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Journal bearings are widely used to support the shafts in industrial machinery involving heavy loads,
such as compressors, turbines and centrifugal pumps. The major problem that could arise in journal
bearings is catastrophic failure due to corrosion or erosion and fatigue, which results in economic loss
and creates major safety risks. Thus, it is necessary to provide suitable condition monitoring technique to
detect and diagnose failures, and achieve cost savings to the industry. Therefore, this paper focuses on fault
diagnosis on journal bearing using Debauchies Wavelet-02 (DB-02). Nowadays, wavelet transformation
is one of the most popular technique of the time-frequency-transformations. An experimental setup was
used to diagnose the faults in the journal bearing. The accelerometer is used to collect vibration data,
from the journal bearing in the form of time domain. This was then used as input for a MATLAB code
that could plot the time domain signal. This signal was then decomposed based on the wavelet transform.
The fast Fourier transform is then used to obtain the frequency domain, which gives us the frequency
having the highest amplitude. To diagnose the faults various operating conditions are used in the journal
bearing such as Full oil, half loose, half oil, fault 1, fault 2, fault 3 and full loose. Then the Artificial Neural
Networks (ANN) is used to classify faults. The network is trained based on data already collected and
then it is tested based on random data points. ANN was able to classify the faults with the classification
rate of 85.7%. Thus, the test process for unseen vibration data of the trained ANN combined with ideal
output target values indicates high success rate for automated bearing fault detection.
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1. Introduction

When there is too much vibration due to faults in
the journal bearing, the abnormal change in the vi-
bration can be detected using an accelerometer which
would be more advantageous. Frequency and ampli-
tude are the two important parameters which can be
used to detect failure of the bearings at an early stage.
Apart from the visual testing, the chance for prog-
nostics must be coupled with new monitoring tech-
niques such as vibration monitoring, which could in-
dicate problems within the bearing assembly as early
as possible (Narendiranath Babu T. et al., 2015).

Several new parameters are deduced to express the
synthesized manufacturing tolerances and the struc-
tural parameters of the journal bearing system based
on a new dimensionless modified Somerfield number.

The work also shows that the journal bearing system
is insensitive to the manufacturing tolerances when
the system eccentricity ratio runs around 0.3–0.4 (Xu
et al., 2009). The fault diagnosis system of Tunnel Bor-
ing Machine (TBM) is developed by Lab VIEW and
Matlab, and the operation result proves the validity
of the algorithm and the feasibility of the condition
monitoring technique (Tianrui et al., 2013).

Continuous wavelet transforms (CWTs) are widely
recognized as effective tools for vibration-based ma-
chine fault diagnosis (Tse et al., 2004), as CWTs can
detect both stationary and transitory signals. However,
due to the problem of overlapping, a large amount
of redundant information exists in the results that
are generated by CWTs. The appearance of overlap-
ping can smear the spectral features and make the
results very difficult to interpret for machine opera-
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tors. Kareem (2015) concluded that the failure of
crankshafts in automobile is largely caused by oil leak-
ages in engines, overloading, misalignment, poor sur-
face finish, poor reconditioning of thrust bearing and
adulterated engine oil. Filter design aspects of a fre-
quency scanning receiver have been presented covering
pre selection of sub-bands, intermediate frequency fil-
tering for image rejection. Also, digital filters are used
to reduce the additional noise generated due to electri-
cal interference during running conditions of the mo-
tor. This filter is used to minimize the error between
the idealized filter characteristics and the actual filter
range (Dehm-Andone et al., 2012).

Failure analysis investigations were carried out on
a failed interfering part of journal bearing related to
turbine of a steam power plant. In order to indicate
the failure mechanism, visual and experimental inves-
tigations were performed. The service life of journal
bearings can be improved by using appropriate as-
sembly with required clearance (Mehdizadeh, Khod-
abakhshi, 2014; Feng et al., 2011). Hydrodynamic
bearings (HBs) are prone to initial wear due to con-
tact friction between the bushing and shaft under the
condition of insufficient hydrodynamic pressure (IHP).

Feng et al. (2011) studied the working principle
of rolling contact bearing and the frequent faults of
the bearing occurred to overheating and misalignment
of shafts. Then the faults are induced in the bear-
ing and the vibrational analysis is done and readings
recorded. A pattern was then obtained using this data
and hence stated as a way to detect these faults with-
out having to stop the machinery. The quality teams
in industries face an uphill task to determine the life-
time of the journal bearing component of any machin-
ery. Some high accuracy machinery requires regular
checks to determine the margin of error and compare
with the allowable range. Hence, there is a need of
experimental setup to diagnose the faults. In the in-
vestigation, the ARLW filter is used to extract the
most fault-related components in the vibration signal,
namely impulsive features. The Antisymmetric Real
Laplace Wavelet (ARLW) filter is optimized by Differ-
ential Evolution DE using the kurtosis maximization
criterion.

Wang and Chen (2011) proposed an intelligent
diagnosis method for detection of the bearing faults
on the basis of possibility theory and a fuzzy neural
network in that analysis was done on the vibration
features extracted from frequency domain signal.

Hakim and Razak (2014) discussed that ANNs
are vastly being used in both industries and modern
research labs for essential purposes. Some of ANNs’
common applications are pattern recognition, chemi-
cal compound identification, process control, industrial
temperature and force prediction, stock market predic-
tion, making video games intelligence, voice recogni-
tion. Apart from these, ANNs have already been rep-

resented as a decent method for monitoring and resolv-
ing several structural health-related problems’ faults in
mechanical systems’ and heat conduction based on in-
verse problems.

The wavelet transform resolves all the deficiencies
such as bearing faults, gear faults and provides good
frequency resolution and low time resolution for low-
frequency components as well as low frequency resolu-
tion and good time resolution for high-frequency com-
ponents. Therefore, the wavelet transform has been
widely applied in the field of vibration signal analy-
sis and feature extraction for bearing (Kankar et al.,
2011).

In the case of the feature extraction, authors come
across a wide range of classifiers used for fault diagnos-
tics in bearings. The classifiers based on artificial neu-
ral networks (Lazzerini, Volpi, 2013) demonstrated
a highly reliable classification.

Rafiee et al. (2010) have developed a procedure
which experimentally recognizes gears and bearings
faults of a typical gearbox system using a multi-layer
perceptron neural network. They have further pro-
posed a technique for selecting mother wavelet function
using an intelligent fault diagnosis system. The type of
gear failures of a complex gearbox system is identified
using genetic algorithm and artificial neural networks.
They have shown that the Daubechies wavelet is the
most effective for both faulty gears and bearings.

Hariharan and Srinivasan (2012) implemented
radial basis function network and probabilistic neural
network for the classification of rolling element bearing
faults. A combination of signal’s time varying statisti-
cal parameters and characteristic rolling element bear-
ing fault frequency components, obtained through the
frequency spectrum analysis method, were used as the
extracted features of each recorded vibration signal.
The classification results showed whether the bearing
was normal or defective using neural network.

According to the non-stationary and nonlinear
characteristics of REB vibration signals, feature ex-
traction method is based on empirical mode decom-
position (EMD) energy entropy in Ali et al. (2015).
Therefore, the chosen features are used to train an
artificial neural network (ANN) to classify bearings
defects. Experimental results indicated that the pro-
posed method based on run-to-failure vibration signals
can reliably categorize bearing defects. It shows poten-
tial application of ANN as effective tool for automatic
bearing performance degradation assessment without
human intervention.

The vibration sensors used on wavelet technique are
basically accelerometers. The sensor characteristics,
the pre and post-processing, and the analysis methods
for tower, main bearing and planet gears are different
from the high speed drive train and generator due to
low and high frequency ranges, respectively. In addi-
tion, these different frequency ranges add more chal-
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lenges to wind turbine monitoring, mainly due to cross
frequencies and low frequency components, which are
harder to monitor. Both time and frequency domain
signals can be used to diagnose faults. However, it is
possible to extract more information from these signals
through signal processing algorithms and alarms such
as envelope signal and narrow band envelope alarms.
Furthermore, there are several statistical condition in-
dicators such as root mean square (RMS), crest factor,
peak-to-peak, kurtosis and sidebands factors that can
be used to extract useful information from measured
vibration signals (Guo, Infield, 2012).

Another way to monitor the vibration level is
through wavelet transformations. It has been success-
fully applied to misalignment and bearing faults. In ad-
dition, it can be used as a general indication of a fault
produced in a wind turbine (Liu et al., 2012). Wavelet
analysis is based on a set of functions called daughter
wavelets, which are obtained through time translation
and amplitude dilation of a mother wavelet. Wavelet
can map any signals in such a way that it is possible
to have time-frequency representation of the signal.
Therefore, it can be used to process non-stationary
data and it is capable of quantifying/identifying the
location and level of damage.

However, vast quantities of the failures are caused
due to a bearing failure. Therefore, bearing condition
monitoring becomes crucial. Author aims at provid-
ing a state of the art review on wind turbine bearing
condition monitoring techniques such as acoustic mea-
surement (De Azevedo et. al., 2016).

Dąbrowski and Dziurdź (2016) presented the
proposition of algorithm of noise minimization at the
machine operator’s stand. To do this they had used
coherent analysis allowing for identification of paths of
vibroacoustic energy propagation.

Chen et. al. (2016) reviewed Wavelet Transform
(WT) to rotating machinery fault diagnosis. Inner
product essence validation of WT in rotating machin-
ery fault diagnosis (RMFD) is firstly carried out by
simulation and field test experiments. Then the devel-
opment process of WT based on inner product is con-
cluded and the corresponding applications in RMFD
are summarized.

Wang and Chen (2011) proposed sequential dia-
gnosis technique through which the fuzzy neural net-
work realized by the partially-linearized neural net-
work (PNN) can sequentially identify fault types. Pos-
sibility theory and the Mycin certainty factor are used
to process the ambiguous relationship between symp-
toms and fault types.

Hence, this experimental research highlights the
importance of vibration monitoring to diagnose the
faults on the journal bearing caused by high rotational
speeds. This is the first known attempt in fault diag-
nosis on journal bearing in rotating machines. It has
been concluded, that vibration parameters such as am-

plitude can be used as a reliable and sensitive tool for
the early detection of faults between the surfaces of
a bearing and high speed shaft. With reasonable ap-
proaches, this model will allow us to interpret the re-
sult of fault units, as well as predict the behaviour of
rotating machines and the features of tribology pairs
in industrial experiments. Lastly, a new approach was
proposed for automatic classification of bearing con-
ditions through Artificial Neural Network. The Artifi-
cial Neural Network (ANN) was created, trained and
tested using Neural Network Toolbox with Levenberg-
Marquarat Back Propagation (LMBP) training Algo-
rithm. The Neural Network test process for unseen vi-
bration data of the trained ANN combined with the
ideal output target values has been presented.

2. Wavelet transform

A wavelet series is a representation of a square-
integrable (real- or complex-valued) function by a cer-
tain orthonormal series generated by a wavelet. The
wavelet transform is used to construct time-frequency
representation of the signals. A wavelet can be de-
scribed as a small wave which oscillates and decays
in the time domain. Wavelet transform consists of two
functions: scaling function which has the scaling index
k and the time translation function with time transla-
tion index j. Among the different transform types the
Daubechies transform is found appropriate in denois-
ing. Denoising consists of mainly three steps: decom-
position, thresholding and signal reconstruction. In de-
composition, the noise signals are decomposed to four
levels using Daubechies wavelet (DB02). In threshold-
ing, we use soft thresholding. The soft thresholding ze-
roes out all the values smaller than the threshold value
and subtracts the threshold from the values greater
than the threshold. Let the wavelet coefficients are rep-
resented as Tj,k. If the threshold can be represented as
t, then the thresholding can be represented as,

D(Tj,k) = 1 for Tj,k ≥ t, (1)

0, otherwise. (2)

Figure 1 shows a Daubechies wavelet, which is
a function in contrast to sine/cosine functions used in
the Fourier analysis which is localized in time Perci-

Fig. 1. Daubechies wavelet.
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val, Walden (2000) and Walnut (2004). It is much
better suited to analysis of the signals that are not
periodical, such as for instance pulsed noise signals
(Piotrowski et al., 2010).

To overcome the mismatch between uniform filter
banks and spectral decomposition of the journal bear-
ing, a non-uniform filter bank was proposed for the
bearing model. A traditional journal bearing model is
used, and to overcome the above-mentioned problem,
the Daubechies wavelet (DWT) DB02 was used. This
is the only non-uniform FIR filter bank that combines
perfect signal reconstruction with energy conservation
and removes the aliasing effect. In DWT analysis, fil-
ters are used with different cut-off frequencies at differ-
ent scales (Srinivasan, Jamieson, 2009). DWT offers
a compact representation of the signal in the time and
frequency domains along with efficient computation in
the form of Eqs. (3) and (4).

djk =
∫
x(t) dt

= 2j/2
∫
x(t)∅jk(2jt− k) dt, (3)

∅jk(t) = 2j/2∅jk
(
2−jt− k

)
dd, j, k ∈ Z, (4)∫

xkψ(x) dx = 0, for 0 ≤ k ≤ K, (5)

where djk is the wavelet coefficient and x(t) is the time
signal. The number of vanishing moments is related to
the smoothness and flat frequency response of wavelet
filters. A large number of vanishing moments produces
a more compact signal. A vanishing moment must sat-
isfy the condition given in Eq. (5), where K is the de-
gree of the polynomial (0 to K). However, the length of
filter increases with the number of vanishing moments
at the cost of complexity and time for computation
(Srinivasan, Jamieson, 1998).

3. Experimental setup and procedure

A mechanical system was designed to operate the
journal bearing. The experimental system consists of
a three phase AC driving motor, couplings, load setup,
a ball bearing, a journal bearing with the main drive
as the shaft. As shown in Fig. 2 all these components
are installed on a base frame. The load setup is placed
at one end of the test rig. The electric drive motor
is connected to the main shaft which is coupled with
a hard rubber.

The journal bearing is mounted at the right end
of the drive train. The journal bearing is shown in
Fig. 2. In order to maintain the axial displacement of
the journal bearing, a pair of washers is installed on
the fasteners. The washer acts as a stopper to prevent
axial displacement and it also serves as a thrust bear-
ing. The preliminary experimental results showed that

Fig. 2. Experimental setup and faults on the surface
of the bearing.

the high radial loading of the journal bearings gen-
erate a high temperature and to reduce the temper-
ature, a rolling bearing is placed between the motor
and the journal bearing. Table 1 shows the dimensions
of the journal bearing made of gun metal.

Table 1. Dimensions of the journal bearing
made of gun metal.

Bore diameter [mm] 25.5
Length [mm] 50.51
Weight [kg] 0.248
Maximum load [N] 175
Maximum speed [rpm] 3700

The experimental setup consists of a motor of
1.5 HP, 3700 rpm connected to the rotor, through
a coupling supported with one ball bearing and a jour-
nal bearing at the end of pulley which is attached to
a loading system as shown in Fig. 2. The vibration
data is collected from the journal bearing using an ac-
celerometer (621B40) and the vibration signals are pro-
cessed with DEWESOFT software. Peaks of low am-
plitude occur when bearing is normal, but amplitude of
vibration is bigger when there are defects in the jour-
nal bearing. The maximum amplitudes of vibration in
the power spectrum plot indicates that there is a fault
on the bearing.

In the experimental investigation, the vibration sig-
nals were collected at an ideal condition without any
crack or wear, i.e. healthy surface at a shaft speed
of 1240 rpm. The readings were recorded at a sam-
pling rate of 12 000 Hz. The 621B40 M I accelerome-
ter type, sensor having sensitivity 1.02 mV/(m · s2) and
frequency range up to 12 kHz, is used in horizontal
position on the bearing housing with magnetic base
to collect the vibration data. The other end of the ac-
celerometer is connected to the vibration data collector
with DWESOFT software. Finally, MATLAB software
is used for various signal processing.
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4. Seeded faults and signal processing

Mostly, faults in the journal bearing are caused by
the presence of impurities in the lubricants used. Solid
contaminants caused a sudden damage to the bearing
surface. Due to the presence of contaminants in the oil,
there was a change in the viscosity. This led to a dete-
rioration of the surface and caused excessive vibration
culminating in a fault. This was found after a series of
experiments.

4.1. Faults in the journal bearing surface

In journal bearing, the failure often occurs due to
scratching. A healthy bearing surface (without fault)
is shown in Fig. 3a. An artificial fault is made by mak-
ing cuts circumferentially on the inner surface of the
bearing, every 2 mm, along the length of the bearing
using a lathe machine.

a) b)

c) d)

e)

Fig. 3. Faults in the journal bearing surface and layout of
signal processing unit: a) no fault on the journal bearing,
b) bore fault on the bearing (Fault F1), c) bore fault with
hole on the bearing (Fault F2), d) material removal and
bore fault with hole on the bearing (Fault F3), e) layout of
the signal processing unit through vibration data acquisi-

tion system.

The journal bearing with the eccentric bore fault of
0.07 mm depth and 0.2 mm width is shown in Fig. 3b.
Then, the second fault is made by drilling a hole of
3 mm diameter and 2 mm depth as shown in Fig. 3c.
A third random fault is made using a grinding wheel
to remove the material from the inner surface of the
bearing which is shown in Fig. 3d.

The fault on the bearing surface leads to changes
in the local roughness on the surface of a journal bear-
ing. This in turn leads to change in the distribution
and size of the local asperities which can enhance and
cause changes in amplitude and frequency of vibration
generated from the bearing surface.

The seven different states of the journal bearing are
chosen based on best judgment. These states would
have to be validated to check if unique patterns can
be obtained from the same and hence demand a clas-
sification of its own. These are as shown in Table 2.
The faults were introduced manually using grinding
machines and drilling machines.

Table 2. List of faults induced.

Serial
Number

Fault Description

1 Healthy
bearing
(full oil)

This represents the good condi-
tion bearing properly fixed and
with continuous oil supply.

2 Half loose The screws holding the bearings
are slightly loosened.

3 Half oil Oil is supplied in the bearing for
every 15 seconds

4 Fault 1 Grooving on the inner race of the
bearing is done using lathe ma-
chine

5 Fault 2 A hole is made through the bear-
ing using drilling machine

6 Fault 3 Indentations were made on the
inner race of the bearing using
grinding machine

7 Full loose The screws holding the bearing
were almost completely loosened

Thus, the various types of faults that are induced
on the bearing surface and the corresponding signals
for each fault are recorded and analyzed through MAT-
LAB software to check the severity of the damage.

4.2. Signal processing

Figure 3e shows the vibration measurement system
developed for this research. It consists of an accelerom-
eter, amplifier and personal computer. The vibration
signal from the accelerometer is amplified and then the
input signal is transferred to the computer. The ampli-
fied vibration waveforms are to be continuously trans-
ferred to the computer hard disk at the sampling rate
of 12 KHz, for one complete revolution per minute. Fi-
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nally, the stored vibration signal can be processed us-
ing advanced signal processing methods to locate the
faults in the bearing.

5. Results and discussion

A typical time domain signal obtained from the
journal bearing test rig without any defect, using ac-
celerometer is given in Fig. 3e. This is further pro-
cessed using various signal processing techniques based
on FFT and the principle of Daubechies Wavelet en-
veloped Power Spectrum Density (PSD) which is ex-
plained in the previous Sec. 2.

The PSD plot shows the frequency in Hz along the
x-axis and the amplitude g in m/s2 along the y-axis.
Figures 4 and 5 show the time domain signal and FFT
signal of the bearing without faults. Figure 6 shows the
Daubeuchies wavelet (DB) of bearing without faults
and Fig. 7 shows filtered signal of the bearing without
faults. From this Power Spectrum Density (PSD) plot,
it can be observed that before wavelet decomposition
the bearing frequency is 59.18 Hz for the shaft speed
of 1240 rpm and after the Daubechies Wavelet decom-
position, the PSD plot shows a frequency of 20.65 Hz.

The raw signal is fed into a system which per-
forms wavelet transforms for DB02 wavelet (Xu et al.,
2009). This is done to obtain mechanical vibration
range of frequencies and hence filter out the unde-
sired garbage data. This helps increase accuracy of
the system to a great extent (Tianrui et al., 2013).
The wavelet decomposition gives us a choice to pick

Fig. 4. Time domain signal of the bearing without faults.

Fig. 5. FFT signal of the bearing without faults.

Fig. 6. Wavelet decomposition of the bearing without
faults.

Fig. 7. Filtered signal of bearing without faults.

any of its decomposed frequencies as shown below in
Fig. 6. As seen in the diagram we are given a choice
of 8 classes of frequencies. Here D stands for ‘detailed’
while A stands for ‘approximate’. The number refers
to the degree of decomposition (Tse, 2004). The 5A
decomposition, i.e 5th approximate decomposition is
taken into the next step in the process. Reasons for
the same have been described in further sections. The
data (currently in time domain) is then operated upon
by the fast Fourier transform to obtain the frequency
domain. An example is shown in Fig. 5. Then the
peaks are recorded along with the sub harmonics which
are the next closest peaks to the main peak with the
highest amplitude. Each of these readings is obtained
for constant loads. Then a suitable format is decided
and the readings are fed into a neural network with
set training, validation and test samples. The accu-
racy of the neural network determines the existence of
the pattern and also a classification of the particular
fault.

Next, the peak frequency obtained was observed as
a mismatch with the rps (rotations per second) value.
Hence we had to code the wavelet transform in MAT-
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LAB to filter out the unwanted vibration and keep the
mechanical frequencies which are obtained in the dif-
ferent patterns desired. It was then validated with the
comparison as shown in Figs. 6 and 7.

From the results it was found that the after filtering
the vibration data, the additional noise generated due
to electrical interference during running conditions is
reduced. There is a clear indication that there is no
fault. But, through the Fast Fourier Transform (FFT)
signal plot it is very difficult to locate the exact fault.

Figure 7 depicts the important features of fre-
quency content including the shaft frequency of the
vibration signal at 1240 rpm (20.65 Hz). There is no
indication of a fault in the frequency spectrum.

In the journal bearings, mechanical looseness can
develop at operating speeds and at high temperatures.
First, half looseness is created on the bearing casing
and the signals are recorded through the experimen-
tal setup. Figures 8 and 9 show time domain signal of
the bearing at half looseness and FFT signal of the
bearing at half looseness. Figure 10 shows the DB02
decomposition of the bearing and Fig. 11 shows the
filtered signal of the bearing at half looseness. From
this Power Spectrum Density (PSD) plot, it is observed
that the bearing frequency for half mechanical loose-
ness is 60.36 Hz with the peak amplitude of 0.09049.
This increased frequency is due to the combination
of sub harmonics and interharmonics for mechanical
looseness of the bearing.

By comparing the time domain signals of Figs. 8,
12, 16, 20, 24, and 28 we can highlight a few wave-
forms showing the varying degrees of amplitude of the

Fig. 8. Time domain signal of the bearing at half looseness.

Fig. 9. FFT signal of the bearing at half looseness.

Fig. 10. Wavelet decomposition of the bearing
at half looseness.

Fig. 11. Filtered signal of the bearing at half looseness.

modulated waveform which proved to be a sign of the
intensity of the fault. These observations validate the
results of indication of a fault contact within the jour-
nal. Thus, a vibration signature modulated at the ro-
tational speed of the unit is illustrative of a continuous
source of fault. This fault implies a sustained contact
between the shaft and the bearing generating vibration
levels above the operational background levels.

By comparing the power spectrum shown in Figs. 7
and 11 it can be found that the amplitudes of the
friction frequency and its harmonics increase with the
increase in misalignment conditions. This accelerates
the shaft causing it to rebound from the surface at
20.65 Hz vibrations in frequency spectrums. In the
journal bearings, full looseness may only develop at
high speeds and temperatures. Then the full looseness
is provided on the bearing casing and the signals are
recorded through the experimental setup. Figures 12
and 13 show time domain signal of the bearing at
full looseness and FFT signal of the bearing at full
looseness. Figure 14 shows the wavelet decomposition
(DB02) of the bearing at full looseness and Fig. 15
shows the filtered signal of the bearing at full looseness.

From this Power Spectrum Density (PSD) plot,
before wavelet decomposition (DB02) of the bear-
ing, it was observed that the bearing frequency for
full looseness was 118.4 Hz with the peak amplitude
of 0.4629. After DB02 decomposition, the PSD plot
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Fig. 12. Time domain signal of the bearing at full looseness.

Fig. 13. FFT signal of the bearing at full looseness.

Fig. 14. Wavelet decomposition of the bearing at full
looseness.

Fig. 15. Filtered signal of the bearing at full looseness.

shows the frequency of 60.26 Hz with the peak am-
plitude of 0.1631. Thus, after DB02 decomposition,
unwanted vibration generated from the experimental
setup is filtered out and hence considerable peak am-
plitude is reduced due to the electrical interference of
motor.

When compared to the half looseness, an increase
in peak amplitude is observed at the full looseness and
hence it generates more vibration and noise. From the
result it can be seen that there is an increase in the
severity of the looseness.

Generally, in the journal bearings, half lubrication
behaviour occurred, due to side leakages of oil between
the shaft and the bearing and further it can deteriorate
the inner surface of the bearing. This will decrease ec-
centricity, increase the oil temperature and reduce vis-
cosity. In the journal bearings, oil instability may only
develop at side leakages and poor mechanical mainte-
nance. Using the experimental set up, the half lubri-
cation is poured through the oil hole provided on the
bearing casing and the signals are recorded.

The coefficient of friction gradually starts to in-
crease between the shaft and the bearing due to im-
proper lubrication. Figures 16 and 17 show time do-
main signal of the bearing at half lubrication and FFT
signal of the bearing at half lubrication. Figure 18
shows the DB02 decomposition of the bearing at half

Fig. 16. Time domain signal of the bearing at half oil.

Fig. 17. FFT signal of the bearing at half oil.
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lubrication and Fig. 19 shows filtered signal of the
bearing at half lubrication. From this Power Spectrum
Density (PSD) plot, it is observed that the bearing
frequency at half lubrication is 102 Hz.

Fig. 18. Wavelet decomposition of the bearing at half oil.

Fig. 19. Filtered signal of the bearing at half oil.

First the eccentric bore fault (fault 1) was cre-
ated as shown in Fig. 4 and the vibrations data were
recorded at a shaft speed of 1240 rpm. Figures 20
and 21 show time domain signal of the bearing at
fault 1 and FFT signal of the bearing at fault 1. Fig-
ure 22 shows the wavelet decomposition of the bearing
at fault 1 and Fig. 23 shows the filtered signal of the
bearing at fault 1. From this Power Spectrum Den-
sity (PSD) plot, it was observed that the bearing fre-
quency for fault 1 was 119.9 Hz which is greater than
the frequency of healthy bearing which is 20.65 Hz.
This shows that a fault was induced on the bearing.

The eccentric bore fault (fault 1) and the fault with
a hole (fault 2) develops a strong harmonics of the
shaft rotational speed in the vibration analysis. In fault
simulation, once the shaft and bearing are brought in
contact then the stiffness of the test rig increases. This
fault behaviour tends to produce strong impulses be-
tween the journal and bearing which is used to excite

Fig. 20. Time domain signal of the bearing at fault 1.

Fig. 21. FFT signal of the bearing at fault 1.

Fig. 22. Wavelet decomposition of the bearing at fault 1.
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Fig. 23. Filtered signal of the bearing at fault 1.

the system resonance and in addition creates strong
harmonics.

From Figs. 23 and 27, it was found that the dom-
inant frequency of the vibration signals for fault1
and fault 2 conditions were registered to be approx-
imately 119.9 Hz and 121.5 Hz respectively. The Non-
synchronous peaks on the frequency spectrum are an
indication of bearing fault. The increase in amplitude
of these frequencies indicates the change of fault. As
the fault increases, the frequency of these peaks devel-
ops harmonics, indicative of impacting. Next the eccen-
tric bore fault with a crack of 3 mm (fault 2) shown in
Fig. 6 was created and the readings were recorded at a
shaft speed of 1240 rpm. Figures 24 and 25 show time
domain signal of the bearing at fault 2 and FFT signal
of the bearing at fault 2. Figure 26 shows the DB02
wavelet decomposition of the bearing before applying
the filter at fault 2 and Fig. 27 shows the filtered signal
of the bearing at fault 2.

From the results of PSD plot, it was observed that
the bearing frequency for fault 2 was 121.5 Hz which
is greater than the healthy bearing of 20.65 Hz. The

Fig. 24. Time domain signal of the bearing at fault 2.

Fig. 25. FFT signal of the bearing at fault 2.

Fig. 26. Wavelet decomposition of the bearing at fault 2.

Fig. 27. Filtered signal of the bearing at fault 2.

PSD plots show more amplitude and an increase in
frequency was observed. From the result it can be seen
that there was increase in the severity of the faults
when compared to the fault 1.
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Figure 3d is the photograph depicting fault 3 along
with fault 1 and fault 2. Fault 3 was created by remov-
ing the material on the surface of the bearing using
grinding machine. The vibration signals were recorded
at a shaft speed of 1240 rpm. Figures 28 and 29 show
time domain signal of the bearing at fault 3 and FFT
signal of the bearing at fault 3. Figure 30 shows the
wavelet decomposition (DB02) of the bearing at fault 3
and Fig. 31 shows the filtered signal of the bearing at
fault 3.

Fig. 28. Time domain signal of the bearing at fault 3.

Fig. 29. FFT signal of the bearing at fault 3.

Fig. 30. Wavelet decomposition of the bearing at fault 3.

Fig. 31. Filtered signal of the bearing at fault 3.

By enhancing the fault (material removal fault 3)
on the bearing, the frequency is increased, to the high
frequency side of the spectrum. This shows that the
various rotating components involved in the exper-
imental set up hardens as a result of the stiffness
produced by the contact of the shaft with bearing.
From Fig. 31 it is observed that the frequency in-
creases as a result of the fault impacts. The enveloping
analysis demonstrates that the dominant frequency of
the vibration signals for fault 3 were registered to be
121.7 Hz with the amplitude of vibration 1.044 m/s2.
Table 3 shows the results of FFT and Table 4 shows
the results of filtered signal.

Table 3. Results of FFT.

S. No. Conditions
of the journal bearing

Frequency
[Hz]

Amplitude
[m/s2]

1 Healthy bearing (no fault) 59.18 0.1745
2 Half looseness 102.3 0.3817
3 Full looseness 118.4 0.4629
4 Half oil 120.5 0.4581
5 Fault 1 119.9 0.5375
6 Fault 2 121.5 0.5608
7 Fault 3 121.7 1.191

The identification and the monitoring of the bear-
ing fault using the spectral analysis are difficult, due
to the non-stationary. To extract the fault informa-
tion, the DB-02 wavelet is applied to the vibration sig-
nals. The result shown in Table 1 shows that as the
fault increases the frequency and amplitude are also
increased. This shows that the strong harmonics is de-
veloped when the fault is generated on the bearing.
From the above table, the healthy bearing has the fre-
quency of 20.65 Hz with the amplitude of 0.04164 m/s2

and for fault1, fault 2 and fault 3 the frequencies are of
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Table 4. Results of filtered signal.

S. No. Conditions
of the journal bearing

Frequency
[Hz]

Amplitude
[m/s2]

1 Healthy bearing (no fault) 20.65 0.04164
2 Half looseness 60.36 0.09049
3 Full looseness 60.26 0.1631
4 Half oil 102 0.4438
5 Fault 1 119 0.4757
6 Fault 2 121.5 0.4911
7 Fault 3 121.7 1.044

119, 121.5 and 121.7 Hz with the increase in amplitude
of 0.4757, 0.4911 and 1.044 m/s2, respectively. When
comparing the results of FFT in Table 3, the filtered
signal shows the reduced peak amplitudes in Table 4.
This clearly indicates the bearing fault. Also, from the
result it can be seen that there is an increase in the
severity of the faults. When compared to fault 2, more
peaks and an increase in frequency were observed.

6. Artificial Neural Networks

A feed forward Multi Layer Perceptron (MLP) neu-
ral network which consists of three layers has been de-
veloped. The input layer of six source nodes represents
the normalized features extracted from the time do-
main. A hidden layer with five computation nodes has
been used. The number of hidden nodes is optimized
by minimization of Mean Square Error (MSE) between
the actual network outputs and the corresponding tar-
get values. The output layer with two nodes indicates
the different working conditions (healthy and faulty) of
the bearings which require to be identified by the neu-
ral network. The two digit output target nodes that
need to be mapped through the ANN which is able
to classify the working condition of healthy bearing as
(0, 1) and faulty as (1, 0) has been developed. Figure 32
shows the architecture of ANN of the proposed diag-
nostic system. In ANN, 70% of data subset is used for
training, 15% of data for validation and 15% of data
for testing.

The training of Multi Layer Perceptron network
is achieved by modifying the connection weights and
biases iteratively to optimize the performance crite-

Fig. 32. Architecture of ANN.

rion. The performance criterion is the minimization of
the Mean Square Error (MSE) between the actual net-
work output and the corresponding target values in the
training set. The training algorithms for Multi Layer
Perceptron are based on Back Propagation (BP). The
Back Propagation adapts a gradient descent approach
by adjusting the ANN connection weights.

The following techniques were applied to enhance
the network performance and among them, the net-
work which produces the lowest validation error dur-
ing training was selected as the optimum network. For
each network with a specific size of layer, the network
weights and biases were reset three times by initiate
and train procedure to obtain new values. Then, with
respect to the minimum number of required frequencies
for the minimum classification error, the best iteration
of the loop or the optimum network was selected and
through this the most suitable frequencies among all
of the initial frequencies were obtained.

The Mean Square Error is achieved through Back
Propagation in the network and is used to adjust the
connection weights between the layers, thus improving
the network classification performance. This process
is repeated until the overall Mean Square Error value
drops below some predetermined threshold shown in
Fig. 33. After achieving the training process, the ANN
weights are fixed and the system is deployed to solve
the journal bearing condition identification problem
using unseen vibration data.

Fig. 33. Performance graph for fault classification.

The Artificial Neural Network (ANN) was created,
trained and tested using MATLAB Neural Network
Toolbox with Levenberg-Marquarat Back Propagation
(LMBP) training Algorithm. In this work, statistical
features like mean, impulse factor, shape factor, crest
factor, kurtosis and Root Mean Square (RMS) of vi-
bration signals were used as input elements to the ANN
and MSE of 10E-1, with a minimum gradient of 10E-1
and maximum iteration(epochs) of 1000. The train-
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ing process would have stopped if any of these con-
ditions had been met. The initial weights and biases
of the network were randomly generated by the pro-
gram. The ANN needs only 38 epochs to reach the
required goal of 10−1 MSE. The MSE for the testing
process is shown in Fig. 33. This is the average square
difference (error) between normalized output and the
target. When the MSE is zero, it means that there is
no error in the training process, but if MSE is greater
than 0.5 it means that the error is higher. Therefore,
for a good training result, MSE should be within the
range. Figure 33 show the MSE (Performance graph)
of the ANN trained for fault detection. However, the
MSE of the three stages are approximately zero. This
means that, the ANN selected for the three stages of
diagnosis were correct and was successfully used for
the three tasks.

The Neural Network test process for unseen vibra-
tion data of the trained ANN combined with the ideal
output target values is presented. This indicates the
high success rate of 85.7% classification for journal
bearing fault detection and classification in Fig. 35.
From the classified values shown in Table 5, it is ob-
served that there is no error for healthy and faulty
bearings.

Fig. 34. Regression graph for fault detection.

Table 5. Classified values R2.

0.002 0.0011 0.0013 0.0016 1 1
1 1 1 1 0.031 0.021

The regression graph was used in analyzing the
training and the output of the network. The regres-
sion is a measure of the correlation between the un-
normalized output and the targets. Thus, if Regres-
sion R is 1, it means that there is a close relationship
between the output and the target (i.e. their values

tend to converge to the same value). At this point
training can stop.

Figure 35 shows the confusion matrix. The con-
fusion matrix shows that the 85.7% of faults on the
bearing were classified. As a result, we can say that,
the classification of faults on the bearing was success-
fully done using the selected ANN.

Fig. 35. Confusion matrix.

Thus, the graph tells us about the difference be-
tween the target and output of the selected network for
the isolation of fault. If the difference is large, it means
that, we will continue the training, but if it is small as
seen in Fig. 33 the training will stop. This means that
the network used for the isolation is correct.

7. Conclusion

From the experimental work, it can be seen that it
is more advantageous to use DB02 wavelet technique in
high rotational speed machines, rather than the tradi-
tional ones, because the results obtained through FFT
were not capable of detecting the faults in the journal
bearing test rig. Half lubrication was facilitated on the
journal bearing. The enveloped Daubeuchies wavelet
proved to be a valuable tool in conjunction with rou-
tine vibration data to provide a complete picture of the
health of the rotating machinery. Thus, the condition
monitoring proved to be effective in the early diagno-
sis of bearing faults. The results showed that various
fault vibration signals and the fault detection rate of
the proposed method is superior to FFT. Hence, this
Daubeuchies wavelet technique would produce consid-
erable savings by reducing unwanted external and in-
ternal noises of machinery. So, an industry can benefit
immensely by condition monitoring. By using FFT,
the maximum amplitude of vibration is 1.191 m/s2

for fault 3, whereas maximum amplitude of vibration
is 1.044 m/s2 using DB-02 wavelet. The result shows
that the amplitude of vibration is approximately 12%
less in wavelet technique when compared to FFT tech-
nique. The Artificial Neural Network (ANN) was cre-
ated, trained and tested using Neural Network Toolbox
with Levenberg-Marquarat Back Propagation (LMBP)
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training Algorithm. The test process for unseen vibra-
tion data of the trained ANN combined with the ideal
output target values indicated the high rate of success
for automated bearing fault detection. Results, indi-
cates the high success rate of 85.7% classification for
journal bearing fault detection and classification.
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