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ABSTRACT 

A resource-efficient semi-analytical method for mechanical fault detection via acoustic signal analysis is presented. A compact 
signal portrait is constructed by tracking dominant salient-frequency peaks over time, without a priori assumptions on peak 
locations. Peak feature statistics are aggregated into a 3D matrix that encodes nominal oscillatory modes. Fault detection is 
achieved by measuring the deviation between current and healthy portraits using a single decision threshold. Experiments on 
internal combustion engine recordings demonstrate improved separability and lower computational cost compared to empirical 
mode decomposition, confirming suitability for resource-constrained monitoring. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

Recognising acoustic signal sources in mechanical systems is crit-
ical for predictive maintenance, enabling timely fault detection,
minimising downtime, and preserving equipment performance
[ 1 ]. Acoustic monitoring captures real-time information on
friction, impacts, and resonance, providing a reliable tool for
industrial diagnostics [ 2, 3 ]. While deep learning approaches
achieve high diagnostic accuracy for rotating machinery, they
face practical limitations: they require large labelled datasets
under diverse conditions, generalise poorly to unseen environ-
ments, are difficult to interpret, and are sensitive to noise,
data imbalance, or atypical events [ 4–6 ]. High computational
and power demands further restrict deployment on resource-
constrained platforms, limiting applicability for real-time embed-
ded systems [ 7 ]. Traditional acoustic diagnostics using spectral,
wavelet, or acoustic emission analysis rely on manually crafted
features and rule-based classifiers, effectively detecting specific
harmonic or impulse patterns indicative of mechanical faults
[ 2, 8 ]. Their accuracy and robustness, however, decline under
noisy or variable conditions, limiting industrial applicability.
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Nevertheless, low computational cost and predictable behaviour 
make them suitable for resource-constrained hardware platforms 
[ 2, 9–11 ]. 

The aim of this work is to propose and validate a computation-
ally efficient method for mechanical fault detection in moving
machinery, which represents acoustic signals as compact por- 
traits formed from salient frequency-domain features, enabling 
reliable condition monitoring with minimal computational over- 
head. 

The novelty of the proposed method lies in a semi-analytical
construction of compact acoustic signal portraits that represent
oscillatory behaviour of moving machinery via the temporal evo-
lution of dominant salient-frequency peaks. Peak intervals with 
maximal relative energy are estimated in local signal segments
without a priori assumptions on their positions or envelopes,
enabling informative feature extraction at low computational 
cost. The obtained peak statistics are aggregated across salient
frequencies to form a compact three-dimensional matrix portrait
of the nominal operating state. Mechanical faults are detected
Derivs License, which permits use and distribution in any medium, provided the original work 
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FIGURE 1 Portrait of oscillatory modes calculation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 1350911x, 2026, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/ell2.70551 by A

leksandr B
ushm

a - U
kraine - C

ochrane , W
iley O

nline L
ibrary on [21/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative
by measuring deviations from a precomputed healthy reference
using a single decision threshold. 

Experimental validation on acoustic recordings of internal com-
bustion engines (ICE) demonstrates improved fault separability
and lower computational cost compared to an Empirical Mode
Decomposition (EMD)-based method, confirming suitability for
resource-constrained condition monitoring [ 12 ]. 

2 Methodology 

Acoustic fault detection in mechanical systems relies on the
analysis of audio signal portraits. These portraits are repre-
sented as rectangular matrices that lie conceptually between the
raw signal representation (such as the Fourier transform) and
feature-based descriptors (such as spectral or energy measures).
Two portrait construction methods are considered below: the
proposed approach and the EMD method. 

Fault-related processes in complex mechanical systems (like
wear, cracking, or deformation) cause distinctive acoustic events
that are periodic yet brief and time-dispersed. In ICEs, such
periodic variations reflect oscillatory interactions among com-
ponents, which are difficult to reproduce artificially. Individual
contributions cannot be discerned separately; thus, analysis
must consider the combined effect on the overall acoustic
signal. 

The study employed audio data from ICEs of motorcycles. Orig-
inal sound samples were sourced from YouTube using Google
Audioset [ 13 ] and organised into two datasets [ 14 ]. The first
dataset consists of 96 audio recordings, each compiled from 5-
second excerpts of properly operating motorcycle engines. It
includes two 2-stroke models: Simson S51 and MZ ETZ 250
(ETZ), and two 4-stroke ones: Yamaha YZF-R6 (YZF) and Honda
CBR600RR (CBR). 

A second semi-synthetic dataset of equal size was generated to
represent malfunction conditions in the same engine models.
Faulty ICE audio signals were analysed. Dataset generation
accounted for untimely ignitions and misfires, as well as changes
in valve opening/closing timing [ 15–18 ]. Fault-induced acoustic
patterns can be derived from healthy system recordings [ 19,
20 ]. Based on this analysis, effects of different failures were
applied individually to each sample. They were simulated in
the form of appropriate peak alteration achieved by applying
peak-dependent weighting functions to healthy ICE’s audio
signals. 

The first dataset was split into training and testing subsets (3:1
ratio), while the second dataset was used exclusively for testing,
as fault-type identification was beyond the scope of this study.
The fault detection procedure relied on a quantitative measure
of distance between a specific signal’s portrait and the average
portrait for the corresponding model from the training dataset.
The computed measure is expressed in dimensionless units and
reflects both the temporal behaviour and the signal magnitude, as
discussed later. Owing to the acoustic characteristics of the data
and the portrait extraction method, a low-complexity classifier
proved sufficient for reliable fault detection. 
2 of 5
3 Signal Portrait Formation 

The proposed approach assumes that the considered audio signal
can be viewed as oscillatory processes produced by mechanical
parts of the ICE working together. When these oscillations repeat
over time, they form patterns (oscillatory modes) described by
quasi-periodic sound waves. The shape of such a wave can be
captured by identifying its dominant peaks, and their sequence
provides a clear way to describe such oscillatory modes. 

The new approach, named Peak Detection at Cycle Boundaries
(PDCB), further assumes that oscillations can be treated indepen-
dently of the specific mechanical parts producing them. Hence, it
identifies the salient frequencies of the signal and analyses each
one separately. The fundamental frequency is considered quasi- 
constant within a fixed spectral band. Features derived from peak
distributions at these frequencies describe the system’s oscillatory 
modes and enable identification of the source. The flowchart of
the respective procedure for obtaining a portrait of oscillatory
modes based on salient frequencies is shown in Figure 1 . 

First, a discrete short-time Fourier transform is applied to 𝑋,
where 𝑥𝑡 ∈ 𝑋 is the input discrete signal, 𝑡 ∈ [1 ∶ 𝑁𝑋 ] , 𝑁𝑋 is the
number of samples with a frequency 𝑓𝑠 [ 21 ]. As a result, the
values 𝜒(𝑚, 𝑓 ) are obtained, where 𝑚 and 𝑓 are the time and the
frequency index, respectively. 

To balance the difference between large and small values, the
logarithmic compression operation Γ(𝑚, 𝑓 ) is applied to 𝜒 [ 22 ].
Next, the frequencies are converted into logarithmic intervals, 
measured in cents. The lowest reference frequency 𝜔𝑟 𝑒 𝑓 is set,
below which the signal does not contain significant features.
Then the discrete limits of the 𝑁𝐵 logarithmic intervals 𝐵( 𝜔) , for
the frequency 𝜔 ≥ 𝜔𝑟 𝑒 𝑓 are defined as [⌊( 𝜔 

𝜔𝑟 𝑒 𝑓 

)⌋, ⌈( 𝜔 

𝜔𝑟 𝑒 𝑓 

)⌉) . These
limits set the bounds for indices 𝑓, in which the sum of the
compressed values Γ is calculated. The result is the sum of the
coefficients 𝐘log (𝑚, 𝑏 ) in logarithmic intervals with indices 𝑏 ∈
[1 ∶ 𝑁𝐵 ] . Next, the spectral vector of maximal energies is obtained
as a row-wise sum 𝐹𝑚𝑎𝑥 ( 𝑏) =

∑
𝑚 

𝐘log . From it, based on local
maxima, a set of salient frequencies 𝐹 = {𝓌1 , 𝓌2 , . . . , 𝓌𝒩ℱ 

} of
length 𝑁𝐹 is determined, measured in hertz. 
Electronics Letters, 2026
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In a loop for each salient frequency 𝐹 the following is carried out.
The continuous wavelet transform 𝑌𝓌 

( 𝑡) = 𝑊𝑋 ( 𝓌 ) of the signal
𝑋 is calculated with values 𝑦𝑡 ∈ 𝑌𝓌 

for time indices 𝑡 [ 23 ]. Next,
local extrema indices 𝑒𝑖 ∈ 𝐸 are determined for local maxima 𝐸 =
(𝑡 |𝑦𝑡− 1 ⟨𝑦𝑡 ⟩𝑦𝑡+ 1 ) , with indices 𝑖 ∈ [1 , 𝑁𝐸 ] . Then, sets of differences
are calculated both for the amplitudes of the extrema 𝑚𝑗 =
𝑌𝓌 

(𝑒𝑗+ 1 ) − 𝑌𝓌 

(𝑒𝑗 ) and for the distances between the extrema
𝑑𝑗 = 𝑒𝑗+ 1 − 𝑒𝑗 , where 𝑗 ∈ [1 , 𝑁𝐸 − 1 ] . 

Among the obtained extrema, the ones with the greatest local
energy are selected. Based on the reference index 𝑘𝑙 , 𝑘𝑙 < 𝑗, the
growth rate is defined for the interval [𝑘𝑙 , 𝑗 ] as: 

𝑅 ( 𝑘𝑙 , 𝑗 ) =
𝑗 ∑

𝑘=𝑘𝑙 

𝑚𝑘 

/ 

𝑗 ∑
𝑘=𝑘𝑙 

𝑑𝑘 

Then for a fixed 𝑘𝑙 the starting points 𝑘
> 
of intervals with

sufficient growth rates are estimated as 

𝐴 (𝑘𝑙 , 𝑗 ) = {𝑘
> 
| (𝑘𝑙 < 𝑘

> 
< 𝑗 )&(𝑅(𝑘

> 
, 𝑗 ) > 𝑅(𝑘𝑙 , 𝑗 ) ) } 

For the current index 𝑘𝑙 iterations continue for 𝑗 > 𝑘𝑙 until 𝑗𝑠 𝑡𝑜 𝑝 ,
which defines the search range. It is determined empirically
based on available computational resources. 

From the obtained set 𝐴(𝑘𝑙 , 𝑗 ) the starting index of the interval
with the highest relative growth rate 𝑝 is selected, defining the
local dominant peak of the signal. After that, next index 𝑘𝑙 is
searched. The passage through 𝑘𝑙 is executed until the end of
the signal. For the resulting peak sequence of length 𝑁𝑃 , the
distributions of growth rates (𝑝𝑞 )

𝑁𝑃 

𝑞= 1 and the inter-peak distances
(𝑙𝑞 )

𝑁𝑃 

𝑞= 1 (in samples) are determined. For each 𝑝𝑞 and 𝑙𝑞 the mean
and standard deviation are computed as two-component tuples 𝑠𝑝 

and 𝑠𝑙 respectively. 

The execution ends when all frequencies 𝐹 have been processed.
Each statistical tuple is placed in a square array [𝑠𝑝 ; 𝑠𝑙 ] . These
arrays are stacked into a 3D matrix P , with the outermost layer
dimension corresponding to elements of F. 

The resulting output represents the portrait of the oscillatory
modes 𝐏 of signal 𝑋. The algorithm may continue to search
secondary, lower-energy peaks by subtracting the identified
sequence from the signal. This iterative process reveals peak
sequences across decreasing energy levels, though for the cur-
rent analysis only the uppermost, dominant oscillatory mode is
considered. 

4 EMD-Based Signal Portrait Formation 

For comparison with the PDCB algorithm, the EMD algorithm
was chosen because it extracts the intrinsic mode functions
(IMFs) with similar properties [ 12 ]. Within EMD, IMF denotes
an oscillatory component that reflects separate levels of signal
variation. It is time-dependent, representing oscillations at a
specific scale, while its instantaneous frequency and amplitude
vary dynamically with the signal. 
Electronics Letters, 2026
The EMD algorithm is the basis for the Huang-Hilbert transform
(HHT), so the results relevant for HHT are also relevant for
EMD. Accordingly, any criterion based on HHT involves the use
of the obtained IMFs. For signal portrait formation, results of
HHT/EMD comparison with other algorithms were considered 
[ 24 ]. Eventually, a similar approach to PDCB was used to obtain
comparable results and performance estimates. 

For each IMF obtained from 𝑋, local maxima are determined.
Then, local peak magnitudes and distances in-between are esti-
mated using 𝑗𝑠 𝑡𝑜 𝑝 threshold. From the obtained peak sequence, 
the matrix 𝐏emd is formed as described above. Layer indices of the
outermost dimension correspond to the respective IMFs. 

Lightweight spectral feature extraction methods were analysed 
and it was found that EMD-related features work better than
MFCC, ZCR, spectral roll-off, energy, kurtosis, and spectral 
flatness [ 25–27 ]. Also, EMD-based approach outperforms WPD-
based approach [ 28 ]. Noise injection did not improve perfor-
mance with current setup unlike in [ 29, 30 ] so it is not used in
the final experiment. 

5 Audio Signals Portraits Comparison 

Mean-squared quantitative measure of difference was used to 
compare the portraits with interpolation reducing outlier effects. 
The measure was applied to compare the datasets described above
and exhibited sufficient sensitivity for fault detection. 

The distance between signal portraits is computed as the relative
difference between the mean and standard deviation of the
compared distributions for both 𝑠𝑝 and 𝑠𝑙 . These intermediate 
differences are quadratically averaged across all matrix layers, 
each corresponding to a salient frequency (or IMF for EMD). The
resulting dimensionless measure expresses how many standard 
deviations separate the two portraits. 

Table 1 presents differences computed by the PDCB and EMD
algorithms (first and second values in each cell, respectively)
relative to average healthy portraits, grouped by model. The
left column (“Healthy”) shows maxima of distances for healthy
cases, while the right column (“Faulty”) shows minima for faulty
cases, enabling straightforward separation between normal and 
defective states. 

The results for PDCB show that the values on the left are smaller
than those on the right, forming a separation interval of at least
7 units for the same model. This allows reliable fault detection
using a simple difference-threshold classifier. Moreover, results 
demonstrated correct model assignment for healthy engines. The 
practical threshold for a healthy ICE is a difference value below
2. 

For EMD, the values on the left show stronger overlap with those
on the right, with a reduced separation interval of up to 2.6
units for the same model. This demonstrates that EMD provides
poorer class separability, confirming the superior performance of 
the proposed method. Likely the observed effect arises because
EMD uses a fixed window, ignoring data-driven cues, sometimes
generating suboptimal IMFs and reducing analysis quality [ 31 ]. 
3 of 5
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TABLE 1 Experimental results for the PCDB and EMD algorithm. 

Model 

Healthy Faulty 

S51 ETZ YZF CBR S51 ETZ YZF CBR 

S51 1.5 / 1.4 1.7 / 3.4 2.4 / 4.0 2.0 / 3.5 9.0 / 1.9 7.0 / 2.0 7.3 / 2.2 5.8 / 2.4 
ETZ 4.0 / 2.9 1.5 / 1.6 1.9 / 1.8 1.5 / 1.7 17 / 3.5 16 / 1.9 14 / 1.7 11 / 3.0 
YZF 18 / 6.1 15 / 6.8 1.4 / 2.1 2.2 / 2.9 39 / 13 18 / 5.8 17 / 4.8 14 / 9.1 
CBR 11 / 5.8 8.6 / 6.6 2.8 / 2.8 1.5 / 2.0 36 / 11 15 / 1.8 20 / 1.7 14 / 3.3 
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To support obtained results, the Naive Bayes classifier has been
applied to the features extracted by PDCB and EMD. Resulting
accuracy, as the ratio of correct predictions to all predictions, is
1.0 and 0.86, respectively. 

6 Computational Complexity Comparison 

A comparison of runtime for known algorithms is given as follows
[ 32 ]: DFT — 𝑂(𝑁2 ) ; FFT — 𝑂[𝑁 log ( 𝑁) ] ; STFT — 𝑂[𝑁 log ( 𝑁) ] ;
CWT — 𝑂(𝑆 ⋅ 𝑁 ) if the number of scales 𝑆 is constant, but it
tends toward 𝑂[𝑆 ⋅ 𝑁 log ( 𝑁) ] and, in certain implementations, to
𝑂[𝑁 lo g2 ( 𝑁) ] ; and EMD/HHT —𝑂[𝑁 log ( 𝑁) ] . Additional factors
arise in EMD from IMF search and window selection, yielding a
complexity upper bound of 𝑂[𝑊 ⋅ 𝑆 ⋅ 𝑁 log ( 𝑁) ] , with 𝑊 denoting
the window selection functions. 

For the developed algorithm, instead of enumerating all oscilla-
tory modes, salient frequencies are sorted, replacing one multi-
plier with another. This yields a complexity of 𝑂[𝐶 ⋅ 𝑁 log ( 𝑁) ] ,
with 𝐶 defined differently for EMD depending on analysis depth.
This bound is lower than that of EMD-based approaches. 

7 Conclusion 

A resource-efficient PDCB-based approach has been presented
that exploits dominant salient-frequency peaks for characterising
oscillatory modes in acoustic signals. Peak sequences are obtained
by estimating intervals with maximal relative energy in local
segments, enabling the construction of compact signal portraits
suitable for low-complexity analysis. Experimental evaluation
of motorcycle ICE recordings confirms the effectiveness of the
proposed method for fault detection, where a simple difference-
threshold classifier reliably separates healthy and faulty operating
conditions. Compared with EMD-based methods, the proposed
approach provides higher discriminability, reduced sensitivity
to edge effects, and a computational complexity, making it
well suited for condition monitoring of moving machinery on
resource-constrained platforms. 
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