most dangerous
conditions in the world. It can therefore be advantageous to both patients and specialists.

Rindhe et al. [12] reported that in recent decades, heart-related illnesses, often known as
cardiovascular diseases (CVDs), have been the leading cause of mortality in the majority of the world's
countries. They are lately considered to be the most fatal disease not only in India but also on this planet.
Subsequently, a dependable, accurate, and practical framework is required to identify such maladies in
development to receive proper treatment. ML calculations and strategies have been connected to assorted
restorative information to mechanize the ponder of huge and complex information.

According to Patro et al. [13], the category of information in this of intrigued to ponder is the
information category. Able to utilize tests and prepare information through categorization to produce a
forecast demonstration. With the combination of computer algorithms and numerical methods, a
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classification calculation generates such information [14]. It develops a versatile show capable of handling
detailed information, which will encompass the same information types.

Mehmood et al. [15] described Cardio Help, a deep-learning solution that leverages CNN to show
the probability of cardiovascular illness in a patient. The specified method proposes a CNN-based heart
failure (HF) prediction at the initial level, which encompasses temporal data modeling. We have developed a
heart disease dataset, contrasted the results by applying innovative techniques, and achieved decent results.

El-Shafiey et al. [16] outlines how the best features are selected to increase the forecast accuracy of
heart illness using a hybrid GA that blends RF and particle swarm optimization (PSO) techniques. Initially,
the suggested GAPSO-RF uses multivariate statistical analysis to determine the most significant
characteristics in the original population. Next, a discriminative mutation process is used by the GA.

According to Dissanayake and Johar [17], the efficiency of classification algorithms used for model
development and the relevant characteristics selected by various feature selection methods were examined
through an experimental study. Under the feature subset provided based on the backward feature selection
strategy, the feature subset with the highest classification rate, 88.52%, precision of 91.30%, and is achieved
using the DT classifier.

Nancy et al. [18] stated that the internet of things simplifies the connection between people and
devices, and when integrated with cloud computing, it enhances quality of life. As new Al and ML
technologies proliferate in the medical field, medical predictive analytics holds the potential to transform our
proactive approach to healthcare. DL, a branch of ML, has the ground-breaking ability to analyse massive
volumes of data precisely at previously unheard-of speeds, yielding incredible results and swiftly and
efficiently addressing complex problems.

Ashri et al. [19] suggest hybridized classifiers that combine the majority voting approach and the
ensemble model to increase prediction accuracy. To improve prediction levels and reduce time consumption,
a feature selection and preprocessing strategy based on GA is also demonstrated. A comparison of the study's
findings showed that the suggested ensemble classifier model outperformed other pertinent improvements in
the classification rate, with the latter proportion increasing by up to 98.18%.

Ramesh et al. [20] conducted experiments using the UCI dataset containing 303 instances and 76
features. Among these, 14 features were selected to evaluate the effectiveness of different classification
approaches. The separation timberland method normalizes the information utilizing the foremost key
highlights and measures of the information, which features a higher degree of exactness. The choice tree
classifier incorporates 4 and 18 highlights and the irregular timberland classifiers. The exploratory comes
about to demonstrate that K-nearest neighbors (KNN) with eight neighbors is solid sufficient to assess its
adequacy, affectability, exactness, and exactness. The comparative analysis is shown in Table 1.

Table 1. Comparative analysis for heart disease prediction

Ref. Author and year  Dataset used Algorithm used Result achieved Limitations
[21] Gaoetal., 2021 UCI heart Ensemble (RF and  Accuracy of 89%, Low interpretability and
disease gradient boosting machine  outperforming single  high computational cost
(GBM)) models
[22]  Asifetal., 2021 UCI SVM, KNN, RF, DT, and RF  achieved ~88% Limited to classical ML
logistic regression (LR) accuracy and no hybrid or DL
models

[23]  Akellaand UCI LR, Naive Bayes (NB), SVM achieved ~85% No DL and small
Akella, 2021 (Cleveland) ~ SVM, and KNN accuracy benchmark dataset

[24] Nandy et al., Framingham  Swarm intelligence and  Accuracy above 90% Small dataset and risk of
2023 dataset artificial neural network overfitting

[25] Yazdani et al., Malaysian LR with feature strength 87%  accuracy = with Dataset lacks global
2021 and UCI score improved interpretability ~ diversity

[26] Ozcan and UCI heart CART (DT) Good and interpretable  Limited capability for
Peker, 2023 dataset performance complex patterns

[27] Ishaq et al., HF dataset SMOTE+data mining AUC>0.90 after  Risk of overfitting due to
2021 balancing oversampling

[28] Budholiyaetal., UCI heart Optimized XGB Achieved 94.85%  Black-box nature and
2022 disease accuracy tuning complexity

[29] Changetal., UcCl and SVM, KNN, NB,and DT SVM achieved 86% No feature engineering or
2022 Kaggle accuracy ensemble use

[30] Rubini et al., UcCl and LR, SVM, DT, RF, and Accuracy of 85% No real-time or advanced
2021 Statlog NB modeling

Table 1 lists 10 current studies that use different machine-learning techniques to predict cardiac
disease [21]-[30]. In order to compare the types of contributions made by each study, the table displays the
findings, methods, restrictions, and datasets. The UCI dataset and other publicly accessible datasets were
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used in the majority of the studies and employed well-known classifiers, including RF, support vector
machine (SVM), and XGB. The accuracy was expressed in percentages, ranging from 85 to 94.85%, with the
ensemble models and hybrid ones performing better. However, in general, it was limited by the absence of
DL applications, the threat of overfitting, and the difficulties associated with the interpretability of models
and the diversity of the datasets.

3. METHOD

The suggested algorithm of heart disease forecasting combines the current high-end image
processing and DL practices to enhance the accuracy of diagnosis. To start with, medical images of patients,
ECG scans of a patient, or cardiac imagery data will first be preprocessed using a butterworth adaptive 2D
wavelet filter, which reduces noise content in an image while retaining some of its edges and frequency
content in an efficient manner. The Gabor wavelet transform has been used to extract features, as it provides
both spatial and frequency domain information, which are helpful in identifying meaningful patterns that are
significant to heart disease. To enable the precise and dependable prediction of the characteristics displayed
in Figure 1, they are then input into two classifiers, specifically CNN and LSTM. To achieve robustness,
generalization, and efficiency in clinical decision-making, the system is evaluated using measures including
accuracy, precision, recall, F1-score, and area under the curve-receiver operating characteristic (AUC-ROC).

ECG Images Butterworth Gabor Wavelet Convolutional
Dataset of Adaptive 2D Feature Neural Network
Cardiac Wavelet filter Extraction and Long Short-
Patients Term Memory
Prediction

Figure 1. Overall flow diagram of proposed work

3.1. Electrocardiogram images dataset of cardiac patients

The dataset illustrates the four primary categories into which the dataset is divided, each of which
represents a distinct heart disease. Myocardial infarction (MI) patients' ECG images, patients' ECG images
with irregular heartbeats, patients with a history of M1 and normal people's ECG images are among them.

Table 2 patients with MI, sometimes referred to as a heart attack, are shown in these pictures. The
ECG patterns commonly associated with this serious state are visible in the photos. ECG pictures from
patients with irregular heartbeat patterns fall under this group. These patterns may indicate a range of
arrhythmias or other cardiac conditions, providing valuable information for research and diagnosis.

Table 2. ECG image dataset overview

Dataset overview No. of images Total dimensions
Myocardial infarction patients ECG images 240 240x12 (total of 2880 images)
Patients with abnormal heartbeat ECG images 233 233x12 (total of 2796 images)
ECG images of patients with a history of Ml 172 172x12 (total of 2064 images)
Normal person ECG images 284 284x12 (total of 3408 images)

3.2. Preprocessing using butterworth adaptive 2D wavelet

To improve the quality of data for DL models and minimize noise, the butterworth adaptive 2D
wavelet preprocessing of heart disease prediction is an excellent method. In medical datasets, particularly
those containing signal data or images such as ECGs or heart scans, noise and irrelevant variance can reduce

Int J Reconfigurable & Embedded Syst, Vol. 15, No. 1, March 2026: 183-193



Int J Reconfigurable & Embedded Syst ISSN: 2089-4864 a 187

the accuracy of prediction. To eliminate this, the butterworth filter, known for its smooth frequency response,
is applied to filter out high-frequency noise while retaining the key features of the signal. This is integrated
with the adaptive 2D wavelet transform, which can further break down the data of the signal or image into
various resolutions, allowing for better noise spotting and feature extraction.

Mean (w) = Yy Xmn @

Where pu mean of the input signal/image or data matrix, X, is intensity or value at the pixel, T is total
number of elements in the data.

g = ’%ZT(Xm,n —W? O]

Where o is standard deviation of the data, X, ,, is original data value, and p is mean of the data.

Ny(m,n) = m(pys — 1) + 1y, — 1) ®3)

Where N¢(m,n) is frequency energy or feature emphasis at location, u,, i, are local means in horizontal
and vertical directions, m, n pixel or coefficient positions, and u is global mean.

E, = ZT(.“mn - .u) (4)

Where E, is energy difference or total deviation energy in the transformed domain, u is global mean, and
Umn 1S local mean at each position,

Ny(mn)—py
Oy

Nq(i,j) = (®)

Where N, (i,j) is normalized frequency, Ny(m,n) is frequency features a m,n, u,, and g, is mean and
standard deviation of the local or directional components,

G, = ZS’L_‘r%:O Nq(m,n) @ _j)z (6)

Where C, is final adaptive variation or contrast measure across data, Ng(m,qy IS normalized values at each
point, i,j is position indices or feature dimensions, and T is total number of elements.

3.3. Gabor wavelet feature extraction

Gabor wavelet feature extraction is a process of forecasting heart disease by analyzing medical data,
primarily in the form of imaging or signal-based data, such as ECGs, to identify patterns related to
cardiovascular conditions. Gabor wavelets are useful feature extractors because they can extract the spatial
and frequency characteristics of specific signals or images, which would be helpful in emphasizing the
texture and slight differences in biomedical signals or images. Under this strategy, preprocessing of the input
data is necessary, followed by the application of Gabor filters of various orientations and scales to obtain
meaningful features that may then be used to describe the nature of the heart signal or image.

["2]]z]|"2
202

2
Kup wy . o2
D) = 02l g rusl 22 oy ik, ) — e (~ Z)) ™

Where ¢, ,,(hm) is the Gabor wavelet function for scale u and orientation v, applied to input hm, k, ,, is

2
, magnitude of the

wave vector that defines the frequency and orientation of the Gabor wavelet is ||ku‘v|
wave vector, controlling the central frequency of the wavelet, and z is spatial position:

Ayp(2) = \[Re (ow(z))2 +Im (o,u,(z))2 (8)
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Where A, ,,(2) is the magnitude (amplitude) of the Gabor filter response at position z, for a given scale u and
orientation v, o,,(z) is the complex output (response) of the Gabor filter at z, and (ou_,,(z)) is imaginary
part of the Gabor filter response.

archtan (Imlm(o#,v (z))
Re (o,“,(z))

Buv(2) = ©)

Where 6,,,,(z) is phase angle of the Gabor response at position z indicating the phase shift of the texture or
signal at that point and archtan is inverse tangent function used to compute the phase angle from the
imaginary and real parts of the complex response.

3.4. Classification: convolutional neural network and long short-term memory

Heart disease may be accurately predicted using a hybrid CNN-LSTM model that combines
temporal sequence modeling (LSTM) with spatial prediction (CNN), as shown in Figure 2. CNN extracts
local and regional patterns and characteristics from medical records, including organized health data, image
patterns, and ECG signals. The popular network for classifying heart diseases is the CNN. This is due to
training on ECG or medical scan images. Automatically, CNN predetermines the crucial features, which
include the pattern of waves, abnormalities, or textures in the input image. The network can learn local and
global patterns associated with heart disease detection using convolution and pooling, which capture the
regional and global patterns, respectively.

7 = (X« W®)i,j + p® (10)

Where X is input ECG image, W® is filter (kernel) for the k" feature map, b® is bias, * convolution
operation, and Zl.(,']f) is output at position (i, j) in feature map k.

K k
AY) = ReLU (2 = max(0,2) =

y = o(Wre.x + bge)

Where x is flattened feature vector, Wy, by are weights, and bias of FC layer, and ¢ is SoftMax or sigmoid
function depending on binary/multiclass classification.

L=—[ylog®) + (1 —y)log(1— 9] (12)

LSTM is used to model the temporal correlations, which is useful for time-series data like heart rate
and ECG readings. LSTM networks are a compelling method for classifying heart disease when analyzing a
sequence, such as ECG signals. It is also capable of learning long-term dependencies and patterns, such as
intervals of heartbeat.
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Figure 2. Structure of proposed hybrid CNN-LSTM model
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4. RESULTS AND DISCUSSION

The standard execution measures were utilized to test the proposed half-breed show based on its
viability in anticipating heart maladies. Its results illustrated way better precision, accuracy, review, and
AUC-ROC in comparison with conventional models. Figure 3 illustrates the raw, unprocessed ECG
recording. The signal appears blurred and has low contrast, making it difficult to distinguish essential
waveform features such as P waves, QRS complexes, and T waves. The filtered image is shown on the right
side of Figure 3. The image denoising and enhancement using a hybrid filtering approach that combines the
butterworth adaptive wavelet filtering approach.

Butterworth Adaptive
original Wavelet Filtered
1500 — = 1500 -

sy vt pA 004 i ey b L]
R Ay = B L & o T
500/ |00 | i i

Lp b b PP bpod | B SIS SIS Ry e

0 . , . — 0 . . ‘ .
0 500 1000 1500 2000 0 500 1000 1500 2000

Samples Samples

< » < »
< > < >

Figure 3. Preprocessed ECG signal image using butterworth adaptive wavelet filtered

Table 2 presents a comparison of the performance of various models used to classify heart diseases.
The proposed CNN+LSTM hybrid achieved the best accuracy of 92.4%, along with excellent levels of
precision (91.2%), recall (91.2%), specificity (93.5%), and F1-score (91.0%), making it a powerful model.
The classic models, such as KNN, ANN, and DT, exhibited lower scores to a lesser degree. ANN managed to
prove itself better than the KNN and DT methods; however, the hybrid model CNN+LSTM outdid all the
rest in all measures of evaluation.

Table 2 Performance comparison

Models Accuracy  Precision  Recall  Fl-score
KNN 85.3 82.1 835 82.8
ANN 88.9 87.0 87.0 86.7
DT 83.2 80.5 80.5 80.7
Proposed CNN+LSTM 924 91.2 91.2 91.0

Figure 4 illustrates the comparison of classification accuracy among four deep-learning models in
detecting heart diseases. The accuracy of the proposed CNN+LSTM model was 92.4%, indicating that it is
better suited to learn both temporal and spatial characteristics of ECG data. Although it has a respectable
accuracy of 88.9%, the ANN model lacks temporal memory. With respective accuracies of 85.3% and
83.2%, the KNN and DT models showed a moderate level of efficacy. A comparison of the accuracy scores
of several categorisation models used to predict heart disease is displayed in Figure 5. With relatively few
false positives, the proposed CNN+LSTM hybrid model also obtains the maximum precision of 91.2%,
demonstrating its capacity to effectively identify positive instances of heart disease. Next is the ANN model,
which outperforms the conventional models with an accuracy of 87.0%. Lower accuracy values of 82.1% and
80.5% are attained by KNN and DT models, respectively. The relative recall performance of several DL
models in the classification of heart disease is shown in Figure 6.

Figure 7 presents a comparison of specificity values for four models of heart disease classification
prediction. The proposed CNN+LSTM has shown a specificity of 93.5%, indicating that it is better at
predicting negative (non-heart disease) cases. The ANN model achieves 90.2% accuracy and indicates good
classification ability. The KNN has a specificity of 86.7%, which is higher than that of the DT at 84.6%. This
analogy highlights that deep learning-based models, particularly CNN+LSTM, are more accurate than
conventional hybrid deep learning strategies in detecting healthy individuals.
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A comparative examination of the F1-score of four hybrid deep-learning models that identified heart
disease is shown graphically in Figure 8. With an F1-score of 91.0%, the suggested CNN+LSTM model
produces the greatest results and strikes the ideal mix between recall and accuracy. This shows that it
performed effectively in the identification of positive and negative cases of heart diseases. The ANN model
continues and generates a percent score of 86.7, and the performance is somewhat effective yet holding back.
In comparison, traditional models such as KNN and DT have lower values of F1-scores, which are 82.8%
and 80.7%, demonstrating better F1-score performance in deep learning compared with traditional methods.
The ROC curve for the suggested CNN and LSTM hybrid model is shown in Figure 9.
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Figure 9. ROC curve for proposed CNN and LSTM
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5. CONCLUSION

The combination of practical image processing and hybrid deep learning methods is recommended
as a superior technique for predicting heart diseases. Incorporating the butterworth adaptive 2D wavelet
filtering method to provide noise-free image preprocessing. The Gabor wavelet-based feature extraction
method is used to extract pattern recognition features in the system, thus ensuring the quality of the input
data. Based on CNN and LSTM models, it is possible to more easily classify heart conditions due to the
non-linearity and complex data variations. The method used works better than conventional models to control
such problems as the imbalance of data and dependence on the irrelevance of the features. Such an extensive
application of evaluation metrics such as accuracy 92.4%, precision 91.2%, recall 93.5, and F1-score 91.0%,
as well as indicates the credibility and generalizing performance of the model. The end product of this hybrid
is an optimistic prospect of early detection, better clinical judgment, better treatment planning, and, therefore,
the prevention of the mortalities associated with heart diseases and overall better patient treatment by
developing better technology.
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