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1 INTRODUCTION

The 2024 China Cardiovascular Health and Disease Report 
pointed out that from 1990 to 2019, the incidence of cardiovas-
cular disease (CVD) in China increased by 132.82% over that 
30-year period [1]. CVDs are characterized by acute onset and 
high severity, which usually quickly lead to life-threatening 
events. Therefore, the early prevention and accurate diagnosis 
of CVDs are of great clinical significance.

Acoustic auscultation is a generally accepted initial screening 
method among the currently available diagnostic methods, 
which is non-invasive, convenient and cost-effective. Its clini-

cal significance stems from the association between organic 
heart disease and abnormal heart sounds. The analysis of 
acoustic signals has reference value in the early detection and 
risk stratification of CVDs. However, traditional auscultation 
has limitations. Its effectiveness relies heavily on the experi-
ence of clinicians and involves subjective interpretation of find-
ings, which lacks objectivity and standardisation. Consequently, 
these limitations hinder the screening of the whole population 
and compromise both the consistency and accuracy of 
diagnosis.

With the continuous and rapid development of digital signal 
processing and artificial intelligence technology, computer-
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Abstract

Heart sound analysis plays a key role in the early screening and auxiliary diagnosis of 
cardiovascular diseases. However, conventional auscultation largely depends on physici-
ans’ personal experience, which often leads to subjective and inconsistent evaluations. 
To overcome these limitations, this paper presents an intelligent heart sound classifica-
tion framework that integrates dynamic mel-frequency cepstral coefficient (MFCC) fea-
tures with dynamic MFCC-based images. In this work, the static MFCCs together with 
their first- and second-order derivatives are extracted to describe both the spectral and 
temporal behaviors of heart sounds. A multi-branch fusion model is designed to enhance 
feature interaction among the dynamic MFCC features via cross-branch attention. 
Meanwhile, a CA-ResNet18 network incorporating a coordinate attention mechanism is 
employed to learn spatio–temporal representations from the dynamic MFCC images. 
The high-level features produced by both models are then concatenated and classified 
using a support vector machine. Experimental validation on the PhysioNet Challenge 
2016 dataset demonstrates that the proposed method achieves 96.82% accuracy, 97.51% 
sensitivity, and 96.19% specificity. Comparative studies with recent state-of-the-art met-
hods confirm that the proposed integration of dynamic feature fusion and hybrid 
deep-learning–machine-learning framework significantly enhances the robustness and 
classification performance in intelligent heart sound analysis.

Keywords: Heart sound classification, Dynamic MFCC, Multi-branch fusion, Coordi-
nate attention, Support vector machine
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aided diagnosis systems provide a new way to mediate the limi-
tations of traditional auscultation. Through digital processing 
of sound signals, the computer-aided diagnosis system can 
automatically identify the typical characteristics of the sam- 
ple and use intelligent learning algorithms to further improve 
the standardisation and reliability of its voice processing. 
Subsequently, this can improve the accuracy in detecting 
abnormalities and the consistency of clinical diagnosis.

The general process of heart sound classification includes three 
stages: preprocessing, feature extraction, and classification 
model training. Preprocessing is mainly used for denoising and 
segmentation, while feature extraction and model design are 
key to achieving high classification performance. The current 
methods for classifying heart sounds can be roughly divided 
into three categories: traditional methods based on manual fea-
tures, methods based on deep learning, and methods based on 
multi-feature fusion.

Early research relied heavily on manually designed features 
combined with traditional classifiers.

For example, Li et al. used wavelet transform and Twin Support 
Vector Machine to achieve heart sound recognition; Xu et al. 
integrated time-domain and frequency-domain features with 
random forest and AdaBoost to classify congenital heart dis-
ease in children; Taneja et al. used gammatonegram features 
combined with a support vector machine (SVM) to achieve 
heart sound classification [2-4]. Although these methods can 
achieve certain results, they are difficult to capture complex 
temporal patterns.

With the development of deep learning, researchers have begun 
to use neural networks to automatically extract high-level fea-
tures. Rubin et al. combined mel-frequency cepstral coeffi-
cients (MFCCs) with convolutional neural networks (CNNs); 
Deng et al. proposed a Convolutional Recurrent Network based 
on improved MFCC; Shahid et al. used spectrograms combined 
with CNN and SVM for heart sound classification; Xiao et al. 
and Oh et al. directly used the original heart sound signal as 
input and implemented end-to-end classification using an atten-
tion mechanism or WaveNet [5-9]. Li et al. developed the Multi-
scale DenseNet and Multi-head Attention Recurrent Neural 
Network (MDN-MARNN) model, which uses a multi-scale 
DenseNet structure and a multi-head self-focus RNN, which is 
an end-to-end classification method based on error label data 
with a certain degree of interpretability [10]. Patwa et al. pro-
posed a composite 1D-CNN and wavelet scattering transfor-
mation (WST) model, which provides robustness under small 
sample testing and class imbalance [11]. Cheng et al. proposed 
the CNN-Transformer End-to-end Neural Network (CTENN) 
model, which utilizes CNN to extract local features and 
Transformer to capture global dependencies, achieving end-to-
end heart sound classification and performing well on the 

PhysioNet dataset [12]. Compared to traditional methods, these 
models significantly improve feature learning ability and clas-
sification performance.

In recent years, multi-feature fusion has emerged as a new 
research focus. This type of method enhances the ability to 
characterize heart sound signals by integrating features of dif-
ferent types or levels. Abbas et al. fused spectrograms with 
MFCC to enhance robustness; Lee et al. combined wavelet 
transform and CNN to achieve multi-scale feature extraction; 
Li et al. proposed the CAFusionNet model, which significantly 
improves classification accuracy through multi-layer feature 
fusion and a channel attention mechanism [13-15]. Overall, the 
introduction of multi-feature fusion and attention mechanisms 
provides new research directions and performance break-
throughs for intelligent classification of heart sounds. Khan et 
al. proposed a heart sound spectrogram classification method 
based on residual learning and multi-model feature fusion [16]. 
MobileNet and DenseNet201 were used to extract features and 
residual fusion was used to enhance the model expression abil-
ity. The method achieved excellent heart rhythm anomaly 
detection performance on both PhysioNet 2016 and BreakHis 
datasets, and was combined with Gradient-weighted Class 
Activation Mapping to provide model interpretability.

In two-dimensional acoustic representation, MFCC features 
are still one of the most common features due to their percep-
tually motivated spectral representation. Nevertheless, tradi-
tional MFCCs only represent, i.e., characterise, the spectral 
envelope of a selected frame, and thus do not capture the tem-
poral dynamics of heart sounds. In this study, dynamic MFCC 
features are derived to capture the temporal dynamics. Fur- 
thermore, these dynamic MFCCs are visualised to generate 
dynamic MFCC feature map. These dynamic MFCC feature 
maps are then used to construct and integrate two feature 
extraction models, the outputs of which are combined and clas-
sified using an SVM classifier. Consequently, the proposed 
approach improves the robustness and accuracy of heart sound 
classification by effectively combining temporal dynamic and 
spectral representations.

2 METHODS AND EQUIPMENT

2.1 Static MFCC

MFCC is one of the most common acoustic characteristics in 
biomedical signal and speech processing. It represents the per-
ceptual characteristics of the human auditory system, and its 
frequency response is nonlinear, because people are more sen-
sitive to low frequencies than to high frequencies. MFCC uses 
the Mel scale to model this perceptual nonlinearity, making it 
an appropriate representation of the spectral envelope of sound 
signals [17, 18]. The workflow of MFCC feature extraction is 
illustrated in Figure 1.
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The pre-emphasis in the heart sound classification is to enhance 
the high-frequency component and reduce the low-frequency 
energy at the same time. This improves the detection of subtle 
changes and pathophysiological information that are usually 
embedded in high-frequency bands. Pre-emphasis is defined as 
the following equation: 

( ) ( ) ( 1)y n x n ax n- -=                                                            (1)

Where x(n) is the original signal, y(n) is the pre-emphasis out-
put, and the pre-emphasis coefficient α is usually between 0.9 
and 1.0.

Heart sound is a quasi-stationary signal, which allows the orig-
inal heart sound to be divided into short, overlapping time 
frames to enable spectral decomposition of each frame. In 
order to maintain continuity and reduce spectral leakage, each 
time frame is multiplied by a window function. In heart sound 
processing, the Hamming window and Hann window are usu-
ally used as window functions. Although their functions are 
similar, the Hamming window has a wider main lobe and better 
stopband roll-off, which allows for flexible suppression of side 
lobe influence. In contrast, the Hann window usually has better 
resolution and narrower side lobes (which also have lower 
amplitude) [19]. The Hamming window can be mathematically 
represented as: 
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-r                         (2)

When segmenting the heart sound signal, parameters such as 
segment duration (t), sampling frequency ( fs), frame length (Fl), 
and frame shift (Fm) must be considered, as they determine the 
total number of frames M, given by: 
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Since heart sound signals exhibit less distinct time-domain fea-
tures, it is necessary to analyze their spectral content. A Fast 
Fourier Transform is applied to each windowed frame to con-
vert the signal from the time domain to the frequency domain:
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The power spectrum provides a quantitative measure of energy 
distribution across frequencies, reflecting cardiac activity 
intensity at each frequency component: 

( )
1

( )P k N X k 2
= 6 @                                                                    (5)

The Mel filter bank is designed to approximate the human audi-
tory perception of frequency. The conversion from frequency 
f(Hz) to the Mel scale is expressed as: 

( ) 2595log (1
700

)mel f
f

10= +                                                  (6)

The inverse conversion from Mel scale to frequency is given by:

700(10 1)f
mel
2595= -                                                                     (7)

Each Mel filter has a triangular response, with a maximum at 
the center frequency and overlapping ranges between adjacent 
filters to ensure smooth spectral coverage. The transfer func-
tion of the mth Mel filter is defined as: 
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Figure 1. Workflow of MFCC feature extraction. Note: MFCC, mel-frequency cepstral coefficient.
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Where f(m) denotes the center frequency of the mth filter, f(m-1) 
and f(m+1) represent the lower and upper bounds, respectively. 
These frequencies are computed as: 

( ) ( ) ( )
1

( ) ( )
f m f

S F F f m
M

F f F f1
Mel

s
Mel l

Mel h Mel l
= +

+

-
- c m                        (9)

Where S is the number of sampling points, fs is the sampling 
frequency, and f l and fh are the lowest and highest filter fre-
quencies, respectively.

Because human auditory perception is logarithmic in ampli-
tude, the Mel filter output is transformed logarithmically to 
simulate perceived loudness. The spectral energy at the output 
of the mth Mel filter is calculated as: 
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Finally, applying a Discrete Cosine Transform (DCT) to the 
logarithmic Mel energies produces the MFCC coefficients: 
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DCT organises the signal energy in a set of low-order coeffi-
cients, which are appropriately related to the characteristics 
and significantly reduce the dimension of the data, which 
makes the subsequent classification tasks more robust and 
efficient.

2.2 Dynamic MFCC

Dynamic MFCCs enhance the traditional static MFCCs repre-
sentation by incorporating temporal change information of the 
signal. Static MFCC coefficients are essentially equivalent to 
instantaneous acoustic characteristics, as they represent the 
spectral envelope of the signal within a single frame. However, 
they do not capture the temporal evolution of the signal’s char-
acteristics. In contrast, physiological signals such as voice and 
heart sound are characterised by strong time continuity, and the 
transition between states contains important diagnostic or clas-
sification information.

To explain this limitation, we only need to use first-order and 
second-order derivatives, Delta characteristics and Delta-Delta 
characteristics respectively. These quantify the speed and 
acceleration of spectral features and enhance the ability of the 
model to capture dynamic time characteristics.

The first-order difference (Delta feature) represents the rate of 
change of an MFCC coefficient over time, approximating its 

first-time derivative and indicating the envelope of transition 
between frames. Mathematically, this is expressed as: 
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Here, ct(n) is the nth coefficient of MFCC at frame t, Δct(n) is 
the first-order difference of ct(n) (or Delta coefficient), and K is 
the regression window size (which defines the temporal context 
by including adjacent frames). K is the time offset weight, 
which determines the impact of previous and current time 
frames.

The second-order difference (Delta-Delta characteristic) is the 
first-order rate of change of the Delta coefficient, which cap-
tures the acceleration of MFCC evolution and thus represents 
the second-order rate of change of MFCCs. The calculation of 
Delta features applies a differentiation operation: 
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Similarly, this encapsulates the second-order temporal depen-
dence of the rate of change of spectral characteristics—a desir-
able feature to describe transient or periodic characteristics in 
heart sound signals.

2.3 Deep residual network (ResNet) 18

The ResNet was first introduced by He et al. in 2015, represent-
ing a major milestone in the design of deep neural networks 
[20]. A major innovation of ResNet is the use of residual con-
nections, which mitigate the vanishing gradient problem and 
alleviate network degradation in deep networks during train-
ing. Thus, it enables the design of deeper and more stable archi-
tectures. Since its design, ResNet has achieved great success in 
many fields, including image classification, speech recognition 
and medical signal analysis. The basic/residual block is shown 
in Figure 2.

As shown in Figure 2, the residual block is formed by two 
paths: the residual mapping path composed of multiple layers 
(convolution, batch normalization, rectified linear unit, etc.), 
represented by F(x), and the identity mapping path, in which 
the input x is directly passed to the output through the so-called 
skip connection. The output calculation of the residual block 
h(x) is as follows:

( )y F x x= +                                                                           (14)

Here, F(x) represents the nonlinear transformation of input x. 
The original input x is directly added to F(x) via the skip con-
nection, which allows direct feature propagation.
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ResNet18 is one of the most prominent and simplest models in 
the ResNet family, comprising 18 layers. The architecture aims 
to trade some feature extraction capabilities to keep parameter 
counting and computing complexity relatively low, allowing it 
to be used for small-scale data sets (and/or embedded devices). 
The overall structure of ResNet18 is shown in Figure 3.

2.4 Attention mechanisms

The attention mechanism enables the deep learning model to 
focus on useful features while suppressing unrelated features 
and improving the performance of the model’s representation 
learning and classification [21, 22]. Three types of attention 
modules are used in this work: frequency attention, Multi-Head 
Attention (MHA) and Coordinate Attention (CA).

2.4.1 Frequency attention mechanism

The frequency attention mechanism is designed for time– 
frequency representations such as MFCCs. It focuses on the 
frequency dimension to highlight discriminative spectral 
components.

Given an input feature map X∈RC×F×T, temporal information is 
aggregated using global average pooling: 

( )
1

( , )z f T X f t
0t

T

c c=
=

/                                                               (15)

Then, two 1×1 convolutional layers with nonlinear activations 
generate frequency-wise attention weights: 

( ( ( ( ))))a Conv Conv z1 1

(2)

1 1

1= v d# #                                               (16)

Finally, the input features are reweighted by the attention map:  

( , ) ( ) ( , )y f t a f x f tc c c= #                                                           (17)

This mechanism adaptively enhances informative frequency 
bands while suppressing redundant information.

2.4.2 MHA mechanism

The MHA mechanism, introduced in the Transformer architec-
ture, captures dependencies across multiple representational 
subspaces [23].

For input sequence X, the query, key, and value matrices are 
computed as: 

, ,Q XW K XW V XWQ K V= = =                                                (18)

The attention output is then obtained as: 

( , , ) max( )Attention Q K V Soft
d

QK
V

k

T

=                                 (19)

Multiple attention heads are computed in parallel and 
concatenated: 

( ) ( , ..., )MHA X Concat head head W1 h
O=                                 (20)

This structure enables the model to learn richer contextual rela-
tionships and improve generalization.

2.4.3 CA mechanism

The CA mechanism is a lightweight module that encodes both 
channel relationships and precise positional information by 
decomposing spatial attention into two independent direc-
tions—horizontal and vertical [24, 25].

Given an input feature map X∈RC×H×W, CA first applies global 
average pooling along the height and width dimensions:

Figure 2. Residual module structure. Note: RELU, rectified linear 
unit.
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The pooled features are concatenated and passed through a 
shared 1×1 convolution and rectified linear unit activation for 
feature transformation:

( ( , ))f F z z1
h w= d                                                                     (23)

The transformed feature is then split into two tensors, corre-
sponding to the horizontal and vertical directions.

, ( )f f split fh w =                                                                           (24)

Two independent 1×1 convolutions with sigmoid activations 
generate directional attention weights:

( ( )), ( ( ))a F f a F fh h h w w w= =v v                                                 (25) 

Finally, the input feature map is reweighted by the correspond-
ing attention weights to produce the refined output:

( , , ) ( , , ) ( , ) ( , )Y c h i X c h i a c h a c ih w: :=                                    (26)

Using this separable coding method, CA captures long-range 
spatial dependencies while maintaining accurate location 
information and feature representation with lower computa-
tional complexity.

2.5 SVM

SVM is a supervised learning type model based on statistical 
learning theory. It develops an optimal hyperplane to maximise 

Using the Lagrange multiplier method, the dual form is 
expressed as:

max
2

1
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Where ai are the Lagrange multipliers, and C is the penalty 
factor.

The final decision function is given by:

( ) ( ( , ) )f x sign a y K x x b
1i

N

i i i= +
=

/                                                (30)

This formula allows SVM to use any number of kernel func-
tions, such as linear, polynomial and radial basis function ker-
nels, to effectively handle both linear and nonlinear classifica-
tion tasks.

Multi-Branch Fusion MFCC (MB-FusionMFCC) model

In this work, we propose a MB-FusionMFCC to utilise the tem-
poral dynamics of heart sound signals. Compared with previ-
ous methods that directly concatenate and classify MFCCs 
along with their first- and second-order derivatives, we treat  
the three feature types—static MFCCs, Delta coefficients,  
and Delta-Delta coefficients—as independent input branches, 
enabling each branch to learn representations specific to its 
characteristics. The model introduces a cross-branch attention 
model to improve the interaction and integration of feature 
types. The overall architecture is presented in Figure 4, and the 
detailed structure of each branch is shown in Figure 5.

The convolutional feature extraction module is composed of a 
series of convolutional, batch normalisation, gaussian error lin-
ear unit, and pooling layers, enabling the model to learn time-
frequency hierarchies.

Figure 3. ResNet18 architecture. Note: Conv, convolution; BN, batch normaliza-
tion; RELU, rectified linear unit; MAXPOOL, max pooling; AVGPOOL, average 
pooling; FC, fully connected (layer).

the separation between classes by establishing a 
large margin represented by a set of examples in a 
high-dimensional feature space. SVM learns a 
hyperplane, which provides powerful generalisa-
tion and classification performance based on struc-
tural risk minimisation.

Given a training set:

( , ) ,x y x , 1, 1yR1i
N

i i i
d
id d - +=" ", ,                                       (27)

SVM seeks the optimal parameters w and b by solv-
ing the following optimization problem:

min
2

1
( ) 1, 1,2, ...,w y w x b i N2

w,b

i
T
i $+ =           (28)
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Figure 4. MB-FusionMFCC structure. Each branch shares the same architec-
ture, which consists of three key modules: (1) a convolutional feature extraction 
module, (2) a frequency attention module, and (3) a global feature mapping module. 
Note: MHA, Multi-Head Attention; FC, fully connected (layer); MB-FusionMF-
CC, multi-branch fusion mel-frequency cepstral coefficient.

The frequency attention module performs global pooling across 
time dimensions to learn the adaptive weighting of the frequen-
cy band, allowing the model to emphasize more discriminative 
frequency components for classification.

The global feature mapping module executes the global aver-
age pool and uses a fully connected projection to compress the 
two-dimensional feature map into a fixed-length vector to form 
a compact identification feature embedding.

The outputs of all branches are then integrated via a cross-
branch attention module, which captures interactions among 
different feature representations by generating an attention-
weighted fusion. Finally, the representation of cross-fusion is 
connected, then exited through the fusion layer, and then nor-
malised through the weight mapping process.

The final result is to classify the final fusion feature vector 
into the heart sound category. It is also very reasonable to 
suspect that this advanced fusion representation may also 
exist in other tasks, such as diagnostic tasks or feature 
visualisation.

2.6 CA-ResNet18

This study uses CA-ResNet18, a CNN augmented 
with a CA fusion module, to extract the characteris-
tics of classification tasks with dynamic MFCC fea-
ture images. The model is based on the structure of 
the standard ResNet18. By including the CA mod-
ule, the model enhances the sensitivity to informa-
tive regions and the awareness of positional in- 
formation within the spatial feature maps for 
classification.

Compared with the standard channel attention 
mechanism, the CA module pays global context 
attention to the height and width location informa-
tion, while maintaining the location information  
of the spatial feature map. More importantly, the 
CA module decomposes spatial information th- 
rough separate horizontal and vertical pooling on 
the 2D feature map, then globally encodes and re-
calibrates the features. This provides spatially-
aware attention weights that enhance task-relevant 
regions.

In terms of architectural design, CA-ResNet18 uses 
the original definition of the ResNet18 residual 
block, but includes the CA module in the third 
(layer 3) and fourth (layer 4) stages of the model. 
Each residual unit is designed to first extract local 
features with convolution and batch normalization 
layers, and then use the CA module to provide joint 
channel attention and spatial attention for map fea-

tures, so as to improve discrimination ability and robustness. 
Figure 6 shows the structural representation of the remaining 
units containing the CA module.

The final output of the network is projected into the feature  
vector, which is passed to the classifier to predict class labels. 
This allows CA-ResNet18 to focus on the area most relevant to 
the heart sound pattern in the dynamic MFCC image, so as to 
realise the multi-dimensional representation of time and fre-
quency characteristics to improve the classification perfor- 
mance.

3 EXPERIMENTAL METHODS AND EVALUATION 
METRICS

3.1 Experimental setup

The experimental simulation platform is configured using 
PyCharm Professional 2024.2.4, and the network is trained and 
evaluated on the PyTorch framework. The hardware includes 
NVIDIA RTX 4080 SUPER GPU, AMD Ryzen 9 9950X 
16-core CPU, running Windows 11 and Python 3.9 as the pro-
gramming language.
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Figure 5. Branch structure. Note: Conv, convolution (layer); BN, batch normal-
ization; GELU, gaussian error linear unit; Pool, pooling (layer); AdaptiveAvg-
Pool2d, adaptive average pooling 2D.

The model performance evaluation is carried out using five-
fold cross-validation, which divides the dataset into five folds 
of equal size to maintain the same proportion of normal and 
abnormal heart sounds. In each iteration, one fold is regarded 
as a test set, and the remaining four folds are regarded as a 
training set to fully evaluate the generalisation ability of the 
model.

3.2 Evaluation metrics

The proposed method evaluation is carried out using the stan-
dard classification indicators of accuracy (Acc), sensitivity (Se), 
specificity (Sp), precision (Pre) and F1 score (F1). The defini-
tions of these indicators are as follows:

ccA
TP TN FP FN

TP TN=
+ + +

+
                                                (31)

eS
TP FN
TP=
+                                                                          (32)

Sp
TN FP
TN=
+                                                                         (33)

Pre
TP FP
TP=
+                                                                   (34)

Recall Se=                                                                           (35)

1 2F
Pre Re call
Pre Re call#

#=
+                                                        (36)

Here, TP, TN, FP and FN are used to indicate true 
positive, true negative, false positive and false nega-
tive respectively. These indicators together evaluate 
the accuracy of classification and the performance 
of the model in classifying abnormal heart sounds.

3.3 Dataset

The experiment was conducted on the public datas-
et from the 2016 PhysioNet/CinC Challenge, which 
comprises six subsets with a total of 3,240 heart 
sound recordings. Of these, 2,575 recordings are 
considered normal heart sounds, and 665 are con-
sidered abnormal heart sounds [26]. The length of 
each heart recording ranges from 5 seconds to 122 
seconds, and the sampling rate is 2 kHz. For each 
subset, the distribution of heart sound recordings is 
shown in Table 1.

3.4 Data preprocessing

Data preprocessing in this study consists of three ma- 
in steps: filtering, segmentation, and normalization.

First of all, the data shows that the acquisition noise is mainly 
related to the stethoscope rubbing the subject’s skin at the 
beginning and end of recording. Therefore, the first second of 
each recording at both the beginning and the end has been 
deleted. The heart sound signals are segmented into three-sec-
ond fragments, and any fragments shorter than three seconds 
are discarded. The signal is band-pass filtered using a 20-400 
Hz fifth-order Butterworth filter to minimise high-frequency 
noise while maintaining the main frequency component of the 
heart sound signal.

Secondly, the dataset shows a strong imbalance, and the normal 
sample is much richer than the abnormal sample. Therefore, a 
targeted data balance strategy has been implemented. For nor-
mal samples, a fragment was obtained from each record, and 
for abnormal samples, four fragments were obtained to try to 
balance the representativeness of the minority. The datasets of 
training, verification and testing are divided at the patient level 
to avoid the overrepresentation of any individual sample and 
eliminate the overlap between patients.
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Figure 6. Residual unit structure after CA module embedding. Note: CA, Coor-
dinate Attention; Conv, convolution (layer); BN, batch normalization; ReLU, recti-
fied linear unit; AvgPool, average pooling; Concat, concatenation (operation).

Table 1. Statistics for each subset of the PhysioNet challenge 2016 dataset

Dataset
Type Duration (seconds)
Normal Abnormal Total Minimum Maximum Average

training-a 117 292 409 9 36 33
training-b 368 104 490 5 8 8
training-c 7 24 31 10 122 49
training-d 27 28 55 7 49 15
training-e 1958 183 2141 8 102 23
training-f 80 34 114 29 60 33
Total 2575 665 3240 5 122 22

Finally, all fragments of the heart sound are normalised in 
range to unify the numerical scale across samples to prevent 
gradient instability due to large amplitude denaturation, which 
helps to provide the convergence of the model and ultimately 
improve the classification performance.

3.5 MFCC static and dynamic feature extraction

Once the data is preprocessed, the MFCC characteristics are 
extracted. Each three-second segment is sampled at 2000 Hz, 
then divided into overlapping frames of 256 samples with a 
frame shift of 64 samples, generating about 90 time frames. 

Each frame is converted to the frequency domain 
by applying Fast Fourier Transform, and then the 
Mel filter bank is used to compute the logarithmic 
power spectrum. The resulting logarithmic power 
spectrum runs through DCT, and the 13-dimension-
al static MFCC coefficient is obtained.

From the static MFCCs, the first-order and second-
order difference characteristics are calculated to 
characterise the time dynamics of spectral changes. 
These estimates are connected with static coeffi-
cients to produce a three-dimensional dynamic 
MFCC feature vector with 39 characteristics. In 
addition, all features have been normalised on a 
scale to ensure consistent statistical scaling across 
samples and produce a unified input format that can 
be visualised to develop training methods.

3.6 Extraction of static and dynamic MFCC fea-
ture images

After obtaining the 39-dimensional dynamic MFCC 
feature, all the feature vectors corresponding to the 
given time frame are connected in series according 
to the time order corresponding to x, and a two-
dimensional matrix of size (39, 90) is generated, of 
which 39 corresponds to the frequency dimension 
and 90 is the time frame number, which acts as a 
heart sound signal. The two-dimensional time fre-
quency is presented, and the time evolution of the 
spectral energy distribution is presented.

The matrix is linearly normalised to eliminate the 
amplitude changes of all samples in the pseudo-
colour image. Then the normalised and numerically 
grounded components are quantitatively mapped to 
pixels in order to extract the two-dimensional dem-
onstration of pseudo-colour and visually distin-
guish the characteristics. Compared with static 
MFCC images, dynamic MFCC images incorporate 
first- and second-order differential information into 
the original spectral structure, thereby capturing 
both instantaneous and transitional acoustic cha- 
racteristics. This enriched representation provides 

deeper temporal context and a more discriminative feature 
space for deep neural network learning, the example of dynam-
ic MFCC feature images is presented in Figure 7.

4 EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Heart sound classification based on single features

In classification tasks based on MFCC and image features, 
CNNs and their derived architectures remain the most repre-
sentative mainstream frameworks. To further evaluate the per-
formance of the proposed models, Tables 2 and 3 present the 
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classification results of the MB-FusionMFCC and CA-ResNet18 
models compared with several typical CNN models and their 
improved variants.

In the classification tasks using dynamic MFCC features and 
dynamic MFCC image features, the experimental results show 
that CNNs and their improved variants can effectively extract 
discriminative representations, though performance differenc-
es exist across architectures. For dynamic MFCC features, the 
MB-FusionMFCC model outperforms the traditional ResNet 
series, Inception_v3, and MobileNet_v2 in both F1-score and 
accuracy, indicating that its multi-branch fusion structure 
enhances the representation capability of MFCC features.

For dynamic MFCC image features, CA-ResNet18 achieves 
better performance than the original ResNet18 and other at- 
tention mechanisms (e.g., Squeeze-and-Excitation, Efficient 
Channel Attention), demonstrating that the CA mechanism 
helps capture both local and global dependencies in time–fre-
quency representations.

Next, we introduce an SVM classifier on top of the existing 
models, where deep learning is used for feature extraction, and 
SVM serves as a lightweight classifier for final decision-mak-
ing. The results are shown in Tables 4 and 5.

Figure 7. Examples of dynamic MFCC feature images. Note: MF-
CC, mel-frequency cepstral coefficient.

Table 2. Performance comparison of different CNN models on 
dynamic MFCC features
Model F1 Acc Pre Se Sp
ResNet18 0.8339 0.8439 0.8440 0.8240 0.8620
ResNet34 0.8459 0.8557 0.8595 0.8326 0.8767
ResNet50 0.8455 0.8501 0.8288 0.8629 0.8386
Inception_v3 0.8398 0.8378 0.7933 0.8909 0.7896
MobileNet_v2 0.8310 0.8475 0.8785 0.7883 0.9012
MB-FusionMFCC 0.8776 0.8768 0.8317 0.9287 0.8397
Note: Acc, accuracy; Pre, precision; Se, sensitivity; Sp, specific-
ity; MB-FusionMFCC, multi-branch fusion mel-frequency cepstral 
coefficient; CNN, convolutional neural network; MFCC, mel-frequ-
ency cepstral coefficient.

Table 3. Performance comparison of different CNN models on 
dynamic MFCC image features
Model F1 Acc Pre Se Sp
ResNet18 0.8567 0.8552 0.8090 0.9104 0.8053
ResNet34 0.8425 0.8501 0.8416 0.8434 0.8562
ResNet50 0.8365 0.8352 0.7917 0.8866 0.7886
MobileNetV2 0.8357 0.8362 0.7990 0.8758 0.8004
SE-ResNet18 0.8464 0.8511 0.8306 0.8629 0.8405
CA- ResNet18 0.8708 0.8727 0.8410 0.9028 0.8454
Note: Acc, accuracy; Pre, precision; Se, sensitivity; Sp, specificity; 
CNN, convolutional neural network; MFCC, mel-frequency cepstral 
coefficient; SE-ResNet18, ResNet18 with Squeeze-and-Excitati-
on module; CA-ResNet18, ResNet18 with Coordinate Attention 
module.

Table 4. Performance comparison of different CNN-SVM models 
on dynamic MFCC features
Model F1 Acc Pre Se Sp
ResNet18-SVM 0.9164 0.9177 0.8902 0.9442 0.8934
ResNet34-SVM 0.9282 0.9299 0.9079 0.9495 0.9118
ResNet50-SVM 0.9020 0.9012 0.8569 0.9524 0.8545
Inception_v3-SVM 0.9398 0.9418 0.9295 0.9504 0.9340
MobileNet_v2-SVM 0.8982 0.8981 0.8588 0.9415 0.8583
MB-FusionMFCC-SVM 0.9626 0.9641 0.9594 0.9658 0.9625
Note: Acc, accuracy; Pre, precision; Se, sensitivity; Sp, specificity; 
CNN, convolutional neural network; MFCC, mel-frequency cepstral 
coefficient; SVM, support vector machine; MB-FusionMFCC, 
multi-branch fusion mel-frequency cepstral coefficient.

Table 5. Performance comparison of different CNN-SVM models 
on dynamic MFCC image features
Model F1 Acc Pre Se Sp
ResNet18-SVM 0.9604 0.9619 0.9522 0.9688 0.9555
ResNet34-SVM 0.9112 0.9116 0.8761 0.9496 0.8772
ResNet50-SVM 0.8910 0.8908 0.8513 0.9350 0.8506
MobileNet_v2-SVM 0.9468 0.9484 0.9321 0.9621 0.9360
SE-ResNet18-SVM 0.9564 0.9577 0.9431 0.9702 0.9464
CA- ResNet18-SVM 0.9643 0.9656 0.9564 0.9724 0.9594
Note: Acc, accuracy; Pre, precision; Se, sensitivity; Sp, specificity; 
CNN, convolutional neural network; MFCC, mel-frequency cepstral 
coefficient; SVM, support vector machine; SE-ResNet18, ResNet18 
with Squeeze-and-Excitation module; CA-ResNet18, ResNet18 with 
Coordinate Attention module.
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example, CAFusionNet, Acc=0.9665), demonstrating its com-
petitiveness in modern heart sound classification. Reference [4] 
was among the first to introduce gamma spectral features using 
the SVM classifier, and achieves an accuracy of 0.9336. The 
contribution of reference [4] lies in the design of features. 
However, its low specificity (0.7560) may be due to class im- 
balance. The models in reference [10] (MDN-MARNN) and 
[12] (CTENN) takes fragments of the original heart sound, 
which allows them to extract time characteristics globally. 
However, potentially due to noise and dataset complexity, their 
reported sensitivity or accuracy is low. The works in references 
[11] (1D-CNN+WST) and [16] (MobileNet+Dense121) also use 
convolutional spectral features, achieving high accuracy and 
specificity, but s their sensitivity is slightly lower than that of 
our method. Finally, reference [15] (CAFusionNet) integrates 
MFCC features and Mel spectral map features to achieve accu-
racy (0.9665) and sensitivity (0.9667). While its sensitivity is 
comparable, its accuracy is slightly lower than our method’s 
(0.9682). The authors note a limitation in the general detection 
of abnormal heart sounds.

In this study, we propose a new hybrid framework, which uses 
deep networks to extract advanced features, which are then 
classified by an SVM. The main advantage lies in combining 
the representational strength of deep learning with the robust-
ness of an SVM classifier, even in high-dimensional spaces 
with limited sample sizes.

As shown in Tables 4 and 5, after introducing the SVM  
classifier, both MB-FusionMFCC and CA-ResNet18 models 
exhibit a significant improvement in classification perfor-
mance, with F1-scores and accuracies exceeding 0.96. This 
demonstrates that deep neural networks are highly effective in 
extracting high-level representations, while the lightweight 
SVM classifier enhances the discriminative capability and gen-
eralization performance of the overall system.

4.2 Heart sound classification based on dynamic MFCC 
and dynamic MFCC image feature fusion

In the preceding sections, independent classification experi-
ments were conducted using MB-FusionMFCC-SVM and 
CA-ResNet18-SVM for dynamic MFCC features and dynamic 
MFCC image features, respectively. Both models show high 
classification accuracy, which shows that they have strong fea-
ture representation and discrimination in both the time domain 
and the time-frequency domain.

Heart sound samples are used to extract advanced feature vec-
tors through MB-FusionMFCC and CA-ResNet18 models. 
Each feature set is normalised before being connected together, 
resulting in a fusion feature representation. Fusion feature vec-
tors are accessed by the SVM classifier for final classification.

Table 6 summarises the classification performance of the 
fusion feature model and the single feature model, and shows 

Table 6. Classification performance comparison between fusion feature and single feature 
models
Model Feature Type F1 Acc Pre Se Sp
MB-Fusion MFCC-SVM Dynamic MFCC Features 0.9626 0.9641 0.9594 0.9658 0.9625
CA-ResNet18-SVM Dynamic MFCC Image 0.9643 0.9656 0.9564 0.9724 0.9594
Fusion-SVM (this paper) Dynamic MFCC Fusion 0.9670 0.9682 0.9591 0.9751 0.9619
Note: Acc, accuracy; Pre, precision; Se, sensitivity; Sp, specificity; MFCC, mel-frequency 
cepstral coefficient; SVM, support vector machine; MB-Fusion MFCC-SVM, multi-branch 
fusion MFCC model with SVM classifier; CA-ResNet18-SVM, Coordinate Attention ResNet18 
with SVM classifier; Fusion-SVM, fusion model with SVM classifier.

Table 7. Classification performance comparison between proposed and existing methods
Model Feature Type Acc Se Sp
SVM [4] Gamma Spectrum Features 0.9336 0.9752 0.7560
CAFusionNet [15] MFCC+Mel-spectrogram 0.9665 0.9667 0.9665
MDN-MARNN [10] Raw Heart Sound Data 0.9541 0.9400 0.9681
1D-CNN+WST [11] WST+MFCC+STFT 0.9651 0.9660 0.9660
CTENN [12] Raw Heart Sound Data 0.9640 0.9287 0.9745
MobileNet+Dense121 [16] Spectrogram 0.9567 0.9313 0.9821
This Study Dynamic MFCC+Image Features 0.9682 0.9751 0.9619
Note: Acc, accuracy; Se, sensitivity; Sp, specificity; SVM, support vector machine; MFCC, 
mel-frequency cepstral coefficient; CAFusionNet, Channel Attention fusion network; 
MDN-MARNN, Multi-scale DenseNet–Multi-head Attention Recurrent Neural Network; 
1D-CNN, 1D-convolutional neural network; WST, wavelet scattering transform; CTENN, 
CNN-Transformer End-to-end Neural Network; STFT, short-time fourier transform.

the benefits of multimodal feature 
fusion for heart sound classification.

It can be seen from the survey results 
that when these features are input into 
Fusion-SVM, the combination of fea-
tures extracted from the two models 
exceeds the single-modal use case. In 
order to check the validity of the pro-
posed feature combination method, it 
was compared with the existing mod-
els, which represent the cross-section 
of the cardiac sound classification 
model in the current literature. Table 
7 summarises the performance of the 
proposed model and the existing model 
trained on the common public data set 
(PhysioNet 2016 public dataset).

As shown in Table 7, our cardiac 
sound classification method uses dy- 
namic MFCC characteristics and dy- 
namic MFCC images to show very 
high accuracy, sensitivity and speci- 
ficity. The accuracy of the proposed 
method reaches 0.9682, which is com-
parable to other recent methods (for 
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Contrary to most studies using spectral images, we use dynam-
ic MFCC feature images instead. For example, static MFCC 
image characteristics alone will lead to poor accuracy, but 
dynamic MFCC images include a detailed representation of 
short-term frequency distribution, which can better represent 
time evolution and improve sensitivity to small changes in 
heart sounds.

Finally, we also use medium-term fusion. Each feature type 
extracts its characteristics separately before classification, so it 
is confirmed that the fusion feature will be better than a single 
feature model in terms of accuracy, sensitivity and specificity. 
These results are expected and demonstrate the complementary 
nature of the time-frequency characteristics of the image (or 
feature) and the effectiveness of the medium-term fusion 
process.

In summary, the results show that the proposed methods, 
including dynamic MFCC feature images and mid-level feature 
fusion, effectively capture both temporal and time-frequency 
characteristics of cardiac sounds. The introduction of the SVM 
classifier further enhances the discriminative capability and 
generalization of the models. Overall, these findings demon-
strate the complementary nature of the fused features and set 
the stage for the subsequent conclusion, which provides a com-
prehensive summary of the study’s main contributions and 
performance.

5 CONCLUSION

In this study, we proposed a cardiac sound classification meth-
od based on the mid-fusion of dynamic MFCC features and 
dynamic MFCC images. This method uses deep CNNs to 
extract features, yielding an advanced representation of time-
frequency features, which can effectively detect the slight dif-
ference in heart sound signals between time and frequency. For 
classification, an SVM replaces the traditional fully connected 
layer, thus leveraging the robustness of a machine learning 
classifier within the deep learning framework. For example, 
SVM classifiers can improve robustness when learning from 
limited samples and reduce the overfitting of high-dimensional 
feature sizes.

Experimental results demonstrate that the proposed Fusion-
SVM model achieves an F1-score of 0.9670, accuracy of  
0.9682, sensitivity of 0.9751, and specificity of 0.9619 on the 
PhysioNet 2016 dataset. These results outperform single-fea-
ture models and most existing methods, confirming the effec-
tiveness of mid-level feature fusion and the integration of deep 
feature representation with SVM classification.

Although we have achieved commendable results, several limi-
tations exist. First of all, mid-term fusion is conceptually effec-
tive for integrating multi-source features, the increased dimen-
sionality leads to higher computational overhead during train-

ing and testing. Therefore, future work could focus on selecting 
features or reducing dimensions to delete redundant informa-
tion. Secondly, all experiments were conducted on the 
PhysioNet 2016 dataset; further validation on clinical cardiac 
sound data collected from multiple locations and conditions is 
needed to assess generalisation. Finally, this study did not 
explore all complementary acoustic features beyond dynamic 
MFCCs and images. Future work may integrate multimodal 
features to improve the robustness and adaptability of the 
model.
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