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 Heart diseases are one of the most prominent causes of death globally, which 

requires immediate and accurate diagnosis. The auscultation methods used 

in conventional medical practice, where the doctor listens to the sounds 

produced by the body without intervention is very ineffective because of the 

limitations in the actual skills and perception of the doctor. The main goal of 

this project will be designing a mobile-based system for the early detection 

of cardiovascular disease (CVD) by utilizing deep learning for auscultation 

sound classification. The approach involves the use of deep learning 

structures to classify cardiac sounds into normal and abnormal patterns on its 

own. Wavelet transformations, time-frequency representations, and Mel-

frequency cepstral coefficients (MFCC) have been used in feature 

extraction. The ResNet152V2 model showed high classification 

performance with area under the receiver operating characteristic curve 

(AUROC) of 0.9797 and 0.9636 on two datasets. Contrary to that, data 

augmentation, hyperparameter optimization, attention mechanisms, as well 

as input-output residual connections, led to better functionality and 

interpretability. This research seeks to overcome the limitations of 

traditional stethoscope use through the incorporation of sophisticated 

algorithms and the availability of mobile technology that could result in 

early diagnosis and prevention of CVDs, especially in underprivileged areas. 
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1. INTRODUCTION  

When cardiovascular disease (CVDs) are a top-one cause of mortality, which means the speed and 

the accuracy of the diagnosis determine the patients' outcomes. Listening to heart sounds with traditional 

auscultation has become a complex medical practice with significant room for error if not performed by 

healthcare professionals well-trained in stethoscope use. Deep learning and signal processing techniques have 

been utilised to automatically and accurately categorise heart sounds, making the early identification of 

CVDs feasible. Our research aims to build a mobile-ready solution for early detection of CVDs using a 

convolutional neural network (CNN)-based auscultation sound classification. The raised approach is based 
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on state-of-the-art deep learning tools, such as CNNs, recurrent neural networks (RNNs), and even hybrid 

models like CNN-long short-term memory (LSTM), which can perform automatic heartbeat sound 

classification, which helps to detect potential CVDs [1], [2]. Here, we implement phonocardiogram (PCG) 

signals, digital records taken from the heart, as input data for the deep learning networks. Techniques such as 

denoising, segmentation, and feature extraction are applied sequentially to the PCG signals. It increases the 

reliability and broader application of the training data used by the classifiers. Techniques such as wavelet 

transformations, time-frequency representations, and Mel-frequency cepstral coefficients (MFCC), such as 

scalograms, are explored for effective feature extraction. 

The utilized system is of a mobile technology type; hence, acquiring heart sound data is relatively 

easy through mobile devices or portable electronic stethoscopes. Moreover, early detection and diagnosis of 

CVDs are enabled in remote or resource-constrained settings. Applying deep learning models on mobile 

devices may give rise to a simple and reachable option for healthcare professionals and ordinary guys. In 

addition, the on-device process supports real-time analysis and provides users with immediate feedback on 

their cardiovascular health, putting it under the spotlight. One of the crucial elements of the classifier is the 

enhancement of sophisticated deep learning algorithms, such as CNNs and RNNs, with innovative hybrid 

models like CNN-LSTM. This architecture is adequate for assessing audio and signal processing of heart 

sound classification [3] and also fits the task of classifying the heart sound. CLVs prefer observing the 

patterns of time and space in data, which is why they are essential for investigating the time-domain 

representations of heartbeats. On the other hand, it should be noted that RNNs are good at handling data 

sequences and can model the dependency between consecutive heart sound signals [4]. The CNN-LSTM 

hybrid model pools its advantages by combining the strengths of both architectures. Segmentation strategies 

help isolate the components of heart sounds, including the systolic and diastolic phases, so that each sound 

element can be analyzed and better classified [5].  

However, there are a number of limitations in this domain. Previous works have some drawbacks 

regarding the variety of datasets used, the class imbalance problem, and model optimization for better 

classification accuracy and generalization. Moreover, the application of such solutions in the mobile 

environment is crucial to make access as well as early diagnosis in regions with limited resources. Therefore, 

this study proposes to extend the work further by establishing a reliable and portable deep learning based 

CVD detection through auscultation sound classification. The key contributions of this study are: 

i) Exploration of advanced data augmentation techniques, including time stretching, pitch shifting, and 

spectrogram augmentation, to expand diversity of training dataset and improve model generalization. 

ii) Application of comprehensive hyperparameter optimization strategies, combining grid search, and 

Bayesian optimization, to fine-tune the deep learning architectures for enhanced classification. 

iii) Performance analysis of the latest deep learning models like ResNet152V2, MobileNet, and 

XceptionNet on two cardiovascular sound databases in mobile device compatibility. 

iv) Adoption of profitable architectural amendments such as attention mechanisms, residual connections, as 

well as combination methods, with the aim of enhancing the interpretability of the models, together with 

the model robustness. 

 

 

2. LITERATURE REVIEW 

2.1.  Deep learning techniques for heart sound classification and cardiovascular disease diagnosis 

The creative, low-cost heartbeat measurement tool created by the group of researchers Roy et al. [6] 

aimed to address the issues of traditional stethoscope use raised by the pandemic. Besides using different 

hyperparameter tuning techniques, our models also performed better when the values of learning rates, 

dropout rates, and hidden layer configurations were adjusted accordingly. Squeeze-and-excitation blocks 

were introduced to improve deep learning models, and efficiency became a primary concern. Ren et al. [7] 

have recognized that traditional machine learning techniques will have issues of performance limitation and 

scalability as they address big and complex heart sound data. Their experiments demonstrate that deep 

learning models generally have a significant potential to surpass the results of classic machine learning 

algorithms in correctly discriminating different heart sound conditions. It enables healthcare providers to 

increase their understanding of this decision-making process, thus developing their trust in the person.  

Ali et al. [8] developed LU-Net, a deep learning architecture to denoise the heart sounds captured using 

digital stethoscopes. The aim was to build a deep encoder-decoder structure that combined the LSTM 

modules (bi-directional) to capture the beat patterns while utilizing this information for beat reconstruction. 

The research results proved that, on average, there was 5.57 dB of sound S/N attenuation for all of the 

examined recordings, i.e., both for the signals affected artificially by the noise and for the real-world data. 

Li et al. [9] proposed their new approach to recognizing heartbeats through enhanced MFCC features 

using the deep residual network (DRN). Signal pre-processing was performed on heart sounds, and improved 
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MFCC coefficients were calculated, which acted as features for deep neural network (DNN). The results 

revealed that the better MFCC features performed with higher sensitivity, specificity, and accuracy, 

emphasizing their superiority in conveying relevant information during heart sound classification process [10]. 

 

2.2.  Automated heart sound signal processing and denoising 

Al-Issa and Alqudah [11] proposed a model that was trained and evaluated on the OHPDA and 

Computing in Cardiology Challenge 2016 datasets. In the five-class task involving heart sounds, an explored 

dataset is open. The researchers also exploited the frequency domain input signal, outputting the open-heart 

sound data classification rate of 99.73% and 90.65% for the PhysioNet/Computing in Cardiology 2016 

challenge dataset. They reported that patients could benefit from the model's feature, which shows cardiac 

diseases at the initial stages of development, anywhere in the world where a doctor is unavailable.  

Joshi et al. [12] suggest an AI-based system that also permits automatic, albeit real-time, diagnosis of CVDs. 

Promising results were obtained from evaluating the suggested solution: applying five-fold cross-validation, 

the 1D-CNN classifier worked out right for cardiac illness with an accuracy of about 96.95%, and for the  

2D-CNN, it was 97.85%. As a result, both classifiers show that the analysis of electrocardiogram (ECG) 

signals based on deep learning technology is a promising method for diagnosing cardiac diseases. 

Baikuvekov et al. [13] devised an automatic classification system for different borders of heart diseases using 

digital PCG signals and deep learning methods. Specifically, the proposed deep CNN model saw regular 

heartbeats correctly identified 93.50% of the time, and abnormal heart sounds were identified almost close to 

93.25%. Undeniably, the fastest scene was the one where we described the new stethoscope that could 

complete the test in only 15 seconds, and this is a significant difference from the previous mechanism. 

Bondareva et al. [14] stage a block segmentation-free technique for classifying heart sounds into normal and 

murmur groups. It relied on the discrete wavelet transformation for noise cancelling, feature extraction, 

feature selection, and classification of support vector machines (SVMs) and DNNs. Furthermore, they 

obtained that the amount of training data and the patient-independent setting have directly caused the 

uprising of the model's performance on several evaluation standards. The model had 81% of the true 

positives in the two classes and 96% of the true positives in the patient-dependent setting. 

 

2.3.  Machine learning and deep learning for cardiovascular disease risk prediction 

Subramani et al. [15] developed machine learning models relating to CVD risk assessment and 

further looked at how they performed statistically compared with traditional statistical methods. The  

heart disease dataset was used to train the models and evaluate their performance. Through the precise 

appraisal of patients at high-risk status, hospitals and healthcare providers can strive to implement proactive 

clinical actions that can further limit the risks and enhance patient results. Obayya et al. [16] designed an 

automated cardiovascular disease diagnosis using honey badger optimization with a modified deep learning 

(ACVD-HBOMDL) algorithm, significantly improving CVD diagnosis's speed and precision. Growing on 

the prevalence of the ACVD-HBOMDL method for evaluating health conditions will prove that it has a 

better performance than bagging, J48, and others, including simple classification and regression trees (SC), 

reduced error pruning tree (REPTree), artificial neural network (ANN), and SVM, with an improved 

accuracy of 99.39%. Mekahlia et al. [17] presented a deep learning approach for classifying heart sound 

categories related to CVDs. Through their study, they brought about the idea that the scalogram 

representation of heart sound signals coupled with the CNN-direct acyclic graph (DAG) model, which is 

superior to other methods in classification accuracy, comes first. Wang et al. [18] put forward a computerized 

diagnostic method, which is based on heart sound waves to classify cardiovascular abnormalities. They 

introduced a new quality of heartbeat wave data record for patients with hypertension. The proposed strategy 

has exhibited better performance than the other baselines, like LSTM and CNN, which were capable of only 

reaching lower accuracy on the same task. We came up with the research findings from Zhou et al. [19] 

regarding the effect of different data augmentation techniques on the classifying power of a CNN model that 

utilizes spectrograms to differentiate between healthy and abnormal heart sounds. The attributed success of a 

specific augmentation technique is because it satisfies both the criteria for the "physiological constraint" and 

"spectrometric constraint," which ensures that the artificially made data remains clinically dependable and 

contains only the spectrum parts that are necessary for heart sound analysis. 

 

 

3. METHOD 

Figure 1 depicts the workflow for analyzing heart sounds by deep learning methods. It begins  

with splitting the signals of ventricular and atrial contraction into two sections: P1 and P2. Then, these 

signals are kept separate and passed on to a set of already-trained feature classifiers and spectrographs. The 

attribute-generated features have been used to train a model composed of many hidden layers in deep 
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learning and to categorize the heart sounds into labels like S1, S2, extra systole, murmur, diastolic murmur, 

and normal heart sounds. This DNN orients itself on the input sets to make these classifications. 

 

 

 
 

Figure 1. Deep learning pipeline for heart sound classification 

 

 

3.1.  Data acquisition and pre-processing 

PCG signals, the digital recordings of heart sounds, were collected through mobile devices 

(Littmann 3,200 electronic stethoscope at 4,000 Hz sampling rate), electronic stethoscopes, and existing 

databases (PhysioNet challenge 2016, PASCAL heart sound database). The recordings were standardized to a 

duration of 10-20 seconds per sample, with a minimum quality threshold of 16-bit resolution. Data quality 

criteria included clear cardiac cycles, minimal ambient noise, and proper sensor placement. Filtration was 

reported to achieve the removal of background noise and artifacts from the PCG signals [20]. The low-level 

Butterworth digital filtering algorithm (4th order, cutoff frequencies: 20-400 Hz) was used to eliminate the 

high-frequency noise components in the system. Wavelet denoising techniques, that is, wavelet thresholding 

(using Daubechies-4 wavelet, soft thresholding with universal threshold), were also embraced to achieve 

denoising [21]. More interestingly, LU-Net was used as an investigation with block-nested LSTM modules, 

configured with 3 LSTM layers (128, 64, and 32 units, respectively). Segmentation was done to detach 

individual heartbeat components, like systolic and diastolic parts, employing envelope detection approaches 

such as Shannon energy envelope estimation (window size: 0.02s, overlap: 50%) and deep learning 

frameworks [22]. PCG characteristic components were identified from the signals of segmented and denoised 

PCG [23]. MFCCs were computed using mel-scale filter banks (40 filters) and discrete cosine transform 

methods. We derived time-frequency representations, namely scalograms, from continuous wavelet 

transform (CWT) algorithms (Morlet wavelet, scales 1-128) [24]. Feature extraction of automatic type was 

also demonstrated by performing the CNN algorithms directly on the PCG signals or spectrograms. 
 

3.2.  Data augmentation  

Data augmentation techniques were used to increase the variation level and the data in the training 

set. Time stretching (±10% speed modification) and pitch adjustment algorithms (±2 semitones) were utilized 

to change the audio signals' pace and frequency [25]. Different noises (Gaussian, pink, and environmental 

noises at signal-to-noise ratio (SNR) levels of 5-15 dB) were added to the original signal using noise 

injection algorithms. Besides the examples mentioned above, SpecAugment was also one of the methods 

explored. Time warping (W =80), time masking (T =40), and frequency masking (F =30) algorithms were 

applied to the spectrograms. 
 

3.3.  Deep learning model development 

Deep-learning networks were established to detect anomalies in heart sounds. CNN are precise 

architectures for time-frequency cardiac sound representations [26]. Successful CNN architectures are 
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comprised of ResNet (18 layers with residual connections), MobileNetV2 (1.4 expansion factor), and  

CNN-DAG. Input dimensions were standardized to 224×224 pixels for spectrograms with batch 

normalization after each convolutional layer. RNNs, including LSTM (3 layers, 256 units each) and gated 

recurrent unit (GRU) (2 layers, 128 units each) were the models widely used to tackle sequential data 

modelling and preserving temporal dependencies in heart sound signals [27]. Dual types of CNN-LSTM 

models, such as CNN-bidirectional gated recurrent unit (BiGRU), were constructed to ensure the use of the 

spatial feature extraction power of CNNs and the temporal modeling capacity of LSTMs. 

 

3.4.  Model training and optimization 

We split the dataset into the validation (20%), training (60%), and testing sets (20%). The deep 

learning models were trained using augmented training data boosted with paramount hyperparameters. 

Training was conducted using Adam optimizer (initial learning rate: 0.001, β1=0.9, β2=0.999) with a batch 

size of 32 and early stopping (patience =10 epochs). Techniques such as grid search, Bayesian optimization, 

and evolutionary algorithms like honey badger optimization (HBO) were utilized for the hyperparameter 

tuning [28]. The hyperparameter ranges included learning rates (10-5 to 10-2), dropout rates (0.1-0.5), and 

network width (32-256 units). Attention mechanisms (self-attention with 8 heads), residual connections, and 

ensemble methods (bagging with 5 models) were then embedded in the model to ensure efficiency and 

enhanced interpretability. 

 

3.5.  Evaluation and deployment 

We first evaluate the trained models by comparing their accuracy, precision, recall, F1-score, and 

area under the receiver operating characteristic curve (AUROC) on the test dataset. Since the study followed 

a repeated measures design, paired t-tests (p <0.05) were used to assess the statistical significance, while 

confidence intervals were estimated through bootstrap resampling with 1,000 iterations. Comparisons of deep 

learning architectures and feature extraction methods were also made. The performance of the proposed 

approach was estimated using cross validation of the 5-fold type. According to the findings of this study, the 

best performance of the model was achieved when running it on mobile devices (inference time <1s) or cloud 

platforms such as AWS EC2 t2.large instances to address heart sound screening and CVDs detection in  

real-time [29]. There were easy-to-read output interfaces and visual representations made for both the 

healthcare professional and the person, and they displayed the final outcomes. The deployment pipeline 

involved model quantization for mobile devices (8-bit) and representational state transfer application 

programming interface (REST APIs) for cloud deployment. 

 

3.6.  Signal processing pipeline 

In our signal processing pipeline, there were several steps to improve the quality of the data going 

into analysis. Initial signal processing involved high-pass filtering with a cutoff frequency of 20 Hz to 

exclude low-frequency noise, after which the signal was shifted to have a mean of zero. The data was then 

normalized through amplitude normalization by scaling each recording to fall between -1 and +1. To improve 

the performance of the signal filtering, the adaptive filtering was done as follows: least mean squares (LMS) 

algorithm, the values of step size used were 0.01, the number of taps used was 32, and finally, the 

convergence threshold used was 10-6 thus, this helped to minimize the level of noise as well as maintaining 

the purity of the original signal. 

 

3.7.  Ethical considerations and data governance 

Various ethical standard norms, and data governance policies were followed in the process of the 

study. Privacy measures were initiated through data anonymization procedures, access control measures, 

audit trailing procedures, encryption requirements, and documented data retention policies. To ensure ethical 

practice, the following safeguards were used; getting approval from the institutional review board (IRB), 

informing participants about the study, signing data usage agreements, doing privacy impact assessments, 

and having the study go through ethics committees. Such measures allowed minimizing unethical behavior 

during the research procedure and considering the confidentiality of participants and their information. 

 

 

4. PROPOSED MODEL 

4.1.  Data pre-processing 

Both high- and low-pass filters are used for noise component removal from the heartbeat signals. 

The first is for removing the highest-frequency noise, and the second is for removing lower-frequency 

components. The sampling rate for audio recordings was used to define Nyquist frequency. Calculated 

according to Nyquist's theory, it has a cutoff frequency of normal. A digital Butterworth filter was designed 
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and implemented using suitable filter design techniques. The Butterworth filter is an infinite impulse 

response (IIR) filter, commonly used for its continuously smooth and flat frequency response in the 

passband. The analog filter parameters are tuned to efficiently remove the high frequencies that contain the 

most noise while preserving the heart sound components with low frequencies that carry most of the valuable 

information. The filter design process calculated the numerator and denominator polynomial coefficients 

defining the Butterworth filter's transfer function. The heart sound signals treated by wavelet denoising were 

turned more accurate and smoother by removing the noise. The registration was carried out by specialized 

systems processing the signals into wavelet coefficients based on the discrete wavelet transform algorithms. 

In the ensuing stage, soft or hard thresholding techniques were employed while dealing with the wavelet 

coefficients. The signals were reconstructed from threshold wavelet coefficients in the decomposition stage, 

which finally reduced the undesired component noise while signal features were preserved. The threshold 

was approached using both soft and complex techniques. Soft thresholding implied a shrinking value for the 

wavelet coefficients close to zero, while hard thresholding dropped the coefficients below the threshold level 

to zero entirely. To train the LU-Net model, we designed a data set consisting of noisy and clean heart sound 

signals, serving as training data. The noisy signals were simulated by artificially adding breathing sounds, 

ambient hospital noises, and white Gaussian noise with the clean heart sound recordings as the background. 

The training process included the CNNs' minimization of the mismatch between the denoised output 

signals provided by the LU-Net model and the clean target signals. To this end, we used the mean squared 

error loss and selected perceptual evaluation metrics to drive the model training and secure the accurate 

reconstruction of the signal parameters. Figure 2 is the graph of the signal amplitude for the original heart 

sound and the wavelet, LU-Net, and low-pass filtered at a regular speed of 0.1 seconds and is panned over  

2 seconds. The x-axis is time (s), which gives the time period of 2 seconds over which the heart sound signal 

is taken. This axis shows the regular intervals of 0.1 seconds. The y-axis in the given diagrams illustrates 

signal amplitude. This represents signal amplitude or strength in relation to the heart sounds in a particular 

time frame. The y-axis scale goes from -0.04 to 0.04, showing the amplitude for different signal processing 

techniques under comparison. The graph represents the raw or initial heart sound signal and then the signals 

after applying wavelet denoise, LU-Net denoise, and then a low-pass filter. It also allows verifying how each 

denoising method impacts the general features of the signal amplitudes over time, making it possible to 

assess the changes in the characteristics of the heart sound waveform.  

 

 

 
 

Figure 2. Signal amplitude values for the raw heartsound signal and the denoised signals 

 

 

The training process represents the most significant component of our approach, which involves 

minimizing the difference between the model's predictions and the ground truth annotations. The CNN-based 

segmentation model method used architectures that could accurately draw the heart sounds' local temporal 

and spectral features. Figure 3 demonstrates the envelope of the energy of the denoised heart sound signal 

values at set intervals. Depicted over time, on the x-axis, a 0-3 seconds of the heart sound signal has been 

used at intervals of 0.1 seconds. On the y-axis, we can see the energy envelope of the denoised heart sound 
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signal. This represents the overall energy or amplitude of the heart sound waveform over time. By drawing 

the energy envelope, this graph facilitates visualization of variations in the energy distribution and intensity 

of the denoised heart sound signal during the analyzed time period. This can help obtain information or 

characteristics about the processed heart sound data, as well as their behavior. 

 

 

 
 

Figure 3. The energy envelope of the denoised heart sound signal 

 

 

4.2.  Data augmentation 

A scaling time algorithm was used in the data concerning human heart activity, which means that 

the sound tempo or duration was adjusted so that pitch and frequency components remained unaffected. In 

addition to prolongation, the digital audio workstation (DAW) technique was employed to modify the pitch 

of the heart sound signals. The strategies developed employed a method of frequency resampling, where the 

sampling rate was transformed, resulting in a change to the audible tone or frequency content. We developed 

samples that utilise different frequency spectrum ranges, enabling us to portray the interference with the 

rhythm of various factors, including age, gender, and heart disease. We combined the methods of time 

stretching and pitch shifting to use. The injections consisting of noise were varied and diverse for augmented 

samples. One of the most commonly used parameters in communication system simulations is the SNR. This 

value represents the ratio of signal power and noise energy.  

Therefore, we can experiment with various communication systems by selecting different noise 

conditions and signal degradation levels. Also, synthetic samples were obtained in various SNR values, with 

which the high SNR (low noise) level was compared to the low SNR (high noise) one. This policy could 

adapt the model to deal with the input noises of different intensities during training, which, in turn, is 

regarded as one of the recipes for overcoming generalization limitations and getting better results.  

We obtained spectrograms from the heart sound signals using the short-time Fourier transform 

(STFT) and the CWT. We performed the time warping on the generated spectrograms in the time domain, 

which includes stretching and shrinking the time direction while keeping the frequency content unaltered. By 

bending the time dimension, we produced augmented spectrogram samples with different temporal 

sequences, simulating various heartbeats or pulses. This provided the temporal variety in the heart sound data 

that improved the diversity of the training dataset. In addition, the data was enhanced by time masking on the 

spectrograms. Figure 4 shows the denoising performance of heart sound signals. 

Consequently, some temporal information was masked by zeroing out specific time steps in the 

spectrogram. Along with time masking, we used frequency masking, which involved removing the frequencies 

from the spectrograms. These augmented samples composed of variations not only in the time domain but also 

in the frequency domain helped the models become familiar with various conditions and patterns.  

Figure 5 shows the connection between the heart sound signals time-warping factor and the signal 

duration. Each data point represents a separate heart sound signal, where the sample ID shows the type of 
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signal (normal, murmur, or abnormal). The time warping amounts ranging from .6 (time compression) to  

1.4 (time stretching) form the x-axis, showing that these levels of warping alter the temporal patterns and the 

heart rate sensations considerably. The signal duration along the y-axis shows the length changes due to time 

warping. The higher the time-warping factor, the longer or shorter the duration. 

 

 

 
 

Figure 4. Denoising performance of heart sound signals 

 

 

 
 

Figure 5. Time-wrapping factors and changes in temporal patterns 

 

 

4.3.  Deep learning model development 

The ResNet architecture uses residual connections to enable information to flow from lower to 

higher layers, crucial in addressing the vanishing gradient issues in deep networks. These hidden paths 

assisted the deep CNN models in training for heart sound analysis. We considered the MobileNetV2 

architecture, consisting of depth-wise separable convolutions and inverted residual blocks. This type of 

architecture is computationally efficient and aimed at deploying on mobile and embedded devices. So, it is 

meant to be implemented in our mobile CVD detection system. In addition, we tried out the CNN-DAG 

architecture, which contains DAG structure instead of a sequential one. This mechanism achieves both the 

efficiency of processing and the effectiveness of computational resource utilization, which can accelerate the 

speed of training and performance of models. In our CNN architecture design, we considered the features of 

the input data, such as spectrogram or scalogram, so that the models could acquire the required spatial and 
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temporal patterns in the time-frequency representations. Another area we looked into was using LSTM cells, 

a variant of RNN that is effectively applied to aid the dynamics analysis of sequential data over time. This 

lets you model long-term dependencies and the time patterns embedded in heart sound signals. Rather than 

centering on the issues associated with vanishing gradient problems, which make them unfit for long-term 

relationship modeling, they opt for the attention mechanism. The implementation of the model embraced the 

use of an LSTM neural network, which brings the required dynamics and patterns to the heart sound signals 

by performing them as sequences. The LSTMs that we in OURie have employed utilize the process of 

selective storing and forgetting information, whose responsibility lies in memorizing temporal features of 

heart sound sequences. We tried different LSTM architectures or configurations there, and the number of 

layers was changed many times. We also used the number of hidden units (neurons) and bidirectional RNN 

layers in this case. 

To effectively reproduce the consecutive nature of heart sound signals and the time dependencies, 

we passed the signals as sequences or their features as sequences to the RNNs. We treated the heart-sound 

data as sequences of observations and organized them into sequence form. Sequentially given inputs were 

then provided to either LSTM or GRU architectures of RNN models. The RNN models learn and memorize 

temporal dependencies and patterns in the processing sequences. Recurring connections across RNN units 

enabled information to move through the sequence, where models could learn long-range dependencies and 

model temporal dynamics in the data. The gating mechanisms in LSTM and GRU units advanced this 

capability, selectively remembering or forgetting data as required. Through the RNN training, the models 

learned to extract competent representations from the sequential data by capturing the patterns characteristic 

of different heart sound conditions and CVDs. The learned representation from the RNN models was fed into 

classification tasks following training. Such representations could be connected into the fully connected 

layers or combined with other model components like convolutional layers to give the final classification of 

heart sounds into categories such as normal and abnormal or cardiovascular conditions diagnosis. 

 

4.4.  Model training and optimization 

We divided the entire heart sound dataset into three subsets: various attributes like training, 

validation, and testing. The training data sets train the deep learning models by learning the patterns and 

representations to classify deep sounds. The validation subset was paramount when choosing the model and 

fine-tuning the parameters. The regularization technique was frequently applied during the training process to 

prevent overfitting. The models were evaluated using their performance on the validation set after every 

iteration, which was used to adjust the hyperparameters and select the best-performing model configuration. 

This slice enabled the model to evaluate its abilities on unknown data, thus giving a leveled playing ground 

to determine generality. Using the grid-search method, we constructed a grid of elements of the 

hyperparameter space to be investigated. Besides that, we noticed that the hyperparameters that most affect 

the model performance- learning rate, batch size, number of hidden layers, dropout, and L2 regularization- 

were the most critical. We tried the model and its performance by training and evaluating the model on the 

validation set based on the factors we had in the defined grid. After the exhaustive grid search over all 

hyperparameter combinations, we pick the combination of parameters that affords us the best results on the 

validation set. This approach was complemented by the Bayesian optimization approach, which makes it 

possible to deal with hyperparameter tuning problems efficiently. Bayesian optimization exploits the 

previous know-how and an organized search in the parameter space, resulting in a big cost reduction 

compared to a non-parametric grid search. Figure 6 depicts that there are often hundreds of combinations for 

each hyperparameter that take astronomic values, implying the link between the model's performance and the 

hyperparameter tuning procedure. Every tick mark labeled on the x-axis is aligned with a certain combination 

of hyperparameters of the model, including the rate of learning, the number of layers, the size of a batch and 

others. The y-axis of the graph displays two important performance metrics: validation accuracy and 

validation F1-score. These metrics indicated how the deep learning model fared in the validation dataset for 

each of the hyperparameters that were being tuned.  

We planned to adopt an ensemble approach that collected several deep-learning solutions for better 

training and wider stability. Moreover, we also analyzed the models of bagging, boosting, and stacking that 

produced multiple models, and after that, a collection of their forecasts was distributed. The stacking process 

was applied to the training meta-model, which received some of the base models' predictions as inputs. The 

type–the joining of different tech and skills of the models–gets better results, and the shortcomings are in the 

sense of the method of ensemble mitigation. Table 1 presents the performance scores of different models for 

the discriminant analysis of a heart sound on the test set. The reported performance criterion that measures 

good results is accuracy, precision, recall, and F1-score. 

The accuracy rate then is the total count of true classifications and the relative portion of those. 

However, precision refers to the proportion of positive predictions, and it is calculated in the opposite way. 
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Cumulative recall points out how many real positives were correctly estimated by the model, and the  

F1-score is the harmonic average of both precision and recall metrics. The diagnostic model dipPIN has 

proved to model dipPIN classification, and it is envisaged that performance improvement will be based on 

the actual data after using the ensemble approach. This model ensured the actual weaknesses, as they are 

each model assimilates the strengths of the other. 

 

 

 
 

Figure 6. Hyperparameter combinations and their corresponding validation accuracy and F1-score 

 

 

Table 1. Performance comparison of different models 
Model Accuracy Precision Recall F1-score 

CNN model 0.87 0.85 0.89 0.87 
RNN model 0.89 0.91 0.87 0.89 

CNN-LSTM hybrid model 0.91 0.92 0.90 0.91 

Ensemble model 0.94 0.95 0.93 0.94 

 

 

4.5.  Evaluation and deployment 

The performances for multiple class scores are evaluated without true labels pertinent to these 

specific classes based on F1-score, recall, and precision metrics. Accuracy measures the degree of correctly 

classified data samples among the entire dataset. The metrics were given out to function as a yardstick to 

measure the performance of the model. It is also one of the true ones, and it was correctly concluded. The 

approach with the minimum number of false negatives is good because it correctly labels the class. Since we 

validated that the F1-score criterion performance is correct, we can freely switch to recall and precision, 

which are the driving forces of the developed model. The deep learning model (Figure 7) for heart sound 

analysis was tested and evaluated using various dosages across the heart sound categories. Our model had an 

overall accuracy of 0.92 for the normal heart sounds category, implying a likeness between its diagnosis and 

actual cases. In evaluating the murmurs identification, boasting a precision of 0.91, the mode yields a low 

rate of false positives within the results. On the other hand, the precision of murmurs recall was lower at 

0.85, indicating that murmurs might be confused with some instances of murmurs. The precision value for 

the model's extrasystoles class, which means acceptable but curtailing errors, indicated room for 

improvement for cases where false positives and negative reactions were unacceptable. The arrhythmia, an 

irregular heartbeat, was diagnosed with high fidelity with a precision metric of 0.93 and a recall value of 

0.90. The F1-score had solid points rising from 0.84 for extrasystole to 0.92 for arrhythmia, and those steady 

points imply that the model has a balanced performance across all classes. 

Mobile devices utilise our deep learning models for heart sound classification, enabling immediate 

heart disease diagnostics. We first optimized and compressed the neural networks to decrement memory 

footprint and compute demands to deploy the models to smartphones. We applied techniques like 

quantization, pruning, and model distillation to develop the reduced-size models without appreciable working 

capacity loss. We leverage mobile app development using cross-platform frameworks and libraries that excel 
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in hardware-supported inference on the device. At runtime, the application collected heart-sounding audio 

recordings from either the device's microphone or an external digital stethoscope. 

For this reason, straightforward interfaces have been generated for the clinician and the client. 

Therefore, the designed interface allowed end users to send heart recordings or data and then begin 

classification. As a result, they were informed of the results through a user-friendly interface. Visualizations 

of the heart sound signals and their classification results were integrated into the display.  

 

 

 
 

Figure 7. Performance graph of deep learning model for heart sound 

 

 

5. RESULTS AND DISCUSSION  

The goal of our study was to address the primary issues with heart sound analysis by developing a 

more efficient procedure from start to finish. We started by concentrating on enhancing the raw heart sound 

data's quality. We ensured that just the most important noises were recorded by removing noise and 

separating the signals into more distinct parts. We employed sophisticated tools to find significant patterns in 

the data after obtaining these crisper sound samples. To establish a comprehensive picture of what was 

occurring in each sound, we collected as much information as possible by examining the timing and 

frequency of heartbeats. To evaluate the ability of deep learning models to group heart sounds into classes 

relevant to CVDs, a set of experiments was run on dataset A and dataset B, the two cardiovascular audio 

datasets. Dataset A employed the down-sampling technique whereby compression of the audio files to a 

factor of 10 was achieved by a sampling rate of 44,100 Hz to 4,410 Hz. This aspect lowered the training costs 

because the high-frequency audio batches, which used to overload the memory, prevented out-of-memory 

problems. A result of the STFT algorithm was obtaining spectra representations of the audio signals 

afterwards down sampled. We considered and gauged deep learning structures comprising CNNs and 

residual neural networks (ResNets). Architectures used ranged from ResNet152V2, MobileNet, 

MobileNetV2, InceptionResNetV2, Xception, and DenseNet169. This model was already pre-trained on the 

ImageNet dataset concerning visual recognition tasks, and by fine-tuning it using the augmented 

spectrograms of the cardiac audio data as input. The Bayesian optimization algorithms were also considered 

for classification accuracy, thus determining the new hyperparameter values utilizing a probabilistic 

surrogate model and the previous performance of the iterations. It was the ResNet152V2 model that achieved 

the best classification performance with AUROC of 0.9797, categorical accuracy of 0.9041, precision equal 

to 0.9041, and recall of 0.9041. MobileNet and MobileNetV2, which are computationally effective and 

suitable for mobile deployment, also showed reliable performance.  

Transfer learning has also proved efficient as it is used from the visual to the audio field. Figure 8 

shows the model training results for dataset A with a ResNet152V2-based model in terms of its AUROC 

result. For dataset B, we adopted the strategy of rifting the parameters of all layers in the pre-trained models 

during the training process, given that the datasets contain a severe class imbalance. This strategy, which 

involved readjusting the weights based on the loss calculation in the class imbalance issue by employing the 

class weight balancing technique and weighted-wise cross-entropy, would occur. As expected, the 
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ResNet152V2 model again held the highest classification performance on dataset B, achieving the AUROC 

of 0.9636, categorical accuracy of 0.899, precision of 0.9069, and recall of 0.8894. The Xception and 

MobileNetV2 models seemed remarkably accurate as the AUROC scores were 0.9537 and 0.9587, 

respectively. The results corroborate the capability of subtype neural networks for the cardiovascular audio 

classification task. The transfer learning of the models that were initially trained to be used on ImageNet for 

visual recognition was able to identify features related to the heart sound and, with some precision, place 

them in specific classes associated with the diseases of the cardiovascular system.  

 

 

 
 

Figure 8. Training record for the dataset A 

 

 

Figure 9 displays the accuracy chart for dataset B when a Resnet152V2 model with ROC is used as 

a parameter. A combination of grid search and Bayesian optimization techniques is used to tune the model 

hyperparameters, which include learning rates, number of epochs, and regularization parameters, and this 

optimization improves the classification accuracy on the validation data and test set. Our findings provide 

valuable insights when compared to existing literature, particularly in terms of model adaptation, mobile 

optimization, and data augmentation. First, our application of transfer learning to audio categorization using 

vision-based models (ResNet152V2 and MobileNet) demonstrated versatility and effectiveness. In contrast to 

earlier research that relied on proprietary structures, our method produced better results with less computing 

demand and training time. MobileNetV2's AUROC of 0.9587, which almost matched ResNet152V2's 

performance but was significantly more efficient for mobile deployment, made mobile optimization stand out 

as well. This development fills a significant vacuum in earlier studies where performance criteria frequently 

took precedence over mobility factors. Lastly, our all-encompassing augmentation approach, which included 

spectrogram augmentation and time-stretching, improved model generalizability by managing heart sound 

variability across a range of demographics more effectively than conventional techniques. All of these 

observations highlight the progress our work has made in developing a more effective, flexible, and useful 

model for mobile-based cardiovascular detection. 

 

 

 
 

Figure 9. Training record for the dataset B 
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This work shows significant progress in deep learning-based mobile CVD detection. With AUROC 

values exceeding 0.96 across datasets, the results are a significant improvement above previous automated 

techniques and traditional auscultation. The effective use of mobile-optimized models in conjunction with 

thorough data augmentation methods offers a solid basis for early and easily accessible CVD detection, 

which is especially appropriate in environments with limited resources. By proving the efficacy of transfer 

learning from the visual to the auditory domains, proving that mobile-based deployment is feasible without 

sacrificing performance, and providing a thorough framework for data augmentation in heart sound analysis, 

our research makes a significant contribution to the field. These accomplishments mark a major advancement 

in the democratization of sophisticated cardiac diagnostics via mobile technologies. 

 

 

6. CONCLUSION  

Our deep learning-based auscultation system surpasses conventional diagnostic techniques with high 

performance metrics (AUROC: 97.97% on dataset A, 96.36% on dataset B), marking a revolutionary stride 

in the identification of cardiovascular illness. Beyond its measurements, this approach represents a change in 

the direction of democratizing cardiac care by lowering the need for specialized knowledge, permitting  

high-quality screening in settings with limited resources, and promoting early diagnosis for preventative care. 

While seamlessly integrating into healthcare operations, it speeds up diagnosis with real-time analysis, 

promotes continuous monitoring, and permits evidence-based decision-making. By showcasing the 

successful application of complex deep learning models in constrained environments, this system acts as a 

model for mobile health innovation. Additionally, it creates prospects for edge computing in healthcare by 

laying the foundation for mobile diagnostics in other medical domains. By confirming transfer learning from 

the visual to the auditory domains, developing novel techniques for medical signal processing, and improving 

mobile architecture design and model interpretability, it also advances the field of deep learning applications 

in healthcare. It has a significant impact on society by lowering the cost and geographic obstacles to cardiac 

care, enabling proactive health monitoring, facilitating mass screening, and eventually improving population 

health outcomes. This study shows how mobile-based, AI-driven diagnostics might greatly improve access to 

healthcare globally by fusing cutting-edge technology with real-world care requirements to promote public 

health globally. 

 

 

7. FUTURE DIRECTIONS 

It is important to take into account a number of limitations when interpreting our findings. First, 

even though our datasets were large, it's possible that they don't adequately represent the variety of cardiac 

diseases. The model's generalizability may be affected by the data's demographic and geographic dispersion, 

indicating the need for more varied datasets to guarantee wider application. Furthermore, although our 

performance metrics were acquired in a controlled environment, the system's performance may be impacted 

by real-world hardware variations in mobile devices, as these devices can vary significantly in terms of 

processing power and resource availability. Clinical validation is still another area that needs more research. 

Even though our model appears promising, more clinical studies are required to validate its effectiveness in 

actual medical environments. Our results suggest a number of interesting avenues for further investigation. 

Investigating hybrid architectures that include CNNs and transformer models could improve model 

optimization and increase model efficiency and accuracy. Performance on devices with limited resources 

may be further improved by creating more mobile-specific architectures, and federated learning presents a 

possible way to update models across dispersed devices while maintaining privacy. A more thorough 

evaluation of cardiovascular health would also be possible by improving noise reduction methods to 

accommodate changing environmental conditions and creating multi-modal analytic strategies that take into 

account additional biosignals. 
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