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Abstract:

The paper presents the course of investigations and the analysis of the possibility of applying selected methods of time-
frequency processing of non-stationary acoustic signals in the assessment of the technical condition of tram drive
components, as well as a new combined method proposed by the authors. An experiment was performed in the form of
a pass-by test of the acoustic pressure generated by a Solaris Tramino S105p tram. A comparative analysis has been
carried out for an efficient case and a case with damage to the traction gear of the third bogie in the form of broken
gear teeth. The recorded signal was analyzed using short-time Fourier transform (STFT) and continuous wavelet
transform (CWT). It was found that the gear failure causes an increase in the sound level generated by a given bogie
for frequencies within the range of characteristic frequencies of the tested device. Due to the limitations associated
with the fixed window resolution in STFT and the inability to directly translate scales to frequencies in CWT, it was
found that these methods can be helpful in determining suspected damage, but are too imprecise and prone to errors
when the parameters of both transforms are poorly chosen. A new CWT-Cepstrum method was proposed as a solution,
using the wavelet transform as a pre-filter before cepstrum signal processing. With a sampling rate of 8192 Hz, a db6
mother wavelet, and a scale range of 1:200, the new method was found to infer the occurrence of damage in an
interpretation-free manner. The results were validated on an independent pair of trams of the same model with iden-
tical damage and as a reference on a pair of undamaged trams demonstrating that the method can be successfully
replicated for different vehicles.
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1. Introduction

In the operation of machinery one of the most effec-
tive and at the same time economical methods of di-
agnosis is the analysis of technical condition on the
basis of vibroacoustic signal processing. This term
is understood as time realization of phenomena of
wave character, representing mechanical and acous-
tic vibrations which are accompanying processes
(Cempel, 1992). Variability of signals in time within
a wide frequency band constitutes a large infor-
mation resource, sensitive to any changes in the sys-
tem, including the occurring damages. At the same
time the available methods of the vibroacoustic sig-
nal acquisition allow to obtain it in a non-destructive
way and without disturbing the operation of the de-
vice (Randall, 2011). These methods allow for both
diagnosis of devices, whose work in the standard cy-
cle of exploitation is characterized by the occurrence
of vibration, e.g. rotating machines (Bouaouiche et
al., 2023; Chen et al., 2016; Jatowiecki et al., 2021;
Shim et al., 2021), but also with the use of appropri-
ate excitation also of elements which do not generate
vibrations during normal operation, e.g. composite
housing elements (Katunin et al., 2015; Mokrzan et
al., 2021), beams or turbine blades (Milewicz et al.,
2021).

Most of the physical systems occurring in reality are
characterized by non-linearity, which meet the as-
sumptions of linearity only in the case of vibrations
with low amplitudes. As a result, most of the signals
recorded and processed during the operation of ma-
chines and vehicles are non-stationary. This non-sta-
tionarity does not have to result from the assumed
initial non-linearity of the system. It can change over
time, as exemplified by the effect of emerging de-
fects in the technical equipment on the recorded sig-
nal. Each stage of use of a technical device is af-
fected by defects that impact the signals of processes
occurring during the operation of the machine, rang-
ing from imperfections during design and manufac-
ture to failures caused by overuse. In addition, the
very nature of the technical object's operation may
be non-stationary, e.g., variable speed during use or
variable speed of movement (Randall, 2011).

The problem of non-stationary signal processing
is also related to vibroacoustic diagnosis of rail ve-
hicle components (Mokrzan & Szymanski, 2021). It
results both from the nature of damage and the cho-
sen method of testing and measurement. In the first
case, the aim is to identify not only the damage form,

but also its location. Traditional stationary methods
of signal analysis, including Fourier analysis, are in-
sufficient in this case (Huang et al., 1998; Mandic et
al., 2013). An example would be the identification
of flat spots in the wheel of a rail vehicle. Using the
frequency spectrum of the signal and their combina-
tion may be sufficient to determine that such a phe-
nomenon occurs (Nowakowski et al., 2019). How-
ever, simultaneous time domain analysis is required
to pinpoint the exact location of the damage (Liang
et al., 2013). This implies the use of non-stationary
signal analysis methods. Analogous difficulties oc-
cur in the case of selected methods of vibroacoustic
signal acquisition.

Among non-stationary signal analysis methods,
time-frequency methods are characterized by high
efficiency. They allow simultaneous decomposition
of the signal in time and frequency, which makes it
possible to determine the nature of damage and its
localization at the same time (Mokrzan & Szy-
manski, 2021).

One of the most important issues in the development
of sustainable transport is the early detections of oc-
currence of damages which may affect the environ-
ment (Milewicz et al., 2023). This paper will analyze
the possibility of using two time-frequency analysis
methods - short-time Fourier transform (STFT) and
continuous wavelet transform (CWT) in identifica-
tion of occurrence and location of damage of drive
system of selected rail vehicle in pass-by test. In ad-
dition, as a proposed solution to the limitations of
these methods, a proposal for a new combined
method will be presented, using both the method of
analyzing non-stationary signals - wavelet trans-
form, as well as the method of analyzing stationary
signals - cepstrum.

2. Vibroacoustic signal processing

2.1. Signal stationarity criterion

To determine the stationarity of the process it is nec-
essary to know the mean value described by equa-
tion (1) and the correlation function expressed by the
relation (2).

N-1
1
my(t) = lim ~ ) si(t), ®
k=0

Ryt ts +0) = lim L3N sk (82) - s (6 + D)
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The stochastic process {s(t)} can be non-stationary
or stationary in a broader sense (weakly stationary)
and in a narrower sense (strictly stationary). It is de-
fined as non-stationary if its mean values and auto-
correlation function are time dependent. A process
is stationary in a broader sense (weakly stationary)
when the values of the function ms(t1) i Rs(tz, t1+7)
do not depend on time t. In practice, this means that
the mean value of weakly stationary processes is
constant, and the autocorrelation function depends
only on the shift <, ie. ms(t))=ms and
Rs(ta,t1+7) = Rs(7).

If for the stochastic process {s(t)} an infinite set of
higher order and combined moments can be calcu-
lated and if all possible moments and combined mo-
ments do not depend on process time, then the pro-
cess {s(t)} is called strictly stationary or stationary
in a narrower sense.

If statistical functions are used to describe the sto-
chastic process, i.e., the mean value written in the
form of relation (3) and the autocorrelation function
(4), then if the random process {s(t)} is stationary
and the values ms(k) and Rs(z,k) determined by for-
mulas (3) and (4) are the same for different random
functions, then such a random process is called er-
godic. If the signal is ergodic then on the basis of
analysis of one realization one can infer the whole
population of realizations.

m(k) = lim ~J se(®at, 3)
Ry(z,k) = lim 1y sk(®) - st + D, &)

The analysis of relations (1) to (4) leads to the con-
clusion that ergodic processes are a special case of
stationary processes (Park, 2018).

2.2. Cepstrum

Cepstrum is one of the methods of stationary fre-
quency analysis. It is one of the older methods of
signal processing, having been developed two years
before the first FFT algorithm was created (Bogert
et al., 1963). Cepstrum was defined in 1963 by
Bogert, Healy and Tukey. The word is an anagram
of the word spectrum to justify its origin from tradi-
tional Fourier analysis. Three forms of cepstrum are

used in signal analysis: complex (Eq. 5), power (Eq.
6) and real (Eq. 7).

Cc(@) = FH{In(A(f) + ip(f)} ()
Cp(m) = F7H{2In(A(N))} (6)
Cr (1) = F~H{In(A(f))} U]

where A(f) is the amplitude spectrum of the signal,
ip(f) is the phase spectrum of the signal, and F is
the inverse form of the Fourier transform (Randall,
2017).

From the equations presented, it follows that the
composite form of the cepstrum contains infor-
mation about the phase of the signal. Thus it allows
to fully reproduce it. The real and power forms of
the cepstrum are devoid of this dependence. Analyz-
ing equations (6) and (7) it can be deduced that one
is a scaled version of the other.

The cepstrum method consists in subjecting the an-
alyzed signal to the Fourier transformation, thanks
to which a frequency representation is obtained,
which is then transformed to a logarithmic scale.
This result is then subjected to Inverse Discrete Fou-
rier Transform (IDFT) in case of sampled signals.
Successive values on the ordinate axis of the wave-
form can be interpreted as units of time, while values
on the cut-off axis are related in some way to the au-
tocorrelation and the fundamental tone can be deter-
mined from them. Cepstrum can be defined as infor-
mation about the rate of change in the frequency
bands of the frequency spectrum of the analyzed sig-
nal (Randall, 2017).

Despite its age, Cepstrum is one of the less known
and less used signal processing methods in terms of
machine diagnostics. Randall believes, however,
that the capabilities of the method have not yet been
fully exploited and it is potentially amenable to fur-
ther development (Randall, 2017).

2.3. Time-frequency methods

One approach to analyzing non-stationary signals is
to use methods that use joint time-frequency (t/f)
representations of the signals (Joint Time-Frequency
Analysis, JTFA) (Mokrzan & Szymanski, 2021). A
graphic example of such a combined representation
compared to time and frequency domain representa-
tions is shown in Fig. 1.
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The summary of characteristics shown in Fig. 1 vis-
ualizes the differences between the time, frequency,
and time-frequency representations of the signal.
The diagnostic usefulness of the latter is also clearly
visible. Analyzing only the overall spectrum of the
signal it is difficult to obtain feedback suitable for
making diagnostic inferences - it is difficult to dis-
tinguish possible dominant components. Using
JTFA such information is obtained - signal is non-
stationary, characterized by single dominant fre-
quency component, which undergoes phase shift
with time. Such unambiguously formulated signal
description allows to use it for precise diagnostic in-
ference.

2.3.1.Short-time Fourier transform

Short-time Fourier transform can be defined as sub-
jecting to spectral analysis, using FFT, short signal
sequences treated as quasi-stationary. The division
of the input signal into successive analyzed seg-
ments is realized using a technique called moving
window. Representation of the spectra obtained in
this way on a single characteristic allows to obtain
time-frequency representation of the analyzed pro-
cess called spectrogram. STFT can be defined by the
following equation 8 (Szymanski et al., 2017).

o5}

STFT[x,,(t,7)] = fw(t,r)x(t)-e‘iznftdt (8)
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Fig. 1. Comparison of signal representation in time, frequency and time-frequency domains (Zhu et al., 2012)

where: x(t) — representation of the analyzed input
signal in time domain, ¢ — position of the moving
window in the time domain, xw(t,z) = w(t-7)x(t) — ex-
tracted analyzed data segment.

Thus, the STFT result can be interpreted as a se-
quence of spectra determined for shorter, local time
fragments. The advantages of this method include
short computation time required to determine the
spectrogram, the requirement of negligible compu-
tational power and constant resolution over the en-
tire spectral range. Moreover, the use of STFT for
signal interpretation can be assessed as easy and in-
tuitive compared to other methods. The major disad-
vantages of this method include the inability to sim-
ultaneously obtain high window resolution for time
and frequency (Heisenberg indeterminacy princi-
ple). It is possible to minimize the negative effects
of this limitation by using the overlapping method,
which consists in partial overlapping of the analyzed
signal segments. As a result, increased resolution in
time domain is obtained without the necessity of its
decrease in frequency domain (Szymanski et al.,
2017).

2.3.2.Wavelet transform

In order to effectively analyze the spectral properties
of non-stationary signals, there is a need to look at
them over a sufficiently wide and traversable inter-
val. This requirement can be formulated as the need
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to use windows that automatically narrow when an-
alyzing high frequencies and analogously expand
when analyzing low frequencies. These properties
are possessed by wavelet-based integral transforms
through the use of scaling (Batko & Zidtko, 2002).
In the wavelet transform, the wavelets are called
mother functions. These can be any functions. Ap-
plication of this wavelet enables use of FFT proce-
dure in processing, as a result accelerating computa-
tion process. The form of the result depends on
adopted mother functions, that is why the essential
process of signal analysis is adequate selection of
wavelet (Komorski et al., 2018).

There are two forms of wavelet transform - continu-
ous and Discrete Wavelet Transform (DWT). CWT
can be defined by equation 9 (Newland, 1997).

CWTy(a, b) =\/ia Tox(t)-w* (%) dt  (9)

where: ¥(t-r) — mother function, x(t) — continuous
signal in the time domain, a — scale parameter, b —
shift parameter (place), ¥* — coupling of functions
Y(t-7)

The continuous wavelet transform can be repre-
sented as the sum over all time of a signal multiplied
by ascaled, shifted version of the wavelet. The result
of this process is the determination of so-called
wavelet coefficients, which are a function of scale
and shift. The described type of analysis can be com-
pared to filtering with constant relative bandwidth
Aflfs. The position of the filter on the time-scale rep-
resentation is determined by the scale and shift pa-
rameters (a, b). As one moves toward higher fre-
quencies, the bandwidth of the analysis increases
while the resolution of the analysis in the frequency

domain decreases, while the resolution in the time
domain increases in turn. This feature is potentially
useful for simultaneous analysis and observation
with different time step of processes characterized
by fast variability and large amplitudes of frequency
components, e.g. valve operation, combustion pro-
cess and similarly slow-variable low-frequency pro-
cesses. The difference between the scaled windows
characteristic for the WV transformation and the
windows with constant resolution characteristic for
the STFT transformation are shown in Fig. 2. The
disadvantages of the described method include de-
pendence of the result form on the assumed basis
function and not always intuitive interpretation of
the graphic result. (Rhif et al., 2019).

Computing wavelet coefficients for every possible
scale (the scale domain is continuous) requires a
large amount of work and computational time while
generating a large volume of data.

The solution is to limit the subset of scales and posi-
tions for which calculations will be performed (scale
domain is discrete). In order to increase the accuracy
of the calculations, scales and positions based on the
power of two are used, so called dyadic. For this pur-
pose four wavelet filters are applied: high pass and
low pass and their equivalents for the Inverted Dis-
crete Wavelet Transform (IDWT). The result of the
described actions is the separation of the signal into
two wavelet coefficients, the first cA with a large
scale value describing the approximation component
A, and the second cD with a smaller scale value rep-
resenting the detail component D. IDWT filters are
used to reconstruct the original signal based on cA
and cD (Jaworek et al., 2001). A block diagram of
the execution of the DWT and IDWT process is
shown in Figure 3.

Frequency

Time

(a)

Time
(b)

Time
(c)

Fig. 2. Comparison of window formation between FFT (a), STFT (b) and WV (c). (Kehtarnavaz, 2008)
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Fig. 3. Discrete wavelet transform of DWT and inverse wavelet transform of IDWT. HiFD - DWT high-pass
filter, LoFD - DWT low-pass filter, HiFR - IDWT high-pass filter, LoFR - IDWT low-pass filter.

(Jaworek et al., 2001)

Comparing DWT and CWT, it can be concluded that
the discrete form of the wavelet transform is useful
for decomposition and selective reconstruction of
the studied signal in the whole range of analysis. The
continuous form of this transform is evaluated as
particularly predestined for the study of internal pro-
cesses of the machine, the manifestation of which is
the local variation of the informational variation of
external vibroacoustic phenomena, not only limited
to the time domain (Batko & Zidtko, 2002).

3. Related work - use of cepstrum and JTFA
methods in vibroacoustic diagnostics of ma-
chinery and vehicles

Despite its age, cepstrum has never achieved such a

wide application in machine diagnostics as the FFT

algorithm developed later. Experiences with its use
so far, however, give reasons to believe that this
method is effective and susceptible to further devel-
opment. This is indicated, among other things, by
the fact that the cepstrum is the subject of continuous
research and the resulting publications (Randall,

2017). One of the earliest described applications of

the cepstrum is presented in (Randall, 1975). It was

used to identify the spacing between the sidebands

(and thus between the carrier frequencies) of a vibra-

tion signal spectrum from a gearbox, in order to pos-

sibly identify anomalies in the overlapping. In

(Sapy, 1975), cepstrum was shown to be more effec-

tive than spectrum in determining the absence of

blades in a steam turbine. The possibility of using
cepstral analysis in the interpretation of an acoustic
signal was demonstrated, the pressure in each cylin-

der was determined from the sound generated by a

diesel engine (Lyon & Ordubadi, 1982). In a later

study, an attempt was made to solve the problem of
limiting the cepstrum to stationary signals. A step-
wise analysis was performed, the vibration signal in
time was divided into smaller sections, each of
which was processed separately using the cepstrum,
which made it possible not only to find damage in
the gearbox but also to localize it (Badaoui et al.,
2001). There are also recent publications indicating
that cepstrum is developing, e.g. an algorithm to im-
prove rolling bearing damage detection (J. Guo et
al., 2021), as well as detecting wear positions of the
rotor and stator in the turbine (Yu et al., 2022). In
rail vehicle applications, recent research has demon-
strated the effectiveness of cepstrum in detecting flat
spots on wheel rolling surfaces (Baasch et al., 2021;
Shim et al., 2021). Cepstrum was used to remove the
effect of transfer function from gear transmission er-
ror in operational modal analysis (Lu et al., 2022).
Especially, the geometric profile error and stiffness
profile, with high resolution, are successfully sepa-
rated. An example of using the cepstrum method is
also presented in the paper (Kim et al., 2021), where
it served as an extension of the empirical wavelet
transform in planetary gear diagnostics. For this pur-
pose, the vibration signal was decomposed using
empirical wavelet filters designed based on the
smoothed spectrum from cepstrum analysis. In the
paper (Jiang et al., 2021) cepstrum was used to ex-
tract the impact features of rolling bearing defects.
This method has also been used in economics to pro-
vide evidence that inflation targeting has indeed re-
duced inflation volatility (Antonakakis et al., 2021).
Adaptive time delay estimation method for broad-
cast audio based on power cepstrum is another ex-
ample (Tang et al., 2020).
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The short-time Fourier transform is used in diagnos-
tics of machines and machine components, espe-
cially in non-stationary operating states, e.g. for
evaluating the technical condition of the rotating
machines and rolling elements (Cocconcelli et al.,
2012; Liu et al., 2020; Lopez-Ramirez et al., 2016;
Ouamara et al., 2023). STFT is used in rail vehicle
diagnostics. (Komorski et al., 2018) presents the
idea of wheel-flats detection by acoustic signal pro-
cessing using JTFA methods. The noise generated
by a passing tram with an efficient running system
and a tram with wheel-flats at three different running
speeds was measured. STFT was then used to per-
form a time-frequency analysis and from this, spec-
trograms were generated and frequency bands sensi-
tive to the flat spot contact with the rail were identi-
fied.

In (Tatara & Kozuch, 2016) an attempt was made to
experimentally analyze vibrations generated during
the passage of Pendolino EMU 250 trains. The
measuring ground was made up of seven vibration
transducers located at different distances from the
track. The signal of vibrations caused by passing
was analyzed in frequency domain using FFT and
time-frequency domain STFT. The authors con-
cluded that the decomposition of the vibration signal
in the vicinity of the railroad using STFT enables the
analysis of the technical condition of individual
passing rolling stock components. Observation of
the time-frequency map allows determination of
time windows associated with specific vehicle com-
ponents and makes it possible to detect, for example,
damage to a wheelset if it generates vibrations larger
than the others.

One of the most popular alternatives to STFT is the
wavelet transform, both in continuous and discrete
form. Its effectiveness in terms of vibro-acoustic di-
agnosis has been proven during tests for basic ma-
chine components such as bearings (Li et al., 2022;
Zhao et al., 2023), transmission elements (Dai et al.,
2022; Majeed et al., 2023), rotating machines (Saini
et al., 2022) or combustion engines (Wu & Chen,
2006). CWT is considered a more effective tool for
the analysis of non-stationary signals. Despite its
longer computational time, it enables multi-resolu-
tion analysis, thus solving the problem of the fixed
resolution of the STFT limiting window (Akansu &
Haddad, 2001; T. Guo et al., 2022).

Wheel-rail contact issues are an important topic in
the field of driving safety and are one of the key is-
sues considered by many researchers (Jacyna et al.,
2014; Ortiz et al., 2018; Staskiewicz & Firlik, 2018).
One such issue is the occurrence of wheel slippage.
Reasons for its occurrence may be, among others,
the appearance of "wheel-flats" on the wheel, dam-
age to the rail surface or braking (Iwnicki et al.,
2019). When slippage occurs, longitudinal vibra-
tions appear in relation to the contact line. This can
lead to excessive loads and expose the wheel to
polygonization (Johansson & Andersson, 2005).
On the basis of the literature analysis, it was con-
cluded that while the described signal processing
methods have been successfully used in a number of
cases related to the diagnostics of machine compo-
nents, their implementation in the assessment of the
technical condition of rail vehicle components, es-
pecially drive systems, is still in the development
stage. In particular, there is a lack of comprehensive
methods enabling non-invasive diagnostics during
standard vehicle operation.

The research described in this article was aimed at
developing an original method of vibroacoustic sig-
nal processing that fits within the above described
niche. Acoustic pressure analysis in pass-by test was
chosen because of its simplified acquisition to vibra-
tion signal during standard operation of rail vehicles.
Moreover, the justification for the chosen diagnostic
parameter is the possibility of later practical use of
the method. A single station for sound analysis of
the moving vehicle would be easier to use in relation
to each time the vibration transducers need to be
placed in the vehicle.

4. Methodology and research objective

The study was conducted using the basic assump-
tions of a passive experiment . The parameters of the
recorded acoustic signal were observed without
prior knowledge of the technical condition of the ob-
ject. The investigators also had no possibility to con-
trol the object, including the way of its movement
and speed.

The measurements were performed in favorable
weather conditions, without precipitation. The tem-
perature was between 11 and 13 degrees Celsius, the
atmospheric pressure was 1 020 hPa, and the wind
speed did not exceed 5 m/s.

Sound pressure measurements were conducted from
the track position in a pass-by test. A microphone
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matrix consisting of 9 microphones (M1-M9) was
used to measure sound pressure. The use of matrix
measurements was justified by the fact that the anal-
yses performed in this paper represent a section of a
broader study focusing, in addition to the develop-
ment of new signal processing methods, on the anal-
ysis of the location of measurement points. The lo-
cation of the microphones depended on the geome-
try of the tram running system (scheme in Fig. 4).
Recording began before the test tram entered the
measurement cross-section and ended after it left.
The sampling frequency was 65 536 Hz. This al-
lowed the acquisition of the signal in the full range
of frequency recorded by the microphone. The exact
time the vehicle passed the measurement point was
determined using photoelectric sensors. The actual
location of the measurement matrix is shown in
Fig. 5.

The research was carried out in the Franowo tram
depot in Poznan. The location of the measurement
point within the depot is shown on the map in Fig. 6.
The research was conducted for vehicles running on
track no. 32 as it was the track on which the trams
going down for maintenance passed. The object of
the research was a low-floor Solaris Tramino S105p
produced by Solaris Bus & Coach and operated by

Note:

The distance between successive

microphones is 100 mm

700 mm M7 &——

Miejskie Przedsigbiorstwo Komunikacyjne w Poz-
naniu Sp. z 0. 0. The structural diagram of the So-
laris Tramino S105p tram is shown in Fig. 7.

Basic technical parameters of Solaris Tramino
S105p tram are presented in Table 1.

It is a fully low-floor, articulated tram intended for
one-way traffic. It is one of the basic vehicles used
by the city operator. Thanks to that, the number of
rolling stock was ensured at a level making it possi-
ble to conduct the experiment

A modular measuring apparatus was utilized to carry
out the study. In the measurements, a condenser ma-
trix microphone type B&K 4958 was used, which
was also intended for measurements of non-station-
ary signals, i.e. those which were to be acquired dur-
ing the experiment. They allowed registration in the
frequency band of 20-20 000 Hz. A pair of BX15M-
TDT photoelectric sensors was used to record the
moment the trams passed the measuring station. To
record and archive the signals, we used a PULSE
9727 system with a B&K 3560C data acquisition
module enabling lossless, synchronous recording of
signals in all channels in the band from 0 to 25.6 kHz
(at a sampling rate of 65 536 Hz).

Control of the measurement apparatus and data re-
cording were performed using a personal computer
equipped with BK Connect 2018 software.

MEASUREMENT

M1
M2 &——
M3 &—
M4 &—
M5 &——
M6 &—

L ]
»
»

900 mm

TRACK

»
>

M8 &——

180mm

TRACKBED

Fig. 4. Test stand scheme [own elaboration]
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Fig. 6. Test site. Pictogram - measurement stand, red line - track no. 32, on which the tested trams were
running [own elaboration based on ©Google Maps 2022]
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Fig. 7. Construction diagram of the Solaris Tramino tram S105p (Solaris Bus & Coach Sp. z. 0. 0., 2017)
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Table 1. The selected technical parameters of the Solaris Tramino S105p

Total length 32026 mm
Width of car body 2 400 mm
Internal width of car body 2195 mm
Height with pantograph folded 3760 mm
Number of sections 5

Number of bogies 3

Track width 1435 mm
Diameter of new wheels 620 mm
Diameter of worn wheels 540 mm
Floor height above rail head 350 mm

5. Analysis and signal processing

The analysis of the obtained data was carried out
with the use of the BK Connect program, which is a
software dedicated to operating the measuring
equipment of Brilel & Kjar. Based on the measure-
ment cards prepared during the experiment, the
measurements subject to further processing were se-
lected. Tram passes that were accompanied by inter-
ference that could influence the final results, e.g.
during the simultaneous passage of another vehicle
on the adjacent track, or during a freight train pas-
sage at the nearby freight station Poznan Franowo,
were rejected. The rolling stock list was then sent to
the operator with a request to indicate whether any
of the examined trams had a defect in the drive sys-
tem, and if so, what kind it was.

Based on the data from the operator two pairs of
trams were chosen. The trams in the pair travelled at
identical speeds, one was operational and the other
had damage in the transmission system. In both
cases the damage was of similar nature and was lo-
cated in the traction gear on the third bogie.

The analysis was conducted for the first pair. First,
the possibility of using STFT to detect the damage
was evaluated. Then the analogous step was per-
formed for CWT. In the last step, the feasibility of
using a combined CWT-Cepstrum method was ana-
lyzed.

The second pair was used to validate the combined
method to verify if it is possible to repeat its success-
ful use on other vehicles.

5.1. Preliminary analysis of signals in the time
domain

First, a diagnostically useful signal was extracted
from the measurements made. For this purpose, the
simultaneous recording of the acoustic signal from
the microphones and the voltage magnitude from the
photoelectric sensor was used, which recorded the
voltage of 5 V at the moment of circuit interruption
caused by the passage of the tested vehicle. In this
way, the acoustic signals obtained could be limited
only to the moment of passing and thus determine
the vehicle speed and the location of the gear and
drive systems.
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Fig. 8. Signal selection using measurements from a photocell
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As a result of cooperation with the operator, two
pairs of trams were selected for further analysis - the
first pair with serial numbers 543 and 555, the sec-
ond pair with serial numbers 533 and 556. Trams
No. 533 and 543 were undamaged, while in the case
of 555 and 556 damage was found in the traction
gear of the third bogie in the form of broken teeth.
The presented paper focuses only on the signal pro-
cessing methods themselves, omitting the analysis
of the location of measuring points. Therefore, the
acoustic pressure recorded by the central micro-
phone of matrix #5 located at a height of 580 mm

543 -
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from the upper limit of the substructure was selected
for further study. The main part of the research is
conducted in this paper on the pair 543-555. Its time
course of the recorded sound pressure is shown in
Fig. 9.

To evaluate the stationarity of the signals, we used
the evaluation of the correlation of the signal with its
successive shifted forms according to equation 2.
The course of the autocorrelation as a function of
shift is shown in Figure 10.
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Fig. 9. Time course of sound pressure for 543 and 555 vehicle passes
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Analyzing the characteristics in Fig. 10, one finds a
low correlation of the signal with respect to its
shifted version, both for the efficient and damaged
case. While for tram 543 a recurrent increase in au-
tocorrelation can be observed for some shift values
(lag for n~2 400, 13 500, 26 000) resulting from su-
perposition in the signal of moments of passing the
measuring station by the bogies of the tested vehi-
cles, in the damaged case no periodicity in the level
of correlation can be found. This allows us to con-
clude that in the analyzed case the autocorrelation
depends on time, which means that the conditions of
signal stationarity are not met and methods dedi-
cated to non-stationary signals should be used.
Based on the length of the tested vehicles known
from the diagram in Fig. 7 and the time of occur-
rence of 5 V voltage on the signal from the photo-
cell, it was possible to estimate the vehicle speed ac-
cording to equation 10.

=l (20)
t

where:

Vi— average speed of the tested vehicle [m/s]

Lt — length of tested vehicle [m]

t — obstacle detection time on photoelectric sensor

[s]

The obtained speed is an average speed, as small ac-

celerations or decelerations may have occurred

while passing the measurement point.

In order to analyze the technical efficiency of the

tested drive systems, the characteristic frequencies

of their individual components had to be determined.

On the basis of the known speed of the individual

vehicles and the extreme values of the wheel diame-

ter as given by the manufacturer, their rotational fre-

quencies were determined in accordance with equa-

tion 11.

Vi

fr‘”wheel = T-d 11)

where:

Vi — average speed of tested vehicle [m/s]

d — wheel diameter [m]

The frequencies of the wheels are simultaneously
represented by the frequencies of the shaft on which
they are arranged.

The next stage of the drive testing was to determine
the technical parameters and characteristic frequen-
cies of the traction gear of the Solaris S105p tram.
According to the technical documentation, it is a
two-stage transmission consisting of five gears - two
bevel gears and three straight gears arranged in three
kinematic pairs. The number of teeth in each wheel
was: z1= 14, 2,=27,23=19, z4=51, z5= 66.

In order to determine the characteristic frequencies
of the remaining shafts, the gear ratios should be cal-
culated using equations 12-14.

245

ls1 = Z ) Zs 7a (12)
o=kt

ls2 = Z3 Z4 (13)
. Z5

lg3 = Z (14)

where isn — ratio on n shaft.

Knowing the ratios of the individual shafts, their ro-
tational speeds were determined according to equa-
tion 15.

frotsn =lsp * frot$4 (15)

where frotsn — rotational speed of n shaft.
Next, the meshing frequency of individual gears was
determined in accordance with equations 16-17.

fa= frotsl-zl = fz (16)
fz3 = fr0t52-23 = foa = fos (17)

where f.— gear meshing frequency n.
The results of the characteristic frequency calcula-
tions are shown in Table 2.

Table 2. Characteristic frequencies of kinematic pairs of transmissions in selected analyzed pairs of vehicles

Pair Speed [km/h] Wheel meshing frequency Wheel meshing frequency
1-2 [Hz] 3,45 [Hz]
Unworn Worn Unworn Worn
555(D)-543 23.7 317 364 223 256
556(D)-533 214 286 329 201 231
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By analyzing Table 2, it can be concluded that the
range of characteristic frequencies for the first pair
is in the set <223 Hz; 364 Hz>, and for the second
pair in the set <201 Hz; 328 Hz>. The determined
characteristic frequencies were further used to inter-
pret the time-frequency maps and the CWT-
Cepstrum method for the individual tested vehicles.

5.2. Time-frequency analysis using STFT

The main stage of analysis of the recorded acoustic
signal was its decomposition in the time-frequency
domain. The aim of this action was primarily to lo-
cate in the studied characteristics of the sources of
noise generated by individual elements of the three
bogies. The STFT described by equation 8 in dis-
crete form was used. In accordance with the
Nyquist-Shannon theorem, the sampling frequency
used allows for analyzing the signal in the frequency
band of 1-25 kHz, while the range of microphones
used was 1-20 kHz. Due to the determined charac-
teristic frequencies, the frequency band was limited
to 1.6 kHz. The next issue considered was the size
of the window under study. The analysis was per-
formed using a Hannig window and exponential

553 - Undamaged

\

640 Hz-65dB

<223 Hz; 364 Hz>

~ 555 - Damaged
[s] (Relative Time

640 Hz—-82dB
<223 Hz; 364 Hz>

400 600

[Hz]

800
[Hz]

spectrum averaging. The window size was 2 Hz in
the frequency domain and 500 ms in the time do-
main with an averaging time of 166.7 ms. A com-
parison of the spectrograms for the case of an oper-
able vehicle (543) and with a damaged traction
transmission in the third bogie (555) is shown in
Fig. 11.

The tram with rolling stock number 543 was moving
at a speed similar to that of tram number 555, thus a
comparative analysis of the acoustic signal in the
range of characteristic frequencies can be carried
out. In the signal of the third bogie of the vehicle 555
with a potential transmission failure, the appearance
of additional harmonics with high amplitudes is vis-
ible, which are not present in the other bogies or in
the third bogie of the tram 531. The appearance of
such components indicates a malfunction in the
transmission system (Nowakowski, 2020). An in-
creased sound pressure level is also observed at 308
Hz (18 dB difference with respect to the undamaged
one), which is within the characteristic frequency
range. In addition, increased sound was observed at
640 Hz and 964 Hz (difference of 17 dB and 19 dB,
respectively, relative to the intact).

Bogie #3

Bogie #2

964 Hz-55dB

Bogie #1

Bogie #3

Bogie #2

Bogie #1

-50

1k 1.2k 1.4k 1.6k

Fig. 11. STFT analysis of acoustic signal for undamaged vehicle 543 (top) and with damaged third bogie

555 (bottom) - sound level dB SPL
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The above observations allow us to conclude that
STFT can be helpful in terms of damage detection
and localization. However, one should keep in mind
the limitations associated with the fixed window res-
olution. Attempting to obtain more precise infor-
mation in the frequency range will result in a loss of
quality in terms of damage location information.
More precise localization will result in a loss of
quality in the frequency domain, harmonic bands
may change. Therefore, this method should be
treated as a qualitative aid in determining suspected
damage.

5.3. Time-frequency analysis using CWT
Limitations in the use of the STFT have necessitated
the development of alternative methods for pro-
cessing non-stationary signals. One of them is the
wavelet transform, which uses mother wavelets as
the kernel of the transform. Their number to use is
infinite, moreover they can be scaled and shifted
which determines their high potential in time-fre-
quency signal processing. This is at the same time a
disadvantage, changing the wavelet used or altering
its attributes can produce different results, making
subsequent interpretation difficult. The different
way of forming windows in WV should also be
taken into account. Unlike the fixed-dimensional
STFT windows, with the wavelet transform the win-
dows are automatically scaled as shorter for lower
frequencies and longer for higher frequencies. This
allows the signal to be interpreted from a different
perspective, time-scale (scalogram) instead of time-
frequency (spectrogram). Figure 12 shows a com-
parative analysis of the scalograms for an operable
vehicle (543) and a vehicle with a failed traction
transmission in the third bogie (555). A db6 wavelet
was used at a sampling rate of 8192 Hz.

The time-scale characteristic presented in Fig. 12 is
visibly different from the time-frequency character-
istic obtained with the use of STFT. Another method
of window formation and the mother wavelet used
revealed in the instantaneous signal lasting 0.1 sec-
onds significant increases in the sound level in a
wide range of scales. They result from registering in
the acoustic signal the moment of the wheel sets'
overrun on the rail joints. The scale parameter does
not simply translate into the frequency of the signal.
It is not possible, however, to simply analyze the
scalogram in the frequency range of the characteris-

tic gears. There is, however, an approximate rela-
tionship between scale and frequency using the cen-
ter frequency of a given mother wavelet. Due to the
approximation, the obtained value is called
pseudofrequency and is described by equation 18
(Prieto-Guerrero & Espinosa-Paredes, 2019):

.
= 18
o=~ (18)
where:
Fa — pseudofrequency corresponding to the adopted
scale [Hz]

Fc — center frequency of the mother wavelet [Hz]

a — scale parameter

A —sampling period

Equation 18 shows that the relationship between
scales and frequency is inversely proportional i.e. as
the scale increases, the corresponding pseudofre-
quency decreases. After conversion, the range of
scales analyzed was limited to the set <17;26>. The
transformation into pseudofrequencies correspond-
ing to particular scales is presented in Table 3.

The range of scales shown in Table 3 does not di-
rectly coincide with the calculated characteristic fre-
quencies shown in Table 2. This is because attempt-
ing to expand the set will cause the characteristic fre-
quencies to go beyond the set limits.

Figure 12 shows an increase in sound level for the
range of scales from 10 to 21 for the third bogie of
the damaged vehicle. This increase does not occur in
the functional vehicle. The set of scales <10;21>
overlaps partially with the set <17;26> which means
that an increase in the sound level due to transmis-
sion damage is observed in the characteristic fre-
quency range. For scale 17, the sound level is about
105 dB SPL with the damaged case compared to 91
dB SPL with the undamaged case.

Based on the above observations, it can be con-
cluded that CWT can be helpful in terms of damage
detection and localization. However, it is not a per-
fect method. The difficulty is that there is no direct
relationship between the scale domain and the fre-
quency domain. Only an approximated transfor-
mation of the scales to the corresponding pseudofre-
quencies associated with the center frequencies of
the applied mother wavelets is possible. Thus, this
method should be treated as a qualitative one indi-
cating the possibility of damage.



Mokrzan, D., Nowakowski, T., Szymanski, G.M.,
Archives of Transport, 68(4), 55-75, 2023

69

543 - Undamaged [dB SPL]

ywv

>

200
: \

160 ‘

I

Bogie #1

Wheelset running
over rail joints \ ”

ﬁﬂrl'l'\ﬂ

Scales
=
3

tis)

'\" ‘I‘ |"

/ l

Bogie #2

Wheelset running
over rail joints |

t‘ i ‘ll | \&l‘

25 3 35 4

Bogie #3

555 - Dama ed dB SPL

?ZZ \”W w | 'H| ”‘l WH T "‘v‘ *

120 | ‘l J‘ ‘ ‘
1221 \! l I I' |
2 !“ }“ \ I “ .‘ ‘i “ “ ‘

t[s]

Scales

MR AL
el \\ I

25 3

Fig. 12. CWT analysis of acoustic signal for vehicle 543 (top) and 555 (bottom) - db6 wavelet, scale range

1:200 - sound level dB SPL

Table 3. Summary of scales and corresponding pseudofrequencies for db6 wavelet and sampling rate

Scale Pseudofrequency (Hz) Scale Pseudofrequency (Hz)
17 350 22 271
18 331 23 259
19 314 24 248
20 298 25 238
21 284 26 229
5.4. Application of the combined CWT- In the investigated pair of trams, after preliminary

Cepstrum method

The limitations and difficulties associated with the
correct interpretation of time-frequency and time-
scale representations make it necessary to develop
more accurate methods allowing for more precise
signal analysis. The solution proposed by the authors
is to use the cepstrum as a complement to the signal
processing using the continuous wavelet transform
due to the demonstrated effectiveness of the
cepstrum in diagnosing drive systems and their com-
ponents. The CWT would serve in such a solution as
a pre-filter of the tested signal. The advantage over
traditional frequency filters is the possibility of sig-
nal decomposition not only in terms of scales but
also in terms of mother wavelet selection.

analysis, the use of wavelet coefficients for scale 70
(with preservation of previous CWT parameters i.e.
mother wavelet db6 and analysis range of 1:200
scales) was found to be the most appropriate. An at-
tempt to use scales from the range of pseudofrequen-
cies corresponding to the set of characteristic fre-
quencies (from 17 to 26) resulted in the fundamental
frequency of the obtained cepstrum going beyond
this set. The fragment corresponding to the sound
pressure measurement for the third bogie was then
cut from such a signal (Fig. 13).

Interpretation of the signal as shown in Fig. 13 is dif-
ficult in the context of determining the presence of
damage to the drive components. This is due to both
noise and large amplitude increases associated with
the overrun on the track joint. This justifies further
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signal processing using a cepstrum, which is charac-
terized by its sensitivity to vibroacoustic processes
caused by the kinematic interaction of the transmis-
sion components. The cepstrum indicates to us the
existence of periodic components in the signal spec-
trum, e.g. harmonics or sidebands equally spaced
apart. Fig. 14 shows a comparison of the undamaged
and damaged case processed using three forms of
cepstrum.

A signal processed using a cepstrum represented in
the quefrency domain, whose measure is time. How-
ever, this measure is not the same as the analog in
the time domain. The transformation from the que-
frency domain to the frequency domain is performed
using the relationship between the period and the
frequency (equation 19).

1

_ - 19
fo=7 (19)
where:

fn — frequency of the analysed component [Hz]

T — quefrency of the analysed component [s]
Analyzing the individual cepstra, it can be con-
cluded that in the case studied, the real and power
forms have the greatest diagnostic value (where it
can be seen that one form is a rescaled form of the
other). The composite form (presented on the char-
acteristic in the form of an absolute quantity) con-
taining information about the phase shift of the sig-
nal due to noise makes the analysis difficult in the
range of characteristic frequencies of the transmis-
sion. In the real and power cepstrum of the damaged
case the periodic frequency components are revealed
for quefrency 4.418 ms, 7.952 ms and 10.77 ms,
which corresponds to 226.35 Hz, 125.75 Hz, 92.85
Hz respectively. In the undamaged case, only the
former appears. It is the fundamental frequency for
the signal and it is within the examined range of
characteristic frequencies of the diagnosed transmis-
sion. There is visible increase of its amplitude in
case of damage.

5.5. Validation of the CWT-Cepstrum combined
method on an independent case
In order to validate the method, a second pair of
trams was analysed under similar conditions. One of
the vehicles was fully operational, while in the other
one a transmission failure was detected in the form
of broken teeth in the gears. A The real and power
cepstrum again revealed a fundamental frequency of

4.418 ms which corresponds to 226.5 Hz and is in
the characteristic frequency range. For the damaged
transmission, the amplitude of the fundamental com-
ponent is visibly higher than for the efficient trans-
mission. Additional periodic components of 7.714
ms corresponding to 129.63 Hz, 10.89 ms corre-
sponding to 91.83 Hz and 18.82 corresponding to
53.13 Hz are also revealed. Out of which the last two
components are suppressed in the power cepstrum.
The results of the analysis confirm that the method
can be used effectively for more than a case making
it a potentially effective diagnostic tool.

In the last step, it was undertaken to verify the
method for the existence of an error that would al-
ways generate an increased amplitude of the funda-
mental frequency and additional periodic compo-
nents in one of the cases (so-called artifacts) which
would cause false detection of the damage. Thus, a
third pair consisting only of the efficient cases 533-
543 was constructed.The results are shown in Fig.
16.gain the filtering was performed using CWT -
db6 wavelet and scale 70. The results are presented
in Fig. 15.

The real and power cepstrum again revealed a fun-
damental frequency of 4.418 ms which corresponds
to 226.5 Hz and is in the characteristic frequency
range. For the damaged transmission, the amplitude
of the fundamental component is visibly higher than
for the efficient transmission. Additional periodic
components of 7.714 ms corresponding to 129.63
Hz, 10.89 ms corresponding to 91.83 Hz and 18.82
corresponding to 53.13 Hz are also revealed. Out of
which the last two components are suppressed in the
power cepstrum. The results of the analysis confirm
that the method can be used effectively for more
than a case making it a potentially effective diagnos-
tic tool.

In the last step, it was undertaken to verify the
method for the existence of an error that would al-
ways generate an increased amplitude of the funda-
mental frequency and additional periodic compo-
nents in one of the cases (so-called artifacts) which
would cause false detection of the damage. Thus, a
third pair consisting only of the efficient cases 533-
543 was constructed.The results are shown in
Fig. 16.

As expected, the results do not deviate from each
other, with differences in amplitude being minimal.
In the case of the real cepstrum and power, it is also
not possible to conclude that the cepstrum signal for
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one vehicle contains components absent in the
cepstrum signal of the other. In the case of the com-
bined cepstrum, the signal analogously to the previ-
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ous cases is difficult to analyze. The presented re-
sults allow to conclude that the proposed method
does not generate artifacts that could falsely indicate
a non-existing damage.
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Fig. 13. Time course of wavelet coefficients for mother wavelet db6 and scale 70 - fragment for the third
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5.6. Summary of analysis

Analyzing the results obtained with the combined
method of CWT and cepstrum, it can be concluded
that pre-filtering the signals with wavelet transform
to eliminate the problem of non-stationarity of signal
in time, and then using the properties of cepstral
analysis to identify the occurrence of damage symp-
toms in the analyzed signal can be an effective
method for vibroacoustic diagnostics of railway ve-
hicle drive systems. The resulting defects cause an
increase in the fundamental frequency amplitude, as
well as additional periodic components in the
cepstrum. However, one should keep in mind the
sensitivity of the method to the assumed boundary
conditions of the analysis. A crucial aspect of filter-
ing a signal using CWT is the selection of an appro-
priate mother wavelet. Even if all other conditions
are kept unchanged, its change can cause extremely
different results. It is also important to choose an ap-
propriate scale, which is inversely related to increas-
ing frequency. The scale should be chosen so that
the fundamental frequency after processing is within
the range of characteristic frequencies of the tested
transmission. The presented method due to easy ac-
quisition of the diagnostic parameter (sound record-
ing even from a single microphone) has an applica-
tion potential. A further step could be to perform an
active experiment and record a statistically signifi-
cant number of vehicle passes with different trans-
mission conditions. From this, it would be possible
to determine the amplitude thresholds of the funda-
mental frequency corresponding to the characteristic
frequency after CWT-cepstrum processing and thus
automate the identification of defects based on the
measurement of sound pressure only.

6. Conclusions

Based on the calculations performed and the time-
frequency and time-scale representations obtained,
we conclude that they are useful for damage detec-
tion in the case described. In the case of both trans-
forms, damage to the transmission translated into
visible changes in both spectrograms and scalo-
grams relative to the undamaged vehicle. Thanks to
simultaneous analysis in the time and fre-
quency/scale domains, it was possible to precisely
locate in which bogie the defect occurred and to in-
dicate what effect it had on the frequency compo-
nents of the signal. Thanks to the knowledge of char-
acteristic frequencies of the traction transmission, it
was possible to associate the increase of acoustic
pressure level for some frequency components with
the occurrence of a defect in this particular transmis-
sion.

However, these methods have some limitations in
application. The effectiveness of STFT is limited by
the fixed window resolution problem. CWT despite
its better scaling properties than STFT is limited by
the physical sense of the scaling parameter, which
cannot be accurately converted to frequency, and is
also sensitive to the selection of the mother wavelet.
The presented new CWT-Cepstrum method used the
wavelet transform as a filter for the signal under
study. The wavelet coefficients for the selected
value of the scale parameter were constrained to the
sound pressure recorded in the test for the third bo-
gie and then transformed with three forms of
cepstrum: complex, real and power. In terms of drive
system diagnostics, the latter two forms of cepstrum
were most useful. Damage in the form of gear tooth
breakage caused a significant increase in amplitude
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for the periodic frequency component of 226.35 Hz,
as well as the generation of additional periodic com-
ponents at 125.75 Hz and 92.85 Hz. It is also possi-
ble to successfully replicate the use of the method
for other tram test pairs, the method does not gener-
ate false positives for test pairs composed of opera-
ble vehicles.

The presented results allow concluding that the pro-
posed method can be effectively used for diagnostics
of drive components, i.e. traction transmission in the
case studied. Moreover, due to easy acquisition of
the diagnostic parameter (sound recording even
from a single microphone) it has an application po-
tential.
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