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Abstract. Mechanical power transmission systems are an indispensable part of the industrial process. The
most complex equipment of these processes is the gear systems. Among the gear systems the worm gearboxes
are used in various applications, especially those that need high transmission ratios in one reduction stage.
However, worm wheel manifests defects easily because it is made of soft material, in comparison with the
worm. The stress on each tooth surface may increase because of overload, shock load, cyclic load change, gear
misalignment, etc. This often causes pitting faults in worm gearboxes. This paper focuses on the detection of
localized pitting damages in a worm gearbox by a vibration visualization method and artificial neural networks
(ANNs). For this purpose, the vibration signals are converted into an image to display and detect pitting defects
on the worm wheel tooth surface. In addition, statistical parameters of vibration signals in the time and
frequency domains are used as an input to ANN for multi-class recognition. Later, the results obtained from
ANN are compared for both axial and radial vibration. It is found that the ANN can classify with high accuracy
for any sample of the vibration data obtained from the radial direction according to fault severity levels.
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1. Introduction
Maintenance of mechanical systems is a matter of concern
to the industry in terms of cost and downtime, as unforeseen faults can cause a large loss of production, energy and
quality, damage to machine parts, unplanned downtime,
increase in costs and most importantly damage to human
life. Vibration monitoring and analysis are commonly used
to determine the physical condition of mechanical components. The main advantage of the monitoring technique is
that increasing problems on the machine can be detected
before they become serious. Therefore, vibration analysis is
a useful, sufficient method to check machine condition
during the machine running.
Mechanical power transmission systems within machine
elements have great importance for industrial applications.
The gearbox is one of the most commonly used equipment
among mechanical power transmission systems. Gear systems are used to transfer high-efficiency rotation or power
transmission from one shaft to another at desired ratios.
These factors can be achieved efficiently if there are no
faults in the gear system. The gear wheel surfaces are
subjected to both rolling and sliding movements during the
*For correspondence

operation of the gears. After a certain number of cycles of
operation, a surface defect occurs if the tension on the gear
contact surface exceeds the fatigue limit of the gear material. When tooth surface defects occur in a gear system, the
performance of the teeth is impaired. The load on each
tooth surface in the gearbox can also increase because of
shock or cyclic load change and consequently some of the
teeth may be subjected to a higher load than the capacity.
Therefore, the transmission of motion and power cannot be
carried out as demanded. As a result, the occurrence of
serious faults becomes unavoidable. According to the
study, gear-related failures comprise 60% of faults in
gearboxes, and 24% of gearbox failures are caused by
ineffective maintenance action [1]. Consequently, gearbox
condition monitoring has considerable importance in
decreasing failures and ensuring the permanence of process.
Compared with other gear types with the same reduction
ratio, the worm gears take up less space. Other advantages
of worm gears include the self-locking effect, low backlash
and damage tolerance as well as quiet operation. However,
worm gearboxes have some disadvantages; they are probably the least efficient of all types of gears because they
generate high friction compared with the other gear types
due to their sliding action (as opposed to rolling), which
results in heat generation and hence lower efficiency [2].
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The sliding motion generates unavoidable friction, which
causes pitting, abrasive wear and surface fatigue [3].
Moreover, softer materials (usually bronze or brass) are
generally used for worm wheels as a manufacturing material and worms are most commonly made of harder steel
[2, 3]. Therefore, the worm wheel wear is usually easier and
this may cause surface pitting in case of long operation at
high load [3].
In previous studies, Dalpiaz and Meneghetti [4] studied
on fatigue crack detection in gears. They investigated the
effects of faults on gear vibrations. Wang and McFadden
[5] applied the resonance demodulation technique for early
failure detection and fault diagnosis in gear crack. The
vibration signature of an individual gear in a gearbox was
extracted by the time domain synchronous averaging
technique from the total vibration signal measured on the
gearbox casing. Wang and McFadden [6] used the wavelet
transform to represent all possible types of transients in
vibration signals generated by faults in a gearbox. In almost
all studies, most preferred statistical parameters are the
mean, root mean square (RMS), peak-to-peak value, median, crest factor, skewness and kurtosis. The statistical
features applied in the time domain are given by Samuel
and Pines [7] and Wu et al [8].
Compared with the other gear types where defects
manifest as periodic impacts in the form of side-bands
around the gear mesh frequencies, such distinctive defect
symptoms are not obvious for worm gear sets due to their
continuous sliding interactions [9]. For this reason, there
have been quite a few publications, although worm gears
are used as significant machines in assorted industrial
fields. Peng and Kessissoglou [9] studied an experimental
test rig, which consisted of a worm gearbox driven by an
electric motor. This test rig was set up to investigate the
benchmarking of wear debris analysis and vibration analysis under three different conditions: lack of proper lubrication, normal operating condition and contaminant
particles added to the gear oil. Vähäoja et al [10] applied
lubrication and vibration analysis to diagnose faults in the
worm gearbox productively. Although it is usual in other
gear types, they found that there is no periodic effect of
faults in the time domain signals. However, the time
domain signals of acceleration and higher order time
derivatives of displacement can be very informative for
faults in worm gears and also frequency spectra are generally very useful for diagnosing faults in other gear types.
On the other hand, they claimed that worm gear faults
cannot be detected at gear mesh frequency; nevertheless,
increased friction generates increasing amplitude of vibration in the higher frequency range. Elforjani et al [11]
compared the energy, RMS value of time domain acoustic
emission signals and RMS value of time domain vibration
signals. The signals were obtained from test gear for four
different speeds. They found out that RMS and energy of
acoustic emission are useful for diagnosing worm gear
faults, and RMS of vibration signal in time domain has no
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information about faults. Elasha et al [2] used vibration
signals for pitting detection in the worm gearbox. They
assessed the effects of pitting faults on worm gearbox by
various vibration analysis techniques such as statistical
parameters in the time domain (RMS, kurtosis, etc.),
envelope analysis and spectral kurtosis. Their research
demonstrated the importance of the direction of the acceleration sensors.
Of late, machine learning techniques such as artificial
neural network (ANN), support vector machine (SVM) and
genetic algorithm (GA) are widely used to solve fault
diagnosis problems [12]. Kuo [13] used ANN and fuzzy
logic for detecting two main faults of turbine blades.
McCormick and Nandi [14] applied ANN for the classification of the rotating machine condition. They used several
methods for the extraction of features vibration time series
for use as ANN inputs. Samanta and Al-Balushi [15] used
the backpropagation algorithm for fault diagnosis of a
machine coolant system. The characteristic features applied
as ANN inputs, which are obtained from the time domain of
the vibration signals, indicate the status of the system for
severity levels of fault. Samanta et al [16] compared the
performance of bearing fault detection using ANN and
SVM. Kang et al [17] used the frequency spectrum of
vibration signals for the diagnosis of electric motor bearing
faults using BPNN. Kang et al [18] used statistical
parameters of vibration signals in the time domain. Abad
et al [19] applied discrete wavelet transform and ANNs for
detecting the fault of the gearbox. Jia-li et al [20] used four
time domain and three frequency domain parameters for the
diagnosis of gear faults using BPNN. Waqar and Demetgul
[21] acquired the vibration and sound signals and also the
heating patterns of worm gear for fault conditions at different speeds and oil levels.
In literature, the number of successful studies on fault
detection of worm gearboxes is very limited, since the
power is transmitted via sliding motion between the worm
and worm wheel gear. Therefore, this paper focuses on the
detection of pitting faults on the surface of the worm wheel
teeth by vibration visualization method and Backpropagation Neural Network (BPNN). In addition, changes in time
domain statistical parameters and frequency spectrums with
pitting faults are examined with respect to the severity of
faults. For the experiment, a test rig is established and the
experiments are performed at five different fault severity
levels. In this study, a vibration visualization method is
proposed to convert the vibration signal into an image. This
method is applied for the detection of pitting faults effects
on worm gearbox via visualization of vibration. Shahriar
et al [22] also converted the vibration signal to image for
failure detection on induction motor, but the authors did not
consider the motor rotation during this conversion. In this
paper, vibration signals that are synchronous with gear
rotation are used for the creation of the image. In BPNN,
statistical parameters of vibration signals in the time and
frequency domains are used as an input to classifier ANN
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for multi-class recognition. With the aid of the BPNN,
healthy and faulty worm gearbox conditions can be
classified.
The primary aim of this study is the detection of pitting
fault severities on worm gearboxes before the unplanned
downtime. Second, fault severities effects on worm gear
vibration are examined in time and frequency domains.
Worm gear vibrations are investigated both in the axial and
radial directions with a more complex ANN for five different situations with time and frequency domains statistical parameters. Furthermore, worm gear vibrations are
visualized by a proposed technique and fault progression is
observed.

2. Theoretical background
2.1 Vibration visualization method
The vibration visualization method is developed to display
vibration signals as an image for fault detection. The size of
the image is related to the length of the vibration signal
data. Vibration data are converted to M 9 N matrix. In this
matrix, N represents the number of vibration data in one
rotation of the gear, and M represents the number of the
rotation of gear in acquisition time. A matrix for N pieces
of vibration data measured in one revolution of the gear and
M gear rotations is created. This conversion process is
shown in figure 1. Vibration amplitudes increase at the
moment of tooth meshing. For this reason, these increasing
amplitudes can be observed in the image.
First, the absolute value of all vibration data is taken.
Then, the maximum value is found in the vibration data for
all gear conditions. Each value of vibration data is divided
by the maximum value and multiplied by 255 to obtain
greyscale intensity between 0 and 255. When all vibration
signals are transferred into an image, the vibration values
are arranged to be between 0 and 255. The point with the
highest amplitude of vibration will be absolute white (255),
and the point having the lowest amplitude is black (0). The
values in this range appear as the tone of grey (1–254). On
the other hand, in case of the fault, since the difference in
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intensity between black and white is not certain on the
image, it makes the detection of fault difficult. Therefore,
the images are shown using blue–yellow parula colourmap
in Matlab [23].

2.2 Feature extraction
In this study, 12 statistical feature parameters are used for
the detection of pitting in the worm gear. These parameters
are obtained from time and frequency domains. Eight main
statistical features are applied to the vibration signal, which
are mean, median, RMS, standard deviation, peak to peak,
crest factor, skewness and kurtosis as shown in table 1. In
addition, mean, RMS, standard deviation and kurtosis are
also applied in the frequency domain of vibration signal.
Thus, totally, 12 features are obtained for fault detection.
The terms N and xi represent the number of samples in
vibration data and observed values of the sample items,
respectively.

2.3 Architecture of ANN
An ANN is a mathematical and computer system that is
inspired by the structure and processing capability of the
biological neural networks. ANN can learn with samples and
determine how to react against the incident around. Data are
not embedded in a database or a program. ANNs compose
their experience via knowledge gained by samples. They
make similar decisions for similar cases. The whole knowledge is extended to the network [24]. Each neuron consists of
many inputs and one output as given in Eq. (1):
!
N
X
yq ¼ u
wi xi þ b
ð1Þ
i¼1

where x, w, b, u and vq represent, respectively, input,
synaptic weight, bias, activation function and effective
internal activation potential. The hyperbolic tangent sigmoid function given by Eq. (2) is used as an activation
function in hidden layers. The linear activation function
given by Eq. (3) is used as the output layer [24].

Figure 1. Signal to image conversion process.
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Table 1. Equation of statistical parameters.
Mean

x ¼ N1

Median
RMS

N
P

xi

i¼1

Median

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N
P
ðx2i Þ
RMS ¼ N1
i¼1
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N
P
r ¼ N1 ðxi  xÞ2

Standard deviation

i¼1

PP ¼ max  min
PP
FC ¼ RMS


N
P
3
1

Peak to peak
Crest factor
Skewness
Kurtosis

i¼1



r3
N
P
1

N

Kr ¼

yq ¼ uðmq Þ ¼

1  e2mq
;
1 þ e2mq

yq ¼ uðmq Þ ¼ mq :

The BPNN consists of four layers: input, two hidden and
output, as illustrated in figure 2. The number of nodes in the
input layer is equal to the number of features for this network. It is determined as 12 in this study. Statistical
parameters of time and frequency domains are used as an
input for BPNN. An ANN is composed of two hidden
layers and the number of nodes in each hidden layer is
determined as 12. The number of output nodes is determined as one.

3. Experimental set-up


ðxi xÞ

N

Sk ¼
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ðxi xÞ



4

i¼1

r4

ð2Þ
ð3Þ

BPNN is the learning algorithm that is frequently used
among the ANN models. The generalized weights learning
rule equation is given in Eq. (4) [24]:
wji ðk þ 1Þ ¼ wji ðkÞ þ Dwji ðkÞ;

ð4Þ

Dwji ðkÞ ¼ ldj yq :

ð5Þ

The term d defined in Eq. (5) is commonly referred to as
local error or delta; l is the learning rate and yq designates
the output of neuron [24].
BPNN algorithm is the most widely used training algorithm in the fault detection and classification applications.

3.1 Worm gear test rig
A schematic representation of the test rig, which consists of
an electrical motor, a worm gearbox and an electromagnetic
brake, is shown in figure 3. Moreover, the vibration monitoring system consists of the accelerometers, signal conditioners and analogue to digital converter (ADC).
The gear ratio of the worm gearbox is 1/15. The worm is
made of case hardening steel and hardened to the value of
58–60 HRC. The worm gear wheel is made of bronze alloy.
The worm is double threaded and the worm wheel has 30
teeth. The worm gearbox has been driven by a 2.2 kW,
3000 rpm three-phase motor and a variable speed controller
has been used to drive the gearbox. The capacity of the
electromagnetic brake is 35 Nm and it is used in the system
as a load for the gearbox.
The vibration signals generated by the worm gearbox are
acquired using PCB-352A76-type accelerometers (which
are suitable for vibration measurements within a range of
5–16000 Hz). The accelerometers have been mounted
permanently, perpendicular to each other on the input shaft
bearing housings to minimize transmission path effects as

Figure 2. Architecture of artificial neural network.
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Figure 3. Schematic representation of the worm gear test rig.

Figure 4. Locations of accelerometers: (a) radial direction and
(b) axial direction.

seen in figure 4. A PCB-480C02-type signal conditioner is
used to strengthen the accelerometer output, as shown in
figure 5.
The vibration signals, which come from the accelerometer on the worm gearbox, are transferred to a computer via
NI (which is a trademark of National Instrument) DAQ
Card 6036E. Also, this analyser acquired pulse signals of
the inductive sensor, which produces one pulse for each
rotation of the motor shaft. The vibration and angular
position signals acquired from accelerometers and inductive sensor are sampled at an appropriate rate and recorded
on the computer using a NI data acquisition system and
LabVIEW 7.0Ò software.

3.2 Pitting fault simulation of worm gear
During the operation, worm gear load can be exceeded in
some cases, such as shock or cyclic load variation, and
hence some teeth on the gear may be subjected to a higher
load than the capacity of gear [1]. A pitting fault can occur
in time on teeth surface because of this excessive load.
Especially worm wheel tends to pitting failure just like
other worm gear failure because it is made using softer
material when compared with steel. Worm, which is used as
a pinion gear in worm gearbox, is made of hardened steel;
therefore, when excessive load occurs, some fatigues occur
on the surface of the worm wheel.
The simulated surface fault that looks like a pitting is
introduced on some of the worm gear wheel teeth. These
pitting faults occur on a single tooth and then develop. The
diameter and depth of faults are approximately 2 and 1 mm,
respectively. Healthy worm wheel teeth are shown in figure 6(a). Initially, three circular pits are introduced on a
selected teeth surface as shown in figure 6(b). Then, the
number of pits is increased to five on the main teeth surface
to simulate the progress of the fault and its two neighbour
teeth are pitted with one pit as shown in figure 6(c). In the
third stage of fault simulation, the number of pits is
increased to seven on main teeth and two pits are added on
both of other two neighbour teeth surfaces, as shown in
figure 6(d). In the final stage, the severity of fault is
increased once and two more pits are added for both of two
neighbour teeth as shown in figure 6(e).

4. Results
4.1 Time and frequency analysis of worm gear
vibration
During the test, the speed of the worm is set to 3000 rpm.
The vibration signals and pulse signals (from the inductive
sensor) have been sampled at 10 kHz and stored on the
computer. The raw vibration data are acquired for 60 s,
which is equal to 3000 worm rotations and 200 worm wheel
rotations owing to gear ratio. Synchronous time averaging
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Figure 6. Pitting stages used in the experiment: (a) healthy,
(b) first fault, (c) second fault, (d) third fault and (e) fourth fault.

is applied to the raw signal to eliminate some signal components, which may consist of electrical and mechanical
noise.
The vibration signal is acquired via two accelerometers.
Their directions are radial and axial. Figure 7(a) and
(b) shows the averaged signal of worm gear vibrations
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detected during the advancement of pitting failure in radial
and axial direction, respectively.
The appearances of the averaged signal of worm gear
vibration contain no explanatory information about the
failure for the axial and radial directions in the time
domain. When the severity of the faults increases, the
amplitude of vibration increases remarkably for radial
direction. The amplitude of vibration of the last fault is
nearly three times larger than that of the healthy gear, as
shown in figure 7(a). However, the time-oriented traces
reveal no indications of progression of fault levels in the
axial direction. It shows no steady increase in the amplitude
of acceleration, as shown in figure 7(b).
Statistical properties can be informative about the failure
level. For fault detection, some statistical parameters are
calculated using averaged worm gear vibrations in the time
domain. These features are mean, standard deviation,
median, RMS, peak to peak, skewness, kurtosis and crest
factor. Statistical features are shown in figures 8 and 9 for
two perpendicular sensors. As seen in the figures, the circle
marks represent the data from the radial direction sensor
and triangle points represent the data from the axial
direction.
As can be seen in figures 8 and 9, most of the statistical
features in time domain do not display a reliable trend with
the progression of the fault, but some of them show an
increasing trend for the averaged worm gear vibration in
the radial direction, as shown in figure 4(a). RMS, peak to
peak and standard deviation values show steady increase,
with respect to progression of the failure. On the other
hand, all statistical properties of averaged vibration signals
in time domain, which are acquired from axial direction as

Figure 7. Averaged worm gear vibrations in the time domain: (a) radial and (b) axial directions.
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Figure 8. Variation of time domain features (mean, standard deviation, peak to peak and skewness).

Figure 9. Variation of time domain features (kurtosis, median, RMS and crest factor).
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Figure 10. Averaged worm gear vibrations in frequency domain: (a) radial and (b) axial directions.

shown in figure 4(b), show inconsistent trend with the
progression of the fault.
Figure 10(a) illustrates the spectrum representation of
averaged worm gear vibration in the radial direction. The
rotating frequency of worm gear input shaft can be seen as
1X in this figure. This is seen even in healthy worm gear
but it is not the unusual situation for worm gear according
to former studies [2, 11]. The amplitude of the rotating
frequency of worm gear gradually increases with the progression of fault. Also, the amplitude of frequency increases steadily in the higher frequency range, which is caused
by increased friction [2].
Figure 10(b) shows the frequency spectrum of averaged
worm gear vibration in the axial direction. The rotating
frequency can be also shown in this direction but the
amplitude of rotating frequency is lower than that of radial
direction for each level of fault. For this reason, the axial
direction is not the preferred direction for the detection of
rotating frequency. The rotating frequency generally manifests itself in the unbalanced mechanical system and this
can be shown easily in the radial direction. The amplitude
of nearly all frequency range cannot show a reliable
increase. A peak at 600 Hz can be observed for both second
fault and third fault, and this frequency has sidebands.
These frequencies may occur due to the mounting and
demounting of the worm gearbox. In the fourth fault, peaks
in the spectrum are not clear.
Some statistical parameters are shown in figure 11 for
two perpendicular sensors. These parameters are mean,
RMS, standard deviation and kurtosis values of the frequency domain, which are represented by MF, RMSF,
STDF and KF, respectively. The circle points represent

the data from the radial direction sensor and triangle
points represent the data from the axial direction in this
figure.
Mean, RMS and standard deviation values of the frequency spectrum, which are obtained from averaged worm
gear vibration in the radial direction, increase gradually
when the severity of fault increases. On the other hand,
these statistical parameters do not display a reliable trend
with the progression of the fault in the axial direction. As
can be seen in figure 11, kurtosis values of frequency
increase for the first fault; after this, it gradually decreases
through the progression of the failure in the radial direction.
However, this feature fluctuates sharply in the axial
direction.
Consequently, statistical parameters of the spectrum are
more useful than those of the time domain. Furthermore,
vibration data, obtained from the accelerometer in the
radial direction, are more significant than those of the
accelerometer in the axial direction for classification of the
level of the fault.

4.2 Visualization of worm gear vibration signals
A worm gear vibration signal acquired in the radial direction is converted into the image as shown in figure 12.
Although the method is applied in both axial and radial
directions, the effects of pitting faults can be detected only
in the radial direction. The reason for this is that the forces
generated in the gear during power transmission are less
effective in the axial direction compared with the radial
direction. This situation is also observed in time analysis, as
shown in figure 7(a) and (b). Each vibration signal has
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Figure 11. Variation of frequency domain features.

Figure 12. Visualization of worm gear vibration.

600000 data. The image created for each fault condition is
formed in a matrix with dimension 198 9 2986 (M 9 N).
This implies that the wheel gear rotates by 198 turns for 60
s and 2986 samples are acquired for each rotation.

This image obtained from the raw vibration signal contains much information about the fault of gear. To get
information from this image and determine the condition of
the gearbox, some image processing techniques given in
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Figure 13. Flow chart of image processing.

figure 13 are applied to this raw image in Matlab. The
morphological opening is used for eliminating small objects
from an image while preserving the shape and size of larger
objects in the image. Dilation is used for objects more
visible and fills in small holes in objects [25].
After all image processing operations, the processed
image is given in figure 14. The teeth of the worm wheel
can be seen noticeably for the image of the healthy condition. Image processing operations provided observation
of the effect of the fault on the vibration data, more conveniently. As can be seen in figure 14, the effect of the
artificial pitting can be seen to be yellow for the second,
third and fourth faults. Moreover, the yellow points become
more explicit as the severity of faults increases.

4.3 Pitting detection of worm gear using ANNs
The principle of the neural network is updating the weights
until they produce the desired outputs by comparing the
outputs to the desired targets. The target values of outputs
are varied from 0 to 1 in this work. The fault level conditions of the worm gear, which are healthy, first fault, second
fault, third fault and fourth fault, are assumed to be 0, 0.25,

0.5, 0.75 and 1, respectively. In order to train the network,
the samples are randomly divided into two sets. The first set
is used for training the network and the other set is used for
testing the performance of the network.
Average error and outlier sample error are given by
Eqs. (6) and (7), respectively. The outlier sample error is
the percentage of the samples that are outside the error band
±0.05. They are used to consider the performance parameter of the network structure. Various neural network
structures have been tested in order to find a more efficient
ANN structure for this system. The performances of ANN
structures are shown in table 2.
The number of hidden layers and the number of neurons
in each hidden layer affect the capability of generalization
of the network. For one hidden layer and a small number of
neurons, the performance may not be adequate. However,
too many hidden neurons may have a risk of over-fitting the
training data and poor generalization on the new data.
N
1 X

½100  joi  ti j
N i¼1

ð6Þ

The value of n is the number of samples that are outside
the ±0.05 band. The flow chart of the calculation of n is

Figure 14. Processed image of worm gear vibration.

Sådhanå

(2020) 45:22

Page 11 of 13

22

Table 2. Performance of structures of ANN.
Architecture of ANN
Number of neurons
Input layer
12
12
12
12
12
12

Hidden layer
10
15
20
10 10
12 12
25 10

Output layer

Epoch

1
1
1
1
1
1

122
109
243
60
46
43

Transfer functions
Tansig,
Tansig,
Tansig,
Tansig,
Tansig,
Tansig,

Average error (%)

Outlier sample error (%)

0.4035
0.4781
0.4782
0.2420
0.1348
0.3849

3.63
2.42
3.03
1.21
0.606
1.818

Purelin
Purelin
Purelin
Tansig, Purelin
Tansig, Purelin
Tansig, Purelin

n=n
N=N+1
START

No
Yes
n=0, N=0

e=abs(o-t)

e>0.05

No

n=n+1
N=N+1

N<165

END

Yes

Figure 15. Flow chart of calculation of n.

shown in figure 15. The value of n can be determined after
taking the output of ANN for all samples. The outlier
sample error is obtained from Eq. (7):
1
 n  100
N

ð7Þ

As seen in table 2, using two different parameters for the
performance of the ANN structure is better than using one
parameter. Both the average error and the outlier sample
error are used to determine the structure; therefore, using
one error parameter can be misleading.
An ANN is composed of two hidden layers and the
number of nodes in each hidden layer has been determined
as 12 because this structure has the best performance. The
values of these error parameters should be small. Thus, the
structure of ANN is determined [12 12 12 1], as shown in
table 2.
Statistical parameters have been used as an input for
ANN in time and frequency domains. The statistical features acquired from two accelerometers (axial and radial)
are used as an input of the ANN. The successes of these
directions are compared according to the value of average
error (%, Eq. (6)) and outlier sample error of ±0.05 band
(%, Eq. (7)).
The data consist of 330 samples and each one is obtained
from averaged vibration data sets for both radial and axial

directions. They are randomly divided into two parts and
every part includes 165 samples. The first part is used for
the training of network and the second one is used for the
testing to determine the performance of the network. In this
study, the mean square error (MSE) is set at 10-7 and the
maximum epoch is considered as 5000. Tansig and Purelin
transfer functions have been used in 4 hidden layers and
output layer. The initial weights and biases of the network
are generated randomly by the MatlabÒ.
Firstly, statistical features of the vibration signal
acquired in the radial direction are used as an input of
ANN. The training is stopped at 46 epochs and the MSE is
9.0875e-08 at this epoch for radial direction. Figure 16
shows both targeted and achieved outputs of ANN. It can
be seen that the percentage of successful classification of
ANN, which is obtained from Eq. (8), is 99.39% because
just one sample is out of error bandwidth ±0.05 for 165
samples. The average error is calculated as 0.1348% for the
network in the radial direction for this study.
100 

1
 n  100:
N

ð8Þ

In addition, statistical features of the vibration signal
acquired in the axial direction are used as an input of ANN.
The training is stopped at 57 epochs and the MSE is
9.1603e-08 at this epoch for the axial direction.

22

Page 12 of 13

Sådhanå

(2020) 45:22

Figure 16. Target and output values of ANN for the radial direction.

Figure 17. Target and output values of ANN for the axial direction.

Figure 17 shows both targeted and achieved outputs of
ANN. It can be seen that the percentage of successful classification of ANN, which is obtained from Eq. (8), is 96.96%
because five samples are out of error bandwidth ±0.05 for
165 samples. The average error is calculated as 1.5608% for
the network in the axial direction for this study.
As a result, the diagnosis technique of ANN identifies
healthy worm wheel gear or faulty worm wheel gear and
also classifies worm wheel gear faults severity using the
vibration signals obtained from accelerometers. The
vibration data obtained from the radial direction are more

useful than those of the axial direction in order to be used as
the input of ANN.

5. Conclusions
In this study, statistical features of vibration signals of the
worm gear in time and frequency domains are compared in
order to detect a pitting failure in a different direction. In
addition, the ANN system has been used as a classifier for
the detection of fault levels in the worm gear.
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FFT of averaged worm gear vibrations has been monitored in the radial direction and the increasing failure
causes excessive amplitude of frequency in the higher
frequency range. Furthermore, in the radial direction, RMS
and standard deviation values show an increasing trend in
the frequency and time domains. Peak to peak value also
has important information about the progression of the
failure for the radial direction. However, it can be clearly
seen that the statistical parameters of averaged worm gear
vibrations obtained from axial direction do not show a
steady increase in both time and frequency domains. As a
result, statistical parameters of the frequency spectrum have
better results than those obtained from time domain signals.
Furthermore, vibration data obtained from the accelerometer in the radial direction include more significant information than that of the accelerometer in the axial direction
in order to classify the level of the fault.
A worm gear vibration signal is converted into an image
and the teeth can be seen after the removal of the noises and
some morphological processes. The pitting defects formed
on these teeth show themselves as lighter in colour after
these image processing techniques.
Statistical parameters obtained from vibration information in time and frequency domains have been used as an
input for ANN. The output of ANN has been compared for
both radial and axial directions with respect to the value of
average error and the percentage of successful classification. It is observed that using radial vibration data for ANN
is more successful than vibration data in the axial direction
for the classification of the fault levels.
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