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Abstract Cardiovascular diseases require early and reliable screening because manual auscultation may 

be affected by noise, subjective interpretation, and inter-observer variability. This study aimed to develop 

an STFT-based deep learning framework for multiclass phonocardiogram (PCG) classification. The 

proposed framework was designed to provide a reproducible evaluation procedure by combining 

standardized preprocessing, time–frequency feature extraction, and deep learning-based classification 

under the same experimental conditions. Unlike approaches that may evaluate segmented signals without 

clearly preserving recording-level separation, this study emphasizes a leakage-free splitting strategy to 

reduce the risk of overestimated performance and to provide a more reliable assessment of model 

generalization. The Yaseen PCG dataset, consisting of 1000 recordings from five classes (AS, MR, MS, 

MVP, and Normal), was divided using a leakage-free recording-level split before segmentation and 

spectrogram generation. After preprocessing, 2-second PCG segments with 50% overlap were converted 

into 128 × 128 STFT spectrograms and classified using BiLSTM and CNN-BiLSTM models. Both models 

were trained and tested using the same dataset split, preprocessing pipeline, and evaluation metrics, 

including accuracy, precision, recall, F1-score, specificity, and confusion matrices. The BiLSTM model 

achieved 92.36% accuracy in the final independent test run, while the CNN-BiLSTM model achieved 95.83%. 

Across three repeated runs, BiLSTM achieved 93.85% ± 1.47%, whereas CNN-BiLSTM achieved 95.94% ± 

0.71%. These results show that CNN-BiLSTM provides higher and more stable classification performance 

for five-class PCG classification, while BiLSTM remains a simpler alternative for lightweight 

implementation. Overall, the proposed STFT-based framework provides a reliable approach for automated 

heart sound classification and may support future computer-aided cardiac screening applications. 

Keywords Heart sound classification; PCG; deep learning; CNN; BiLSTM; STFT; spectrogram; multiclass 
classification  

I. Introduction 

Cardiovascular diseases continue to represent a major 
public health challenge and remain among the leading 
causes of death worldwide. Early recognition of 
abnormal cardiac conditions is therefore important for 
timely diagnosis, clinical follow-up, and reduction of 

healthcare burden [1]  [2]. In this context, heart sound 

analysis provides a practical screening approach 
because phonocardiogram (PCG) signals can be 
acquired using low-cost, non-invasive, and portable 
devices. PCG signals contain useful acoustic 
information related to the mechanical activity of the 
heart valves and cardiac cycles. Compared with more 
expensive imaging-based procedures, PCG-based 
analysis may be more suitable for preliminary 
screening, remote monitoring, and digital stethoscope 

applications [3] [4]. Nevertheless, conventional 
auscultation is highly dependent on clinician 
experience and may be affected by noise, subjective 
interpretation, and inter-observer variability [5]  [6]. 
These factors make automated PCG classification an 
important research direction for supporting consistent 
and reproducible heart sound assessment. Since PCG 
recordings are non-stationary biomedical signals, their 
frequency components vary over time. Time–frequency 
analysis is therefore commonly used to represent heart 
sound characteristics more clearly. Among different 
time–frequency methods, the Short-Time Fourier 
Transform (STFT) provides a direct way to convert 
PCG signals into spectrograms while preserving both 
temporal and spectral information [7][8][9]. These 
spectrograms are suitable for deep learning because 
they transform one-dimensional acoustic signals into 
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structured two-dimensional representations that can be 
processed by image-based and sequence-based 
neural networks. Recent deep learning studies have 
reported promising performance in heart sound 
classification. Convolutional neural networks (CNNs) 
are effective in learning local spatial patterns from 
spectrogram images, whereas recurrent neural 
networks, including LSTM and BiLSTM models, are 
useful for modeling temporal dependencies in 
sequential biomedical signals [10][11] [12][13]. Hybrid 
CNN–BiLSTM models can further combine local time–
frequency feature extraction with bidirectional temporal 
modeling, which is useful for capturing both short-term 
spectral patterns and longer temporal variations in 
PCG recordings [14][15][16]. 

Despite these advances, several limitations remain 
in previous PCG classification studies. Some studies 
have focused mainly on binary normal–abnormal 
classification rather than multiclass classification of 
specific valvular diseases. Other works have used 
complex transfer learning or transformer-based 
models, which may increase computational 
requirements and reduce suitability for lightweight 
screening systems [17][18][19]. In addition, many 
studies did not clearly explain whether data splitting 
was performed before or after segmentation. If 
segments from the same original PCG recording are 
distributed across training and testing sets, data 
leakage may occur and the reported performance may 
be overestimated. Therefore, a reproducible recording-
level evaluation is necessary for a fair assessment of 
deep learning models in PCG classification. 

The novelty of this work is not based on proposing 
a completely new neural network family, but on 
providing a leakage-free and reproducible evaluation 
framework for five-class PCG classification using STFT 
spectrograms. Unlike studies that mainly evaluate 
STFT-CNN, CNN-LSTM, transfer learning, or 
transformer-based approaches under different 
datasets and validation settings, this study compares 
BiLSTM and CNN–BiLSTM models under the same 
recording-level splitting strategy, preprocessing 
pipeline, STFT representation, and independent test 
evaluation. This design allows a clearer analysis of the 
trade-off between a simpler recurrent model and a 
hybrid spatial–temporal model for multiclass heart 
sound classification. The CNN–BiLSTM model is 
expected to improve discriminative feature learning by 
combining convolutional extraction of local 
spectrogram patterns with BiLSTM-based temporal 
modeling, while the BiLSTM model provides a lighter 
alternative with lower architectural complexity [20][21]. 

The aim of this study is to develop and evaluate an 
STFT-based deep learning framework for multiclass 
PCG classification. The proposed framework classifies 

five heart sound categories, namely Aortic Stenosis 
(AS), Mitral Regurgitation (MR), Mitral Stenosis (MS), 
Mitral Valve Prolapse (MVP), and Normal (N), using 
BiLSTM and CNN–BiLSTM models. A recording-level 
split was applied before segmentation and spectrogram 
extraction to reduce data leakage risk and to provide a 
more reliable estimation of model performance. 

The main contributions of this study are summarized 
as follows. First, a leakage-free recording-level splitting 
strategy was applied so that all segments generated 
from the same original PCG recording remain within 
only one subset. Second, STFT spectrograms were 
used to represent PCG signals in the time–frequency 
domain while preserving information relevant to cardiac 
sound patterns. Third, BiLSTM and CNN–BiLSTM 
models were compared under the same experimental 
conditions for five-class heart sound classification. 
Fourth, repeated experiments were conducted to report 
the mean accuracy and standard deviation, rather than 
relying only on a single run. Finally, class-wise 
performance was analyzed to identify difficult 
pathological classes, especially MR and MVP, and to 
provide a more clinically meaningful interpretation of 
the classification results. 

A. Literature Review 

Ismail et al. [4]   the authors proposed a heart sound 
classification system based on spectrogram 
representations and hybrid classification. They 
addressed the challenge of spectral overlap between 
normal heart sounds and other internal and external 
acoustic sources, such as extra heart sounds, extra 
systoles, murmurs, respiration sounds, and body 
motion artifacts. Their proposed approach included 
signal filtering, time segmentation, spectrogram 
generation, hybrid classification, and a voting-based 
decision mechanism. The method performed the 
analysis at both cycle level and signal level, which 
improved the reliability of the final classification 
decision. Evaluation on the public PASCAL 2011 
dataset using 5-fold cross-validation achieved 
precision, recall, and accuracy values greater than 
95%. Their results also demonstrated that short PCG 
recordings of approximately 2–3 seconds can be 
sufficient for effective heart sound classification. 
However, this study focused mainly on public 
benchmark evaluation and did not emphasize a 
leakage-free multiclass comparison between recurrent 
and hybrid models. 

Tariq et al. [22] highlighted the importance of 
preprocessing and feature extraction in heart and lung 
sound classification using deep learning models. Their 
study transformed biomedical sound signals into 
informative audio representations, including 
spectrogram, MFCC, and chromagram features, before 
feeding them into CNN-based models. They 
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emphasized that converting audio signals into image-
based feature representations helps CNNs learn 
discriminative patterns more effectively. Their work 
also addressed common challenges in biomedical 
sound classification, such as noise, limited data, and 
class imbalance, by applying data augmentation 
techniques including noise distortion, pitch shifting, and 
time stretching. The results showed that the fusion-
based CNN framework improved classification 
performance, achieving up to 97% accuracy for 
augmented heart sound classification. This study 
supports the importance of proper preprocessing and 
time-frequency-based feature representation for 
achieving reliable performance in automatic heart 
sound classification. 

Although this work demonstrated the value of 
image-based audio representations, it considered 
multiple biomedical sound types and did not focus 
specifically on five-class PCG classification. Al-Issa 
and Alqudah [23], investigated the effectiveness of 
hybrid deep learning models, particularly CNN-LSTM 
architectures, for classifying heart sound signals. By 
integrating Long Short-Term Memory (LSTM) networks 
with spatial feature extraction using CNNs, their 
approach enhanced classification performance. The 
study demonstrated the importance of combining 
spatial and sequential learning, especially for 
biomedical signals that exhibit both time-based and 
frequency-based characteristics. This finding supports 
the use of hybrid architectures for PCG classification, 
as CNN layers can extract discriminative spectrogram 
features while recurrent layers can model temporal 
variations in heart sound patterns. Such a combination 
is particularly useful for distinguishing between valvular 
diseases with overlapping acoustic characteristics. 
This supports the effectiveness of hybrid CNN–
recurrent models in extracting spatial and temporal 
features from PCG signals. 

Khan et al. [24], proposed a deep learning-based 
approach for automatic PCG signal classification using 
STFT-based spectrogram representations. Their study 
focused on distinguishing normal and abnormal heart 
sounds using two widely available public PCG 
datasets, namely PhysioNet/CinC 2016 and PASCAL 
2011. The authors transformed PCG recordings into 
time-frequency spectrogram images and evaluated 
several CNN variants under different experimental 
settings, including training on PhysioNet, testing on 
PASCAL, using a combined PhysioNet-PASCAL 
dataset, and applying transfer learning to improve 
performance on noisy data. Their results demonstrated 
that STFT spectrograms can effectively represent the 
temporal and spectral characteristics of PCG signals. 

The best CNN model achieved high performance on 
the PhysioNet dataset with an accuracy of 95.75%, 
sensitivity of 96.3%, specificity of 94.1%, precision of 
97.52%, and F1-score of 96.93%. Moreover, the 
transfer learning experiment achieved a precision of 
96.98% on the noisy PASCAL dataset. Although this 
work confirmed the effectiveness of STFT 
spectrograms, the task was mainly normal-versus-
abnormal classification, whereas the present study 
addresses a more challenging five-class PCG 
classification problem. 

From the reviewed studies, it can be observed that 

several research gaps remain. Many existing 

approaches focus on binary classification or a limited 

number of classes, while fewer studies address 

multiclass PCG classification involving several valvular 

heart diseases. In addition, some works do not clearly 

report whether data splitting was performed at the 

recording level before segmentation, which may 

increase the risk of data leakage. Furthermore, highly 

complex transfer learning or transformer-based models 

may not always be suitable for lightweight clinical 

screening systems. Therefore, this study provided a 

leakage-free comparison of BiLSTM and CNN–

BiLSTM models using STFT spectrograms for five-

class heart sound classification. 

II. Method  

The proposed framework as shown in Fig.1 consists of 
five main stages: dataset preparation, leakage-free 
recording-level splitting, preprocessing and 
segmentation, STFT spectrogram generation, and 
deep learning classification using BiLSTM and CNN–
BiLSTM models.  The overall workflow was designed to 
reduce data leakage risk and improve reproducibility. In 
this study, all splitting operations were performed at the 
original PCG recording level before segmentation and 
spectrogram extraction. Therefore, segments 
generated from the same original recording were never 
shared between the training, validation, and testing 
subsets. 

A. Data Collection  

The heart sound recordings used in this study were 
obtained from the Yaseen PCG dataset reported by 
Yaseen et al. [25]. The dataset contains 1000 
phonocardiogram (PCG) recordings distributed across 
five classes: Aortic Stenosis (AS), Mitral Regurgitation 
(MR), Mitral Stenosis (MS), Mitral Valve Prolapse 
(MVP), and Normal (N). Each class contains 
approximately 200 recordings, providing a balanced 
multiclass dataset for evaluating heart sound 
classification models. 
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The dataset was divided into training, validation, and 
testing subsets using a 70%, 15%, and 15% ratio, 
respectively. Importantly, the split was performed at the 
original recording level before any segmentation or 
STFT spectrogram generation. This means that all 2-
second segments extracted from one original PCG 
recording were assigned only to one subset. This 
strategy was adopted to prevent data leakage and to 
ensure that the independent test set contained 
recordings not used during model training or validation. 
Table 1 summarizes the dataset preparation and 
splitting configuration used in this study. 

B. Data Processing  

The preprocessing stage was applied separately within 

the training, validation, and testing subsets after the 

recording-level split. This ensured that no information 

from the test recordings was used during preprocessing 

or model training. The preprocessing pipeline included 

mono conversion, resampling, band-pass filtering, 

amplitude normalization, segmentation, and zero-

padding when required. First, all PCG recordings were 

converted to a single-channel signal when necessary 

and resampled to 2000 Hz to maintain a consistent 

sampling frequency across all recordings. A band-pass 

filter in the range of 20–500 Hz was then applied to 

preserve the main frequency components of heart 

sounds while reducing very low-frequency baseline 

noise and high-frequency interference. After filtering, 

amplitude normalization was performed to reduce inter- 

Table 1. Dataset preparation and splitting configuration  

Parameter Description 

Dataset Yaseen PCG dataset [25] 

Total recordings 1000 PCG recordings 

Number of classes 5 classes 

Classes AS, MR, MS, MVP, and N 

Recordings per class Approximately 200 recordings per class 

Split strategy Recording-level split before segmentation 

Training set 70% of original recordings 

Validation set 15% of original recordings 

Testing set 15% of original recordings 

Segmentation 2-second windows 

Overlap 50% 

Feature representation STFT spectrogram 

Input size 128 × 128 

Classification task Five-class PCG classification 

 

 
Fig. 1. Overall methodology of the proposed STFT-based heart sound classification framework. 
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recording amplitude variation and to place all signals 
on a comparable scale. The filtered and normalized 
PCG recordings were segmented into fixed 2-second 
windows with 50% overlap. For recordings shorter than 
the required window length, zero-padding was applied 
to produce a consistent segment duration. 
Segmentation was performed only after the original 
recordings had been assigned to training, validation, or 
testing subsets. Therefore, all segments from the same 
recording remained within the same subset, preventing 
segment-level leakage between training and testing. 

C. Time-Frequency Feature Extraction (STFT) 

The Short-Time Fourier Transform (STFT) was used to 
convert the preprocessed one-dimensional PCG 
signals into two-dimensional time–frequency 
spectrograms. STFT is suitable for PCG analysis 
because heart sound signals are non-stationary, and 
their spectral characteristics change over time. 
Compared with purely time-domain representations, 
STFT spectrograms preserve both temporal and 
frequency information, which makes them appropriate 
for CNN-based spatial feature extraction and BiLSTM-
based temporal modeling [24], [26], [27] Given a signal 
x(t), the STFT is defined Eq. (1) [28]: 

𝑆𝑇𝐹𝑇{𝑥(𝑡)}(𝜏, 𝑤) = ∫ 𝑥(𝑡). 𝑤(𝑡 − 𝜏). 𝑒−𝑗𝑤𝑡  𝑑𝑡         (1)
∞

−∞

 

where τ is the time shift and w(t-τ) are a sliding window 
function[29] (such as a Hamming window). In this 
study, each 2-second PCG segment was transformed 
into a spectrogram using a Hamming window of 25 ms, 
50% overlap, and a 512-point FFT. The resulting 
magnitude spectrograms were converted into image-
like representations and resized to 128 × 128 pixels. 
These resized STFT spectrograms were used as the 

input features for the proposed deep learning models. 
STFT spectrogram generation was performed 
separately inside each subset after the recording-level 
split to ensure that spectrograms derived from the 
same original recording did not appear in more than 
one subset  [28] [29] [30] [31]. 

D. BiLSTM Architecture 

The BiLSTM model was designed to capture temporal 
dependencies in STFT spectrogram sequences. Each 
spectrogram was treated as a time–frequency 
representation, where temporal frames provide 
sequential information and frequency bins provide 
spectral features. The model input consisted of resized 
STFT spectrograms with a size of 128 × 128. The 
BiLSTM architecture included a sequence input layer, 
two BiLSTM layers, dropout layers, fully connected 
layers, and a softmax output layer. The first BiLSTM 
layer used 64 hidden units with sequence output 
enabled to learn temporal dependencies across all time 
steps. A dropout layer with a rate of 0.5 was used after 
this layer to reduce overfitting. The second BiLSTM 
layer used 32 hidden units and returned the last time-
step representation. This was followed by dense layers 
with 64 and 32 neurons using ReLU activation. 
Additional dropout layers with rates of 0.4 and 0.3 were 
used to improve generalization. The final fully 
connected layer contained five output neurons 
corresponding to the five PCG classes, followed by a 
softmax layer for multiclass classification [31] [30] [31] 
[32]. Table 2 summarizes the main layers of the 
BiLSTM model used for STFT-based multiclass PCG 
classification. The architecture was designed to 
capture temporal dependencies from the spectrogram 
sequence while reducing overfitting using dropout 
regularization. 

Table 2. BiLSTM model architecture 

Layer Configuration Output description 

Input layer 128 × 128 STFT spectrogram 
sequence 

Time–frequency input 

BiLSTM layer 1 64 hidden units, sequence output Temporal feature sequence 

Dropout Rate = 0.5 Regularization 

BiLSTM layer 2 32 hidden units, last output Final temporal representation 

Dropout Rate = 0.5 Regularization 

Dense layer 64 neurons, ReLU High-level representation 

Dropout Rate = 0.4 Regularization 

Dense layer 32 neurons, ReLU Compact representation 

Dropout Rate = 0.3 Regularization 

Output layer 5 neurons, softmax AS, MR, MS, MVP, N 
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E. CNN-BiLSTM Architecture 

The CNN–BiLSTM model was designed to combine 
convolutional spatial feature extraction with 
bidirectional temporal modeling. The input to the model 
was a grayscale STFT spectrogram with a fixed size of 
128 × 128 × 1. The CNN component extracted local 
time–frequency patterns from the spectrogram, while 
the BiLSTM component modeled sequential 
dependencies in the extracted feature representation 
[25] [26] .The convolutional part consisted of two main 

convolutional blocks. The first block used 32 filters to 
extract low-level time–frequency features, while the 
second block used 64 filters to learn higher-level 
representations. Each convolutional block included 
convolution, batch normalization, ReLU activation, and 
max-pooling. A global average pooling layer was then 
used to reduce the dimensionality of the feature maps 
and improve generalization. The extracted features 
were reshaped into a sequential format and passed to 
a BiLSTM layer with 128 hidden units. A dropout layer 
with a rate of 0.3 was applied after the BiLSTM layer. 
The classification part included fully connected layers 
with 128 and 64 neurons, ReLU activation, and 
dropout. The final output layer used five neurons with 
soft max activation for multiclass heart sound 
classification. Fig. 2. illustrates the proposed CNN–
BiLSTM architecture used for STFT-based multiclass 
heart sound classification. The model first extracts local 
time–frequency features from the STFT spectrogram 
using two convolutional blocks with batch normalization 
and max-pooling. The extracted features are then 
summarized using global average pooling, reshaped 
into a sequential representation, and passed to a 
BiLSTM layer with 128 hidden units. Finally, dropout 
and fully connected layers are used before the softmax 
output layer for five-class classification 

Table 3 illustrates the CNN–BiLSTM architecture 
used for STFT-based multiclass PCG classification. 
The convolutional blocks extract local time–frequency 
features from the spectrograms, while the BiLSTM 
layer models bidirectional temporal dependencies 
before final softmax classification. 

F. Experimental Setup and Reproducibility 

 
Fig. 2. Proposed CNN-BiLSTM architecture for 
STFT-based multiclass heart sound classification 

 

Table 3. CNN-BiLSTM model architecture 

Layer Configuration Output description 

Input layer 128 × 128 × 1 STFT spectrogram Image-like time–frequency input 

Convolution block 1 32 filters, ReLU, batch normalization, max-
pooling 

Low-level local features 

Convolution block 2 64 filters, ReLU, batch normalization, max-
pooling 

Higher-level local features 

Global average pooling Feature map summarization Reduced feature representation 

Reshape layer Converts CNN features into sequence 
form 

Sequential feature input 

BiLSTM layer 128 hidden units, last output Bidirectional temporal representation 

Dropout Rate = 0.3 Regularization 

Dense layer 128 neurons, ReLU High-level representation 

Dropout Rate = 0.2 Regularization 

Dense layer 64 neurons, ReLU Compact representation 
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To improve reproducibility, the main experimental 
settings are summarized in one subsection. All 
experiments were conducted using MATLAB R2024b 
and the Deep Learning Toolbox on a workstation 
equipped with a single NVIDIA-based GPU and a multi-
core CPU. The same dataset split, preprocessing 
pipeline, and evaluation protocol were used for both 
BiLSTM and CNN–BiLSTM models. The dataset was 
split at the original recording level using a 70:15:15 
ratio for training, validation, and testing. After splitting, 
preprocessing, 2-second segmentation with 50% 
overlap, and STFT spectrogram generation were 
applied separately within each subset. The STFT 
parameters included a 25 ms Hamming window, 50% 
overlap, and a 512-point FFT. All spectrograms were 
resized to 128 × 128 pixels before being used as model 

inputs. The BiLSTM model was trained for 40 epochs 
using the Adam optimizer, an initial learning rate of 
0.001, and a mini-batch size of 16. The CNN–BiLSTM 
model was also trained for 40 epochs using the Adam 
optimizer, a learning rate of 0.0005, and a mini-batch 
size of 16. Training and validation accuracy and loss 
curves were monitored to evaluate convergence 
behavior and possible overfitting. For reproducible 
dataset partitioning, the recording-level split was 
generated using rng(42). To reduce the influence of 
random initialization and training variability, each 
experiment was repeated three times, and the mean 
accuracy and standard deviation were reported. Table 
4 summarizes the experimental and training 
configuration used for both models. The same leakage-
free recording-level split, preprocessing pipeline, STFT 

Table 3. (Continued) 

Optimizer Adam Adam 

Learning rate 0.001 0.0005  

Mini-batch size 16 16 

Epochs 40 40 

Random seed 42 42 

Repeated runs 3 3 

Output classes 5 5 

 

Table 4. Experimental and training configuration 

Parameter BiLSTM CNN–BiLSTM 

Software MATLAB R2024b MATLAB R2024b 

Toolbox Deep Learning Toolbox Deep Learning Toolbox 

Hardware Single NVIDIA-based GPU and multi-
core CPU 

Single NVIDIA-based GPU and multi-
core CPU 

Dataset split 70% training, 15% validation, 15% 
testing 

70% training, 15% validation, 15% 
testing 

Split level Original recording level Original recording level 

Segment duration 2 seconds 2 seconds 

Segment overlap 50% 50% 

Sampling 
frequency 

2000 Hz 2000 Hz 

Band-pass range 20–500 Hz 20–500 Hz 

STFT window 25 ms Hamming window 25 ms Hamming window 

STFT overlap 50% 50% 

FFT size 512 points 512 points 

Input size 128 × 128 128 × 128 × 1 
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settings, and evaluation protocol were used to ensure 
a fair comparison between the BiLSTM and CNN–
BiLSTM model. 

G. Proposed Algorithm 
Algorithm 1 describes the main workflow of the 
proposed STFT-based PCG classification framework. 
The algorithm includes recording-level splitting, 
preprocessing, segmentation, STFT spectrogram 
generation, model training, prediction, and metric 
calculation. 

H. Mathematical Formulation of the Proposed 
Pipeline 
This section presents the mathematical formulation of 
the proposed STFT-based PCG classification pipeline. 
The formulation covers preprocessing, segmentation, 
STFT spectrogram generation, CNN feature extraction, 
BiLSTM temporal modeling, softmax classification, loss 
function, optimizer update, and evaluation metrics. Let 

𝑥[𝑛] denote the discrete-time PCG signal, n denote 

the sample index, and fs denote the sampling 
frequency. The resampled PCG signal can be 
expressed in Eq. (2)  [30]: 

𝑥𝑟[𝑛] = 𝑥 (
𝑛

𝑓𝑠
)                                                                          (2) 

where 𝑥𝑟[𝑛] is the resampled PCG signal and f_s is 

the unified sampling frequency used in this study. In 
this work, all PCG recordings were resampled to 2000 
Hz to ensure consistency across samples [28] [27]. To 
reduce irrelevant low- and high-frequency components, 
band-pass filtering was applied in Eq. (3): 

𝑥𝑓[𝑛] = 𝑥𝑟[𝑛] ∗ ℎ[𝑛]                                                  (3) 

where 𝑥𝑓[𝑛] was the filtered PCG signal, ℎ[𝑛] is the 

impulse response of the band-pass filter, and * denotes 
convolution. The band-pass range was set to 20–500 
Hz to preserve the main heart sound frequency 
components [27][33][34]. Amplitude normalization was 
then applied to reduce amplitude variation among 
different recordings show in Eq. (4):  

 𝑥𝑛𝑜𝑟𝑚[𝑛] =
𝑥𝑓[𝑛]

𝑚𝑎𝑥|𝑥𝑓[𝑛]|+𝜀
                                              (4) 

where 𝑥𝑛𝑜𝑟𝑚[𝑛] is the normalized signal and ε is a 

small constant used to avoid division by zero [34]. 
The segment length in samples is defined in Eq. (5): 

𝐿 = 𝑇𝑠 ∗ 𝑓𝑠                                                                   (5)                      

where L is the number of samples per segment and 𝑇𝑠 

is the segment duration. In this study, 𝑇𝑠= 2 s. 

Algorithm 1. Proposed leakage-free STFT-based PCG classification workflow 

Input: Original PCG recordings and their class labels 

Output: Predicted PCG class and evaluation metrics 

1. Loading the original PCG recordings from the Yaseen dataset. 

2. Assigning each original recording to one of five classes: AS, MR, MS, MVP, or N. 

3. Splitting the original recordings into training, validation, and testing subsets using a 70:15:15 ratio. 

4. Ensuring that all segments from the same original recording remain in the same subset. 

5.  For each subset separately: 

a. Converting recordings to mono format when required. 

b.  b. Resampling the PCG signals to 2000 Hz. 

c.  Applying band-pass filtering in the range of 20–500 Hz. 

d.  Normalizing the signal amplitude. 

e. Segmenting each recording into 2-second windows with 50% overlap. 

f. Applying zero-padding for short recordings when required. 

g. Generating STFT spectrograms using a 25 ms Hamming window, 50% overlap, and 512-point FFT. 

h. Resizing each spectrogram to 128 × 128 pixels. 

6. Training the BiLSTM model using the training spectrograms and validate it using the validation set. 

7. Training the CNN–BiLSTM model using the same training and validation subsets. 

8. Predicting the class labels of the independent test set using each trained model. 

9. Computing accuracy, precision, recall, F1-score, specificity, and confusion matrix. 

10. Repeatig the experiment three times and report the mean accuracy and standard deviation. 
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The hop size for 50% overlap is given by Eq. (6): 
     𝐻 =  𝐿 ×  (1 −  𝑟)                                             (6) 
where H is the hop size and r are the overlap ratio. For 
50% overlap, r = 0.5. 
The m-th PCG segment is extracted in Eq. (7): 

𝑠𝑚[𝑛] = 𝑥𝑛𝑜𝑟𝑚[𝑛 + 𝑚𝐻] ,0 ≤ 𝑛 < 𝐿                             (7) 

where 𝑠𝑚[𝑛] is the m-th segmented PCG frame and m 

is the segment index. Before STFT computation, each 
segment was multiplied by a Hamming window as 
show in Eq. (8): 

 𝑤[𝑛] = 0.54 − 0.46 cos (
2𝜋𝑛

𝐿−1
) , 0 ≤ 𝑛 < 𝐿              (8) 

where L is the window length [28][29]. The Short-Time 
Fourier Transform of the windowed PCG segment is 
computed in Eq. (9): 

X(m, k) = ∑ x[n]w[n − mH]e−
j2πkn

N   N−1
n=0                    (9)            

where 𝑋(𝑚, 𝑘) is the complex STFT coefficient, m is 

the time-frame index, k is the frequency-bin index, and 
N is the FFT size [28] [29]. The magnitude spectrogram 
was obtained in Eq. (10): 

𝑆(𝑚, 𝑘) =  |𝑋(𝑚, 𝑘)|                                                    (10)  

where 𝑆(𝑚, 𝑘)represents the magnitude of the STFT 

spectrogram. To reduce the dynamic range of 
spectrogram values, log scaling was applied in Eq. 
(11): 

𝑆𝑙𝑜𝑔(𝑚, 𝑘) = log(1 + 𝑆(𝑚, 𝑘))                               (11) 

where 𝑆𝑙𝑜𝑔(𝑚, 𝑘) is the log-scaled spectrogram 

representation [22] [24]. To reduce the dynamic 

range of spectrogram values, log scaling was applied 
in Eq. (12): 

𝑆𝑁(𝑚, 𝑘) =
𝑆𝑙𝑜𝑔(𝑚,𝑘)−𝜇𝑠

𝜎𝑠+𝜀
                                             (12) 

where 𝜇𝑠and 𝜎𝑠 are the mean and standard deviation 

of the log-scaled spectrogram values, respectively [37]. 
The normalized spectrogram was resized to a fixed 
input size show in Eq. (13) [37]: 

𝐼 = 𝑅𝑒𝑠𝑖𝑧𝑒(𝑆𝑁 , 128 × 128)                                      (13)  

where 𝐼 is the resized STFT spectrogram used as the 

input to the deep learning models. For the CNN–
BiLSTM model, the two-dimensional convolution 

operation is defined in Eq. (14) [38]:  

𝐹𝑙(𝑖, 𝑗, 𝑐) = ∑ ∑ 𝐾𝑚,𝑛
(𝑙)

𝐼𝑖+𝑚,𝑗+𝑛 + 𝑏𝑙  𝑁−1
𝑛=0

𝑀−1
𝑚=0              (14) 

where 𝐹𝑙 is the output feature map of layer l, 𝐾𝑙 is the 

convolution kernel, 𝑏𝑙  is the bias term, c is the output 

channel, and p, q, and d are kernel and channel indices 

[39].Batch normalization is applied in Eq. (15):  

BN(F) = γ (
F−μB

√σB
2 +ε

) + β                                             (15) 

where 𝜇𝐵 and 𝜎𝐵
2 are the mini-batch mean and 

variance, while γ and β are learnable scale and shift 
parameters [39]. The ReLU activation function is 
expressed in Eq. (16): 

𝐴 = ma x(0, 𝐵𝑁(𝑧))                                           (16)  

where 𝐴 is the activated feature map [39]. 

Max-pooling reduces the spatial dimension of the 
feature map in Eq. (17): 

p(i, j, c) = max(p,q)∈ΩA(i + p, j + q, c)                    (17) 

where Ω denotes the pooling window, and 𝑝(𝑖, 𝑗, 𝑐) is 

the pooled feature map [39]. Global average pooling 

summarizes each feature map show in Eq. (18):  

𝑔𝑐 =
1

𝐻𝑓𝑊𝑓
∑ ∑ 𝑃(𝑖, 𝑗, 𝑐)

𝑊𝑓

𝑗=1

𝐻𝑓

𝑖=1    (18) 

where𝑔𝑐 is the global average pooled value for channel 

c, and H and W are the height and width of the feature 

map [39]. For the BiLSTM part, the LSTM forget gate 

is calculated in Eq. (19): 

(𝑓𝑡) =  𝜎 ((𝑊ℎ𝑓 × ℎ𝑡−1) + (𝑊𝑥𝑓 × 𝑥𝑡) + 𝐵𝑓) (19) 

where: 𝑓𝑡 represents the forget gate value,𝜎 is the 

sigmoid function,𝑊ℎ𝑓 and 𝑊𝑥𝑓 are weight matrices for 

the previous hidden state (ℎ𝑡−1)) and input (𝑥𝑡), 
respectively and 𝐵𝑓 Is the bias vector for the forget 

gate[30] [31]. The input gate is defined in Eq. (20): 

      (𝑖𝑡) =  𝜎((𝑊𝑖𝑥𝑡) + (𝑈𝑖ℎ𝑡−1) + 𝑏𝑖)                             (20)   

where 𝑖𝑡controls the amount of new information added 

to the memory cell [30] [31]. The candidate cell state is 

computed in Eq. (21): 

𝑐𝑡 =  tanh((𝑊𝑐  𝑥𝑡) + (𝑈𝑐ℎ𝑡−1) +𝑏𝑖  (21) 

The output gate was computed in Eq. (22): 

𝑂𝑡 =  𝜎((𝑊𝑜ℎ × ℎ𝑡−1) + (𝑊𝑜𝑥 × 𝑥𝑡) + 𝐵𝑜)      (22)     

where 𝑂𝑡 is the output gate [34]. The hidden state was 

then calculated in Eq. (23): 
ℎ𝑡= 𝑜𝑡 ⊙ tanh (𝑐𝑡) (23)                                                         

where ℎ𝑡 is the hidden state at time t [34] [35] The 

categorical cross-entropy loss is defined in Eq. (24): 

     𝐿𝐶𝐸 = −
1

𝑁𝑆
∑ ∑ 𝑦𝑖,𝑐  log(𝑦𝑖,𝑐̂

𝐶
𝑐=1

𝑁𝑆
𝑖=1 )                        (24)      

where 𝑁𝑆 is the number of samples, 𝑦𝑖,𝑐 is the true class 

label, and 𝑦𝑖,𝑐 is the predicted probability for class c 

[39]. The Adam optimizer updates each model 
parameter θ [40] as show in Eq. (25): 

   θt+1  =  θt  − 
α m̂t

(√ v̂t+ ε)
                                              (25) 

where α is the learning rate,  𝑚̂𝑡and  𝑣̂𝑡are the bias-

corrected [40]. First and second moment estimates, 
and ε is a small constant for numerical stability. The 
predicted class label was obtained in Eq. (26): 
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ŷ = arg 𝑚𝑎𝑥𝑐 (ŷ𝑐)                                                        (26) 

where ŷ is the final predicted class. The classification 
accuracy was calculated in Eq. (27): 

Accuracy =
(TP+TN)

TP+TN+FP+FN
                                               (27) 

Precision was calculated in Eq. (28): 

 Precision =
TP

TP+FP
                                                      (28) 

Recall, also known as sensitivity, was calculated in Eq. 
(29): 

Recall =
TP

TP+FN
                                                       (29)                      

The F1-score was calculated in Eq. (30): 

      F1-score =
2× sensitivity × recall 

 sensitivity + recall 
                               (30) 

Specificity was calculated in Eq. (31): 

Specificity =
TN

TN+FP
                                               (31)                    

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 represent true positive, true 

negative, false positive, and false negative predictions, 
respectively [40]. 

III. Result  

A. Time-Frequency Representation of the Signal 

This section presents the training behavior and 
classification performance of the proposed BiLSTM 
and CNN–BiLSTM models. The results were obtained 
using the independent test set generated from the 
leakage-free recording-level split described in the 
Methodology section. Training and validation accuracy 
and loss curves were used to monitor convergence 
behavior, while confusion matrices and standard 
evaluation metrics were used to assess the final 
classification performance on the test set. In Fig. 3. 
Illustrates the spectrogram of the signal after the initial 
processing stage. The horizontal axis represents the 
number of time frames, while the vertical axis 
represents the frequency bins. The colours indicate the 
energy intensity at each frequency at a specific time 
point, with red representing the highest energy values 

and blue representing the lowest. The figure reveals 
regions of high energy at low frequencies during 
specific time intervals, indicating the presence of strong 
fundamental components in the signal. Clear changes 
in the spectral distribution over time are also evident, 
reflecting the unstable nature of the signal under study. 

B. Training Behavior of BiLSTM and CNN-BiLSTM 
Models 

The BiLSTM model was trained for 40 epochs using the 
Adam optimizer, an initial learning rate of 0.001, and a 
mini-batch size of 16. As shown in Fig.4. (a) the training 
accuracy increased gradually during the early epochs 
and reached stable convergence after approximately 
20 epochs. The validation curve remained close to the 
training curve, indicating stable learning behavior with 
limited overfitting. The CNN-BiLSTM model was also 
trained for 40 epochs using the Adam optimizer, a 
learning rate of 0.0005, and a mini-batch size of 16. As 
shown in Fig. 4(b), the hybrid model showed faster 
convergence and stable validation performance. This 
behavior can be attributed to the convolutional layers, 
which extract discriminative local time-frequency 
features before temporal modeling by the BiLSTM 
layer.  

C. Performance Metrics 

The classification performance of the proposed 
BiLSTM and CNN–BiLSTM models was evaluated 
using the independent test set generated from the 
leakage-free recording-level split. Standard evaluation 
metrics were used, including accuracy, precision, 
recall, F1-score, and specificity. These metrics were 
computed for the five PCG classes: Aortic Stenosis 
(AS), Mitral Regurgitation (MR), Mitral Stenosis (MS), 
Mitral Valve Prolapse (MVP), and Normal (N). 
Confusion matrices were also used to provide a 
detailed visual analysis of the prediction behavior for 
each model. Fig. 5. (a) illustrates the confusion matrix 

Table 5. BiLSTM performance metrics 

Class Precision 
(%) 

Recall 
(%) 

F1-
score 
(%) 

Specificity 
(%) 

AS 93.75 100.00 96.77 98.25 

MR 100.00 80.00 88.89 100.00 

MS 86.21 92.59 89.29 96.58 

MVP 82.76 88.89 85.71 95.73 

N 100.00 100.00 100.00 100.00 

Macro-
average 

92.54 92.30 92.13 98.11 

 

 

Fig. 3. STFT Spectrogram Representation. 
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of the BiLSTM model. The model correctly classified 
most samples across the five classes and achieved 
perfect classification for the Normal class. However, 
some misclassifications were observed among 

pathological classes, especially MR, MS, and MVP. 
This indicates that some abnormal PCG classes have 
overlapping acoustic characteristics in the STFT 
spectrogram representation. Fig.5. (b) illustrates the 

 

(a) 

 

(b) 

Fig. 4. Training progress of the proposed models: (a) BiLSTM and (b) CNN– BiLSTM. 
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confusion matrix of the CNN–BiLSTM model. 
Compared with the BiLSTM model, the CNN–BiLSTM 
model produced fewer misclassifications and showed 
better separation among the pathological classes. This 
improvement can be attributed to the convolutional 
layers, which extract local time–frequency features 
from the STFT spectrograms before temporal modeling 
by the BiLSTM layer. Table 5 illustrates the class-wise 
performance of the BiLSTM model using the final 
leakage-free representative run. The model achieved 
an overall test accuracy of 92.36%, corresponding to 
an error rate of 7.64%. The macro-averaged precision, 
recall, F1-score, and specificity were 92.54%, 92.30%, 
92.13%, and 98.11%, respectively. The Normal class 
achieved the best performance, with 100% precision, 

recall, F1-score, and specificity. The AS class also 
showed strong performance, with 93.75% precision, 
100% recall, and 96.77% F1-score. The weakest recall 
was observed for the MR class at 80.00%, while the 
lowest precision and F1-score were observed for the 
MVP class at 82.76% and 85.71%, respectively. These 
results suggest that the BiLSTM model can effectively 
identify normal PCG signals, but some pathological 
classes, particularly MR and MVP, remain more difficult 
to distinguish. Table 6 illustrates the class-wise 
performance of the CNN–BiLSTM model using the final 
leakage-free representative run. The model achieved 
an overall test accuracy of 95.83%, corresponding to 
an error rate of 4.17%. The macro-averaged precision, 
recall, F1-score, and specificity were 95.83%, 95.85%, 
95.71%, and 98.97%, respectively. The Normal class 
again achieved perfect classification performance, with 
100% precision, recall, F1-score, and specificity. The 
AS and MS classes achieved 100% recall, indicating 
that all test samples from these classes were correctly 
detected. The weakest F1-score was observed for the 
MVP class at 90.91%, while the lowest recall was 
observed for the MR class at 86.67%. These results 
indicate that the CNN–BiLSTM model provided more 
balanced classification performance than the 
standalone BiLSTM model, although some confusion 
remained among acoustically similar pathological 
classes. Based on Tables 5 and Table 6, the CNN–

Table 6. CNN–BiLSTM performance metrics. 

Class Precision 
(%) 

Recall 
(%) 

F1-
score 
(%) 

Specificity 
(%) 

AS 96.77 100.00 98.36 99.12 

MR 100.00 86.67 92.86 100.00 

MS 93.10 100.00 96.43 98.29 

MVP 89.29 92.59 90.91 97.44 

N 100.00 100.00 100.00 100.00 

 

 

Table 7. Comparative analysis with previous studies 

Study Dataset, classes, and validation protocol Accuracy and main limitation 

Chen et al. [9] (2023) Multiple heart-sound datasets; 2 classes; 
cross-dataset evaluation 

91.74 ± 3.72%; binary task and 
variable test performance 

Orozco-Reyes et al. [8] 
(2025) 

PhysioNet/CinC, CirCor, and open PCG 
database; 2 classes; 10-fold cross-

validation 

Up to 99.99%; binary task with 
combined time-frequency 

representations 

Barnawi et al. [18] 
(2023) 

PhysioNet; 2 classes; data selection-based 
evaluation 

97.00%; binary normal-abnormal 
classification 

Harimi et al. [16] (2023) Public PCG datasets; 2 classes; reported 
in study 

94.30%; binary task and transfer 
learning complexity 

Khan et al. [24] (2021) PhysioNet/CinC and PASCAL; 2 classes; 
cross-dataset / transfer learning 

95.75%; binary normal-abnormal 
classification 

Proposed BiLSTM 
(2026) 

Yaseen PCG; 5 classes; leakage-free 
recording-level split 

92.36%; single-dataset evaluation 

Proposed CNN-BiLSTM 
(2026) 

Yaseen PCG; 5 classes; leakage-free 
recording-level split 

95.83%; single-dataset evaluation 

Proposed CNN-BiLSTM 
(2026) 

Yaseen PCG; 5 classes; three repeated 
runs 

95.94 ± 0.71%; external validation 
required 

 

 
True 
Class 

AS 
(%) 

MR 
(%) 

MS 
(%) 

MVP 
(%) 

N 
(%)  

Correct 

(%) 
Error 

(%) 
 

True 
Class 

AS 
(%) 

MR 
(%) 

MS 
(%) 

MVP 
(%) 

N 
(%)  

Correct 
(%) 

Error 
(%) 

AS 30 0 0 0 0  100.0 0.0  AS 30 0 0 0 0  100.0 0.0 

MR 1 24 1 4 0  80.0 20  MR 1 26 0 3 0  86.7 13.3 

MS 1 0 25 1 0  92.6 7.4  MS 0 0 27 0 0  100.0 0.0 

MVP 0 0 3 24 0  88.9 11.1  MVP 0 0 2 25 0  92.6 7.4 

N 0 0 0 0 30  100.0 0.0  N 0 0 0 0 30  100.0 0.0 

                   

 93.8 100.0 86.2 82.8 100.0      96.8 100.0 93.1 89.3 100.0    

 6.2 0.0 13.8 17.2 0.0      3.2 0.0 6.9 10.7 0.0    

 
AS 
(%) 

MR 
(%) 

MS 
(%) 

MVP 
(%) 

N 
(%) 

     
AS 

(%) 
MR 
(%) 

MS 
(%) 

MVP 
(%) 

N 
(%) 

   

 Predicted Class      Predicted Class    

(a)  (b) 

Fig. 5.  BiLSTM-CNN and(b) BiLSTM (a) of: matrices Confusion . 
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BiLSTM model outperformed the BiLSTM model 
across all major evaluation metrics. The overall test 
accuracy improved from 92.36% for BiLSTM to 95.83% 
for CNN–BiLSTM, representing an improvement of 
3.47 percentage points. The macro F1-score also 
increased from 92.13% to 95.71%, while macro 
specificity increased from 98.11% to 98.97%. These 
findings show that adding convolutional feature 
extraction before BiLSTM temporal modeling improved 
the classification of STFT-based PCG spectrograms. 
Fig. 6. compares the overall and class-wise 
performance of the BiLSTM and CNN–BiLSTM 
models. The CNN–BiLSTM model achieved higher 
overall accuracy and better macro-averaged 
performance, while the BiLSTM model remained a 
simpler and computationally lighter alternative. 
Therefore, CNN–BiLSTM is more suitable when 
classification accuracy and stability are the main 
priorities, whereas BiLSTM may still be useful for 
lightweight implementation. To examine model 
stability, the experiments were repeated three times 
using the same leakage-free recording-level evaluation 
protocol. The BiLSTM model achieved an average 
accuracy of 93.85% ± 1.47%, whereas the CNN–
BiLSTM model achieved 95.94% ± 0.71%. The lower 
standard deviation of the CNN–BiLSTM model 
indicates more stable performance across repeated 
runs. Therefore, the CNN–BiLSTM model emonstrated 
both higher accuracy and better consistency compared 
with the standalone BiLSTM model. 

 

IV. Discussion   

This study evaluated the effectiveness of BiLSTM and 
CNN–BiLSTM models for multiclass heart sound 
classification using STFT-based spectrogram 
representations. The experiments were performed 
using a leakage-free recording-level splitting strategy, 
where the original PCG recordings were divided into 
training, validation, and testing subsets before 
segmentation and spectrogram extraction. This 
strategy ensured that segments generated from the 
same recording were not shared across different 
subsets. In the final representative run, the CNN–
BiLSTM model achieved the highest test accuracy of 
95.83%, while the BiLSTM model achieved 92.36%. 
These findings indicate that the hybrid CNN–BiLSTM 
architecture provided better classification performance 
for the five PCG classes, namely AS, MR, MS, MVP, 
and Normal. The improved performance of CNN–
BiLSTM can be attributed to its ability to learn both 
spatial and temporal characteristics from the STFT 
spectrograms. The convolutional layers extract local 
time–frequency patterns from the spectrogram images, 
while the BiLSTM layer models the sequential 
dependencies across time frames. In contrast, the 
standalone BiLSTM model mainly focuses on temporal 
dependencies extracted from the spectrogram 
sequence. Although the BiLSTM model achieved lower 
accuracy than the hybrid architecture, it still provided  
acceptable performance with a simpler structure and 
lower computational complexity. The repeated 
experiments further support the stability of the CNN–  

Table 7. Comparative analysis with previous studies 

Study Dataset, classes, and validation protocol Accuracy and main limitation 

Chen et al. [9] (2023) Multiple heart-sound datasets; 2 classes; 
cross-dataset evaluation 

91.74 ± 3.72%; binary task and 
variable test performance 

Orozco-Reyes et al. [8] 
(2025) 

PhysioNet/CinC, CirCor, and open PCG 
database; 2 classes; 10-fold cross-

validation 

Up to 99.99%; binary task with 
combined time-frequency 

representations 

Barnawi et al. [18] 
(2023) 

PhysioNet; 2 classes; data selection-based 
evaluation 

97.00%; binary normal-abnormal 
classification 

Harimi et al. [16] (2023) Public PCG datasets; 2 classes; reported 
in study 

94.30%; binary task and transfer 
learning complexity 

Khan et al. [24] (2021) PhysioNet/CinC and PASCAL; 2 classes; 
cross-dataset / transfer learning 

95.75%; binary normal-abnormal 
classification 

Proposed BiLSTM 
(2026) 

Yaseen PCG; 5 classes; leakage-free 
recording-level split 

92.36%; single-dataset evaluation 

Proposed CNN-BiLSTM 
(2026) 

Yaseen PCG; 5 classes; leakage-free 
recording-level split 

95.83%; single-dataset evaluation 

Proposed CNN-BiLSTM 
(2026) 

Yaseen PCG; 5 classes; three repeated 
runs 

95.94 ± 0.71%; external validation 
required 
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BiLSTM model. Across three leakage-free runs, the 
BiLSTM model achieved an average accuracy of 
93.85% ± 1.47%, whereas the CNN–BiLSTM model 
achieved 95.94% ± 0.71%. The lower standard 
deviation of CNN–BiLSTM indicates that the hybrid 
model produced more consistent results across 
different training runs. This suggests that combining 
convolutional feature extraction with bidirectional 
temporal modeling improves both classification 
accuracy and training stability. 

The class-wise results also provide important insight 
into the behavior of the proposed models. For the 
BiLSTM model, the Normal class achieved perfect 
performance with 100% precision, recall, F1-score, and 
specificity. This indicates that normal heart sounds 
were clearly distinguishable from abnormal cases in the 
extracted STFT representations. However, the model 
showed lower performance for some pathological 
classes, particularly MR and MVP. The MR class had 
lower recall, while the MVP class showed lower 
precision and F1-score, suggesting that these classes 
may share acoustic characteristics with other abnormal 
heart sound categories. For the CNN–BiLSTM model, 
the class-wise performance improved across most 
categories. The model achieved 100% recall for AS, 
MS, and Normal classes, while maintaining high 
precision and specificity. The Normal class again 
achieved perfect classification performance, confirming 
the separability of normal PCG recordings from 
pathological recordings. Some remaining errors were 
still observed in MR and MVP classes, but their 
performance values were improved compared with the 
BiLSTM model. This behavior suggests that the 
convolutional layers helped the model extract more 
discriminative local patterns from the spectrograms. 

The misclassification patterns observed in MR and 
MVP can be clinically interpreted by considering the 
acoustic similarity among valvular heart diseases. MR 
and MVP may generate murmur-like patterns that 
overlap in both time and frequency domains. Since 
STFT represents heart sounds as localized time–
frequency components, overlapping spectral patterns 
may still make some abnormal classes difficult to 
distinguish. Therefore, the remaining errors are not 
necessarily random, but may be related to shared 
acoustic properties among pathological heart sound 
classes. The learning behavior of both models showed 
stable convergence during training. The CNN–BiLSTM 
model achieved higher validation and test 
performance, indicating that the additional 
convolutional feature extraction stage improved the 
representation of PCG spectrograms before temporal 
modeling. The BiLSTM model, despite its lower 
accuracy, remained useful as a lighter model because 
it requires fewer processing stages than the hybrid 

architecture. This trade-off between accuracy and 
computational complexity is important when selecting a 
model for practical implementation. 

Compared with Chen et al. [9] ,the present study is 
similar in using time–frequency representations and 
deep learning models for heart sound classification. 
However, Chen et al. [9] evaluated a binary 
classification task using multiple heart-sound datasets 
and reported 91.74 ± 3.72% accuracy, whereas the 
present study addressed a five-class PCG 
classification task involving AS, MR, MS, MVP, and 
Normal classes using a leakage-free recording-level 
split. 

Orozco-Reyes et  [8]  .also used PCG datasets and 
combined time–frequency representations for 
automatic heart sound classification. The similarity with 
the present study is that both works rely on time–
frequency information to improve deep learning-based 
PCG classification. The main difference is that Orozco-
Reyes et al. [8]   focused on a binary classification task 
using PhysioNet/CinC and open PCG databases with 
10-fold cross-validation and reported accuracy up to 
99.99%, while the present study focused on five-class 
classification using the Yaseen PCG dataset and 
applied a leakage-free recording-level split before 
segmentation. 

Barnawi et al.  [18]  proposed a deep learning-based 
PCG classification method using the PhysioNet 
dataset. Their work is similar to the present study 
because both studies aimed to improve automated 
heart sound classification using deep learning. 
However, Barnawi et al. [18] focused on binary normal–
abnormal classification and data selection-based 
evaluation, while the present study classified five 
specific PCG classes and compared BiLSTM and 
CNN–BiLSTM models under the same preprocessing 
and evaluation protocol. 

Harimi et al. [16] used public PCG datasets and 
transfer learning for heart sound classification. The 
similarity with the present study is the use of deep 
learning for automated PCG analysis. However, Harimi 
et al. [16] focused on a binary classification task and 
involved transfer learning complexity, whereas the 
present study used a simpler STFT-based 
BiLSTM/CNN–BiLSTM framework for five-class 
classification with a recording-level leakage-free 
evaluation strategy. 

Khan et al. [24],used PhysioNet/CinC and PASCAL 
datasets with PCG spectrograms and transfer learning. 
Their study is similar to the present work because both 
studies confirm the usefulness of spectrogram-based 
representations for PCG classification. The main 
difference is that Khan et al. [24] mainly addressed 
binary normal–abnormal classification and cross-
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dataset/transfer learning evaluation, while the present 
study addressed a more challenging five-class 
classification task using STFT spectrograms and a 
leakage-free recording-level split. 

As summarized in Table 7, the proposed models 
were compared with selected previous PCG 
classification studies in terms of dataset, number of 
classes, validation protocol, accuracy, and main 
limitation. The comparison shows that previous studies 
achieved promising results using deep learning and 
time–frequency or spectrogram-based 
representations. However, most of them focused on 
binary normal–abnormal classification or used different 
datasets and validation strategies. In contrast, the 
present study addresses a five-class PCG 
classification task involving AS, MR, MS, MVP, and 
Normal classes. In addition, the proposed framework 
applies a leakage-free recording-level split before 
segmentation and STFT spectrogram extraction. 
Therefore, although some previous studies reported 
higher accuracy, the proposed CNN–BiLSTM model 
achieved competitive performance under a stricter and 
more reproducible evaluation protocol. 

 

V. Conclusion  

This study developed and evaluated an STFT-based 
deep learning framework for multiclass PCG 
classification using BiLSTM and CNN–BiLSTM 
models. The aim was to classify five heart sound 
categories, namely AS, MR, MS, MVP, and Normal, 
while applying a leakage-free recording-level splitting 
strategy to reduce the risk of overestimated 
performance. The experimental results showed that the 
CNN–BiLSTM model achieved the best overall 
performance. In the final representative leakage-free 
run, CNN–BiLSTM achieved 95.83% test accuracy, 

compared with 92.36% for the BiLSTM model. The 
CNN–BiLSTM model also achieved higher macro-
averaged precision, recall, F1-score, and specificity, 
with values of 95.83%, 95.85%, 95.71%, and 98.97%, 
respectively. Across three repeated runs, CNN–
BiLSTM achieved 95.94% ± 0.71%, while BiLSTM 
achieved 93.85% ± 1.47%. These results confirm that 
CNN–BiLSTM provided higher and more stable 
classification performance, whereas BiLSTM remained 
a simpler and computationally lighter alternative. The 
findings suggest that combining convolutional feature 
extraction with bidirectional temporal modeling can 
improve the classification of STFT-based heart sound 
spectrograms. The proposed framework may be useful 
as a supportive tool for digital stethoscope screening 
and preliminary PCG analysis. However, clinical claims 
should be made cautiously because the evaluation was 
performed on a single public dataset. External 
validation using independent datasets such as 
PhysioNet/CinC and PASCAL is required before 
considering the model for clinical decision-support use. 

Future work will focus on external validation, testing 
under different recording conditions, evaluating 
computational complexity and inference time, and 
implementing the proposed framework on embedded 
or portable digital stethoscope platforms. 
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