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Highlights

e  Gammatone filter bank extracts frequency info via cochleagram transformation.

e  Latent space from autoencoders provides effective, compact features for classification.
e Autoencoders excel in unsupervised learning by compressing features efficiently.

e  Robust to noise, autoencoders improve accuracy using compact latent features.
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1. Introduction

Cardiovascular disease remains one of the most significant and concerning fatal conditions worldwide. Published
statistics indicate that 32% of global deaths in 2019 were attributed to cardiovascular diseases [1]. The rising
prevalence of cardiovascular disorders, their complications, and the associated healthcare costs have spurred
extensive research into early detection and diagnostic methods. While various diagnostic approaches have been
proposed, most are either prohibitively expensive or invasive in nature. Invasive procedures not only cause patient
discomfort but may also pose life-threatening risks.

Among non-invasive, cost-effective diagnostic methods, cardiac auscultation using a stethoscope stands out for
early heart disease detection. However, this method's accuracy heavily depends on the clinician's expertise [2].
Consequently, the stethoscope remains the most frequently used medical device, while phonocardiography (PCG)
- the graphical recording of heart sounds - has emerged as an effective diagnostic tool for cardiovascular
conditions. Healthy heart sounds typically consist of two distinct components (S1 and S2), whereas abnormal
sounds result from turbulent blood flow through cardiac valves, caused by conditions such as valvular
regurgitation, ventricular septal defects, or stenotic valves. While most abnormal sounds suggest cardiac
pathology, some may not indicate specific diseases. These sounds can be categorized based on their spatial
characteristics.

Despite its utility, PCG has limitations in detecting certain mechanical cardiac dysfunctions, including vascular
anomalies or septal defects, and cannot identify coronary artery occlusions. While electrocardiography (ECG)
serves as the gold standard for diagnosing mechanical heart failure, it remains relatively costly [2,3] and requires
trained specialists for image acquisition, expert interpretation, and precise analysis. A highly accurate, affordable
automated system could provide a reliable alternative for clinicians in resource-limited settings, potentially
reducing the need for expensive and invasive diagnostic procedures.

2. Innovation and contributions
This research presents a novel approach for early detection of abnormal heart sounds using Phonocardiogram
(PCQG) signals. The key innovations include:

e Cochleogram Transformation: The use of cochleogram transformation to generate two-dimensional
representations of heart sound signals, providing a new analytical approach.

e Deep Feature Extraction: A combination of deep learning and variational autoencoder network to extract
four discriminative features from each signal, enhancing detection accuracy.

e Advanced Classification: Implementation of support vector machines and k-nearest neighbor algorithms
with k-fold validation, achieving exceptional performance (accuracy: 99.55%, sensitivity: 98.75%,
specificity: 99.70%).

e Comprehensive Validation: Evaluation using the standard Physionet database containing 3,482 heart
sounds, demonstrating reliability and effectiveness.

e Clinical Application: A low-cost, non-invasive system suitable for rural healthcare settings, enabling
general practitioners to diagnose cardiac abnormalities without specialist expertise.

These advances establish new standards in heart sound analysis, outperforming existing methods and improving
cardiac healthcare outcomes.

3. Materials and Methods

Figure I illustrates the complete workflow of the proposed algorithm. The method involves several key steps:
initial preprocessing followed by application of the cochleogram transform to each signal window using a
gammatone filter bank. The resulting vector from the cochleogram transform is then fed into the network, where
its hidden space representation serves as effective features. These extracted features are subsequently input to the
classification function for final class determination. Further details of the proposed methodology are elaborated
in the following sections.

Pre-processing
C (Band-pass el Cochleagram — VAE-based ey Classification
Transformation Feature Extraction
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Signal
Acquisition
Figure 1. Steps of the Proposed Method

This study utilizes the PhysioNet-2016 database for validating the proposed heart sound recognition algorithm
[4,5]. The database comprises 2,435 recordings of both normal and abnormal heart sounds. While collected using
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various recording devices, all signals were uniformly resampled at 2 kHz following bandwidth limitation through
an anti-aliasing filter based on Nyquist-Shannon sampling theory.
The abnormal recordings primarily represent cases of valvular disorders and coronary artery occlusions, though
detailed clinical annotations are limited. From these recordings, we extracted 3,482 heart sound cycles, consisting
of:

e 1,754 normal cycles

e 1,728 abnormal cycles

The dataset was partitioned with 80% allocated for classifier training (organized into 128 clusters) and 20%
reserved for testing. During training, 30% of the training data served as validation, with this subset being randomly
selected and refreshed each epoch to ensure robust model evaluation.

4. Results and Discussion

The results demonstrate the superior performance of the proposed variational autoencoder method for
dimensionality reduction when compared to other advanced feature selection techniques including Genetic
Algorithm (GA), Evolutionary Algorithm (EA), and Non-Dominated Sorting Multi-Objective Symbiotic
Organism Search (NSMOSOS). The key findings reveal:

e Enhanced Accuracy: The proposed variational autoencoder achieves consistently higher accuracy with
both KNN and SVM classifiers, surpassing the performance of classical autoencoder and other feature
selection methods.

e Improved Robustness: Combined with SVM classification, the method demonstrates significant
performance gains, exceeding 99% across all key metrics (specificity, sensitivity, and accuracy).

e Effective KNN Performance: While SVM delivers superior overall results, the variational autoencoder
still substantially enhances KNN classification compared to baseline and alternative approaches.

These results collectively validate the effectiveness and robustness of the proposed method for both
dimensionality reduction and classification tasks, establishing its advantage over existing techniques.

5. Conclusion

This paper presents a novel approach for heart sound classification using a variational autoencoder network to
extract features from cochleogram-transformed signals. Our methodology employs a balanced dataset containing
3,482 normal and abnormal PCG cycles for training and evaluation. The system processes signals through a
gammatone filter bank that generates 64-dimensional vectors per frame, accurately modeling human auditory
frequency response. This proven technique provides precise cochleogram feature extraction for cardiac sound
analysis.

The core innovation involves our designed variational autoencoder network, which effectively reduces
dimensionality by extracting 10 discriminative features from its hidden layer representation. Experimental results
demonstrate exceptional classification performance, achieving 99.55% accuracy, 98.75% sensitivity, and 99.70%
specificity when paired with an SVM classifier.

This system offers significant clinical potential as both a diagnostic aid for physicians and a foundation for
portable heart disease detection systems. The model's computational efficiency enables deployment on standard
personal computers, suggesting practical implementation in clinical settings through relatively simple hardware
requirements. These capabilities position our approach as a valuable tool for non-invasive cardiac abnormality
detection.
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Figure 2. Samples of normal and abnormal sound signals of the heart and the output related to its cochleogram conversion
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Figure 4. Self-encrypting network for feature extraction
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Table 1. Investigating the performance of the variable self-encryptor network in reducing input dimensions and comparing it with the classic
self-encryptor network and other modern methods.

Ref. Feature Reduction Categc?ry Precision  Sensitivity Bein‘g
Function Special

) All features KNN 84.22 84.38 82.19

SVM 84.56 84.62 83.72

. . KNN 89.90 90.27 90.19

(26] Genetic algorithm SVM 91.22 9337 92.65

. . KNN 96.49 98.38 97.56

[27] Evolutionary algorithm SVM 9788 98.62 98.02

. . . KNN 97.19 98.25 97.41

[28] Searching for symbiotic organisms SVM 98.22 98 81 98.15

. . KNN 98.87 98.29 98.23

Proposed method Classic self-encryption SVM 99.02 98.37 9914

. . KNN 99.43 98.62 99.21

Proposed method Variable self-encryption SVM 55 98.75 99.70

Lseps bl a0 SadS 50, 095 4l b QT Ao g (6399 olul 2alS o piie G50, 095 4l 0 Shoe ()0 Y Jgo
TAB 515 4 S o

Table 2. Investigating the performance of the variable self-encryptor network in reducing input dimensions and comparing it with the classic
self-encryptor network in noisy conditions and with a signal-to-noise ratio of 3dB.

Ref. Feature Reduction Categt)ry Precision  Sensitivity Beln‘g
Function Special

_____ All features KNN 62.88 62.76 62.33

SVM 63.78 64.55 63.87
. . KNN 73.88 75.12 method

Proposed method Classic self-encryption SVM 78.35 78.99 7912
. . KNN 82.86 81.33 82.97

Proposed method Variable self-encryption SVM 85.91 82.32 83.42
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Table 3. Comparing the performance of the proposed method with the latest available methods.

Ref. Work method Precision  Sensitivity Bem‘g
Special
[12] Feature extraction using MFCC and MFSC, and using deep networks 97.10 99.26 94.86
[14] Feature extraction using MFCC and a convolutional network 84.15 80.63 87.66
[18] Feature extraction from the time domain and a deep neural network 85.65 86.73 84.75
[20] Using Wavelet Transform and Convolutional Neural Network 98 98 98
Feature extraction using MFCC and short-time Fourier transform, using
[31] convolutional neural networks and LSTM neural networks o131 93.80 92.60
132] Combining time, frequengy, and time-frequency domain features and 945 982 92.60
employing deep neural networks
[3] Cochleogram transformation and application of deep neural networks 98.33 98.20 98.45
P;z‘:ﬁzzd Cochleogram transformation and application of deep neural networks 99.85 99.95 99.42
& 25 azeis - F
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