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Abstract: The analysis of electrical machine faults during start-up, and variable speed and load
conditions offers numerous advantages for fault detection and diagnosis. In this context, diagnosing
localized bearing faults through vibration signals remains challenging, particularly in developing
physically meaningful, simple, and resampling-free techniques to monitor fault characteristic compo-
nents throughout machine start-up. This study introduces a straightforward method for qualitatively
identifying the time-frequency evolutions of localized bearing faults during the start-up of an inverter-
fed machine. The proposed technique utilizes the time-frequency representation of the envelope
spectrum, effectively highlighting characteristic fault frequencies during transient operation. The
method is tested in an open-source dataset including transient vibration signals. In addition, the
work studies the method limitations induced by the mechanical transfer path, when the bearing
surroundings are not directly accessible for vibration acquisition. The proposed methodology effi-
ciently identifies incipient localized bearing faults during inverter-fed machine start-up when the
fault signature is not highly attenuated.

Keywords: AC machines; vibration; transient analysis; fault diagnosis

1. Introduction

The accurate and reliable diagnosis of rotating machinery represents an industrial
challenge across many applications. These represent a key asset in many industries, and the
economic cost associated with their maintenance and outages is not negligible. Particularly,
electrical machines represent the core of many rotary applications, where different elements
are susceptible to failure. Some industrial surveys indicate that the majority of failures are
associated with the bearings and the stator winding insulation [1,2]. For low voltage ma-
chines with rolling element bearings, these normally represent the most critical element [3].
Thus, the correct diagnosis and identification of rolling bearing faults constitute a central
element in predictive maintenance systems.

In the context of rotating electrical machines, the diagnosis of rolling bearings have
attracted significant research attention over the last years [4]. The main methodology for
detecting mechanical faults and the most standardize at an industrial level is the rough
monitoring of vibration signals [5]. Several researchers attempted to develop more cost-
effective monitoring techniques by utilizing electrical magnitudes. However, these only
provide an indirect indication of the fault presence by relating the bearing defects with
stator—rotor eccentricity [6-8]. A clear example is the detection of rolling bearing faults
through the analysis of current signals [9] or more recently, stray flux [10]. Nevertheless,
the bearing diagnosis trough the utilization of vibration signals is a widespread technique
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in the industrial sector and still attracts significant research attention even in the electrical
machine context [11].

The field of vibration signal processing tools for bearing diagnosis purposes is broadly
studied. The envelope spectrum analysis is identified as one of the historically effective
tools to detect localized bearing faults [12]. This methodology includes the extraction of
the analytical vibration signal by utilizing the Hilbert Transformation (HT) and a band-
pass filter stage. Finally, the Fourier decomposition of the obtained signal is performed
to show the characteristic failure components. Other effective signals processing tools
for rolling element diagnosis include traditional spectral analysis [13], Empirical Mode
Decomposition (EMD) [14], the discrete wavelet decomposition [15] or cyclostationary
tools [16]. Traditionally, these techniques are utilized for fixed operating machine conditions
with fixed load and speed. Advanced signal processing tools are required in order to extract
valuable diagnosis information during variable load and speed operation. Nevertheless,
the diagnosis through the analysis of transient signals offers interesting advantages [17].
One of the main advantages lies on the improved reliability provided by the time evolutions
of the signals, which provide physical information regarding fault patterns rather than
relying on a single frequency point. Another remarkable advantage is the improved
adaptability to different operation regimes. This may be required for machines with
non-continuous duty services with absence or sporadic steady-state operation.

The detection of bearing faults and the development of advanced signal processing
tools attracted significant research attention in recent years [18]. Some of the most popular
methods belong to the cyclostationary category or resampling based techniques. These
exploit the locked periodicity of fault components to the rotating frequency [19]. Thus, all
components are expressed both in the frequency and the angular domain, which remains
valid for variable speed operation. The angular domain transformation is performed de-
pending on the instantaneous rotating speed. Signal processing techniques depending on
the instantaneous speed are known as Order Tracking (OT)-based. The instantaneous shaft
speed can be measured [20] or estimated [21]. Some other resampling based techniques
with OT are found in [22,23]. Resampling free techniques do not require the resampling
of the vibration signal from time to angular domain. This family of methods presents
broad similarities to the classical electrical magnitude fault diagnosis field (i.e., analysis
of machine currents or fluxes) and are based on the time-frequency analysis of the signals.
These offer some advantages such as the independence on the instantaneous shaft speed
measurement and resampling accuracy. In this way, several methods exist for representing
signals in the time-frequency domain for diagnostic purposes, including MUSIC [24,25],
variations in EMD [26], Wigner-Ville Distributions (WVD) [27], and numerous others [28].
Techniques exploiting classical envelope analysis for detecting bearing faults by utilizing
transient signals are present in the literature. In [29], an enhanced envelope analysis is
suggested by utilizing spectral kurtosis emphasizing impulsive components. In [30], a
general demodulation based on fault instantaneous frequencies acquisition is utilized.
Other methods based on the envelope analysis of vibration signals are found, but mostly
belong to the resampling-based family [31]. The literature shows a trend towards complex
and physically meaningful tool development. However, approaches exploiting straight,
resampling free, and linear time-frequency representations, overcome some of the difficul-
ties posed by more complex tools while keeping physical representation of fault signatures.
Simple methods such as the Short Time Fourier Transform (STFT) are fast to implement,
physically meaningful and computationally efficient [32]. Moreover, the analysis of the
vibration transient in a qualitative manner (i.e., by clearly identifying evolution patterns)
during start-up as performed for electrical magnitudes, represents a technology gap as of
yet. This is specially relevant for the study of faulty conditions during machine start-up
under multi-fault and multi-sensor identification scenarios.

The present work presents a signal processing pipeline for the comprehensive di-
agnosis of localized bearing faults during start-up via vibration signals. The main nov-
elty of the work lays on the combination of classical envelope spectrum analysis and
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the STFT. The tool is conceived to effectively track the signature of incipient localized
bearing faults during the electrical machine start-up in an efficient manner. The pro-
posed methodology is tested in the recently published open-source HUST dataset (https:
/ /data.mendeley.com/datasets/cbv7jyx4p9/3; accessed on 14 January 2024), which con-
tains different vibration signals during an inverter-fed rotating machine start-up [33].
Moreover, the influence of the structural transfer path for bearing fault detection in electri-
cal machine diagnosis is tested. This is performed by analyzing the well-known CWRU
dataset [34], where the vibration signals are acquired in different points of the electrical
machine housing. The paper is organized as follows. First, the theoretical background
regarding localized bearing faults and envelope analysis is set. Then, the introduced signal
processing pipeline is presented where the main concepts are developed. Next, the tool
is tested in the HUST dataset to detect ball, inner, and outer race localized defects trends.
The influence of the transfer path on the presented tool is tested in Section 5, where the
CWRU dataset is utilized. Section 6 provides the result overview and discussion. The work
is closed by laying the main conclusions and future work directions.

2. Theoretical Background

The effect of localized defects in the vibration signals is extensively explored. Rolling
bearings are composed of several constructive elements. The basic components are the
outer and inner races in contact with static and rotating parts, respectively, the rotating
element (i.e., traditionally spherical or cylindrical), the cage bounding and spacing all
rolling elements, a lubricant element to reduce mechanical friction, and the seal confining
rolling elements within the races. Figure 1 shows a disassembled rolling bearing with
spherical rolling elements and its assembled version. The localized defects appear in the
ball, cage, and inner and outer races. When a mechanical contact between the defect and a
different element takes place, impulsive mechanical energy or shocks are produced. These
shocks excite the structural resonances between bearing and acquisition sensor, since their
frequency content posses a broad nature. In addition, the strength of the energy impulses
depends on the bearing load distribution that may vary for different applications, machine,
and fault types [12]. Nevertheless, the time distance between impulses can be determined
depending on the bearing geometry and characteristics. Equations (1) and (2) represent the
ballpass frequency of inner and outer races, respectively (i.e., fppro and fppr;), Equation (3)
represents the cage frequency fcr, and Equation (4) the ball spin frequency fgsr [35,36].
These equations are defined as:

Inner race Outer race Cage

Spherical rolling element

.

Figure 1. Real bearing disassembly including its different constructional elements and a fully
assembled version.

oy dpcos(0)
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where 1;, represents the number of balls or rolling elements, dj, is the ball diameter, d,, is
the ball pitch diameter, f; is the shaft rotation frequency, and 0 is the angle of load from the
radial plane or ball contact angle. Figure 2 depicts a classical rolling bearing geometry and
the relevant parameters. Note that these expressions are obtained for a slip-free scenario.
In reality, a random slip is found and causes the frequencies to deviate around 1-2% [35].

S

Figure 2. Spherical rolling element bearing with geometrical features where d;,, and d,,; represent
the inner and outer diameter, respectively.

Theoretically, vibration signals affected by bearing localized defects are understood as
amplitude modulated signals, where a high-frequency carrier signal is multiplied by a low-
frequency modulation signal. This phenomenon is similar to the classical sinusoidal pulse
width modulation observed in power converter operation. In the context of bearing faults or
other machinery issues, the carrier signal represents the fundamental frequency associated
with the rotating components, while the envelope signal reveals information about the
modulations or variations in amplitude caused by faults, impacts, or other irregularities.
Thus, the principle of signal demodulation is traditionally exploited to obtain information
about the modulating signal minimizing the effect of the carrier signal. The initial step
to achieve signal demodulation is the rectification of the signal by utilizing the HT. Let
us consider a typical sinusoidal function, where f(t) = A cos(wt). The HT of the signal
provides a complex function with both real and imaginary part with a 90° shift as shown in
Equation (5). This complex function is defined as the analytic signal. The amplitude of the
analytical signal is known as the signal envelope. Figure 3 shows a frequency modulated
signal with its corresponding envelope. If the envelope signal is analyzed in the frequency
domain by applying a simple Fast Fourier Transform (FFT), the envelope spectrum is
obtained. The analysis of the envelope spectrum provides better information about the
modulating signal than a direct FFT of the combined signal, as shown in Figure 3. For this
reason, envelope spectrum analysis is considered as a classical methodology for extracting
diagnosis information from vibration signals that present strong modulation features.

HT{f(8)}= £(t) = Alcos(ct) + j sin(ct)] ©)
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Figure 3. Modulated signal and envelope in time (a), and frequency domains (b), fer = 100 Hz,
fmod =10 HZ, Acurr = Amod =1.

3. Proposed Methodology

Figure 4 shows the proposed analysis methodology for the qualitative evaluation of
transient vibration signals. The utilized raw signal in Figure 4 is obtained from an outer

race bearing a defect.
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Figure 4. Proposed signal processing pipeline for the identification of localized bearing fault evolution
during rotating machine start-up including signal steps for an outer race defect scenario.
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The method is based on the direct analysis of the low-frequency localized bearing
fault signature, since it can be easily obtained analytically. This enables the qualitative
evaluation of the fault signature by effectively discriminating between different signal
components. To this aim, classical envelope analysis is merged with a straight and efficient
linear STFT. The envelope is computed by utilizing the absolute value of the analytical
signal of Equation (5). The STFT is a windowed version of the FFT, which allows the
analysis of varying frequencies over time. Equation (6) provides the expression defining
the STFT: .

STFT{x(t)}= X(1, f) :/ x(w(t — T)e 2 g ©)

—00

where x(t) represents the analyzed vibration signal, w(t — 7) is the window function where
T represents the location of the window. In this work, a Hanning window is applied
to each segment/window (i.e., 0.4 s with a 95% overlap) to minimize spectral leakage.
The output of the STFT application is a two-dimensional matrix where horizontal and
vertical elements represent the time and frequency points, respectively. The major drawback
of linear time-frequency domain tools lays on the resolution trade-off. Thus, a narrow
frequency resolution can be achieved by utilizing wider time windows and vice versa.

The methodology includes two different signal filtering stages. The low-pass filter stage
is aimed at eliminating the higher-frequency components, including noise. The band-pass
filter stage removes components close to the DC band and above the spectrogram upper limit.
The frequency range of interest for this study is set between 10 Hz and 500 Hz. The upper
limit can be extended depending on the component to be tracked. For this work, it is set to
observe approximately four multiples of the highest localized bearing signature normally
corresponding to the inner race defect (i.e., 4BPFI) of the HUST dataset. The lower limit is set
to effectively discriminate the DC component of the envelope. Figure 5 shows the effect of dual
filtering on an inner race case example. The raw envelope STFT (i.e., Figure 5a) effectively
identifies the characteristic BPFI, while the rotating frequency sidebands are not clearly
identified. Figure 5b shows the signal without band-pass filtering, where a strong influence of
the DC component is observed as well as some added noise in the sideband time-frequency
space. Figure 5c elucidates the effect of the low-pass filter, where only noise reduction is
observed. Finally, Figure 5d shows the proposed processing tool output where both the
characteristic frequency BPFI and the rotating frequency sidebands are clearly observed.

Frequency (Hz)
%
2

NN

Frequency (Hz)
NN
Frequency (Hz)

3
Time (s) Time (s)

(c) (d)

Figure 5. Filter effect description for an inner race fault scenario. (a) Raw envelope STFT, (b) absence
of band-pas filter, (c) absence of low-pass filter, (d) proposed method.
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4. Method Test in the HUST Dataset

The present section is aimed at testing the proposed tool by utilizing transient signals
acquired during the machine start-up. To this aim, the HUST bearing dataset [33] is utilized.
It consists of vibration data during both steady-state and machine run-up for different
damaged bearings with artificially induced localized defects. Particularly, localized ball,
inner, and outer race defect cases are analyzed. In addition, the influence of the load on the
signal processing output is studied in detail.

4.1. Dataset Description and Estimation of Characteristic Frequencies

The HUST dataset laboratory setup for signal acquisition is shown in Figure 6. The bear-
ing under test is placed in a dedicated module with an accelerometer (i.e., PCB 325C33)
measuring vibration in the radial direction. The measurement is performed for three dif-
ferent loading points imposed by the powder brake. In addition, the set-up includes a
dynamo-meter to track the speed evolution. The localized fault is artificially induced by
wire-cutting the different elements creating a micro-crack of 0.2 mm. A total of five bearings
from the same manufacturer are tested in the dataset. Table 1 shows the provided bearing
features and the estimated geometry parameters for each bearing under test. By utilizing
the geometry data and assuming 6 = 0, it is possible to estimate the characteristic fault
frequencies analytically. Equations (1)-(4) provide the expressions for analytical calculation.
These equations can be divided into a coefficient that depends on the geometry and the fun-
damental shaft frequency f;. Table 2 provides the estimated characteristic fault coefficients
for each bearing under test.

Powder brake
Torque transducer

Accelerometer
Test bearing 1HP Induction motor

Dynamometer

Figure 6. HUST dataset test-bench [33].

Table 1. Bearing dimensions.

B;;g‘e‘g ny, diy, [mm] dout [mm] d;, [mm] d, [mm]
6204 8 20 47 76 335
6205 9 25 52 7.8 385
6206 9 30 62 9 46
6207 9 35 72 11 535
6208 9 40 80 12 60

Dimensions depicted in Figure 2.



Electronics 2024, 13, 375

8 of 19

Table 2. Estimated characteristic fault coefficients assuming 6 = 0.

Bearing Type BPFO BPFI BSF CF
6204 3.09 491 2.09 0.39
6205 3.59 5.41 2.37 0.40
6206 3.62 5.38 2.46 0.40
6207 3.57 5.43 2.33 0.40
6208 3.60 5.40 2.41 0.40

4.2. Identification of Characteristic Frequencies during Transient

The present subsection is aimed at the detailed analysis of characteristic fault fre-
quencies during machine run-up. The content is divided by the three single-localized
faults (i.e., inner and outer races, and rolling element). Four bearings are analyzed due
to space limitations and the poor quality of some signals in the database. The displayed
signals are analyzed under zero imposed load conditions. The one-dimensional envelope
spectrum is obtained by utilizing the pure steady-state signals provided in the database,
while the two-dimensional spectrograms are obtained by utilizing the displayed transient
time domain signal.

4.2.1. Outer Race Bearing Fault

Figure 7 shows the analysis results for outer races bearing faults in different bearings.
The immediate observation is the clear differentiation of the characteristic outer race fault
frequency fppro. In addition, the rotation frequency and some of its multiples is identified
for 6205 and 6205 bearing types. A lighter trend identification is observed in Figure 7c,
probably due to the low amplitude of the overall signal. Figure 7d clearly shows the fault
trend while the multiples of the rotating frequency are minimized.

4.2.2. Inner Race Bearing Fault

The transient trends of inner race bearing faults are observed in Figure 8. The transient
analysis via STFT clearly shows the identification of the characteristic inner race fault
frequency fppr; and its side-bands provided by fgpr; £ kf;; kK = 1,2,...,n. The main
drawback of the STFT time-frequency representation regarding side-band identification
is the overlap between rotation components and these fault related frequencies. A clear
example of this phenomenon is observed in Figure 8a, where the two components are
coincident in the time-frequency map. However, other examples clearly differentiate
between rotation and bearing fault related side-bands as observed in Figure 8b—d.

4.2.3. Rolling Element Bearing Fault

Figure 9 shows the evolution of rolling element related components during the ma-
chine run-up. The characteristic ball spin frequencies fpsr are identified for all bearings
under study. Note that even multiples of this frequency show higher amplitudes, while the
odd multiples are not easily observed during both steady-state and transient. The rotation
frequencies are not normally observed in the case of rolling element defects, while several
side-bands around fpsr are present in the time-frequency representation. These side-bands
are normally given by fgsr = kfcr; k =1,2,...,n. Note that the fcr modulation is severe
in the case of localized rolling element defects as shown in Figure 9. However, these are
difficult to identify during the run-up due to the proximity to fpsr. In the case of Figure 9d,
the signal possess little overall energy and this hinders the identification of the ball spin
frequency components.
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Figure 7. Outer race localized fault discrimination during machine start-up at no-load; bearing type

(a) 6204, (b) 6205, (c) 6206, (d) 6207.
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Figure 8. Inner race localized fault discrimination during machine start-up at no-load; bearing type

(a) 6204, (b) 6205, (c) 6206, (d) 6208.
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Figure 9. Rolling element localized fault discrimination during machine start-up at no-load; bearing
type (a) 6205, (b) 6206, (c) 6207, (d) 6208.

4.3. Load Variation Effect

The variation in the mechanical load in the shaft could affect the bearing radial load
distribution and affect the amplitude of the different faulty components. This subsection
is devoted to address the load variation effect on the different faulty components during
the machine run-up. In addition, the variation in the load will affect the rotation speed in
the case of induction machine actuation and, thus, the fault signature location is shifted
for different load points. Figure 10 shows the time-frequency representation during run-
up for the three faults under study in three different bearings. The load does not fade
the fault pattern and only influences the overall amplitude and the location of the faults.
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However, the color maps of the 400 W spectrograms are more intense. The reason behind
is the increased contrast between maximum and minimum vales. While the maximum
vales are approximately constant for all load levels, the minimum dB vale is reduced for
increased load.

Frequency (Hz)
N

Frequency (Hz)

Decibel (dB)

Frequency (Hz)
Now
Frequency (Hz)
& 8 8
Decibel (dB)

Frequency (Hz)
Frequency (Hz)
Frequency (Hz)

Time (s)3 Time (s) Time (s)
(@) (b) ©

Figure 10. Effect of load variation for different bearings and faults. (a) Outer race localized bearing

fault in 6207, (b) inner race localized bearing fault in 6206, (c) rolling element localized bearing fault
in 6207. The first, second, and third row represent the no-load, 200 W, and 400 W load, respectively.

5. Transfer Path Influence

The present section is aimed at analyzing the effect of the mechanical transfer path
on the linear time-frequency representation of localized bearing faults. The energy shocks
originated in the bearing due to the contact of the different elements and the defect may be
attenuated when the signal is not acquired in the bearing surroundings. This attenuation
heavily depends on the mechanical transfer path, which can be described as a transfer func-
tion that amplifies or attenuates the mechanical signal between excitation and acquisition
points. This is critical for machinery with no direct access to the bearing surroundings, as in
the case of common electrical rotating machinery. The mechanical transfer path or function
is complex and difficult to determine (e.g., the transfer function is normally determined
by performing experimental modal analysis). To elucidate this issue for the proposed
time-frequency representation, the well known CWRU dataset is utilized, where the signals
are acquired in different points of the machine housing and base.

5.1. CWRU Dataset Description

The CWRU bearing dataset represents the baseline for many engineering applications
dealing with ball bearing diagnosis [37]. It includes data for three different localized
bearing faults, including ball, inner, and outer race defects. Four different fault diameters
are implemented to quantify the severity of the fault. Nevertheless, only the smallest defect
is utilized in this work, since it represents an incipient defect scenario. The different bearing
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faults are implemented by utilizing electro-discharge machining to carve the different defect
diameters. Figure 11 depicts the test bench for vibration data acquisition. The sensors are
placed at 12 o’clock position in the Drive End (DE) and Non-Drive End (NDE) positions.
In addition, an additional sensor is placed in the base of the motor. The vibration signals
utilized for this work are sampled at 12k samples per second. The present study utilizes
DE faulty bearings to address the transfer path influence on the proposed time-frequency
representation. The characteristic coefficients and specifications for the studied bearing are
shown in Table 3. Note that the dataset only contains steady-state data and the transient
evolution cannot be assessed.

Figure 11. CWRU test bench for vibration data acquisition in base, Non-drived end (NDE) and
Drived-end (DE). Reconstruction from [34].

Table 3. DE bearing dimensions and fault coefficients from CWRU dataset.

din [mm] doyt [mm] b; [mm] dp [mm]
25 52 7.94 39.04
BPFO BPFI BSF CF
3.58 5.42 2.36 0.40

5.2. Outer Race Bearing Fault

The present subsection studies the impact of the mechanical transfer path for an outer
race localized bearing fault scenario. In the outer race defect case, three positions are
available in the dataset since these are stationary (i.e., the defect relative position with
respect the shaft is constant). The centered case is selected for the present study, since it
provides a representative fault signature and is better determined analytically by utilizing
Equation (1). Figure 12 shows the analysis of the outer race fault scenario for a no-load
case. The raw time-domain signal, the envelope spectrum and the proposed time-frequency
representation are displayed in order to analyze the fault signature. The characteristics
frand fppro and their multiples are clearly visible in all time-frequency maps. However,
a significant amplitude attenuation is observed in the NDE and base cases as pointed out by
the envelope spectrum. The effect of the attenuation in the time-frequency map is observed
as increased image noise and the possible masking of f, higher multiples. In any case,
the characteristic fault frequency is easily identified in all three sampling points for the
present case study. Table 4 shows the quantitative comparison of the fgpro amplitude for
different levels of load depending on the sampling position. The attenuation due to the
mechanical transfer path is clearly visible independently of the shaft load level.
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Figure 12. Outer race bearing localized fault analysis for three different sampling points, (a) DE
position, (b) NDE position, (c) base position; outer race in centered position at zero load; f, = 29.93 Hz.

Table 4. Quantitative comparison of fgpro amplitude depending on the sampling position and

load level.
fepro Amplitude (dB) No-Load 1 HP Load 2 HP Load 3 HP Load
DE —11 —14.57 —14.92 —12.51
NDE —23.26 —26.24 —27.26 —22.36
Base —41.11 —37.13 —38.07 —34.93

5.3. Inner Race Bearing Fault

Figure 13 shows the raw time domain signal, envelope analysis and proposed time-
frequency representation for a a localized inner race defect case study. The characteristic
fBpr is clearly observable independently of the sampling position. Moreover, the charac-
teristic side-bands fppr; £ kf;; k =1,2,...,n are also observed for all acquisition positions.
The component fgpr; % f; is more prominently discernible in remote positions, signifying
that the relative amplitude of the sidebands in relation to the main frequency fgprs is higher
at these locations. This observation suggests the presence of irregular attenuation across all
significant components. However, the DE spectrogram posses the best signal to noise ratio
in comparison with the NDE and base acquisition cases. Table 5 shows the quantitative
comparison for all acquisition points at different load levels for the main characteristic
frequency fppr; and the closest side-band fppr; %+ f;. In the DE location, the side-band
components show higher amplitude levels for increased load levels, while the fgpr; shows
slightly higher amplitude levels for different load levels. Thus, the side-bands will be better
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observed in the time-frequency domain for increased load levels. This trend is not observed
for remote acquisition locations, where no evident trend is observed.
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Figure 13. Inner race bearing localized fault analysis for three different sampling points, (a) DE
position, (b) NDE position, (c) base position; zero load; f; = 29.95 Hz.

Table 5. Quantitative comparison of fgpr; and fppr; + fr amplitudes depending on the sampling
position and load level.

fepr1 amplitude (dB) no-load 1 HP load 2 HP load 3 HP load
DE —20.41 —20.45 —20.61 —24.57
NDE —28.18 —29.38 —30.95 —37.19
Base —41.06 —38.27 —36.36 —39.91

fepr1 — fr amplitude (dB) no-load 1 HP load 2 HP load 3 HP load
DE —43.72 —42.97 —37.34 —32.32
NDE —50.21 —51.68 —46.83 —49.10
Base —56.18 —66.15 —60.46 —55.70

fBpr1 + fr amplitude (dB) no-load 1 HP load 2 HP load 3 HP load
DE —45.12 —48.67 —40.16 —35.13
NDE —43.86 —43.10 —69.59 —55.18
Base —54.81 —51.12 —51.08 —53.42

5.4. Rolling Element Bearing Fault

The rolling element localized fault signature is not properly observed in the present
case study. Figure 14 shows the raw time domain signals, the envelope spectrum, and the
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three proposed time-frequency representations for each acquisition location. The spectrum
is very flat in the case of the DE sampling point and, thus, the characteristic fpgr is
not identified. Signals obtained from the NDE and base reveal the presence of rotation
multiples, which are not typically associated with rolling element faults. The analysis
suggests that localized rolling element defects are better detected when acquiring the signal
in the bearing surroundings. Nevertheless, this can vary depending on the specific case
by considering different bearing types, machine or sensors. The inability to qualitatively
identify this type of defect highlights the method limitations, which highly depend on the
signal quality and defect signature.
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Figure 14. Rolling element localized fault analysis for three different sampling points, (a) DE position,
(b) NDE position, (c) base position; zero load; f = 29.93 Hz.

6. Discussion

The present section discusses and summarizes the presented results. In addition, it
qualitatively compares the results with other literature contributions, where potential op-
portunities for future applications are identified. The presented signal processing pipeline
properly identifies qualitative trends of localized bearing fault signatures during an elec-
trical machine start-up when this is exited via an inverter. This statement is supported
by the results presented in Figures 7-10 for different localized bearing faults. However,
the method provides satisfactory results only when the fault signature is highly present in
the signal, as demonstrated by the analysis of the mechanical transfer path results.

The method offers an efficient and easy-to-implement solution in comparison with
other physical time-frequency representation methodologies [24,30]. Moreover, signal re-
sampling and, thus, the dependency on the varying speed is avoided [31]. The detailed com-
parison among different time-frequency representations is provided in references [28,32].
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The present tool is custom designed for the identification of characteristic failure compo-
nents evolutions with their sidebands/modulations during the machine start-up, which is
not found in the literature to the authors’ best knowledge. Furthermore, the physical repre-
sentation of the characteristic fault components presents interesting features for automatic
detection. The tool may find application to generate time-frequency maps to be input in
Convolutional Neural Network (CNN) architectures, as observed in works such as [38,39].
The accuracy of automatic detection algorithms is, to some extent, contingent on the careful
selection of an appropriate signal processing tool, as highlighted in [40]. The computation
efficiency while generating time-frequency maps of a large amount of data are critical and,
thus, the present method presents an interesting trade-off between computational efficiency
and physical representation of the failure phenomena.

7. Conclusions

The present work introduces and tests a straight and efficient methodology to analyze
the fault signature of localized bearing faults during rotating machinery start-up via vibra-
tion signals. The method is mainly tested by utilizing the HUST dataset, where the method
effectively identifies qualitative trends for inner, outer race, and ball defects. Note that this
holds for electrical machines fed via inverter with smooth rotation start-up. The method
is consistent for all considered load conditions. The influence of the mechanical transfer
path is analyzed to further highlight the method robustness and limitations. To this aim,
the well-known CWRU dataset is utilized, where the vibration signal is sampled in three
different locations. This analysis emphasizes the importance of proper sensor location
to enhance the defect signature in the signal. Thus, the method clearly identifies inner
and outer race defects for the closest position to the faulty bearing, while the signature is
weakened for more remote acquisition locations. The rolling element fault is not properly
identified in the CWRU sampling points. The proposed methodology brings interesting
features when the evolution of characteristic bearing faults is of interest. This is interesting
for the detection of faults during the machine start-up and the differentiation between
different fault signatures (e.g., discrimination between localized bearing faults, misalign-
ments, or mass unbalances). However, the method is not sensitive to weak fault signatures,
where more complex processing tools may be required. In addition, the tracking of rotation
frequencies via vibration signals when the machine is directly fed or excited via soft-starter
poses further challenges. The utilization of open-source datasets to perform the initial
experiments for the proposed methodology enables the easy and fast replication of the
presented results.

Future work on the topic includes the method test for rotating machines of differ-
ent sizes, custom laboratory work with directly fed or soft-started machines, and the
simultaneous analysis of different faults during the machine start-up via vibration and
electrical magnitudes. Further steps also include the utilization of more complex time-
frequency tools, such as MUSIC or wavelet transformations, to track bearing fault signature
evolutions. In addition, the proposed method could be integrated within automatic detec-
tion algorithms, including deep learning, where features from time-frequency maps are
automatically extracted.
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