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Abstract: Respiratory diseases present significant global health challenges. Recent advances in respi-
ratory sound analysis (RSA) have shown great potential for automated disease diagnosis and patient
management. The International Conference on Biomedical and Health Informatics 2017 (ICBHI2017)
database stands as one of the most authoritative open-access RSA datasets. This review systematically
examines 135 technical publications utilizing the database, and a comprehensive and timely summary
of RSA methodologies is offered for researchers and practitioners in this field. Specifically, the review
covers signal processing techniques including data resampling, augmentation, normalization, and fil-
tering; feature extraction approaches spanning time-domain, frequency-domain, joint time-frequency
analysis, and deep feature representation from pre-trained models; and classification methods for
adventitious sound (AS) categorization and pathological state (PS) recognition. Current achievements
for AS and PS classification are summarized across studies using official and custom data splits.
Despite promising technique advancements, several challenges remain unresolved. These include
severe class imbalance in the dataset, limited exploration of advanced data augmentation techniques
and foundation models, lack of model interpretability, and insufficient generalization studies across
clinical settings. Future directions involve multi-modal data fusion, development of standardized
processing workflows, interpretable artificial intelligence, and integration with broader clinical data
sources to enhance diagnostic performance and clinical applicability.

Keywords: respiratory sound analysis, the ICBHI2017 database, machine learning, deep learning,
abnormal sound categorization, pathological state recognition

1. Introduction

Respiratory diseases, including asthma, chronic obstructive pulmonary disease (COPD), lung
cancer, and tuberculosis, are among the leading causes of death globally [1]. The burden of these
diseases has been exacerbated by the coronavirus disease 2019, particularly in developing regions with
limited access to healthcare services [2].

Respiratory sounds play a critical role in the respiratory and related disease analysis. These
sounds are generated by vibrations in the airways and provide valuable information about airway
conditions and lung function. Abnormal sounds, such as wheezes, crackles, and stridor, can signal
the presence of specific pathological conditions. Moreover, the acquisition of respiratory sounds is
noninvasive and cost-effective and thereby, they are especially useful in resource-limited settings. By
capturing these acoustic signals, clinicians can assess disease severity, monitor progression in real-time,
enable early detection, and evaluate treatment efficacy [3].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1.1. Review Studies on Respiratory Sound Analysis

To ensure reliable diagnosis of respiratory diseases, the development of objective RSA techniques
has gained increasing attention. Several studies [4-8] have reviewed the advancements in this field
(Table 1). Most studies focus on the application of machine learning (ML), deep learning (DL), and
transfer learning (TL) techniques in signal processing (SP), feature extraction (FE), and the classification
of AS or PS on the ICBHI2017 database.

Table 1. Review studies on RSA techniques

involved datasets techniques purpose  covered years
[4] ICBHI2017, DL AS, PS 2013-2023
JUST Database,

HF Lung V1/V2,
RespiratoryDatabase@TR

[5] ICBHI2017 FE, DL AS, PS 2013-2023

[6] ICBHI2017, SP, FE, DL AS, PS 2011-2023
HF_Lung_V1,
R.ALE,
RespiratoryDatabase@TR

[7]1 ICBHI2017 ML, DL AS, PS 2015-2022
RALE,
CheXpert, ChestX-ray14

[8] ICBHI2017, FE, DL, TL AS, PS 2017-2022
COUGHVID,
Corp, Coswara

ours ICBHI2017 SP,FE,ML,DL,TL AS,PS, 2017-2025

However, RSA techniques have rapidly evolved alongside the artificial intelligence (AI) advance-
ments, with notable progress in DL in recent years. To address this gap, the current study focuses on
the ICBHI2017 database and examines SP, FE, ML, DL, and TL techniques with the goal to provide a
comprehensive review on AS and PS classification, expanding the understanding of signal analysis
techniques in related tasks.

1.2. The ICBHI2017 Database

Open-source databases are valuable for algorithm development, performance evaluation, and
disease understanding. Table 2 presents details of open-source respiratory sound databases containing
1,000 or more acoustic segments. It shows the number of acoustic segments (Nseg), the classification
problems (Ctype) along with the maximum number of categories (N¢), and supplementary information
(Sinfo) regarding patient cases.

Table 2. Overview of open-sourced respiratory sound databases

database Niseg Ctype (NC) Sin o

RespiratoryDatabase@TR [9] 3,696 AS(4) Chest X-ray, heart sound
questionnaire data

SPRSound [10] 9,089  AS(6) Demographics

HF_Lung_V1[11] 9,765  AS(4) -

HF_Tracheal V1 [12] 10,448 AS(3) -
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database Niseg Ctype (NC) Sinfo
HF_Lung_V2[13] 13,957 AS(5) Demographics
ICBHI2017 [14] 6,898  AS(4),PS(7) Demographics

A comprehensive review of RSA techniques using the ICBHI2017 database [14] is timely and
valuable for researchers and engineers who are interested in advancing this field. The ICBHI2017
database contains 6,898 segments from 126 subjects, aging from children to elderly individuals. The
recordings were captured using various auscultation devices at multiple sites, with durations from 10 to
90 seconds. The acoustic segments are annotated and cross-reviewed by multiple experts. Demographic
features are also provided for model training, subgroup analysis, and clinical modeling. In contrast,
the HF_Lung_V2 database [13] consists of samples affected by issues such as missing annotations
and subjective discrepancies. The SPRSound database [10] is limited to pediatric populations, and the
HF_Tracheal_V1 database [12] involves anesthetized patients, both of which impede the generalization
potential. In terms of classification, most studies focus on AS categorization [9-13], and only attention
from [14] is additionally paid to PS recognition.

1.3. Literature Retrieval and Review on the ICBHI2017 Database

The keyword “ICBHI 2017” was searched using Google Scholar (accessed on May 5, 2025), and
the database [14] has been used 517 times. Excluding non-English papers, books, editorials, review
articles, dissertations, and other irrelevant literature, 135 technique papers remained. Figure 1 shows
the RSA techniques reviewed in this study. The topics include signal processing, feature extraction,
and sound classification, and detailed techniques are investigated and summarized under each topic.

wheezes

I ICBHI2017 I-— - ->| Signal Processing I-->| Feature Extraction I— ----- >| Sound Classification |

adventitious sounds (AS)

signal resampling

]

in time domain

in frequency domain

in time-frequency domain
signal filtering I from pre-trained deep networks |

Figure 1. Review of RSA techniques based on the ICBHI2017 database.

both crackles and wheezes

chronic diseases

non-chronic diseases

healthy state

data augmentation

i
I L

sound normalization

—| pathological states (PS)

2. Signal Processing

To ensure the consistency, the data should undergo resampling, normalization, and filtering, with
the purpose to prepare each segment in subsequent processing. Because of class imbalance, data
augmentation is introduced.

2.1. Signal Resampling

Signal resampling is applied to standardize the sampling rate, ensuring consistency across
diverse data sources. Lower sampling rates improve computational and storage efficiency, whereas
higher sampling rates preserve more detailed signal characteristics. Table 3 presents the resampling
frequencies used in the literature, along with the corresponding references and the total number (#) of
studies.
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Table 3. Signal resampling frequencies

Resampling frequency References (#)
1,000 Hz [15] (1)

2,000 Hz [516] (2)
4,000 Hz [17-54]  (38)
6,000 Hz [55,56] (2)
8,000 Hz [57-64]  (8)
10,000 Hz [19,40] (2)
16,000 Hz [28,65-71]  (8)
22,050 Hz [72-78] (7)
32,000 Hz [791 (1)
44,100 Hz [6,19,40,78,80-83] (8)

The resampling frequencies range from 1,000 Hz to 44,100 Hz, and 4,000 Hz is the most widely
used in 38 studies. Different sampling rates are chosen to varying task requirements and signal
characteristics. Selecting an appropriate sampling rate requires balancing signal fidelity, computational
efficiency, and model training performance.

2.2. Data Augmentation

Class imbalance is present in the ICBHI2017 database, and 5,641 out of 6,898 respiratory cycles
(81.8%) belong to the COPD category. It makes data augmentation essential for reducing the risk of
overfitting and improving the model robustness [84]. To address this issue, standard data augmentation
techniques are used.

Time stretching involves stretching or compressing the duration of the signal without changing
its pitch. It benefits feature extraction by generating multi-scale samples of the original signal. The
operation of time stretching is formulated as in Eq. 1,

x(t) = xO(at)r 1)

where 4 is the stretching or compression coefficient.

Pitch shifting changes the pitch of the input signal without altering its duration. It enables the
generation of signals with different pitches. The operation of time stretching can be formulated as in
Eq. 2,

x(t) = xo(t) - 7N, )

where fj denotes the pitch offset.

Adding noise involves inducing noise into the training samples. It helps the simulation of
background interference in real-world environments or under noisy conditions [85]. The operation of
adding noise can be formulated as in Eq. 3,

x(t) = xo(t) + (1), 3)

where 7(t) stands for the adding noise.
Speed transformation simulates different breathing frequencies and rhythms by changing the

playback speed of the signals with varying factors. It helps reduce the risk of overfitting [86]. The
speed transformation operation can be formulated as in Eq. 4,

) = (). @
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where b is the speed transformation coefficient.

Time shifting involves shifting the signal along the time axis either forward or backward. It
simulates different starting points or variations in breathing. This technique increases the diversity of
the signals that helps a model better adapt to different breathing rhythms and temporal changes [86].
Eq. 5 shows the operation of time shifting,

x(t) = xo(t + At), 5)

where At denotes a time shift.
Dynamic range compression reduces the parts of the signal with large volume variations. It makes

the overall volume more balanced with reduced impact of background noise, thereby highlighting the
details of the respiratory sounds [87]. The operation of dynamic range compression can be formulated
as in Eq. 6,

x(t) = sign(x(t)) - log(1 + [x(t)]), 6)

where sign(x(t)) represents the signal symbol.
Frequency masking works by masking a given frequency interval. It operates by masking a

specified time interval to simulate signal loss or noise interference that may occur in real-world
scenarios [88]. Two masking techniques help the model handle real-world challenges such as noise,
signal loss or missing. The operation of frequency masking in the frequency domain can be formulated
asin Eq.7,

0 if fo <f<fo+Af

: @)
S(f,t) otherwise,

Smasked (f, 1) = {
where f is the starting frequency index of the mask, and Af is the width of the mask (number of
frequency channels). The other operation of frequency masking in the time domain is shown in Eq. §,

0 iftg < t < to+ At

Smasked (f/£) = 8
kea(f) {S(f, f) otherwise, ®

where ty is the starting time index of the mask, and At is the width of the mask or the number of time
steps.

Table 4 summarizes the applications of standard data augmentation techniques used on the
ICBHI2017 database. It is found that time stretching, adding noise, and pitch shifting are widely
applied, followed by time shifting and speed transformation.

Table 4. Standard data augmentation techniques

Standard techniques References (#)

Time stretching [4,40,41,62-65,72,73,76,78,89-97]  (20)
Pitch shifting [4,26,38-41,62,63,72,83,93,96-100]  (16)
Adding noise [26,32,38-41,62-64,76,82,89-93,99,100]  (18)
Speed transformation [26,38,39,75,99] (5)

Time shifting [32,39,63,89,92,100-102]  (8)

Dynamic range compression [4,72,97] (3)

Frequency and time masking  [27,70,95] (3)

Time stretching, adding noise, and pitch shifting are widely used as standard data augmentation
techniques for alleviating the class imbalance issue. Several other techniques have also been proven
effective. The variance time-length product method applies a random envelope factor to each recording

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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and maps signal frequencies to new ones [103]. This technique has been used in [38,73,92,94,104,105].
The mix-up method enhances data diversity by linearly interpolating between two random samples to
generate a new one [106] which has been broadly adopted in respiratory sound processing [28,62,66].
In addition, strategies such as intelligent padding and random sampling [26], slicing and feature fusion
[107], patch random selection with positional encoding [70], and the use of the Griffin-Lim algorithm
[108] have demonstrated benefits for augmenting respiratory sound data.

2.3. Signal Normalization

Signal normalization includes both duration normalization and amplitude normalization. The
former aligns signals of varying lengths to a consistent time scale, while the latter scales the signal
amplitudes to a uniform range. Both steps aim to ensure the comparability of respiratory signals across
different samples.

2.3.1. Duration Normalization

Duration normalization involves adjusting the length of respiratory sound recordings to a fixed
duration. This process eliminates the variability caused by signal lengths and ensures that all samples
can be compared on the same temporal scale. Common standardization methods include cropping and
padding [15,19,20,23,37,40,44,48-51,59,62,66,70,74,77,80,95,99-101,109-113]. The cropping method is
used to truncate signals that exceed the target duration, while padding adds silent sections (typically
zeros) to shorter signals to extend them to the desired length. These procedures enable consistent
comparison and analysis within a unified time window, preserving the temporal structure needed for
downstream processing and model training.

2.3.2. Amplitude Normalization

The purpose of amplitude normalization is to map the signals” amplitudes to a uniform range for
eliminating variability caused by amplitudes across signals. One widely used normalization method is
to scale the amplitude of the signal proportionally to a specified range [5,15,27,29,35,44,45,53,58,59,62,
64,68,72,78,94,96,110,114].

Another method is root mean square (RMS) normalization [97], which adjusts the signal’s RMS
value to standardize the amplitude for enhancing the comparability of the signals across different
environments. Eq. 9 formulates the operation,

RMS(x) = 2 (9a)

RMSacum(x) = WS(X) ©, (9b)
in which x is the input vector, d is the dimension of the vector, and v is a trainable parameter vector
initialized randomly and optimized during the training process. The operator ® denotes element-wise
multiplication.
The min-max normalization [50,115-117] maps the signal values to [0, 1]. It preserves the relative
proportionality of the data through linear transformation. This technique enhances data consistency
and maintains relative structure of signal features. Eq. 10 shows the normalization procedure,

_ xp—min(x;)
~ max(x;) — min(x;)’

(10)

in which min(x¢) and max(x;) correspond to the minimum value and the maximum value of all
samples in the dataset.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In addition, z-score normalization [31,55] converts the signals into a form with zero mean and
unit standard deviation. It reduces the differences in the scale and improves data consistency and
model performance. Eq. 11 shows the operation of z-score normalization,

x — p(x
p(x) 1)

z="—1="7,

o(x)
where y(x) and o(x) correspond to the mean and the standard deviation of a signal x.

2.4. Signal Filtering

Due to different environmental conditions, the raw respiratory signals may contain noise and
irrelevant information, and signal filtering or denoising becomes crucial with the purpose to filter
out noise and irrelevant components, and therefore, features related to respiratory activity can be
highlighted to provide reliable subsequent analysis.

2.4.1. Environmental Noise Suppression

Environmental noise suppression uses filtering techniques to eliminate or reduce external envi-
ronmental noise interference for extracting a clear target signals. It implements high-pass filters [69,95],
which can effectively remove low-frequency noise. Typical high-pass filter designs include Finite
Impulse Response filters [18,101,110], Butterworth filters [53,80], and Bessel filters [65]. These filters
preserve signal waveform characteristics and provide proper phase responses for signal processing
outcome.

2.4.2. Heart Sound Interference Removal

Heart sound interference removal aims to eliminate heart sound components that overlap with
respiratory sounds. Common methods include the use of band-pass filters [15,19,21,22,30,58]. They
retain the target signal by selecting specific frequency bands and suppress heart sound interference.
Among band-pass filters, the Butterworth filter is one of the most used designs [17,23,26,34,38,42,44,
45,49,52,55-57,60,64,114,117,118], and smooth frequency response characteristics allow for effective
attenuation of unwanted frequency bands [119]. Additionally, anti-aliasing low-pass filters [120] can
remove high-frequency noise and ensure minimal impact on the target signal. Another common signal
smoothing method is the Savitzky-Golay filter [121]. It improves signal-to-noise ratio by removing
noise without compromising the overall morphology of the signals [122].

3. Feature Extraction of Respiratory Signals

Feature extraction is a core step for identifying different types of respiratory signals. The tech-
niques could be categorized into feature extraction in domains, including time domain, frequency
domain and time-frequency domain, feature extraction from non-linear time series, and feature ex-
traction using pre-trained deep learning networks. These methods capture the multi-dimensional
cues of respiratory signals and provide important features for subsequent classification tasks by using
machine learning-based or hybrid learning-based approaches.

3.1. Feature Extraction in Domains
3.1.1. Feature Extraction in the Time Domain

In the time domain, features are extracted to embed the temporal characteristics and dynamic
changes of signals. Statistical features, such as mean, variance, maximum, and minimum values,
provide the energy levels and the range of variations to understand the overall behavior of the signals
[123].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Shannon entropy performs as a measure of signal uncertainty, randomness, or complexity that
reflects the distribution characteristics of information within the signal. It is an effective, quantitative
basis for signal analysis [123]. Eq. 12 shows the computing of Shannon entropy,

N

H(x) = =} p(xi) log(p(xi)), (12)

i=1

where H(x) denotes the entropy of random variable x, and p(x;) presents the probability of the
occurrence of the i-th event.

Zero-crossing rate (ZCR) refers to the number of times a signal crosses the zero axis. It provides a
quantitative measure of the signal’s periodicity. It is helpful in analyzing the periodicity and noise
characteristics of audio signals. It is formulated as in Eq. 13,

1 N-1
ZCR = i ;) — si it1)], 13
Z(N— 1) 1:21 |Slgn(x1) Slgn(xl+1)| ( )
where x; is the signal value at the i-th sample point, and sign() represents the sign function.
The methods for extracting time-domain features of respiratory signals on the ICBHI2017 database
are shown in Table 5. It is found that statistical features are preferred in time-domain-based feature
extraction, and ZCR and Shannon entropy are also widely used.

Table 5. Feature extraction of respiratory signals in the time domain

time-domain-based features = References (#)

Statistical features [4,22,29,46,47,57,58,81,90,100,108,124-126]  (15)
Shannon entropy [82,127] (3)
Zero-crossing rate (ZCR) [4,29,56,82,100,124]  (6)

3.1.2. Feature Extraction in the Frequency Domain

In the frequency domain, the frequency distribution and energy characteristics of signals are
explored. As one of the core methods, Fourier Transform (FT) decomposes the time-domain signal
into sine wave components of different frequencies, and the spectral representations of the signal are
obtained. The discrete FT is shown in Eq. 14,

X(ef“’) = i x[n] ceTjwn (14)

n=-—oo

where w denotes the angular frequency, and x[n] is the value of the n-th sampling point.

Spectral features, such as spectral centroid, spectral bandwidth, and spectral flatness, provide a
straightforward reflection of the frequency structure of the signal by analyzing the energy distribution
statistically in the spectrum. Due to their simple computation and ease of implementation, spectral
features perform as a benchmark for an initial description and comparison of frequency-domain
characteristics of signals [128].

Power spectral density analysis is to describe the energy distribution of signals across different
frequencies. By performing FT or auto-correlation analysis, the power spectral density can be estimated
to quantify the characteristics of power distribution to the frequency components.

In the ICBHI2017 database, the methods for frequency-domain feature extraction are shown in
Table 6. The spectral features are relatively higher preferred, followed by FT features and power
spectral density analysis.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 6. Feature extraction of respiratory signals in the frequency domain

frequency-domain-based features References (#)

Fourier Transform (FT) [65,90] (2)

Spectral features [4,21,29,81,83,108,129] (7)
Power spectral density analysis [55,124,130] (3)

3.1.3. Feature Extraction in the Time-Frequency Domain

Feature extraction in the time-frequency domain explores to perceive the temporal variations and
frequency distribution characteristics of signals simultaneously. Mel-Frequency Cepstral Coefficients
(MFCCs) mimic the auditory characteristics and converts the spectrum into cepstral coefficients on the
Mel scale to capture the timbral features. The computing of MFCCs can be decribed as in Eq. 15,

K (k—1)m
MFCC, = log | X - e, 15
k§°g| Kl cos(n < ) (15)

where K represents the number of Mel filter bank bands, X} denotes the energy of the k-th Mel
frequency band, and cos(-) refers to the discrete cosine transform.

Short-Time Fourier Transform (STFT) slides a window function along the time axis, performs
Fourier transform on the signal within each window, and obtains the time-frequency representation of
the signal. It can be formulated as in Eq. 16,

(e )

X(t,f)=Y x[n] -wn—t e 12fn, (16)

n=-—oo

where x[n] is the original signal, and w[n — t] is the window function.

Spectrogram is a visual tool to present the frequency distribution of a signal intuitively. After
applying the FT on the signal, it arranges the spectrum of each moment in chronological order, and the
energy intensity of each frequency component is visualized by using different color or grayscale levels.
Subsequently, the frequency structure of the signal and its dynamic changes over time are uncovered
[129].

Mel spectrogram further maps the frequency axis to the Mel scale, and the non-linear frequency
perception can be better simulated [131]. The logarithmic Mel spectrogram extracts the spectrum of the
signal through STFT, adjusts the spectrum using Mel filters to align with human auditory perception,
and enhances the distinguishability of weak signals through logarithmic transformation.

Wavelet Transform (WT) performs multi-scale signals analysis through the dilation and translation
of wavelet functions. It can offer high time and frequency resolution for non-stationary signal analysis
[132]. The operation of WT can be formulated as in Eq. 17,

(e9)

Wo (s, T) = /

—00

x(t) - &* (t - T)dt, (17)

where x(t) is the original signal, ¢(t) denotes the mother wavelet function, s is the scale parameter,
and T is the translation parameter.

Gammatonegram utilizes a Gammatone filter bank to decompose the signal for extracting the
energy distribution of each frequency channel, and it can visually present the time-frequency dynamics
of the signal.

The constant-Q transform uses a logarithmic scale for frequency resolution for providing higher
frequency resolution at low frequencies and better time resolution at high frequencies. It is suitable for
the analysis of complex frequency components in respiratory signals [133].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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As shown in Table 7, on the ICBHI2017 database, the respiratory signal analysis in the joint time-
frequency domain includes various types of signal transformation for informative feature extraction.
STFT is preferred among the methods, followed by Mel Spectrograms, MFCCs, and WT-based features.

Table 7. Feature extraction of respiratory signals in the joint time-frequency domain

time-frequency-domain-based features References (#)

Mel-Frequency Cepstral Coefficients [4,20,33,52,62,64,76,104,110,121,134—

(MFCCs) 136] (14)

Mel Spectrograms [4,6,17,18,22,29,41,46,56,58,63,64,74,82,
83] (15)

Logarithmic Mel Spectrograms [34,38,51,63,67,68,71]  (7)

Short-Time Fourier Transform (STFT) [4,6,16,19-21,23-25,33,35,37,40,44,45,
53,63,64,69,76,78,83,97,104,105,110,112,
117,118,137]  (30)

Wavelet Transform (WT) [4,5,20,25,28,32,40,53,60,80,81,114,138]
(13)

Wavelet Packet Integral [6,30,58,111,135]  (5)

Constant-Q Transform [25,41,92,99,139] (5)

Gammatonegram [27,28,66,92,107] (5)

Mel Filter Bank [28,55,61,65,69,105]  (6)

3.2. Feature Extraction from Pre-Trained Deep Neural Networks

Deep convolutional neural networks (CNNs) have demonstrated powerful capacities in hierar-
chical abstract feature representation in a broad range of applications, and a number of pre-trained
deep networks have been used in the feature extraction of respiratory signals. Through specific
convolutional kernels, SincNet extracts features for respiratory signal representation [77]. Fraiwan et
al combine both 1D-CNN and Bi-directional long short term memory (Bi-LSTM) models for temporal
modeling in which 1D-CNN is to capture the local description and Bi-LSTM is for obtaining the
bidirectional temporal dependencies [31]. Meanwhile, EasyNet [50] and parallel autoencoders [40]
extract low-dimensional features through unsupervised learning that uncover the latent structure
of respiratory signals. Self-attention mechanisms used in Densely connected networks [140], Audio
Spectrogram Transformer (AST) [141] and novel networks emphasize key information that excel at
capturing long-range dependencies [105]. In addition, combination of conditional Gaussian capsule
networks with cubic encoders enhances respiratory signal representation learning, sincew dynamic
routing and multi-dimensional mapping are embedded [54].

4. Learning-Based Respiratory Sound Classification

Despite to signal processing and feature extraction, respiratory signal classification methods have
been evolved from machine learning, deep learning to hybrid learning, and the training strategies
involves supervised learning, self-supervised learning, contrastive learning, and transfer learning.

4.1. Performance Evaluation Metrics

For four-class prediction, assuming Py, P, Py, and P, respectively denote the number of correctly

"o

predicted samples for the classes of “normal,” “crackle,” “wheeze,” and “both” (i.e., samples exhibiting
both crackle and wheeze), and N;,, N;, Ny, and N, stand for the number of samples in each respective

class.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.1527.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 June 2025 d0i:10.20944/preprints202506.1527.v1

11 of 30

In the Challenge on the ICBHI2017 database, the metric specificity (SPE) measures the capacity of
a model to identify healthy samples correctly, which is formulated as in Eq. 18,

Pc+Py+Pb

SEN= ———————.
Nc+Nv+Nb

(18)
The second metric sensitivity (SEN) measures the model’s ability to correctly identify pathological

samples. It is computed as in Eq. 19,

P
SPE = ﬁ” (19)

n

Accuracy (ACC) estimates the overall classification correctness of the model, and its formula is

shown in Eq. 20,
Py +P+Py+ By
Ny +N:+Ny+ N,

The Challenge also provides an ICBHI score (HS) that considers both specificity and sensitivity to

ACC

(20)

evaluate the overall performance as shown in Eq. 21,
1
HS = 5 X (SPE 4 SEN). (21)

These metrics are widely used for performance evaluation and comparison that can be computed
in a similar way for binary classification, ternary classification, and multi-class classification tasks
[142,143].

4.2. Machine Learning-Based Respiratory Sound Classification

After features are handcrafted, machine learning-based respiratory signal classification typically
relies on the selection and training of machine learning classifiers. Constrained by domain knowledge
and classifier exploration, the performance remains unsatisfactory, and several works are shown in
Table 8 where # stands for the number of classes. Widely used ML classifiers include support vector
machine (SVM), hidden Markov model (HMM), Gaussian mixture module (GMM), and tree models
(such as RUSBoost tree and random forest), and k-fold cross-validation (k-FCV) is widely used for
random data splitting.

Table 8. Machine learning-based respiratory sound classification

year #  splitting SEN (%) SPE (%) ACC (%) HS (%)

[58] RUSBoost Tree 2019 2 - 93.60 86.80 87.10 90.20
[17] SVM 20184 - 77.80 48.90 49.98 -

[18] HMM/GMM 20184  10-FCV - - - 39.56
[22] Random Forest 20207  70-30-0 - - 88.00 87.00

4.3. Deep Learning-Based Respiratory Sound Classification

Deep learning has updated the performance in massive applications. In the field of respiratory
signal classification, CNN, RNN (recurrent neural network) and their variants have become the
mainstream methods that learn feature representation and signal classification in an end-to-end
manner.

CNN learns representative features through convolutional and pooling layers. It is particularly
suitable for processing spectrograms or time-frequency representations of respiratory sounds. Table
9 shows the performance of CNN-related models for respiratory signal classification. Except for
novel design of CNN architectures and different splitting ratios, ResNet [144] and VGG [145] are
the most widely applied models in binary, ternary and multi-class prediction [23,26,36,45,93,94,118].
Meanwhile, promising results have been obtained in binary classification ([93] with ACC and HS both
> 95.00%) and ternary classification ([115] with all metrics > 98.00%), while there is room for further
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improvement in four-class prediction (the highest HS value < 80.00%). Even though with the attention
mechanism, the studies remain insufficient on six-class and eight-class prediction.

Table 9. CNN-based respiratory sound classification

year # splitting SEN (%) SPE (%) ACC (%) HS (%)

[134] CNN 2018 2 80-20-0 - - 78.00 85.00
[93] ResNet-34 2022 2 80-20-0 - - 96.00 95.80
[134] CNN 2018 3 80-20-0 - - 82.00 84.00
[115] CNN 2020 3 10-FCV  98.60 98.80 99.40 98.70
[28] CNN 2021 3 60-40-0 88.00 85.00 86.00 86.50
[60] CNN 2021 3 70-10-20 - - 98.70 98.47
[102] CNN 2022 3 70-20-10 - - - 99.30
[118] Bi-ResNet 2019 4  60-40-0 31.12 69.20 57.29 50.16
[73] CNN 2020 4  80-20-0 87.30 69.40 - 78.35
[23] ResNet-18 2020 4  70-30-0 81.25 17.84 - 49.55
[26] ResNet-34 2021 4  60-40-0 39.00 71.40 - 55.20
[26] ResNet-34 2021 4  80-20-0 78.80 53.60 - 66.20
[28] CNN 2021 4  60-40-0 32.00 73.00 - 53.00
[94] ResNet-50 2022 4  60-40-0 37.24 79.34 - 58.29
[34] CNN 2022 4 60-40-0 27.78 72.96 - 50.37
[36] ResNet 2022 4 60-40-0 30.00 70.00 - 50.00
[45] ResNet-34 2023 4  60-40-0 25.10 75.30 - 50.20
[45] ResNet-34 2023 4  80-20-0 79.56 57.89 - 68.72
[72] 2D-CNN 2019 6  70-30-0 - - 97.00 -

[146] CNN 2024 8 80-20-0 99.42 96.53 96.03 97.99
[78] VGG16 2024 8  60-40-0 - - 75.00 72.00

RNN and its variants, such as gated recurrent unit (GRU), are well-suited for processing sequential
signals and temporal characteristics. Table 10 shows the results when using RNN and its variants on
the database. Notably, LSTM and Bi-LSTM are widely used, and high ACC values are obtained on
binary, six-class and eight-class prediction tasks.

Table 10. Respiratory sound classification using RNN and its variants

year #  splitting SEN (%) SPE (%) ACC (%) HS (%)
[109] LSTM 2019 2 80-20-0 82.00 99.00 99.00 91.50
[101]RNN 2018 4 5-FCV 74.10 61.70 67.90 67.90
[108] Bi-GRU 2020 4  70-30-0 80.65 64.24 64.94 72.45
[136] BILSTM-BIiGRU 2021 6  75-12.5-125 - - 96.20 -
[107] Bi-LSTM 2021 6  80-20-0 - - 88.30 -
[40] LSTM 2024 8 80-20-0 99.10 89.56 94.16 94.33

4.4. Hybrid Learning-Based Respiratory Sound Classification

The hybrid models combine the feature extraction capability of CNN and the temporal modeling
ability of RNN that enhance the classification performance. Table 11 shows these hybrid models in
respiratory signal classification. The results are promising on binary classification (ACC > 94.00%), on
ternary classification (ACC > 90.00%), on six-class prediction (metrics > 96.00%), and on eight-class
prediction (ACC > 86.00%).
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Table 11. Hybrid learning-based respiratory sound classification
year #  splitting SEN (%) SPE (%) ACC (%) HS (%)
[69] VGGish-BiGRU 2023 2  85-15-0 - - 94.00 94.00
[115] CNN-LSTM 2022 3 - 99.15 97.60 99.62 -
[33] CNN-LSTM 2022 4  10-FCV 84.26 52.78 76.39 68.52
[31] CNN-BILSTM 2022 6 10-FCV 99.69 98.43 99.62 99.06
[89] CNN-LSTM 2022 8 - 97.71 84.73 82.35 -
[89] CNN-RNN 2022 8 - - - 86.00 87.00

4.5. Transformer-Based Respiratory Sound Classification

The Transformer leverages self-attention into capturing the global temporal features of respiratory
rhythms. By incorporating positional encoding, it can preserve respiratory phase information that
enhances the identification of long-range dependencies and improves the classification accuracy of
abnormal breath sounds. The Transformer-based respiratory signal classification on the database is
shown in Table 12. Vision Transformer (ViT) [147] and AST are preferred on four-class prediction, and
there is sufficient room for further improvement on the classification performance (HS < 70.00%).

Table 12. Transformer-based respiratory sound classification

year #  splitting SEN (%) SPE (%) ACC (%) HS (%)
[148] ViT 2022 4  60-40-0 36.41 78.31 - 57.36
[112] ViT 2023 4  80-20-0 - - - 69.30
[46] AST 2023 4  60-40-0 4291 62.11 53.53 50.76
[71] AST 2024 4  60-40-0 44.37 80.43 - 62.40

5. Current Achievement on the Respiratory Sound Classification

The ultimate goal of respiratory signal processing, feature extraction, machine learning, and deep
learning is for accurate classification. The ICBHI2017 database supports both AS categorization and
PS recognition tasks. The former categorizes respiratory signals into “normal”, “crackle”, “wheeze”,
and “both crackle and wheeze” groups. The latter is to distinguish between “healthy” and “unhealthy”
cases which can be further refined by subdividing the unhealthy category into more specific diagnostic

groups.

5.1. Performance on AS Categorization

The database includes 3,642 normal segments (52.8% samples), 1,864 crackle segments, 886 wheeze
segments, and 506 segments (7.3% samples) containing both crackle and wheeze. According to the
literature, there are two groups of approaches for AS categorization based on the data splitting. One
group uses the official split, where the training and testing sets are predefined and fixed. The other
group involves custom splits, where researchers design their own data partitions with varying ratios
for training, validation, and testing.

5.1.1. Performance on AS Classification When Using Official Data Split

Table 13 shows the classification performance, and the database is split into a training set (60%
samples) and a testing set (40% samples) with officially fixed cases. The highest metric values is
highlighted in bold.
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Table 13. Performance of AS categorization using official data splitting

backbone year splitting SEN (%) SPE (%) HS (%)
[118] Bi-ResNet 2019 60-40 31.12 69.20 50.16
[117] LungRN+NL 2020 60-40 41.32 63.20 52.26
[55] CNN 2021 60-40 42.00 42.00 42.00
[26] ResNet-34 2021 60-40 39.00 71.40 55.20
[66] CNN-MoE 2021 60-40 26.00 68.00 47.00
[28] CNN-Inception 2021 60-40 32.00 73.00 53.00
[74] ARSC-Net 2021 60-40 46.38 67.13 56.76
[148] ViT 2022 60-40 36.41 78.31 57.36
[94] ResNet-50 2022 60-40 37.24 79.34 58.29
[34] CNN 2022 60-40 27.78 72.96 50.37
[36] ResNet 2022 60-40 30.00 70.00 50.00
[62] ResNeStIBN 2022 60-40 40.20 70.40 55.30
[149] CNN 2022 60-40 39.15 76.93 58.04
[99] GTFA-Net 2023 60-40 48.40 72.10 60.25
[45] ResNet-34 2023 60-40 25.10 75.30 50.20
[46] FNN 2023 60-40 44.55 55.95 50.25
[114] BLNet 2023 60-40 42.63 61.33 51.98
[150] AST 2023 60-40 43.07 81.66 62.37
[52] OFGST-Swin 2024 60-40 40.53 71.56 56.05
[151] CLAP 2024 60-40 45.67 81.40 63.54
[71] AST 2024 60-40 44.37 80.43 62.40
[92] CycleGuardian 2025 60-40 44.47 82.06 63.26

The highest SEN, SPE, and HS value is 48.40%, 82.06%, and 63.54%, respectively achieved by
GTFA-Net [99], CycleGuardian [92], and CLAP [151]. Five models obtain HS > 60.00% among the
algorithms. Technically, GTFA-Net [99] develops group-wise time-frequency attention that segments
Mel-spectrograms into different groups by frequency-dimension random masking, and then, the
states of groups are extracted, weighted, and aggregated into global representation for AS classifi-
cation. CycleGuardian [92] integrates multi-channel spectrograms, adopts time-grouped encoding,
combines deep clustering with group-mixed contrastive learning, and group feature embedding and
cluster-projection fusion are incorporated into a multi-objective optimization manner for improved
performance and generalization. CLAP [151] designs contrastive learning and multi-modal fusion,
and a pre-trained framework is employed to align respiratory sounds and textual metadata in a shared
feature space. It can handle missing or unseen metadata, encode key variables and mitigate variability
caused by different devices and recording positions.

5.1.2. Performance on AS Categorization When Using Custom Data Splits
Except for officially fixed data splitting as used in the Challenge, numerous algorithms use

different kinds of splitting strategies, including k-FCV and different splitting ratios for training,
validating and testing. The performance of AS categorization using wild data splitting is summarized

in Table 14.
Table 14. Performance of AS categorization using custom data splits.
backbone year  splitting SEN (%) SPE (%) ACC (%) HS (%)
[101] RNN 2018 5-FCV 74.10 61.70 67.90 67.90
[123] CNN-RNN 2020  80-20-0 84.14 48.63 58.47 66.38
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backbone year  splitting SEN (%) SPE (%) ACC (%) HS (%)
[19] CNN 2020 10-FCV 86.00 61.00 69.00 65.00
[95] InfoGAN 2020 5-FCV 70.20 79.30 - 74.80
[117] LungRN+NL 2020 5-FCV 63.20 41.32 - 52.26
[20] VGG-16 2020 5-FCV 66.80 47.40 55.60 57.10
[73] CNN 2020  80-20-0 87.30 69.40 - 78.35
[23] ResNetl8 2020  70-30-0 81.25 17.84 - 49.55
[108] BiGRU-XGBoost 2020  70-30-0 80.65 64.24 64.94 72.45
[25] CRNN 2021 5-FCV 83.00 64.00 - 74.00
[26] ResNet-34 2021  80-20-0 78.80 53.60 - 66.20
[66] CNN-MoE 2021 5-FCV 86.60 71.30 - 78.90
[67] CNN 2021  80-20-0 85.44 70.93 78.73 78.18
[80] CNN-RNN 2021 5-FCV 90.66 72.32 - 81.64
[74] ASRC-Net 2021 5-FCV 74.76 58.95 - 66.86
[33] CNN-LSTM 2022  10-FCV 84.26 52.78 76.39 68.52
[36] ResNet 2022 5-FCV 87.00 80.00 - 83.00
[36] ResNet 2022 10-FCV 93.00 84.00 - 88.00
[61] MBTCNSE 2023  80-20-0 86.10 65.30 72.50 75.70
[99] GTFA-Net 2023  80-20-0 82.00 61.40 - 71.70
[77] SincNet 2023  80-20-0 80.20 95.00 91.30 87.60
[77] SincNet 2023  10-FCV 77.60 94.90 90.60 86.30
[37] CNN 2023  10-FCV 68.84 52.71 62.93 60.78
[45] ResNet34 2023  80-20-0 79.56 57.89 - 68.72
[114] BLNet 2023  80-20-0 79.13 66.31 - 72.72
[40] LSTM 2024  80-20-0 92.49 89.56 79.61 78.67

Table 14 shows the ResNet-based model [36] obtains the highest SEN (93.00%) and HS (88.00%)
using 10-FCV, the SincNet-based model [77] achieves the best SPE (95.00%) and ACC (91.13%) when
using 80% samples for model training, and several models [36,77,80] lead to the HS values larger than
80.00%, which is much higher than those top-ranking models that use officially data splitting strategy
(Table 13). Notably, the ResNet-based model [36] combines fluid-structure interaction dynamics to
simulate the coupled bronchial airflow and wall deformation and to enhance sound source modeling
accuracy, and ResNet is integrated to incorporate channel-wise and frequency-band attention for
multi-dimensional feature enhancement and final classification. The SincNet-based model [77] is a
two-stage self-supervised contrastive learning framework. The first stage involves a waveform encoder
to extract informative frequency components, and the encoder is pre-trained on a large-scale dataset
to learn robust and generalizable audio representations. The second stage introduces a contrastive
variational autoencoder that leverages latent variable modeling to address class imbalance.

5.2. Performance on PS Recognition

According to the number of pathological conditions considered, the PS recognition can be catego-
rized into binary, ternary, and multi-class classification. Binary classification typically distinguishes
between healthy and unhealthy states, providing a straightforward diagnostic decision. Ternary classi-
fication further divides the unhealthy category into two distinct pathological groups, enabling more
refined differentiation of disease severity or type. Multi-class classification expands this approach by
identifying multiple specific conditions, offering detailed diagnostic insights that can support targeted
treatment planning and personalized healthcare.
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5.2.1. Performance on PS Binary Classification

As for binary classification, the ICBHI2017 dataset contains 35 healthy cases (3.8% samples) and
885 unhealthy cases (96.2% samples). PS binary classification is particularly suitable for the preliminary
screening phase of diseases. Table 15 shows the performance of different methods for this task on the

dataset.
Table 15. Performance of PS binary classification.
backbone year splitting  SEN (%) SPE (%) ACC (%) HS (%)
[134] CNN 2018 80-20-0 - - 78.00 85.00
[58] RUSBoost 2019 - 93.60 86.80 87.10 90.20
[109] LSTM 2019 80-20-0 82.00 99.00 99.00 92.00
[66] CNN-MoE 2021 5-FCV 86.00 98.00 - 92.00
[152] SVM 2022 10-FCV 96.60 100.0 - 98.30
[93] ResNet34 2022 80-20-0 - - 96.00 95.80
[69] VGGish-StackedBiGRU 2023 85-15-0 - - 94.00 94.00
[48] DNN 2024 70-30-0 68.00 100.0 96.00 84.00
[50] EasyNet 2024 5-FCV 99.00 99.00 99.70 99.00
[137] MHSONN 2024 80-10-10 99.73 99.85 99.81 99.79

High performance is achieved on the PS binary classification task. MHSONN [137] achieves
the highest SEN, ACC, and HS values, and the second-best SPE value, all of which are larger than
99.00%. It integrates time-frequency representation from Mel spectrograms, constant-Q Transform
spectrograms, and Mel-frequency cepstral coefficients to capture both the frequency-domain dynamics
and nonlinear characteristics, employs a self-organizing operational neural network via generative
operational perceptrons, and utilizes a multi-head architecture to process multi-modal features in
parallel for global state recolonization. A comparable model is the EasyNet model [50] that designs
a streamlined hierarchical architecture with targeted parameters. In the architecture, the first stage
captures fundamental frequency components, the second stage utilizes depth-wise separable convolu-
tions to extract temporal features from high-frequency components, and average pooling is used to
compress the feature space for PS classification.

5.2.2. Performance on PS Ternary Classification

In PS ternary classification, the unhealthy cases are further divided into the cases with chronic
diseases or non-chronic diseases, which differ significantly in clinical treatment and management
strategies. Specifically, the database contains 35 healthy cases (3.8% samples), 75 non-chronic cases
(8.2% samples), and 810 chronic cases (88.0% samples). Table 16 shows the performance of PS ternary

classification.
Table 16. Performance on PS ternary classification.
backbone year splitting  SEN (%) SPE (%) ACC (%) HS (%)
[134] CNN 2018 80-20-0 - - 82.00 84.00
[109] LSTM 2019 80-20-0 82.00 98.00 98.00 91.00
[115] CNN-VAE 2020 10-FCV  98.60 98.80 99.40 98.70
[28] CNN 2021 60-40-0 88.00 85.00 86.00 86.50
[60] CNN 2021 70-10-20 - - 98.70 98.47
[89] CNN-LSTM 2022 - 99.15 97.60 99.62 98.38
[102] CNN 2022 70-20-10 - - - 99.30
[94] ResNet 2022 60-40-0 91.77 93.68 92.72 92.57
[47] CNN 2024 5-FCV - - 66.35 69.42
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The CNN-VAE-based model [115] obtains the metric values all larger than 98.00%, and the CNN-
LSTM-based model [89] performs closely. The CNN-VAE model [115] employs variational autoencoder
to generate synthetic data samples, and a Kullback-Leibler divergence regularization term is intro-
duced to constrain the latent variables following a standard normal distribution. It enables effective
augmentation of minority class samples and improves the classification performance. The CNN-
LSTM-based model [89] adopts a 1D-CNN architecture for feature extraction with various activation
functions, and the features are fed into a LSTM for modeling the temporal dependencies, long-term
dependencies, and dynamic variations within the signals for improved PS prediction. Notably, a
11-layered network built in [102] achieves the highest HS value. It leverages auditory perception,
frequency energy distribution, and pitch contour statistics to enhance feature expressiveness, and
introduces a delayed superposition augmentation method to enrich the data samples by overlapping
time-shifted signals.

5.2.3. Performance on PS Multi-Class Classification

PS multi-class classification is much complex. The data cases are classified into COPD (793 cases,
86.2% samples), pneumonia (37 cases), healthy (35 cases), upper respiratory tract infection (23 cases),
bronchiectasis (16 cases), bronchiolitis (13 cases), lower respiratory tract infection (2 cases), and asthma
(1 case, 0.1% samples). This task requires the model to not only identify healthy individuals but
also effectively differentiate between various disease types, providing detailed support for clinical
diagnosis and promoting precision medicine. Table 17 summarizes the PS multi-class recognition task

of different methods.
Table 17. Performance on PS multi-class classification
backbone year splitting SEN (%) SPE (%) ACC (%) HS (%)
[72] CNN 2019 70-30-0 - - 97.00 -
[22] Random Forest 2020 70-30-0 - - 88.00 87.00
[60] CNN 2021 70-10-20 100.00 98.60 98.70 99.30
[136] BILSTM-BiGRU 2021 75-12.5-12.5 - - 96.20 -
[107] Bi-LSTM 2021 80-20-0 - - 88.30 -
[31] CNN-BiLSTM 2022 10-FCV 99.69 98.43 99.62 99.06
[90] FDC-FSNet 2022 80-20-0 - - 99.10 -
[153] 1D-CNN 2022 - 99.02 98.30 99.43 98.66
[155] CNN-LSTM 2022 80-20-0 - - 98.82 97.00
[89] CNN-LSTM 2022 - 97.71 84.73 82.35 91.22
[5] CNN 2023 50-50-0 - - 93.00 -
[78] VGGI16 2024 60-40-0 - - 75.00 72.00
[40] LSTM 2024 80-20-0 99.10 89.56 94.16 94.33
[146] CNN 2024 80-20-0 99.42 96.53 96.03 97.99

Several algorithms [31,60,153] achieve the metric values all larger than 98.00%. Notably, the
study [60] proposes a hybrid-scale spectrogram generation method that decomposes the signals into
different intrinsic mode functions and uses continuous WT for discriminative time-frequency signal
representation. Besides, light-weight module, batch normalization, max pooling, and multi-chromatic
data augmentation are embedded for accurate classification. The study [31] implements a hierarchical
abstraction framework, and a Bi-LSTM-based bidirectional temporal gating mechanism is proposed to
capture the pathological feature evolution in forward and backward directions within a respiratory
cycle. The study [153] combines wavelet-based denoising and Mel-frequency cepstral coefficients for
feature extraction, time-domain warping and noise injection are used for enhancing data diversity,
synthetic samples are adaptively generated for the minority class, and 1D-CNN is constructed for
progressive temporal feature abstraction, and PS multi-class prediction.
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6. Discussion

After literature retrieval and screening, technical publications utilizing the ICBHI2017 database
were systematically analyzed across three key aspects from signal processing, feature extraction, to
sound classification. Specifically, respiratory sounds are resampled, augmented, normalized, and
filtered to ensure consistency across different data sources. Quantitative features are often handcrafted
in the time domain, frequency domain, and joint time-frequency domain. In addition, high-level
features extracted from pre-trained deep networks have proven effective. Finally, the processed sounds
are classified into various AS or PS categories, employing machine learning, deep learning, hybrid
approaches, and other advanced learning strategies. While promising performance has been achieved
on the ICBHI2017 database, there remains substantial room for RSA improvement.

6.1. The Problem of Class Imbalance

The sensitivity (SEN) value remains below 50.00% in AS classification when using the official
data split (Table 13). This indicates that the models fail to correctly identify more than half of the true
positive cases, which is a serious concern in medical diagnostics. Several factors contribute to this
issue. First, class imbalance plays a significant role. Normal recordings (3,642 samples, 52.8%) are
heavily overrepresented compared to the mixed category containing both crackle and wheeze sounds
(506 samples, 7.3%). This imbalance can cause models to favor the majority class during training.
Similar patterns of imbalance are also observed in related classification tasks, such as binary, ternary,
and multi-class PS recognition. Second, overlapping acoustic features among crackles, wheezes, and
mixed sounds complicate accurate classification, particularly when abnormalities are subtle or co-
occurring. Differentiating between individual crackles or wheezes and their combination is especially
difficult due to the shared intrinsic characteristics of these respiratory sounds. Third, suboptimal
feature representation may limit a model’s ability to learn and distinguish fine-grained patterns.
While handcrafted features, features extracted from pre-trained deep networks, and hierarchical
representations learned via end-to-end training have all been explored, it remains unclear which
types of features are most effective for respiratory sound classification. This uncertainty makes it
challenging to select the most discriminative features from the vast feature space [154]. In conclusion,
class imbalance not only induces model predictions toward the majority class but also leads to reduced
sensitivity for minority classes and introduces learning bias, ultimately hindering model performance
in critical clinical applications.

Advanced data augmentation methods can help address class imbalance by generating entirely
new samples. In contrast, standard augmentation techniques manipulate existing samples to promote
invariant feature learning, increase data diversity, and enhance robustness to noise and distortions
(Table 4). A variety of generative models have been proposed in the literature. Variational Autoen-
coders (VAEs) learn to encode input data into a latent space and then, this representation is decoded
to reconstruct the original data. By optimizing a variational lower bound, VAEs enable efficient ap-
proximate inference and generative modeling [15,115,156]. Generative Adversarial Networks (GANSs)
consist of a generator to synthesize realistic samples from random noise and a discriminator to distin-
guish real from generated data [157]. This adversarial setup enables to effectively learn complex data
distributions [95,158] and to synthesize respiratory sounds for improved classification performance
[159]. Diffusion probabilistic models generate new data by learning to reverse a gradual noising
process that corrupts data over multiple steps. This involves a forward (diffusion) process and a
reverse (generative) process applied iteratively [160]. One such model, DiffWave, has been used for
both conditional and unconditional waveform generation [161], which has been applied to respiratory
sound synthesis through adversarial fine-tuning at the Mel-spectrogram level [162,163]. Although
these advanced generative models show promise, further investigation is needed to fully evaluate
their effectiveness in mitigating class imbalance in the RSA field.

By comparing performance under official data splitting (Table 13) and custom data splitting
strategies (Table 14), we observe that SEN values are significantly improved when custom partitioning
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is applied. This demonstrates that how the dataset is divided into training, validation, and testing
sets has a substantial impact on prediction performance (see Table 15, Table 16, and Table 17). In
scenarios with class imbalance, simple random splitting or standard k-FCV may fail to ensure fair
and reliable algorithm comparisons [164]. Addressing this issue is therefore of critical importance.
Several strategies can be adopted during data splitting to mitigate class imbalance. First, stratified
splitting helps preserve class distributions across all subsets, which is especially beneficial for small or
multi-class datasets. Second, balancing the dataset before splitting, by down-sampling majority classes
or over-sampling minority classes, can ensure more equitable representation in each subset. Third,
subject-wise splitting, such as group k-fold, helps prevent data leakage and enhances generalization by
ensuring that all samples from a single subject appear in only one partition. Additionally, if synthetic
data augmentation is used, it should be performed before splitting, and care should be taken to group
augmented samples with their corresponding subjects. This avoids contaminating the test set and
preserves the integrity of model evaluation. However, for specific tasks with class imbalance, the
optimal application of these strategies remains unclear and warrants further investigation.

6.2. Feature Representation Learning

Features handcrafted in the time domain, the frequency domain, and the joint time-frequency
domain are preferred (Table 5, Table 6, and Table 7), while in RSA techniques, features extracted from
pre-trained deep networks are paid less attention to. To enhance the effectiveness and efficiency of
deep features, more advanced foundation models could be explored, including but not limited to
wav2vec [165], VGGish [166], AST [141], and masked modeling Duo [167]. These foundation models
have been pre-trained with a sufficiently large and diverse audio dataset and also verified effective on
sound analysis.

To improve the capacity of feature representation learning for respiratory sound signals, different
learning strategies could be utilized. First, under the context of supervised learning, transfer learning

implemented by fine-tuning a pre-trained models with a small number of labeled samples could
leverage knowledge from a source task to improve the performance on a target task. Technically,
a model is trained on a large dataset, such as ImageNet [168] or AudioSet [169], and then, the pre-
trained model is fine-tuned on the ICBHI2017 database for AS or PS prediction [69,112,155]. Second,
unsupervised learning is an emerging technique to discover patterns or structure from unlabeled

data. It learns to group the data without explicit labels [67,77]. As a type of unsupervised learning
category, self-supervised learning is massively applied for training foundation models. It learns useful

representations by creating pretext tasks to generate pseudo-labels, and the model is then fine-tuned
for downstream tasks [77]. Contrastive learning is considered a form of self-supervised learning which

designs positive pairs and negative pairs, and a model is trained to distinguish between positive and
negative pairs of samples [67,170].

Meanwhile, various learning paradigms could be employed for improving the performance of
respiratory sound classification. First, hybrid learning combines multiple learning paradigms (e.g.,
supervised and unsupervised, or machine learning and deep learning methods) and uses comple-
mentary strengths of each paradigm to enhance robustness, accuracy or generalization. Second,
multi-modal fusion learning exploits multiple sources or types of data (modalities), such as audio,

images, or clinical metadata, to improve the performance of respiratory disease detection, classifica-
tion, or diagnosis. The learning paradigms can be fused at feature-level by feeding different types
of features into a neural network, decision-level by combining the outputs with weighted voting
or averaging, or model-level by fusing modality-specific feature representations through attention
mechanism or a shared latent space [148]. Third, multi-task learning integrates AS classification with

PS prediction by training a single model to perform multiple tasks simultaneously. The tasks are
trained together with shared layers and task-specific heads, enabling learning of generalized features
[17,66,109]. For instance, Pham et. al. achieve high accuracy in both AS and PS classification tasks
[66]. The well-trained model not only identifies abnormal sounds, but also determines the pathological
state, providing clinicians with more accurate diagnostic information.
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6.3. Limitations of the Current Review

Several limitations remain in the current study. First, severe class imbalance is a persistent
challenge in the ICBHI2017 database. Although standard and advanced data augmentation methods
have been proposed, their effectiveness remains inconclusive. Emerging approaches, such as self-
supervised learning and federated learning, hold promise for addressing data scarcity and privacy
constraints [171]. Thorough evaluation of these data augmentation strategies is essential to advance
the understanding and applicability of such methods. Second, no experimental benchmarking has
been performed to compare the performance of proposed classification algorithms through intra- and
inter-database validation. A systematic and reproducible comparison of these techniques is highly
encouraged for future work. Third, a standardized data processing pipeline is currently lacking,
which hampers reproducibility and the design of fair experiments. The end-to-end RSA workflow,
from signal processing to feature extraction and classification, requires consistent protocols and well-
documented methodologies to support further research and industrial deployment. Fourth, while
Al techniques, such as large audio and visual foundation models, have rapidly advanced in other
fields, their adaptation to RSA remains underexplored. Respiratory sounds can be represented both as
acoustic waveforms and Mel-spectrogram images, and large foundation models need to be tailored to
accommodate these dual representations effectively. Fifth, advanced learning paradigms, including
multi-modal fusion, hybrid learning, causal inference, domain adaptation, and large foundation
models, offer potential solutions to the inherent limitations of relying solely on audio features for
disease classification [172-175]. In addition to respiratory sounds, incorporating complementary
signals, such as blood oxygen saturation and thoracic motion, can enrich the model’s contextual

understanding [176]. Furthermore, interpretability remains a pressing challenge. Understanding the
failure and success of RSA techniques is essential for algorithm refinement. Although interpretability
is a common concern, it is especially important in clinical settings to build trust and support real-world
deployment. Finally, the development of portable, cost-effective respiratory sound detection devices,

when integrated with Al algorithms, can significantly improve access to respiratory disease screening,
especially in primary care and remote settings-promoting broader global adoption.

7. Conclusion

In this study, we present a comprehensive review of respiratory sound analysis techniques
based on the ICBHI2017 database, covering signal processing, feature extraction, and classification
methods. A total of 135 relevant publications are systematically analyzed. Specifically, signal processing
techniques include signal resampling, data augmentation, normalization, and filtering. Feature
extraction approaches span the time domain, frequency domain, joint time-frequency domain, and the
representations from pre-trained deep networks. Classification methods are categorized into machine
learning, deep learning, hybrid approaches, and Transformer-based models. We summarize recent
advancements in classifying respiratory sounds into four AS categories under both official and custom
data-splitting strategies, as well as into binary, ternary, and multi-class PS categories. The issue of class
imbalance is extensively discussed, along with strategies to mitigate its impact during data splitting
and model training. Furthermore, we examine feature representation learning from various paradigms
and learning strategies, and the limitations of the current review and open challenges in the field are
also highlighted.

From the perspective of data sufficiency, the ICBHI2017 database remains one of the most au-
thoritative open-source resources for respiratory sound analysis with high-quality annotation and
standardized benchmarks. However, like many existing respiratory sound datasets, it suffers from
severe class imbalance, which limits algorithmic development, hinders fair performance comparison,
and challenges the evaluation of model generalization. To overcome these limitations, there is a critical
need to develop larger and more diverse respiratory sound databases that encompass a wider range of
disease types, age groups, and health conditions. Such efforts will strengthen model generalizability,
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enhance adaptability to real-world clinical variability, and facilitate more reliable deployment in
practical healthcare settings.

From the perspective of technical evolution, future advancements in respiratory sound analysis are
expected to focus on three key directions of efficiency, generalization, and clinical applicability. A shift
toward multi-modal integration and scenario-driven modeling will become increasingly prominent.
To overcome the challenges related to data scarcity and high annotation costs, self-supervised learning
and generative models will be paid increasing attention to augmenting underrepresented classes
of diseases. Federated learning will enable privacy-preserving, distributed model training across
institutions, facilitating the integration of heterogeneous clinical data. Model architectures will be
increasingly tailored to clinical requirements through the fusion of audio, physiological, and imaging
modalities, enhancing diagnostic accuracy. Temporal modeling of respiratory sound sequences will
support the prediction of disease progression, while interpretable frameworks will improve clinical
transparency and trust. Ultimately, integrating respiratory sound analysis with omics data may pave
the way toward personalized diagnostics and precision medicine.
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Abbreviations

The following abbreviations are used in this manuscript:

RSA Respiratory Sound Analysis

ICBHI2017 International Conference on Biomedical and Health Informatics 2017
AS Adventitious Sound

PS Pathological State

COPD Chronic Obstructive Pulmonary Disease

ML Machine Learning

DL Deep Learning

TL Transfer Learning

SP Signal Processing

FE Feature Extraction
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Al Artificial Intelligence

RMS Root Mean Square

ZCR Zero-Crossing Rate

FT Fourier Transform

MEFCC Mel-Frequency Cepstral Coefficient
STFT Short-Time Fourier Transform
WT Wavelet Transform

CNN Convolutional Neural Network
Bi-LSTM Bi-directional Long Short Term Memory
AST Audio Spectrogram Transformer
SPE Specificity

SEN Sensitivity

ACC Accuracy

HS ICBHI Score

SVM Support Vector Machine

HMM Hidden Markov Model

GMM Gaussian Mixture Module
k-FCV k-Fold Cross Validation

GRU Gated Recurrent Unit

ViT Vision Transformer

VAE Variational Autoencoder

GAN Generative Adversarial Network
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