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This paper presents a method for the automated classification of lung sounds based on Higher-Order Spectra
(HOS) parameters. The system is designed to differentiate between healthy subjects and patients with
bronchitis or Chronic Obstructive Pulmonary Disease (COPD). The study was conducted using a verified
database of 806 recordings from 275 adult patients, obtained via the “KoRA-03M1” digital system, the
Littmann 3200 stethoscope, and the open international ICBHI 2017 Respiratory Sound Database (Kaggle).
Particular attention is paid to the signal preprocessing stage, which includes an algorithm for removing
impulse noise (“spikes”) present in the recorded signals using a bidirectional filtering method. Unlike
traditional linear analysis methods, the proposed HOS-based approach accounts for the nonlinear properties
of signals and identifies hidden phase coupling between harmonics, which is critical for analyzing noisy
biomedical data. Seven optimal features providing maximum class separability were used: the amplitudes
of dominant bispectrum peaks, the coordinates of their corresponding bifrequencies, maximum bicoherence,
and third- and fourth-order statistical moments (skewness and kurtosis). Based on the compiled database,
machine learning models were trained. Multilayer Perceptron (MLP) neural networks demonstrated the
highest performance, achieving an accuracy of 97.8%. The results confirm the high diagnostic value of using
bispectrum parameters as reliable markers of respiratory pathologies, supporting the integration of the
developed software system into modern telemedicine systems for remote monitoring.
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Introduction

Automated analysis of lung sounds is one of the
most promising areas of modern biomedical engineer-
ing, as it allows for the elimination of the subjecti-
vity inherent in traditional auscultation and provides
a quantitative assessment of pathological respiratory
sounds. The reliability of classical auscultation signifi-
cantly depends on the physician’s experience, exami-
nation conditions, and individual hearing sensitivity,
which creates difficulties in the early diagnosis of
bronchitis, Chronic Obstructive Pulmonary Disease
(COPD), and other diffuse disorders of the respiratory
system.

The development of digital stethoscopes and
machine learning methods has contributed to the
rapid proliferation of lung sound analysis systems.
Such systems most frequently utilize time-frequency
features: spectrograms, mel-spectrograms, Mel-
Frequency Cepstrum Coefficients (MFCC), and
Gammatone Cepstral Coefficients (GTCC). Due to

their stability and integration with deep convolutional
networks, these representations provide classification
accuracy ranging from 85–95% [1–4]. Hybrid archi-
tectures, combining Convolutional Neural Networks
(CNN) with Long Short-Term Memory (LSTM) or
Gated Recurrent Units (GRU), improve generalization
across various recording conditions and provide hi-
gher robustness despite significant patient and sensor
variability [5,6]. Hardware-aware models optimized for
portable devices allow such systems to be implemented
in telemedicine solutions and remote monitoring [7].

Despite significant progress, the vast majority of
modern algorithms are based on linear features that
reflect the power spectrum but largely overlook the
nonlinear nature of pathological lung sounds. The
physical basis for such non-linearity lies in the complex
mechanisms of lung sound generation. During respi-
ration, the airflow through the branching bronchial
tree transitions from laminar to turbulent, causing
nonlinear vibrations of the airway walls and inter-
mittent airway opening and closing. These processes
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generate acoustic signals that contain phase-coupled
harmonics, which cannot be fully characterized by li-
near power spectra but are effectively captured by
Higher-Order Spectra (HOS) analysis. Under these
conditions, spectral and mel-spectral representations
may lose subtle but vital patterns, thereby limiting
diagnostic sensitivity [8, 9].

In this regard, there is growing interest in methods
capable of describing nonlinear signal properties. There
are at least three reasons for using HOS in biomedi-
cal signal processing, which allow for the analysis
of phase coupling between harmonics and nonlinear
component interactions. First, HOS do not contain
Gaussian noise components, making it possible and
more straightforward to detect useful signals, estimate
key parameters, and even reconstruct weak, noisy si-
gnals. Second, unlike the power spectrum, HOS retain
signal phase information, enabling the detection of
nonlinear phase coupling between spectral components.
Third, since HOS are nonlinear functions of the data,
they serve as a convenient tool for identifying and
evaluating nonlinear relationships in biomedical si-
gnals – specifically, signal properties that manifest as
sound distortions in various pathologies. Thus, these
characteristics are resistant to additive noise and reflect
deeper signal patterns that arise during pathological
changes in the bronchial tree [10–12].

The HOS approach enables the use of informati-
ve indicators such as maximum bispectral ampli-
tude, frequency coordinates of the bispectral peak, bi-
spectrum areas in various frequency ranges, bispectral
entropy, skewness, kurtosis, and integral energy
characteristics. These parameters have demonstrated
high sensitivity to ventilation disorders and changes in
respiratory mechanics in pathologies such as bronchitis
and COPD [13–15].

Certain aspects of lung sound analysis and the use
of spectral and nonlinear parameters have been previ-
ously explored by the authors [16, 18]; however, the
results of a comparative analysis for healthy indivi-
duals, patients with chronic bronchitis, and COPD,
along with the implementation of the diagnostic
software system, are published here for the first time.

Therefore, developing a system that integrates
HOS analysis of lung sounds with machine learn-
ing methods to improve the differentiation accuracy
between healthy individuals and patients with bronchi-
tis or COPD is highly relevant. This approach has
the potential to create interpretable, noise-resistant,
and technically streamlined telemedicine solutions and
portable diagnostic complexes.

1 Materials and Methods

1.1 Lung Sound Database

The study was conducted using a database of 806
breath sound recordings from 275 adult patients. For

the automated classification task, the data were organi-
zed into four distinct classes based on the clinical
verification:

1. Healthy individuals (234 recordings);

2. Chronic bronchitis (168 recordings);

3. COPD with basal lower lobe pneumofibrosis (135
recordings);

4. COPD with diffuse pneumofibrosis (119 record-
ings).

A total of 143 patients were diagnosed with COPD;
however, for classifier training, only recordings with
a confirmed specific subtype (basal or diffuse) were
utilized to ensure high labeling accuracy.

The respiratory status of the patients was verified
by a pulmonologist based on standard clinical di-
agnostic methods, including auscultation, spirometry,
and X-ray examination.

Most signals were obtained using the “KoRA-03M1”
four-channel phonospirographic system with a sampl-
ing frequency of 3496 Hz. Lung sounds were recorded
synchronously across four channels, with an average
recording duration of 20 seconds. The simultaneous use
of four channels allowed for the analysis of respiratory
activity from different points on the patient’s chest. Pi-
ezoelectric accelerometer sensors were attached at four
specific points selected according to pulmonological
recommendations: typically, two sensors were placed on
the anterior chest wall at the level of the 2nd rib along
the midclavicular line, and two sensors were placed on
the back at the level of the 7th rib near the inferior
angle of the scapula [19].

A portion of the recordings was obtained using
a Littmann 3200 digital stethoscope and from the
open-access ICBHI 2017 Respiratory Sound Database
(Kaggle), with a sampling frequency of 4000 Hz [20].

1.2 Signal Preprocessing

Prior to analysis, all signals underwent a
preprocessing stage, which included filtration, normali-
zation, removal of random impulse noise, and
segmentation into respiratory phases.

A digital high-pass filter was used to eliminate
frequency components below 80 Hz, as this range is
dominated by physiological sounds unrelated to respi-
ration, while informative lung sound content in this
band is negligible. Furthermore, a narrowband notch
filter suppressed frequency components around 150 Hz.
This is necessary because power grid interference, often
caused by pulsed loads, manifests as significant nonli-
near distortions on odd harmonics.

Since the relative relationship to the Root Mean
Square (RMS) value is more critical for this research
than absolute amplitude, signal normalization was



56 Порєва Г. С., Iванько К. О., Карплюк Є. С., Попов А. О., Фiлiп де Шазаль

performed to eliminate the influence of recording condi-
tions: ̃︀𝑋𝑖 =

𝑋𝑖 −𝑋√︁
1
𝑁

∑︀𝑁
𝑖=1

(︀
𝑋𝑖 −𝑋

)︀2 , (1)

where ̃︀𝑋𝑖 is the normalized signal, 𝑋𝑖 is the original
signal, 𝑋 is the average value of the original signal,
and 𝑁 is the number of samples.

Due to their high sensitivity, the sensors record
extraneous ambient noise and artifacts caused by minor
movements or the sensors sliding on the patient’s body.
These result in “spikes” that significantly complicate
further analysis. Given the short impulse response of
the input path, this work proposes a preprocessing
method to eliminate these spikes.

The spike filtering procedure is performed as
follows. First, a reference signal is constructed as the
modulus of the derivative approximation of the fil-
tered signal. Spikes are detected by thresholding this
reference signal. For each detected spike, a process-
ing window is defined and extended by a predefined
number of samples. The signal within this window is
then smoothed using either a moving average filter or
bidirectional filtering (Fig. 1).

Figures 2 and 3 present lung signal plots across
four channels: the original signal is shown in blue,
red highlights the segments where the proposed
method detected spikes, and green represents the sig-

nal smoothed after the applied filtering. Thus, the
application of the method for detecting and remov-
ing random spikes significantly enhances the success
of subsequent digital signal analysis aimed at identify-
ing diagnostically valuable parameters by reducing the
influence of random interference.

For a detailed analysis of the localization of
pathological artifacts within the respiratory cycle,
an algorithm for automated signal segmentation into
inhalation and exhalation phases was applied. The
method is based on the time-frequency analysis of the
output signal, during which two frequency regions are
identified on the spectrogram: the main respiratory
activity band (200–500 Hz) and a reference band of
non-stationary broadband noise (800–1200 Hz). To mi-
nimize the impact of parasitic noise bursts on the
cycle detection process, an adaptive filtering procedure
based on the LMS (Least Mean Squares) algorithm is
utilized, where the synthesized noise signal serves as a
reference for cleaning the respiratory activity signal.

The resulting digitized envelope profile undergoes
additional low-pass filtering with a cutoff frequency of
4 Hz and is processed by a thresholding algorithm.
This allows for the precise detection of respiratory
phase boundaries and enables subsequent HOS analysis
to be performed for each segment individually. This
algorithm is described in greater detail in the authors’
previous work [16].

Fig. 1. Diagram illustrating the procedure for random spike removal.

(a) (b) (c)

Fig. 2. (a) Four channels of the recorded respiratory sound signal: blue – original signal with spikes, red –
detected spikes, green – signal after the proposed filtering algorithm; (b) 4th channel of the recorded signal;

(c) enlarged fragment of the 4th channel signal.
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(a) (b) (c)

Fig. 3. (a) Four channels of the recorded respiratory sound signal: red – detected spikes, green – filtered signal
after the applied algorithm; (b) 4th channel of the recorded signal; (c) enlarged fragment of the 4th channel

signal.

1.3 Lung Sound Parameters Based on

Higher-Order Spectra

The proposed method is based on the applicati-
on of Higher-Order Spectra, specifically bispectral
analysis, to identify diagnostically valuable parameters
of lung sounds. HOS methods allow for the suppressi-
on of Gaussian noise, the preservation of signal phase
information, and the detection of nonlinear interacti-
ons, which are essential for biomedical signal analysis.

1.3.1 Bispectrum

The bispectrum 𝐵(𝑓1, 𝑓2) is a two-dimensional
Fourier transform of the third-order cumulant functi-
on 𝑐3(𝜏1, 𝜏2). It was calculated using two approaches:
the direct non-parametric method and the indirect
cumulant-based method.

In the direct method, the bispectrum 𝐵(𝑘1, 𝑘2) is
calculated by averaging the third-order spectrum over
signal segments:

𝐵(𝑘1, 𝑘2) =
1

𝑀

𝑀∑︁
𝑖=1

𝐹𝑥𝑖
(𝑘1)𝐹𝑥𝑖

(𝑘2)𝐹
*
𝑥𝑖
(𝑘1 + 𝑘2), (2)

where 𝑀 is the number of segments into which the
output signal 𝑋(𝑘) is divided; 𝑘1 and 𝑘2 are di-
screte frequency indices; 𝐹𝑥𝑖(𝑘) is the discrete Fourier
transform of the 𝑖-th signal segment 𝑥𝑖(𝑛); and 𝐹 *

𝑥𝑖
(𝑘1+

𝑘2) is the complex-conjugate value of the DFT for
frequency 𝑘1 + 𝑘2.

The following parameters were used for analysis:
𝑉1, 𝑉2, and 𝑉3, which are the amplitudes of the three
largest bispectral peaks ranked from maximum to mi-
nimum; and 𝑓1, 𝑓2, and 𝑓3, which are the normalized
bifrequencies where these peaks are observed.

In the indirect method, the bispectrum 𝐵(𝑓1, 𝑓2) is
calculated as a two-dimensional Fourier transform of

the mean third-order cumulants 𝑐3(𝜏1, 𝜏2):

𝐵(𝑓1, 𝑓2) =

∞∑︁
𝜏1=−∞

∞∑︁
𝜏2=−∞

𝑐3(𝜏1, 𝜏2)×

× 𝑒−𝑗(𝜔1𝜏1+𝜔2𝜏2)𝑤(𝜏1, 𝜏2),

(3)

where 𝑐3(𝜏1, 𝜏2) is the third-order cumulant function,
𝑤(𝜏1, 𝜏2) is a two-dimensional window used to smooth
edge effects, and 𝑓1, 𝑓2 are normalized bifrequencies.

1.3.2 Parametric Bispectrum

The parametric bispectrum was calculated based
on an autoregressive (AR) model, which enhances the
detection of nonlinear signal properties:

𝑆𝑋
3 (𝜔1, 𝜔2) = 𝛽𝐻(𝜔1)𝐻(𝜔2)𝐻

*(𝜔1 + 𝜔2), (4)

where 𝛽 is the third-order moment of the non-Gaussian
stationary white noise in the AR model; 𝐻(𝑓) is
the transfer function of the 𝑝-th order AR model;
𝐻*(𝑓1+𝑓2) is the complex-conjugate transfer function
at the frequency 𝑓1 + 𝑓2; and 𝑓1, 𝑓2 are normalized
bifrequencies.

1.3.3 Bicoherence Function

The bicoherence function 𝛾3(𝑓1, 𝑓2) is a di-
mensionless normalized magnitude that measures the
quadratic phase coupling between two frequency
components. It is calculated using the bispectrum and
the power spectrum:

𝛾3(𝑓1, 𝑓2) =
|𝐵(𝑓1, 𝑓2)|2

𝑃 (𝑓1)𝑃 (𝑓2)𝑃 (𝑓1 + 𝑓2)
, (5)

where |𝐵(𝑓1, 𝑓2)|2 is the squared magnitude of the
bispectrum and 𝑃 (𝑓) is the power spectrum at
frequency 𝑓 . A value of 𝛾3(𝑓1, 𝑓2) = 1 indicates
complete phase coupling due to nonlinearity, while a
value of 0 indicates its absence. In this work, the
maximum bicoherence 𝛾3max and its corresponding
bifrequencies were analyzed as diagnostic features.
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1.3.4 Skewness and Kurtosis Coefficients

These coefficients are used to estimate the degree
of deviation of the observed process from a Gaussian
distribution. Skewness was calculated as

𝑐3 =
𝐾3

𝜎3
, (6)

where 𝐾3 is the third-order cumulant and 𝜎 is the
standard deviation. Non-zero 𝑐3 values allow for the
assessment of the nature and extent of the signal’s
deviation from Gaussian noise. Kurtosis was calculated
as

𝑐4 =
𝐾4

𝜎4
− 3, (7)

where 𝐾4 is the fourth-order cumulant. The subtracti-
on of 3 is performed because the kurtosis of a univariate
normal distribution is 3. Thus, for a purely Gaussian
process 𝑐4 = 0.

The use of 𝑐3 and 𝑐4 in this study is justified by
the need to quantify the non-Gaussianity of the sig-
nals, which serves as an important diagnostic marker
for pathological processes. It was observed that while
healthy lung sounds are statistically close to a Gaussian
process, they remain non-Gaussian due to their non-
stationary nature. The identification and analysis of
these diagnostic features are further detailed in the
authors’ works [17,18].

1.4 Automated Classification of Lung

Sounds Based on HOS

Following the stages of signal preprocessing and
the calculation of diagnostically significant HOS
parameters, the automated classification of the
bronchopulmonary system’s state is implemented. The
input for the classifiers is a feature vector formed
from a selected set of HOS parameters that reflect the
nonlinear properties and phase coupling of the signal’s
spectral components.

To optimize the classification model and ensure high
generalization ability, a multi-stage feature selection
process was implemented. First, a correlation analysis
was conducted to reduce redundancy in the feature
space. HOS parameters with a high mutual correlation
coefficient (|𝑟| > 0.85) were grouped, and only the most
informative variable from each group was retained.
Subsequently, the discriminative power of the remai-
ning features was evaluated using the F-test. F-scores
were used as the primary indicator of feature resoluti-
on, reflecting the extent to which the mean values of
parameters differ across diagnostic groups relative to
their intragroup variability.

Several classical machine learning algorithms that
have proven effective in biomedical signal analysis with
limited training datasets were investigated: Support
Vector Machine with a radial basis function kernel, 𝑘-
Nearest Neighbors, Logistic Regression, Naive Bayes,
Classification and Regression Trees, and a Multilayer
Perceptron feedforward neural network.

Model training and testing were conducted us-
ing the compiled database of lung sounds across four
classes: healthy subjects, chronic bronchitis, and two
subtypes of COPD. Feature normalization was applied
to mitigate the impact of inter-individual variabili-
ty and varying recording conditions. The database
was partitioned into training (85%) and test (15%)
sets using a patient-level split strategy. To ensure the
objective evaluation of the model and prevent data
leakage, all recordings belonging to the same indivi-
dual were kept within the same subset. Furthermore,
7-fold cross-validation was conducted at the patient
level, ensuring that the model was tested on data from
subjects it had not encountered during the training
phase.

Classification quality was evaluated using standard
metrics: Precision, Recall, and F1-score:

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, (8)

𝑆𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (9)

𝐹1 = 2
𝑃 · 𝑆𝑒
𝑃 + 𝑆𝑒

, (10)

where 𝑇𝑃 represents true positive, 𝐹𝑃 false positi-
ve, and 𝐹𝑁 false negative results. For the multiclass
classification task, the final performance metrics were
calculated using macro-averaging.

1.5 Structure of the Software Di-

agnostic System

The developed software diagnostic system con-
sists of three main stages: preprocessing, analysis, and
classification. The preprocessing stage includes filter-
ing, normalization, spike removal, and segmentation
into respiratory phases. The analysis stage includes
calculation of diagnostically valuable parameters
based on HOS. The classification stage provides
automated decision-making regarding the state of the
bronchopulmonary system. The structural diagram of
the software diagnostic system is shown in Fig. 4.



Дiагностична програмна система для автоматизованої класифiкацiї звукiв легень на основi параметрiв спектрiв. . . 59

Fig. 4. Structural diagram of the software diagnostic system.

2 Results and Discussion

Based on the feature selection methodology descri-
bed above, the analysis identified seven optimal
parameters providing maximum class separability. The
highest F-scores were achieved for the magnitudes
of the first, second, and third largest peaks of the
bispectrum (𝑉1, 𝑉2, and 𝑉3), their corresponding bi-
frequency coordinates, the skewness coefficient 𝑐3, the
kurtosis coefficient 𝑐4, and the bifrequencies of the
parametric bispectrum.

Numerical values of these seven optimal parameters
were calculated for the entire database. To assess the
discriminative power of the selected features across the
diagnostic groups, a statistical analysis was performed.
Instead of providing raw data for individual subjects,
the distributions of these parameters are presented us-
ing box plots (Figs. 5–9). These visualizations represent
the median, quartiles, and range for the total sample
of 806 recordings, ensuring a comprehensive overview
of the identified patterns without selection bias.

The analysis of the diagonal slice of the bispectrum
revealed a set of amplitude peaks, which were ordered
in descending order of their magnitude. Although the
five largest peaks were analyzed to study the signal
structure in detail, the coordinates of the first two
peaks by amplitude demonstrated the greatest di-
agnostic significance: 𝑉1 and 𝑉2.

Based on these data, a series of boxplots was
constructed to compare the frequency coordinates
of these peaks. Fig. 5 shows the comparative di-
agrams of the first and second normalized bifrequencies

corresponding to the first and second largest bispectral
peaks for healthy individuals, patients with COPD,
and patients with chronic bronchitis.

For healthy individuals, a clear pattern is observed:
the value of bifrequency 𝑓2 in the range from 0.035
to 0.06, which corresponds to the second peak, si-
gnificantly exceeds the value of 𝑓1 (0.028–0.035),
corresponding to the maximum peak. In contrast, an
inverse trend was found for patients with chronic
bronchitis: the values of 𝑓1 in the range from 0.03 to
0.05 exceed the values of 𝑓2 (0.015–0.04). For patients
with COPD, the bifrequencies 𝑓1 and 𝑓2 span a much
wider range and show minimal differentiation, reflect-
ing the complex and variable nature of pathological
changes associated with this disease.

Fig. 5. Box plots of bifrequency values 𝑓1 and 𝑓2
for healthy individuals and patients with COPD and

bronchitis.
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Comparative data for the values of 𝑉1, 𝑉2, and 𝑉3

are shown in Figs. 6 and 7. It was found that for healthy
individuals, the parameter 𝑉1 varies from 0.001 to 0.02,
while 𝑉2 is significantly smaller, ranging from 0.0004 to
0.003. For signals from patients with bronchitis, the 𝑉1

parameter is smaller than that of a healthy person,
whereas 𝑉2 is larger. The same pattern is observed for
the 𝑉3 parameter.

Fig. 6. Box plots of bispectral amplitude values 𝑉1, 𝑉2,
and 𝑉3 for healthy individuals and patients with COPD

and bronchitis.

Fig. 7. Box plots of bispectral amplitude values 𝑉1,
𝑉2, and 𝑉3 for healthy individuals and patients with

bronchitis.

For patients with COPD, it was found that the
bispectral peak amplitudes are significantly larger than
those of healthy individuals. For instance, while 𝑉1

for healthy subjects lies between 0.002 and 0.01, for
COPD patients this value fluctuates around the 0.08–
0.1 range. The parameters 𝑉2 and 𝑉3 in COPD patients
are also larger than the corresponding values in both
healthy individuals and patients with bronchitis.

The skewness 𝑐3 for healthy subjects remains wi-
thin ±0.15, with the mean signal value close to
zero, indicating a symmetrical amplitude distribution
characteristic of a normal distribution. In pathologi-
es, a significant deviation from zero and distribution
asymmetry are observed (Fig. 8). For healthy indivi-
duals, the kurtosis 𝑐4 fluctuates around 3, consistent
with the Gaussian distribution. Conversely, in COPD,
𝑐4 values can exceed those of healthy individuals by one

or two orders of magnitude, indicating a sharp peak
caused by intense pathological spikes (Fig. 9).

Fig. 8. Box plots of skewness values for healthy indivi-
duals, patients with COPD, and patients with bronchi-

tis.

Fig. 9. Box plots of kurtosis values for healthy indivi-
duals, patients with COPD, and patients with bronchi-

tis.

Since theoretically, Higher-Order Spectra for purely
Gaussian processes are zero, the detection of non-
zero HOS parameters allows for the effective extracti-
on of informative pathological features against the
background of physiological respiratory noise.

For comparison, Table 1 presents the peak coordi-
nates (𝑓1, 𝑓2) on the parametric bispectrum plane for
the three study groups.

The frequency pair determines the position of the
maximum nonlinear response. It was established that
for patients with bronchitis, the values of the first
and second bifrequencies of a single peak practically
coincide (𝑓1 ≈ 𝑓2). This indicates that the dominant
maximum is located on the diagonal of the bispectral
surface, suggesting an intensive nonlinear interaction
between a frequency and its own second harmonic.

Such comparative graphs and tables can be
provided for all identified diagnostically significant
parameters. However, the adequate comparison and
analysis of a large number of such parameters requires
specific expertise and training. It should be noted that
the results were obtained on a verified but limited
sample, which underscores the necessity for further
external validation of the proposed approach using
independent databases.
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Table 1 Parametric bispectrum bifrequency values (𝑓1, 𝑓2) for the three study groups

Healthy COPD Bronchitis
𝑓1 𝑓2 𝑓1 𝑓2 𝑓1 𝑓2

0.02734375 0 0.05175781 0.050257 0.0361328 0.0361328
0.02930 0 0.0283203 0 0.035156 0.035156

0.05859375 0.03710937 0.017578 9.7656× 10−4 0 0
0.03320312 0 0.015625 0.01362 0.0380859 0.0380859
0.03417968 0.03222656 0.0341796 0 0.03710937 0.03710937

Based on the selected feature set, machine learn-
ing classifiers were trained and evaluated. Comparative
analysis demonstrated that HOS parameters provi-
de consistently high performance across all studied
classes. The best generalization ability was achieved
by the decision tree and the multilayer neural network.

An analysis of the category-wise classification
results obtained with the Multilayer Perceptron
(MLP) neural network, which achieved the highest
overall accuracy of 97.8%, revealed notable differences
in recognition quality. The highest reliability was
observed for the “Healthy” class (precision 99%,
recall 98%, F1-score 98.5%) and “COPD with diffuse
pneumofibrosis” (precision 98%, recall 99%, F1-score
98.5%). This confirms that for these conditions, HOS
parameters form the most distinct and stable di-
agnostic patterns. The “Chronic bronchitis” category
was recognized with 96% precision and 95% recall,
representing a significant improvement over linear
features such as MFCC, where this class is frequently
misclassified as normal. The most challenging category
to identify was “COPD with basal lower lobe pneumofi-
brosis”. While its precision remained high at 98%, its
recall was lower at 89%.

Despite the high overall average accuracy, the
system is most effective at differentiating healthy
states from diffuse lung lesions, whereas localized
forms of COPD require more rigorous feature analysis.
These results align with the authors’ previous find-
ings regarding the efficacy of combining nonlinear
features with machine learning for lung sound analysis
[17,18]. However, in this study, the classification stage
is presented as an integral component of a comprehensi-
ve software diagnostic system designed for practical
clinical application.

Experimental studies established that using HOS
features allows the Decision Tree model to achieve an
accuracy of 96.2% with a specificity of 96.5%. The best
performance was demonstrated by the MLP neural
network, which showed an accuracy of 97.8%, sensitivi-
ty of 96.8%, and specificity of 97.4%. For comparison,
using only MFCC on the same dataset yielded an
accuracy no higher than 89.3%, which confirms the
advantage of incorporating nonlinear features.

Conclusions

This paper presents an approach for the automated
analysis and classification of lung sounds based on

Higher-Order Spectra parameters. Unlike traditional
spectral and mel-cepstral features, the proposed
approach effectively describes nonlinear, phase-
coupled, and non-stationary interactions between
signal components. These interactions are characteri-
stic of the respiratory sound generation processes
during pathological changes in the bronchopulmonary
system.

Within the scope of this study, several bispectral
and statistical parameters were analyzed, including
bispectral amplitude characteristics, their correspond-
ing bifrequencies, integral energy indicators, skewness,
kurtosis, and bispectral entropy. It was demonstrated
that these features are highly sensitive to pathological
changes in respiratory mechanics and show statisti-
cally significant differences between healthy indivi-
duals, patients with chronic bronchitis, and patients
with COPD.

The application of correlation analysis and the
F-test facilitated the selection of an optimal set of
HOS parameters, providing a balance between di-
agnostic informativeness and computational complexi-
ty. The resulting compact feature space is robust aga-
inst additive noise and suitable for implementation in
automated decision support systems.

The effectiveness of this approach was confirmed by
machine learning results, where the inclusion of HOS
features ensured high-quality differentiation between
the studied groups, significantly outperforming results
obtained using only linear spectral characteristics.

The developed software diagnostic system
implements the full signal processing cycle, from
preprocessing and spike removal to the visualization
of classification results. The modular architecture of
the system allows for adaptation to various recording
conditions and serves as a foundation for develop-
ing portable and telemedicine screening systems for
respiratory diseases.

Future research directions include expanding the
database to validate the method on larger pati-
ent cohorts; investigating the effectiveness of the
approach for other respiratory pathologies such as
asthma, pneumonia, and interstitial lung diseases;
and integrating HOS features with time-frequency
representations within hybrid deep learning archi-
tectures to further enhance diagnostic reliability.
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Дiагностична програмна система для
автоматизованої класифiкацiї звукiв
легень на основi параметрiв спектрiв
вищих порядкiв

Порєва Г. С., Iванько К. О., Карплюк Є. С.,

Попов А. О., Фiлiп де Шазаль

У роботi представлено метод автоматизованої кла-
сифiкацiї звукiв легень на основi параметрiв спектрiв
вищих порядкiв (Higher-Order Spectra, HOS). Система
розроблена для диференцiацiї станiв здорових осiб та
пацiєнтiв iз бронхiтом або хронiчним обструктивним за-
хворюванням легень (ХОЗЛ). Дослiдження проведено з
використанням верифiкованої бази даних, що мiстить
806 записiв вiд 275 дорослих пацiєнтiв, отриманих за
допомогою цифрового комплексу «КоРА-03М1», стето-
скопа Littmann 3200 та вiдкритого мiжнародного набору
даних ICBHI 2017 Respiratory Sound Database (Kaggle).
Особливу увагу придiлено етапу попередньої обробки
сигналiв, що включає оригiнальний алгоритм видале-
ння iмпульсних завад («спайкiв») методом двонаправ-
леної фiльтрацiї. Використано сiм оптимальних ознак,
що забезпечують максимальну роздiльну здатнiсть кла-
сiв. Найвищу ефективнiсть продемонстрували нейроннi
мережi типу Multilayer Perceptron (MLP), досягнувши
точностi 97,8%. Отриманi результати пiдтверджують дi-
агностичну цiннiсть параметрiв бiспектра як маркерiв
респiраторних патологiй.

Ключовi слова: звуки легень; спектри вищих поряд-
кiв; бiспектральний аналiз; автоматизована класифiка-
цiя; машинне навчання; хронiчне обструктивне захво-
рювання легень; бронхiт
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