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Abstract: Faults of mechanical transmission systems generally occur in the rotating bearing part at
high speeds, which causes problems such as performance degradation of transmission, generation of
noise or vibration, and additional damage to connected adjacent systems. In this way, faults cause
adverse effects to the entire system, such as deterioration and damage. The early detection and
correction of bearing problems allows for improved system safety and the reduction of maintenance
costs, resulting in efficient system operation. As a result, a variety of methods have been developed by
many researchers in order to diagnose bearing mechanical defects, and one of the most representative
methods is applying various signal processing techniques to vibration data. Wavelet packet transform
(WPT) and kurtogram were used in this study to identify the frequency band that contained the
fault component, and the enhanced kurtogram technique was used to analyze the fault. A technique
for minimizing the effect of intermittent abnormal peak components caused by noise and external
influences has been presented using sub-band averaging to detect early fault frequency component
detection and fault development. Using the technique proposed in this study, the state of the bearing
based on the degree of fault was evaluated quantitatively, and it was demonstrated experimentally
that the bearing fault frequency could be detected at an early stage by the filtered data. In a situation
where it is difficult to accept all the detailed design specifications and operating conditions of the
complex mechanical systems at industrial sites, determining the degree of fault with simple time-
series data and detecting fault components at an early stage is a practical analysis technique for fault
diagnosis in the industrial field using various rotating bodies.

Keywords: ball bearing; diagnosis; early fault; kurtogram; spectral kurtosis; subband averaging;
wavelet packet transform

1. Introduction

Since many governments pledged to increase the share of vehicle electrification to
achieve their net-zero target, more than 10 million electric vehicles (EV) have been regis-
tered on the roads globally [1]. It is well-known that EV which have two-to four-times
higher efficiency than internal combustion engines (ICE) can help reducing greenhouse gas
emissions as well as dependency on fossil-based fuel in the transportation sector [2,3].

Bearings are a crucial component that ensures all types vehicles will perform well. By
carrying the load and facilitating the transfer of torque, bearings enhance the performance
of all rotating parts in systems [4]. Moreover, bearings can achieve their performance by
selecting the right materials, using the right manufacturing technology, and optimizing
the geometry, sealing, and lubrication [5]. However, due to the harsh working conditions
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that bearings are subjected to, ranging from high speeds and alternating speeds to heavy
loads and alternating loads, and they are susceptible to a wide range of damages, including
fatigue pitting, wear, spalling, and cracking [6].

In comparison with conventional internal combustion engine vehicles, electric vehicles
have significantly higher mechanical stresses due to their high output power, high RPM, and
heavier weight [7]. Since increasing passenger comfort and reducing system noise are key
concerns in electric vehicles, in the case of damaged bearings rotating at high speeds, noise
and vibration caused by damage degrade stability and quality, thereby degrading the user’s
safety and satisfaction [8]. To compensate for this, for fault diagnosis and prediction of rotating
bodies, a technique to improve the diagnosis performance according to the sensor position [9]
and the prediction accuracy using artificial intelligence techniques was proposed [10]. In
addition, studies such as a Bayesian network-based data-based early fault diagnosis method
of PMSM are proposed using vibration and acoustic emission data [11], or the Takagi-Sugeno
fuzzy model was applied to develop a sensor fault diagnosis of an EV [12].

There have been numerous academic studies to diagnose bearing problems for ex-
ample, by using Spectral Kurtosis (SK) technique with vibration data. A variety of fault
diagnosis techniques have been developed based on kurtosis, which is used to quantify the
degree of tailedness of probability distributions of a real-valued random variable [13-15].
J. Zhong et al. demonstrated improvement in the fault diagnosis performance through
weighted residual regression in the existing kurtosis to diagnose fault at an early stage
and provided a clear degradation assessment [16]. Additionally, the SK, which is a kurto-
sis value in the frequency domain, plays a vital role in fault diagnosis because it allows
selection of a hidden fault frequency band by analyzing the kurtosis value [13,17-20]. Sev-
eral studies involving rotating bodies such as gearboxes have been published based on
SK [21-23]. A number of research studies have investigated the use of current signals as
diagnostic tools to diagnose faults in motor bearings or gearboxes [24-26]. Furthermore, the
importance of average kurtosis values is increasingly highlighted as a means to minimize
the effect of noise and to facilitate accurate diagnosis by enabling the detection of fault
frequency components. As a result, those studies show that techniques using spectral
kurtosis are effective for diagnosing bearing faults, mainly because they can quantitatively
find the band containing the fault frequency component. Moreover, in time-frequency
analysis, the WPT that has high resolution in both time and frequency domain is shown to
be more effective for fault diagnosis than the conventional Short-time Fourier Transform
(STFT). However, it has not yet been sufficiently investigated how to reliably diagnose
early signs of fault, and in particular, how to quantitatively track the extent of fault with
its development.

Using an adaptive analysis technique, Z. Liu et al. demonstrated improved fault
diagnosis efficiency by removing fault components from multiple band regions without
fixing the carving panel of the conventional kurtogram, and finally the multi-period impulse
component was effectively extracted [27]. In addition, Y. Hu et al. selected the optimal
frequency band including the fault component through the morphological filter using the
maxima distribution plane to select the optimum fault frequency by combining the adaptive
band region [28]. However, in this case, it was not possible to prevent all malfunctions of the
spectral kurtosis-based diagnostic method, which has an excessively large value due to the
influence of external noise and the introduction of abnormal peak components. To address
this deficiency, a technique for more effectively evaluating periodic fault components
through analysis based on average values has recently been investigated. By maximizing
the average kurtosis of the filtered signal, as proposed by K. Liang et al., the fault of the
bearing was diagnosed by maximizing the extraction of the impulse fault signature. Here,
it was confirmed that the robustness to external noise was excellent, and it was also shown
that it is possible to detect the fault frequency component even when the rotation speed
changes [29]. In addition, L. Wang showed that it is possible to detect the fault frequency of
a gearbox through the WPT-based kurtogram and the sub-band averaging kurtogram [30].
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Although the above studies show the performance of the fault diagnosis of the me-
chanical system based on the kurtogram, the consistent tendency according to the level of
development of the fault has not been sufficiently verified and whether it is possible to
distinguish according to the level of fault. This is an essential requirement at industrial sites
for cost reduction through rapid maintenance of the mechanical system and continuous
and stable operation of the system. In this study, it was confirmed that effective fault
diagnosis is possible with the enhanced kurtogram based on WPT. Furthermore, by using
the subband averaging technique to extract the incipient fault frequency component, an
effective diagnostic algorithm was developed that can detect anomalies at an early stage
was developed. This provides time to establish sufficient maintenance strategies through
early detection for system faults and anomalies in advance and can be evaluated as an
effective method that can be directly applied to mechanical systems in many industries.

In this study, it was experimentally verified that early fault diagnosis can be achieved
by applying the sub-band averaging enhanced kurtogram method for diagnosing incipient
faults of bearings. Through Intermediate Shaft (IMS) bearing data, the occurrence of fault
symptoms in the life cycle data was observed to show a tendency of gradual increase,
and it was confirmed that the performance of fault frequency detection was excellent as a
result of actual frequency analysis. In addition, by verifying the results of discriminating
the level faults such as normal, incipient, and severe through bearing experimental data
from the Air Handling Unit (AHU), a large air circulation equipment for ships, it was
verified that the diagnostic algorithm proposed in this study was reliable in discriminating
performance based on the fault level. Section 2 explains the theoretical background of the
kurtogram, WPT, and sub-band averaging method proposed in this study, and explains
the fault diagnosis technique using these methods. In Section 3, the experiment and
configuration for the application of the proposed algorithm and the verification of the
results are presented. Finally, Section 4 verifies the significance and importance of the
proposed approach.

2. Theoretical Background

Kurtosis quantitatively measures the peakedness of time series data and is used as a
good evaluation factor to detect fault components hidden in signals, and is expressed as
the following formula.

E{(x—w*}

ot

where y and o are the mean and standard deviation, and E{-} is the expected value. Sub-
tracting 3 from the Equation (1) is done to make the normal distribution of kurtosis equal
to zero. Here, the optimal region including the fault frequency is selected and analyzed
through the kurtogram, a map that derives the kurtosis value for each frequency section in
the time-frequency plane based on STFT. By considering the process Y (¢) with an analysis
window w(n) of length Ny, and a given temporal stepsize P, the STFT is written as

Kurtosis(x) = -3 @
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Time-frequency super-resolution with superlets.

As mentioned above, the construction of a time-frequency map based on the STFT-
based SK value is called a kurtogram; the fault frequency component is concentrated in
the section where the STFT-based SK is maximum and a filtered signal is obtained through
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reconstruction based on the factors of the corresponding area, and the fault frequency can
be detected through this [20].

Kurtogram uses STFT for time-frequency analysis in the process of dividing by fre-
quency band, but STFT has fixed frequency resolution but its temporal precision relative
to period decreases with increasing frequency. On the contrary, the Continuous-wavelet
Transform (CWT) provides good relative temporal localization by compression/dilation
of a mother wavelet as a function of frequency. This is suitable for deriving more reliable
analysis results by selecting an adaptive basis for the fault signal [31].

WPT is one of the representative time-frequency analysis techniques that can si-
multaneously check the frequency domain and time domain information of a vibration
signal [32,33]. WPT divides and analyzes the signal for each frequency band according
to the mother wavelet and level so that the regions containing the main fault component
can be identified. Unlike the short Time Fourier Transform (STFT) with a fixed window
function, the WPT involves a varied time-frequency window and can provide good local-
ization properties in both time and frequency domains, which yield good performance in
detecting fault frequency component [34,35]. The time-frequency titling map as shown in
the Figure 1 shows better results in various frequency analyses [34].
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Figure 1. The time-frequency paving planes (a) short time Fourier transform and (b) WPT.

Average windowed kurtosis has better robustness to noise than kurtosis, and is a
method that can improve diagnostic performance by minimizing faults in the derivation
of fault frequencies due to the influence of some noise components in the conventional
kurtogram. This is a simple and practical method that minimizes the influence of temporary
external noise to better find fault frequencies with periodic peakedness, deriving the
spectral kurtosis of each sub-band as in Equation (5), and selecting an average value based
on it as the representative factor. This method is used to derive a sub-band averaging-based
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kurtogram and analyze it based on the filtered signal in the regions where the fault signal
components are concentrated as in Equation (6) [30].

(Jag ]
ubband kurtosis = K}, = Sz 2 ®)
(jag ")
— 1 M
Subband averaged kurtosis = Ky, = i ) Ky, (6)
m=1

In this study, we proposed an algorithm for extracting fault information more accu-
rately through kurtogram based on WPT and Subband Averaging Enhanced Kurtogram
(SAEK) applied with sub-band averaging technique for vibration data, as shown in Figure 2.

Experiment setup

Bearing Equipment DAQ Vibration data

Mother wavelet selection
(m=db2~db9)
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Figure 2. Data acquisition process and comparison of diagnostic results using SAEK and Root Mean
Square (RMS).

Basically, among the Daubechies series, which are mother wavelets mainly used in
fault diagnosis, db2 to db9 were applied sequentially, and each analysis was performed up
to level 4. This can be flexibly changed according to the sampling rate. The restructuring
was performed based on the mother wavelet and the wavelet packet coefficient derived
according to the level to generate time series data filtered in each frequency section ac-
cording to the mother wavelet. Based on this, a kurtogram was generated grounded on
the sub-band averaging spectral kurtosis value according to each frequency domain, and
the SAEK value of the section with the highest value was selected as the local maximum
SAEK as the region containing the most fault frequency components in the corresponding
mother wavelet. This process was repeated from db2 to db9, and the maximum value
among local maximum values according to all mother wavelet candidates is defined as
the global maximum SAEK. Through the global maximum SAEK, it is possible to detect
the fault frequency component that indicates the incipient fault of the bearing, and it is
possible to derive an effective factor with a consistent tendency according to the fault
development. Since this study aimed to detect fault signals and discriminate according
to the level of faults to supplement the fault diagnosis performance additionally, only
the frequency domain showing the dynamic characteristics of £5% were included in the
analysis by reflecting the dynamic characteristics of the vibration sensor. Hence, the fault



Energies 2022, 15, 5510

6 of 13

diagnosis due to the inflow of sensor noise components in the high-frequency region was
prevented and the reliability of the diagnosis result was improved [36,37].

Therefore, SAEK can provide more effective and clearer results for early fault diag-
nosis than the performance of existing mechanical systems. The first strong point is early
fault detection. Incipient fault information can be extracted, thereby enabling efficient
management such as maintenance and maintaining the schedule in advance. The second
one is high discovery performance. A more clearly distinguished fault level and recog-
nizable diagnosis are possible. The third one is consistent condition trend. Continuous
evaluation is possible to consistently observe the tendency of fault symptoms, and it is
possible to evaluate tendency that was difficult to perform with RMS and SK techniques
due to noise input, through the limitation of analysis frequency region considering the
sub-band averaging technique and sensor dynamic characteristics.

3. Experimental Verification

The reliability of the sub-band averaging enhanced kurtogram proposed in this study
was verified through two test data. First, early fault diagnosis and fault tendency were
identified through the run-to-failure data of the IMS, and the diagnosis was confirmed
based on the fault level through the AHU-bearing test data.

3.1. Case I-Accelerated Lifetime Test Data

The performance of the algorithm proposed in this paper was verified using the
accelerated life-bearing data provided from the IMS center. The test equipment is shown
in the Figure 3. The run-to-failure data obtained by collecting vibration signals until the
steady-state bearing was damaged under severe operating conditions were used. The
sampling frequency was 20,480 Hz, and data were collected for 1 s every 10 min; the
rotational speed was 33.3 Hz, and the load was 6000 Ibs. As a result of the test, the outer
ring was damaged in bearing No. 1, and the final data collection was performed until the
984th (7 days 21 h).

Accelerometers Radial load Thermocouples
/N S
- 9 g
(@) )
O A p (@)
8 8

VO 4 L ] /77777

Bearing 1 Bearing 2 Bearing 3 Bearing 4

Motor

(b)

Figure 3. Accelerated lifetime test data: (a) experimental set up and (b) schematic of IMS test rig.
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Table 1 shows the basic fault frequency specifications of the bearings used in this
experiment. In this experiment, PCB 353B33 high sensitivity quartz ICP accelerometer was
used, and the dynamic characteristics were 3 dB up to 12,000 Hz, £10% up to 6500 Hz,
and +5% up to 4000 Hz. Figure 4 below shows the 4-level WPT tree structure and the
frequency range of each packet in the case of data sampled at 20,480 Hz.

Table 1. Bearing characteristic frequency of IMS data.

Bearing Characteristic Frequency Value
Shaft frequency 33.3Hz
Ball pass frequency outer race (BPFO) 236 Hz
Ball pass frequency inner race (BPFI) 297 Hz
Ball spin frequency (BSF) 278 Hz
(2 x 139 Hz)
Fundamental train frequency (FTF) 15 Hz

Lv. 0 (Original signal) m
0 10,240
Lv. 1
0’ 5120 5120 10,240

Lv. 2

Lv. 3 ~ 4000 Hz

0
ws B
0

640 1280 1920 2560 3200 3840 4480 5120 5760 6400 7040 7680 8320 8960 9600 10,240

1280
E3 LY ~ 6500 Hz

~ 12,000 Hz

7040 7680 8320 8960

80
9600

12 2560 2560 3840 3840 5120 5120 6400 6400 7680 7680 8960 8960 10,240
640 1280 1920 2560 3200 3840 4480 5120 5760 6400

Figure 4. WPT tree structure and frequency range due to levels and nodes.

According to the Nyquist theory, the available frequency range was 10,240 Hz, which
is half of the sampling frequency. To maximize sensor sensitivity, the detection of incipient
fault frequency components with fine sizes was made more clearly by limiting the sensor’s
dynamic section £5% to 4000 Hz. The results of the accelerated life data in this study
are shown in Figure 5. In the case of general vibration data RMS, the vibration increased
rapidly from the 700th, thereby enabling the prediction that a fault occurred. In the case
of the spectral kurtosis analysis result, the vibration showed a gradually increasing trend
from the 600th data earlier than the RMS result and showed a sharp increase from the
700th data, thereby indicating an obvious fault symptom. Consequently, SK shows that
it is possible to diagnose a fault 41 h and 40 min earlier than RMS, which is equivalent
to 1000 min, which is further equivalent to about 100 data collection times. This result
shows that early fault diagnosis is possible. However, in the case of SAEK analysis, it
showed an upward trend from the 527th data, thereby providing the basis for judging the
signs of fault 183 times (55 h 30 min) faster than RMS and 73 times (37 h 10 min) faster
than SK. Furthermore, the upward trend of the incipient fault section was much clearer
than that of SK, thereby providing sufficient fault information to accurately identify the
fault and development at an early stage. This result is superior to SK results in terms
of early diagnosis performance and provides clearer fault information compared to the
normal. Compared with RMS results, SK diagnoses faulted 14% faster and SAEK diagnoses
faulted 25% faster. In the case of SAEK, the other two analysis results showed that the
upward trend was also the most prominent and showed a consistent increase with the
fault development. In the case of RMS, it is impossible to diagnose early because the
fault factor is possible from the momentary amplitude jump, and in the case of SK, it is
possible to check the incipient fault section which thereby shows the gradual increase in the
fault component. However, in the case of SAEK, the gradual increase in fault components
was identified more clearly and earlier, so fault diagnosis was possible earlier than SK. In
addition, it showed a consistent tendency for fault components to increase in most sections,
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thereby providing the basis for evaluating the information and level of continuous aging of
bearings, and confirming that the reliability of the diagnosis results is sufficient. Finally,
in the results of the accelerated life test, it can be seen that SAEK provided effective and
reliable information as a health index.

Comparison of health index of bearing fault

(@) ek Health

0 100 200 300 400 500 600 700 800 900 1000

0 100 200 300 400 500 600 700 800 900 1000

Samples

Figure 5. Comparison of health index of bearing fault: (a) RMS, (b) SK, and (c) SAEK.

3-D spectrum using SAEK

3-D spectrum using SK

0.025
0.02

0.015

SK

0.01

0.005

700

600

600

550 550
Frequency(Hz) 0 500 Samples Samples 0 500 Frequency(Hz)

(a) (b)
Figure 6. 3D spectrum analysis result using (a) SK and (b) SAEK.

The detection results of the hidden fault frequency component in the vibration signal
through SAEK are shown in Figure 6. First, in the 3D spectrum plot, it can be seen that the
fault frequency component appears earlier in SAEK than in SK. Here again, in SK, Figure 6
shows that if the fault frequency component is clearly shown from the 600th sample, it
actually appeared prominently after the 600th sample. Meanwhile, the SAEK result shows
that the fault frequency component appeared from the 527th, which is faster than SK (in the
3D spectrum plot), directly illustrating that the influence of external noise is minimized and
better detection of the fault frequency component through SAEK is achieved. The result can
be seen in the frequency spectrum in the Figure 7. At the top, the reconstruction waveform
is shown by SK in the incipient fault section along with the frequency component and the
envelope analysis result. The ball pass frequency of outer race (BPFO), which is an outer
race fault frequency component, is shown with a red dotted line. In SAEK, the primary
fault frequency component was detected from the 527th data more clearly and periodically
thereafter. On the other hand, in SK, it can be seen that sufficient fault information was
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identified only after about 630 times beyond the 600th. This result shows that SAEK was
more effective than SK in the early detection of fault frequency components.
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Figure 7. The filtered data by SK and SAEK during the incipient fault period, and FFT and envelope
analysis results.

3.2. Case II-Fault Level Test Data

An AHU is equipment that circulates air for air conditioning in large ships. The
bearing supporting the flywheel has harsh operating conditions with a humid environment
and high rotational speed. AHU photos and brief schematics are shown in Figure 8. In
this study, the performance of the fault diagnosis algorithm was verified through bearing
vibration data measured in the AHU of the air conditioning room of a 10,000 twenty-foot
equivalent units (TEUs) container ship, where the AHU data were the vibration data
measured by replacing the bearings in the three states of the outer ring, including normal,
soft, and hard fault states. Figure 9 shows the normal and faulty conditions of the bearings.

It was verified that the algorithm proposed in this study can discriminate the fault
level along with the fault of normal, incipient fault, and serious fault. As for the fault state
of individual outer rings, as shown in the Figure 9, the soft fault was damaged at 0.5 mm
width and 0.1 mm depth for the outer ring, and the hard fault was damaged in the outer
ring at 1 mm width and 0.5 mm depth. The bearing model is SKF’s self-aligning double-
layer ball bearing (SKF 1311 EKTN9) and the detailed bearing specifications are shown
in Table 2. The sampling frequency of this experiment was 10,240 Hz, a CTC AC104-2C
accelerometer was used, and cRIO-9030 with the NI-9234 module was used for DAQ. The
sampling frequency of this experiment was 10,240 Hz, and a CTC AC104-2C accelerometer
was used. The dynamic characteristic of the vibration sensor is £3 dB up to 10,000 Hz and
+10% up to 7000 Hz. Considering the sampling frequency and the frequency response
range of the vibration sensor, the dynamic characteristics of the sensor were identified to
be sufficiently higher than the Nyquist sampling frequency, so the analysis was limited to
5120 Hz.
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Accelerometer 1

V-belt
G Blower

Shaft 2

Accelerometer 2

Shaft 1

(b)

Figure 8. Fault level test data: (a) experimental set up and (b) schematic of AHU.

g Outerrace defect Outerrace defect
No defect 3
0.5mm width, 0.1mm depth || 1mm width, 0.Smm depth
(@) (b) (c)

Figure 9. Bearing conditions: (a) healthy, (b) infant fault bearing and, (c) sever fault bearing.

Table 2. Bearing specification of AHU.

Bearing Specifications Values
Pitch diameter 101.4 mm
Rolling element diameter 15 mm
Number of rolling elements per row 15
Contact angle 0°

The analysis result of the diagnostic algorithm is shown in Figure 10. In the case of
RMS, as it develops into the normal and soft and hard faults, the RMS value increased
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proportionally, but the difference in the amount of change depending on the level of fault
occurrence and fault development was not large, so it is difficult to diagnose the fault state.
However, in the case of SK, as RMS, it showed an increasing trend with the occurrence
and increase of faults, and it showed that it is possible to distinguish between soft fault
and hard fault according to the level of fault development. On the other hand, SAEK has
already increased significantly from the normal level in soft fault, thereby clearly showing
information on fault occurrence, and it can be seen that the increase was somewhat dull and
saturated as it decreased into a hard fault. This shows the level of change and that SAEK is
sensitive to changes due to incipient fault. Hence, the fault diagnosis algorithm proposed
in this study is suitable for the early diagnosis of incipient fault. Of course, by showing a
partial increase in distinguishing soft fault and hard fault, the judgment according to the
level of fault development is sufficiently possible.
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Figure 10. Comparison of health index changes according to bearing conditions (health, soft fault,
hard fault) using (a) RMS, (b) SK, and (c) SAEK.

Figure 11 shows the frequency analysis result and envelope analysis result for normal,
soft, and hard faults. The periodicity of the fault frequency component was clearly shown
in the diagnostic results of SAEK rather than in the frequency analysis of the existing
raw data in the three states. This proves that the fault frequency component detection
performance of the diagnostic algorithm proposed in this study is effective.
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Figure 11. Results of envelope according to the bearing conditions: (a-1) normal condition, (a-2) normal
data with SAEK analysis, (b-1) soft fault condition, (b-2) soft fault data with SAEK analysis, (c-1) hard
fault condition, (c-2) hard fault data with SAEK.
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4. Conclusions

In this paper, for early fault diagnosis of bearings, the enhanced kurtogram, and
sub-band averaging techniques were combined to diagnose the initial fault of bearings, and
a technique for state management of the mechanical system was proposed by using it as a
health index in proportion to the level of fault development. Using the sub-band averaging
technique minimized the influence of abnormal peaks on the spectral kurtosis and maxi-
mized the detection efficiency of periodic fault components. This approach can be used to
diagnose initial faults in conjunction with the existing kurtogram technique, where some
abnormal peaks affect SK excessively and make accurate diagnosis and analysis difficult.

In this way, diagnostic malfunctions can be minimized and incipient faults can be
detected. It can be used to diagnose faults at industrial sites and can be viewed as a
reliable diagnostic method. A variety of mother wavelets were also used in order to
demonstrate that the outer ring of the bearing can be reliably diagnosed under various
operating conditions. Based on the results of this paper, it can be determined that the
proposed methods are suitable to diagnose a variety of bearing faults.

Similarly, the results clearly demonstrated mechanical damage-induced aging as well
as the ability to detect periodic appearances of fault frequency components in an early
stage through filtered signals. It is expected that the data from this study will be useful
for the actual management and maintenance of the mechanical system as it provides data
regarding the faults of the mechanical system.
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