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ABSTRACT— Chronic Heart Failure (CHF) is a life-threatening 

cardiovascular condition that requires early and accurate diagnosis to 

improve patient outcomes. However, conventional diagnostic techniques 

such as echocardiography are expensive and require specialized medical 

expertise, limiting their accessibility in resource-constrained settings. 

This paper proposes a hybrid approach that integrates Machine Learning 

(ML) and end-to-end Deep Learning (DL) techniques for the automated 

detection of CHF using phonocardiogram (PCG) signals. Heart sound 

data is collected from the PhysioNet dataset and preprocessed through 

noise reduction, normalization, and segmentation of cardiac cycles. 

Time-domain and frequency-domain features are extracted and used to 

train a Random Forest classifier, while spectrogram representations are 

fed into a Convolutional Neural Network (CNN) for automatic feature 

learning. A hybrid model is then developed by combining the strengths 

of both approaches to improve classification performance. The system is 

evaluated using metrics such as accuracy, sensitivity, and specificity, 

demonstrating enhanced performance in distinguishing normal and CHF 

conditions. The proposed method provides a non-invasive, cost-effective, 

and reliable solution that can assist healthcare professionals in early 

diagnosis and remote monitoring of heart failure. 
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INTRODUCTION 

 

Chronic Heart Failure (CHF) is a serious medical 

condition in which the heart is unable to pump sufficient 

blood to meet the body’s needs. Early detection of CHF 

is essential to prevent complications and reduce 

mortality rates. Traditional diagnosis methods rely on 

clinical examination and laboratory tests, which may 

not always identify the condition at an early stage.With 

advancements in technology, heart sound analysis using 

phonocardiograms (PCG) has emerged as a non-

invasive approach for detecting heart abnormalities. In 

this project, Machine Learning (ML) and Deep 

Learning (DL) techniques are used to analyze heart 

sound recordings and automatically classify them as 

normal or abnormal. By combining feature-based ML 

methods with end-to-end DL models, the system aims 

to improve detection accuracy and provide an efficient 

solution for early diagnosis and monitoring of CHF. 

I. PROBLEM DEFINITION 

Chronic Heart Failure (CHF) is a serious cardiovascular 

condition characterized by the heart’s inability to pump 

blood efficiently, leading to severe health complications 

if not detected early. Accurate diagnosis typically relies 

on advanced techniques such as echocardiography, 

which are expensive, time-consuming, and require 

skilled medical professionals, making them less 

accessible in rural and resource-limited settings. 

Although heart sounds (phonocardiogram signals) 

contain critical information about cardiac function, 

manual analysis using a stethoscope is subjective and 

prone to human error. Therefore, there is a need for an 

automated, reliable, and cost-effective system that can 

analyze heart sound recordings and accurately classify 

them as normal or indicative of CHF. This project 

addresses this challenge by leveraging Machine 

Learning and Deep Learning techniques to enable early, 

non-invasive detection of Chronic Heart Failure. 

 

 

 

1.2 PROJECT FEATURES 

 

The proposed system provides a non-invasive and cost-

effective solution for detecting Chronic Heart Failure 

(CHF) using heart sound (PCG) recordings. It employs 

a hybrid approach that combines Machine Learning 

(Random Forest) and Deep Learning (CNN) to improve 

accuracy and robustness. The system performs 

automated analysis by incorporating advanced 

preprocessing techniques such as noise removal, 

normalization, and segmentation of heart sounds (S1 and 

S2). It extracts both time-domain and frequency-domain 

features while also utilizing end-to-end deep learning to 

learn patterns directly from spectrograms. The model 

achieves high prediction performance and is evaluated 

using metrics like accuracy, sensitivity, specificity, and 

confusion matrix. Additionally, the system is scalable, 

adaptable to larger datasets, and has potential for real-

time applications such as mobile health monitoring, 

ultimately assisting healthcare professionals in early 

diagnosis and decision-making. 

 

Related Work 

Recent studies in heart sound classification have shown 

significant advancements using both traditional 

Machine Learning and Deep Learning techniques. 

Conventional approaches primarily relied on 

handcrafted features such as Mel-Frequency Cepstral 

Coefficients (MFCC), wavelet transforms, and time–

frequency analysis, which were then classified using 

algorithms like Support Vector Machines (SVM), K-

Nearest Neighbors (KNN), and Random Forest. 

However, these methods often struggled to capture 

complex patterns in heart sound signals. With the rise 

of deep learning, Convolutional Neural Networks 

(CNN) and Recurrent Neural Networks (RNN) have 

been widely adopted for automatic feature extraction 

and classification, achieving higher accuracy and 

robustness. Some studies also proposed hybrid and 

ensemble models that combine feature-based methods 

with deep learning architectures, demonstrating 

improved performance compared to individual models. 

Additionally, the use of benchmark datasets such as 

PhysioNet has enabled standardized evaluation of 

models for classifying normal and abnormal heart 

sounds. Despite these advancements, challenges such as 

https://ijcope.org/
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data variability, noise interference, and the need for 

more generalized models still remain, motivating the 

development of more robust hybrid approaches like the 

one proposed in this work. 

II. METHODOLOGY 

The proposed system follows a structured approach to 

detect chronic heart failures using heart sounds. 

1. Data Collection: 

Heart sound (PCG) signals are collected from the 

PhysioNet dataset.  

2. Preprocessing: 

The raw signals are cleaned by removing noise, 

normalizing amplitude, and segmenting cardiac 

cycles (S1 and S2).  

3. Feature Extraction: 

Time-domain and frequency-domain features are 

extracted from the processed signals for analysis.  

4. Machine Learning Model: 

Extracted features are used to train a Random 

Forest classifier for classification.  

5. Deep Learning Model: 

Spectrograms of heart sounds are generated and 

fed into a Convolutional Neural Network (CNN) 

for end-to-end feature learning.  

6. Hybrid Model Formation: 

Outputs/features from both ML and DL models are 

combined to improve overall prediction 

performance.  

7. Model Training and Testing: 

The dataset is split into training and testing sets to 

evaluate model performance.  

8. Prediction: 

The system classifies input heart sounds as Normal 

or CHF.  

9. Evaluation: 

Performance is measured using accuracy, 

sensitivity, specificity, and confusion matrix.  

III. PROPOSED SYSTEM 

The proposed system is an automated framework for the 

detection of Chronic Heart Failure (CHF) using heart 

sound (phonocardiogram) signals by integrating 

Machine Learning and Deep Learning techniques. The 

system accepts heart sound recordings as input and 

performs preprocessing steps such as noise removal, 

normalization, and segmentation of cardiac cycles (S1 

and S2) to improve signal quality. It then extracts 

relevant time-domain and frequency-domain features 

for analysis. A Random Forest model is employed for 

feature-based classification, while a Convolutional 

Neural Network (CNN) is used for end-to-end learning 

from spectrogram representations of the signals. To 

enhance performance, a hybrid model is developed by 

combining the strengths of both approaches. The system 

finally classifies the input as normal or indicative of 

CHF and provides evaluation metrics such as accuracy, 

sensitivity, and specificity. This approach offers a non-

invasive, cost-effective, and reliable solution to support 

early diagnosis and assist healthcare professionals in 

decision-making. 

IV. IMPLEMENTATION DETAILS 

 The proposed system is implemented using Python 

with libraries such as NumPy, Pandas, Scikit-learn, and 

TensorFlow. Heart sound (PCG) data is obtained from 

the PhysioNet dataset and preprocessed through noise 

removal, normalization, and segmentation of cardiac 

cycles (S1 and S2). Time-domain and frequency-

domain features are extracted for training the Machine 

Learning model, where a Random Forest classifier is 

used. Simultaneously, spectrograms of the signals are 

generated and fed into a Convolutional Neural Network 

(CNN) for end-to-end learning. The outputs from both 

models are combined to form a hybrid model, which 

improves prediction accuracy. The system is evaluated 

using metrics such as accuracy, sensitivity, and 

specificity to ensure reliable detection of Chronic Heart 

Failure. 

 

4.1 ALGORITHMS USED 

 

1. Signal Processing (STFT / Fourier 

Transform): 

Converts heart sound signals from time domain to 

frequency domain (spectrogram) for better 

analysis.  

2.  Preprocessing Algorithm: 

Removes noise, normalizes signals, and segments 

heart sounds into S1 and S2 components.  

https://ijcope.org/
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3.  Feature Extraction Techniques: 

Extracts important time-domain and frequency-

domain features from PCG signals.  

4.  Random Forest Algorithm (Machine 

Learning): 

Uses extracted features to classify heart sounds as 

Normal or CHF based on decision trees.  

5.  Convolutional Neural Network (CNN): 

Takes spectrogram images as input and 

automatically learns patterns for classification.  

6.  Hybrid Model Algorithm: 

Combines outputs/features of Random Forest and 

CNN to improve prediction accuracy.  

7.  Model Training Algorithm: 

Splits data into training and testing sets and trains 

ML and DL models.  

8.  Prediction Algorithm: 

Classifies new input heart sounds into Normal or 

CHF.  

9.  Evaluation Algorithm: 

Uses metrics like Accuracy, Sensitivity, 

Specificity, and Confusion Matrix to measure 

performance. 

 

 

 

 

 

VI. CONCLUSION 

 In this project, a hybrid approach combining 

Machine Learning and end-to-end Deep Learning 

techniques was successfully developed for the detection 

of Chronic Heart Failure (CHF) using heart sound 

signals. The system effectively processes 

phonocardiogram data through preprocessing, feature 

extraction, and model training to accurately classify 

heart sounds as normal or abnormal. The integration of 

Random Forest and Convolutional Neural Network 

(CNN) models enhances overall performance, with the 

hybrid model achieving better accuracy, sensitivity, and 

specificity compared to individual approaches. This 

method provides a non-invasive, cost-effective, and 

efficient solution for early detection of CHF, making it 

highly beneficial for real-world healthcare applications, 

especially in resource-limited settings. Future work can 

focus on improving model generalization, incorporating 

larger datasets, and developing real-time monitoring 

systems for practical deployment.  

VII. FUTURE SCOPE 

The proposed system can be further enhanced by 

incorporating larger and more diverse datasets to 

improve model generalization and robustness across 

different patient populations. Advanced deep learning 

architectures such as recurrent neural networks (RNN) 

or transformer-based models can be explored to capture 

temporal dependencies in heart sound signals more 

effectively. The system can also be integrated with 

Internet of Things (IoT) devices and wearable sensors 

to enable real-time heart monitoring and continuous 

health assessment. Additionally, developing a user-

friendly mobile or web application can make the system 

https://ijcope.org/
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more accessible for remote and rural healthcare settings. 

Future work may also focus on detecting multiple 

cardiovascular diseases beyond CHF and improving 

explainability of the model to assist clinicians in better 

decision-making. 
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