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Abstract: This project explores the development of a 1D version of the U-net convolutional neural
network (CNN) for automated segmentation of heart sounds from phonocardiogram (PCG) signals.
The approach begins with a feature extraction process designed to identify the onset and offset of each
heart sound (HS) as binary markers. This process is similar to the image segmentation techniques used
in biomedical image analysis, where 80 PCG signals, each 30 seconds long and annotated with heart
sound positions, were used to train the CNN. The model receives PCG signals as input and returns the
exact onset and offset for each heart sound. By combining classical feature extraction with advanced
image-based segmentation techniques, this method offers a more robust and scalable solution for
automated heart sound analysis. The results show that the trained model outperforms traditional
segmentation methods, demonstrating the potential for deep learning architectures to be adapted for
1D biomedical signal analysis.

Keywords: heart sounds; segmentation; neural networks

1. Introduction
Cardiovascular and circulatory diseases account for 30 % of global deaths, amounting to approxi-

mately 20 million fatalities in 2021, equivalent to an average of 55,000 deaths per day or one every 1.5
seconds. These conditions remain the leading cause of mortality worldwide [1]. Although the devel-
opment of diagnostic tools and medical advancements has led to a global reduction in age-adjusted
mortality rates, these improvements are not equitably distributed. Over 80% of CVD-related deaths
occur in low- and middle-income countries, highlighting significant disparities in access to prevention,
diagnosis, and treatment [2]. Heart sounds, generated by various periodic events associated with
the cardiac cycle, are a key tool in diagnosing cardiovascular pathologies. Due to their origin in
different phases of the cycle, these sounds vary in morphology, duration, and frequency content,
and are classified into four main types. The first heart sound, S1, is associated with the closure of
the atrioventricular valves (mitral and tricuspid) at the beginning of ventricular systole, exhibiting
greater intensity and frequency than the other sounds [3]. The second heart sound, S2, is produced
by the closure of the semilunar valves (aortic and pulmonary) at the end of systole and is typically
shorter and sharper, marking the onset of diastole [4]. The third heart sound, S3, a low-frequency
sound occurring during the rapid ventricular filling phase, is common in young hearts or athletes,
but its presence in older adults may indicate conditions such as heart failure [5]. Finally, the fourth
heart sound, S4, is generated by atrial contraction at the end of diastole; this low-frequency sound is
not always audible and, when detected, is often associated with conditions such as hypertrophy or
ischemia due to reduced ventricular compliance [6]. An example of a healthy PCG signal is shown
below at Figure 1.
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Figure 1. Normal phonocardiogram signal, where S1 and S2 occur preiodically. Every start and end position
can be found using machine learning, processing algorithms, and so on. In blue, the PCG signal waveform. In a
dotted line, the heart sound detection.

The identification and analysis of these sounds enables the evaluation of heart function and the
detection of structural or functional abnormalities, underscoring their importance in clinical diagnosis
[7]. For this purpose, different tools and advancements have been developed by engineers, improving
the way auscultation is performed and its further medical analysis and applications [8]. Various heart
sound segmentation methods have been developed, including ECG based methods [9–11], support
vector machines (SVM) based methods, [12–14], hidden Markov models based methods [15–17],
envelope based methods [18–20], etc. However, all these methods are feature based algortihms,
meaning that in order to be able to classify or segment PCG signals and heart sounds accurately they
need to find time domain or frequency domain (even both) features. Nevertheless, since the resurgence
of machine learning as a prominent field in 2012 [? ], heart sounds segmentation and classification
have been one of the interest areas [21–24], aiming to enhance diagnostic accuracy and automate the
detection of cardiovascular abnormalities [25]. In this project, an approach was developed to combine
classical feature extraction methods with state-of-the-art techniques for image segmentation and
classification. Specifically, an algorithm was implemented to automatically generate the heart sound
tag signal, marking the onset and offset of each heart sound. These generated tags were then used to
train a convolutional neural network (CNN), relying exclusively on true masks. This methodology
mirrors practices in biomedical imaging applications, where segmentation and classification tasks
often bypass traditional feature extraction processes [26–28]. To achieve this, a 1D version of the U-net
CNN architecture proposed by Ronneberger et al. [29] was modified and scaled to work with 1D
signals, such as PCG. The network leverages its encoder-decoder structure and skip connections to
effectively capture both global and local features, enabling precise segmentation of the heart sounds.
Subsequently, manual segmentation of heart sounds is proposed to further refine the training process,
ensuring greater precision in the model’s performance. This hybrid methodology not only improves
segmentation accuracy but also demonstrates the potential of adapting image-based deep learning
architectures for biomedical signal analysis. Despite using an algorithm to find every heart sound,
the trained model outperformed this first segmentation, offering a robust and scalable solution for
automated heart sound analysis. To 2016, the PhysioNet/Computing in Cardiology (CinC) Challenge
convened the development of algorithms to classify heart sounds from both healthy and pathological
volunteers, as normal, pathological and unsure (or too noisy to know) [30]. This database contains
3,126 heart sound recordings, ranging from 5 to 120 seconds, including control cases and pathologically
diagnosed cases. Finally, this work can lead to further applications to previous research conducted by
this paper authors [31–34]

2. Materials and Methods
This section outlines the materials and methods employed to design and train a one-dimensional

(1D) U-net convolutional neural network (CNN) for automated heart sound segmentation. The
workflow is structured into two main stages: (1) feature extraction from phonocardiogram (PCG)
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signals and (2) the convolutional neural network designing, training and segmentation processes. Each
subsection provides a concise explanation of the key steps involved in these stages.

2.1. Feature Extraction

The feature extraction process was implemented using MATLAB to preprocess the phonocardio-
gram (PCG) signals and prepare them for segmentation. The methodology consists of three main steps:
signal preprocessing, computation of Shannon energy, and segmentation using zero-crossing detection.
These steps were taken to obtain a binary pulse train signal, later used to train the proposed CNN.
Ideally, a manual segmentation would be used to train this CNN, but that remains as future work.
Figure 2 shows the algorithm stages used to obtain the binary train pulses.

Figure 2. Block diagram of the pulse train generation stage. As an input, the PCG signal is received, and the
algorithm returns a pulse train with value 1 when a heart sound occurs and 0 otherwise.

2.1.1. Signal Preprocessing

To enhance signal quality, a fourth-order Butterworth bandpass filter with cutoff frequencies of
20 Hz and 100 Hz was applied to the raw PCG signals. This step attenuated noise and irrelevant
components while preserving the spectral content related to heart sounds. Subsequently, the filtered
signals were decomposed using a discrete wavelet transform (DWT) with the ‘db4’ wavelet function.
Two levels of decomposition were performed, and the second level approximation coefficients (0–250
Hz) were selected for further analysis, as this range contains most of the energy associated with cardiac
sounds. At this point, only a quarter of the original samples remained, as the bandwidth of the PCG
signal was limited to a maximum of 250 Hz (resulting in a 500 Hz sample rate), in contrast to the 2000
Hz sampling rate used previously.

2.1.2. Shannon Energy Calculation

Shannon Entropy is a measure of randomness and uncertainty in a series of outcomes, commonly
used to detect the envelope of a signal [35,36]. However, this measure tends to give more weight to
low-intensity instead of high-intensity components. Being HS a medium to high-intensity section of
the PCG signal, Shannon Energy seems like a better option to find the PCG envelogram signal, as this
measure tends to favor signals with medium-intensity [37], reducing low-intensity parts of the PCG
and keeping the medium and high-intensity parts of it. This method effectively highlights clinically
significant patterns while suppressing the impact of extremely low or high-intensity noise, resulting on
a good HS detection without even needing to consider physiological thresholds, just like a researcher
would identify any HS on a PCG signal. The mathematical expression of this measure can be seen
below:

SE = PCG2(i) log PCG2(i), (1)

where SE represents the Shannon energy calculated and PCG(i) is the PCG value at index i. Then, the
mean Shannon energy of the selected coefficients was calculated over overlapping segments of 20 ms
(or 10 samples), with a 10 ms (or 5 samples) overlap, using the following formula:
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MSE = − 1
N

N

∑
i=1

PCG2(i) log PCG2(i), (2)

where MSE is the mean Shannon energy, N is the segment size, and PCG(i) represents the signal value
at index i. Finally, the mean Shannon Energy, MSE(t), was normalized using the formula:

NMSE(t) =
MSE(t)− mean(MSE(t))

max(|MSE(t)|)
,

where NMSE(t) is the normalized average Shannon Energy, MSE(t) is the average Shannon En-
ergy calculated using the windows previously mentioned, mean(MSE(t)) is its mean value, and
max(|MSE(t)|) represents the maximum absolute value of MSE(t). This normalization ensures consis-
tent scaling across segments, with a maximum value of 1 across the PCG envelope signal.

2.1.3. Segmentation Using Zero-Crossing Detection

The normalized Shannon energy signal was then analyzed to detect zero-crossings, which rep-
resent changes in energy distribution associated with the onset and offset of cardiac sounds. To
determine the zero-crossing indices from the normalized average Shannon Energy, the signal was first
resampled to a 2000 Hz sampling frequency to ensure it matches the number of samples in the PCG
signal. This way, every zero crossing index is going to fit in both the envelop signal and the PCG signal.
Secondly, the MATLAB command sign was used to obtain a binary vector of the envelope signal with
values 1 when the envelope signal is greater than 0, and 0 when it is lower than 0. Finally, a difference
sequence of the sign vector was obtained using the diff command, which located every sign changes,
corresponding to the HS onset and offset positions.

Using these onset and offset positions, the next step involves determining whether each interval
between consecutive zero-crossings corresponds to a HS or a silent interval (systole or diastole). To
achieve this, a distance metric was calculated between the i-th zero-crossing point and its two nearest
neighbors. In the algorithm, the indices of the zero-crossings are iterated over, and the distance
between the current crossing and the next (distance1), as well as between the current crossing and the
previous one (distance2), is computed. If the distance to the next crossing is greater than the distance to
the previous crossing, the interval between the previous crossing and the current crossing is marked as
a heart sound interval. On the other hand, if the distance to the previous crossing is greater, the interval
between the current crossing and the next one is marked as a heart sound interval. This process helps
to identify and classify the intervals of the signal corresponding to heart sounds or periods of silence
in the cardiac cycle without needing physiological parameters.

2.2. Convolutional Neural Network

To perform automated segmentation of heart sounds, a U-net-based convolutional neural network
was designed and adapted specifically for 1D PCG (phonocardiogram) signal segmentation. The
U-net architecture is widely used for tasks involving segmentation due to its ability to combine global
context with fine-grained details through the use of encoder-decoder pathways and skip connections.
This makes it particularly suitable for the task of heart sound segmentation, where both temporal and
structural information from the signal are essential. Below a graphic diagram of the proposed U-net is
shown at Figure 3.
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Figure 3. U-net architecture adapted for 1D PCG signal segmentation from [29]. Each blue box represents a
multi-channel feature map, with the number of channels indicated at the top and the temporal size shown at
the lower left. Green boxes represent copied feature maps transferred via skip connections. Arrows denote the
operations. The final layer outputs a binary segmentation map for heart sound detection.

The proposed architecture consists of three primary components: an encoder, a bottleneck, and a
decoder, connected via skip connections that allow the network to combine low-level details from the
encoder with high-level abstractions from the bottleneck. These components work together to capture
the temporal dependencies and subtle transitions inherent in heart sounds. A total of 80 PCG signals,
each 30 seconds in length and sampled at a frequency of 2000 Hz, were used to train this convolutional
neural network. These signals were preprocessed and normalized to enhance the quality and reliability
of the input data, ensuring consistency during training.
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2.2.1. Encoder

The encoder serves as the feature extraction component of the U-net architecture. It is designed
to progressively downsample the input signal while simultaneously learning increasingly complex
representations of its features. In this implementation, the encoder is composed of four sequential
blocks, each containing two convolutional layers followed by a max-pooling operation.

• Convolutional Layers: The convolutional layers are configured with a kernel size of 9 and
a padding value of 4 to ensure that the temporal resolution of the input signal is preserved
throughout the encoding process. This configuration helps capture local patterns within the
signal, such as rapid transitions or subtle variations in heart sounds.

• Number of Filters: The number of filters begins at 64 in the first block and doubles with each
subsequent block, reaching a maximum of 1024 filters at the bottleneck. This progressive increase
allows the network to capture features at multiple levels of abstraction, from basic waveforms to
more complex signal characteristics.

• Max-Pooling: Max-pooling operations are used to downsample the signal, reducing its resolution
and allowing the network to focus on the most salient features. This operation also reduces
computational complexity, making the model more efficient.

Overall, the encoder extracts hierarchical features that are essential for understanding both the
global and local characteristics of the heart sound signals.

2.2.2. Bottleneck

The bottleneck acts as the bridge between the encoder and decoder, capturing the most abstract
and high-level features of the input signal. It consists of two convolutional layers with 1024 filters,
each followed by ReLU activations. This component is responsible for learning representations that are
invariant to noise and other variations in the PCG signals, which is particularly important given the
variability of heart sounds due to factors such as age, health conditions, and recording environments.

The bottleneck can be seen as the core of the U-net architecture, as it consolidates information from
the encoder while preparing it for reconstruction in the decoder. By isolating the most relevant features,
it ensures that the decoder has a robust foundation for rebuilding the signal with high precision.

2.2.3. Decoder

The decoder is responsible for reconstructing the signal to its original resolution. It mirrors the
structure of the encoder but operates in reverse, progressively upsampling the feature maps and
combining them with corresponding features from the encoder via skip connections. This design
ensures that the fine-grained details captured in the encoder are preserved and incorporated into the
final segmentation output.

• Transposed Convolutions: Upsampling is performed using transposed convolutions, which
increase the resolution of the feature maps while learning how to optimally reconstruct the signal.

• Skip Connections: At each stage, the decoder concatenates the upsampled features with the
features from the corresponding encoder block. This mechanism allows the network to leverage
both high-level and low-level information, improving the accuracy of the segmentation.

• Decreasing Filters: The number of filters decreases progressively, starting from 1024 in the
bottleneck and halving with each subsequent block until it reaches 64 in the final decoder layer.
This ensures that the reconstructed signal matches the original input dimensions.

• Final Layer: The final layer consists of a single convolutional layer that reduces the output to a
single channel, followed by a sigmoid activation function. This produces a binary segmentation
map, where each point represents the likelihood of a heart sound event.

The decoder’s ability to integrate global context from the bottleneck with local details from the
encoder is key to achieving high segmentation accuracy, especially in signals with subtle transitions or
noise.
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2.2.4. Forward Propagation

Forward propagation within the U-net model follows a structured pathway, beginning with
feature extraction in the encoder, passing through the bottleneck for high-level abstraction, and finally
reconstructing the signal in the decoder.

• Encoder Phase: The input PCG signal is processed through the encoder, where features at various
levels of abstraction are extracted. The use of downsampling ensures that the network captures
both the local and global context of the signal.

• Bottleneck Phase: The processed signal is passed through the bottleneck, where the most salient
features are learned. This phase acts as the "compression" stage, reducing noise and focusing on
the core information necessary for segmentation.

• Decoder Phase: The signal is then reconstructed in the decoder, where skip connections ensure
that fine-grained details are incorporated. At this point, a sigmoid activation signal is used to
finally generate a binary PCG segmentation map that highlights the locations of heart sounds
within the PCG signal.

2.2.5. Advantages of the U-Net Architecture for Heart Sound Segmentation

The U-net architecture offers several advantages for heart sound segmentation. Its ability to
combine global and local features through skip connections is particularly useful for capturing the
subtle and complex patterns found in PCG signals. Additionally, its symmetrical design and efficient
use of computational resources make it well-suited for real-time applications, such as automated
diagnosis or monitoring of heart conditions.

2.3. CNN Training Parameters

The training of the U-net-based convolutional neural network was carried out using carefully
selected parameters to optimize performance for the segmentation of heart sounds. The following
configurations were used:

• Loss Function: The binary cross-entropy loss function was employed, as it is well-suited for
binary classification tasks such as this, where the goal is to segment heart sound events from the
PCG signal.

• Learning Rate: A learning rate of 0.0001 was chosen to ensure stable convergence during training.
This small learning rate helps avoid large updates to the model weights, reducing the risk of
overshooting the optimal solution and ensuring smooth optimization.

• Optimizer: The Adam optimizer was used for training. Adam combines the benefits of adaptive
learning rates and momentum, making it effective for handling noisy gradients and sparse
updates, both of which are common in segmentation tasks involving physiological signals.

• Epochs and Batch Size: The model was trained for 100 epochs with a batch size of 4. The
small batch size was chosen to accommodate the high dimensionality of the PCG signals and
the computational constraints, while the 100 epochs allowed the model to learn and generalize
effectively without overfitting.

These parameters were fine-tuned through iterative experimentation to ensure that the model
achieved the best balance between accuracy and computational efficiency. The combination of the
binary cross-entropy loss function, a low learning rate, and the Adam optimizer was particularly
effective in capturing the temporal and structural patterns of heart sounds for precise segmentation.

3. Results
One of the most remarkable outcomes of this project was the U-net’s ability to correct errors

present in the initial annotations generated using the Shannon energy algorithm (shown at Figure 4).
While the algorithm provided a robust foundation for segmenting heart sounds, certain inaccuracies
in the onset and offset detection of heart sounds were observed, particularly in signals with low
signal-to-noise ratios or irregular patterns. The U-net, through its encoder-decoder structure and
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skip connections, demonstrated the capability to refine these annotations, resulting in more accurate
segmentation maps. The model’s performance was quantitatively evaluated, yielding an impressive
accuracy of 0.95, a precision of 0.82, a recall of 0.96, and an F1-score of 0.89.
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Figure 4. MATLAB segmentation results. IN

The results were visually inspected and compared against the original annotations. The qualitative
analysis revealed that the U-net consistently aligned its predictions with the expected morphology
of heart sounds, correcting misalignments and reducing segmentation noise. Figure 3 illustrates this
comparison, where the U-net output visibly outperforms the initial annotations by providing cleaner
boundaries and better alignment with the PCG signal. While a quantitative assessment remains an
area for future research, these visual comparisons highlight the potential of the model to enhance the
accuracy of automated heart sound segmentation. Finally, Figure 5 shows an example of a PCG signal
segmentation using Shannon Energy envelope and the proposed U-net.
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Figure 5. Display of a PCG signal, and the results using the Shannon Energy based segmentation and the models
performed segmentation.

4. Discussion
The results indicate that the proposed approach, which adapts the principles of 2D biomedical

image segmentation, has the potential to surpass traditional heart sound (HS) segmentation techniques.
By leveraging the convolutional neural network (CNN), this method offers a more automated and
potentially more accurate way to identify and segment heart sounds from complex audio data. More-
over, it was noticed that certain variations in the heart sound recordings—such as background noise,
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microphone quality, and patient conditions—pose challenges for the current model. Further work is
needed to enhance the model’s robustness, perhaps by incorporating noise reduction techniques or by
improving the diversity of the training data. The potential for integrating additional context, such as
patient demographics or health status, could also improve the system’s diagnostic capability.

In order to improve this method, a fully manual segmentation should be used to train this U-net
model. This way, even if the PCG signal is contaminated with ambient noise, spikes, movement
artifacts or pathological noises, the model can identify every HS a person could.

5. Conclusions
A U-net 1D convolutional neural network for automated phonocardiogram signal segmentation

was carried out in this research work. As this represents an initial foray into the application of machine
learning for heart sound segmentation, there are numerous areas that warrant further exploration
and refinement. Two primary avenues for improvement stand out. Firstly, a manual segmentation is
essential to improve the model’s ability to accurately delineate heart sounds across a broader range
of patient conditions and environments. This manual annotation process will also help in creating a
more comprehensive ground truth, essential for evaluating the model’s performance more accurately.
This paper proposed a binary approach to HS segmentation, basically mimicking the process used
in biomedical images segmentation and potentially eliminating the tedious feature extraction stage
in the PCG signal. In summary, while the proposed method shows great promise, its development
is still in the early stages. The next steps involve expanding the dataset, and refining the CNN
architecture to improve both segmentation accuracy and robustness. The ultimate goal is to create a
reliable, automated tool for heart sound analysis that can aid in the early detection and monitoring of
cardiovascular conditions, potentially transforming the way heart diseases are diagnosed and managed
in clinical practice.

Abbreviations
The following abbreviations are used in this manuscript:

PCG Phonocardiogram
HS Heart Sounds
CNN Convolutional Neural Network
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