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Abstract: This study presents an approach to intelligent fault prediction based on time-domain and frequency-domain
(FFT phase angle and PSD) statistical analysis, Principal component analysis (PCA) and adaptive Neuro-fuzzy
inference system (ANFIS). After vibration data acquisition, the approach consists of three stages is conducted. First,
different features, including time-domain statistical characteristics, and frequency-domain statistical characteristics
are extracted to get more fault detection information. Second, three components by a principal component analysis
are obtained from the original feature set. Finally, these three components are inputted into ANFIS for a development
model of identifying different abnormal cases. The proposed approach is applied to fault diagnosis of gearbox's
number one gear of MF285 tractor, and the testing results show that the proposed model can reliably predict different

fault categories and severities.
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INTRODUCTION

Commonly, a series of gears are used for power
transmission from the engine to the drive wheels of the
tractor. These gears are applied to reduce speed and
increase of torque for translation of power to the drive
wheels. Gearbox performs the following works. A)
Transfer of the speed and torque of an engine for
required speed and torque to turn the wheels. B) Reverse
the tractor output shaft of the gearbox to reverse of
tractor movement. C) Don't transfer of a move to wheels
without the need to turn off the engine or clutch pedal
pressed continuously. D) It also turns another drive shaft
that called power take off (PTO).

Gearbox is one of the most important parts in rotating
machines. It applied to quickly power transmission from
one shaft to another shaft. If defects do occur during the
work, damage can be got into other components
(Loutrid, 2008). Therefore, early detection and diagnosis
of fault is a very important (Lei et al., 2009).
Various methods for gearbox fault diagnosis are
presented. One of the most basic methods is based on
vibration fault diagnosis. Due to measure vibration is
easy (Halima et al., 2008; Jafarizadeh et al., 2008; Zuo,
et al., 2005).

More than half of the fault severities in gear transmission
is the gear's deficiency (Yesilyurt, 2004), in this paper,
faults of gear's number one of MF285 tractor are
considered.

After the feature extraction for automatic fault diagnosis
system are completing, classifications are used. The

automatic fault detection system can reduce the need for
skilled operators and increase the speed and reliability of
detection. Intelligent computing techniques are used to
classify different faults. It can by using techniques such
as artificial neural networks. (Bangalore and Tjernberg,
2015; Ali et al.,2015; Ahmed et al.,2015, Jia et al.,2015),
Support vector machines (Jedlinski and Jonak, 2015;
Liu et al., 2016; Li et al., 2016; Mustafa et al., 2016),
Fuzzy logic (Dehghani et al., 2016: Adhikari et al.,
2016) Adaptive Neuro fuzzy inference system.(
Milovancevi¢ et al., 2016; Moosavian et al.,2015;
Soualhi et al.,2014 ).

Previous researches are done to determine or predict of
the fault severity in addition to determining the fault type
too (Sharma et al., 2016; Kaplan et al., 2015).

Artificial Intelligence techniques such as artificial neural
networks and fuzzy logic are used successfully for the
intelligence detection of fault in rotating machines.
Adaptive Neru fuzzy inference system is a hybrid model
which it combines the neural network's ability to adapt
and fuzzy logic qualitative (Jang, 1993). Using
mathematical properties of artificial neural network in
the fuzzy knowledge base system that follows
approximate of the human information processing
method. ANFIS successful implementation of the
common faults in intelligent diagnosis has been reported
(Lou and Loparo, 2004; Ye et al., 2006).

Although a little research has been done to detect faults
in tractor gearbox (Heidarbeigi ef al., 2010; Ebrahimi et
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al., 2013) so far nothing has been done to predict the
severity of the fault of the gearbox.

In this paper, fault severity predict of a number one gear
of MF285 tractors was considered. After extracting
features in time and frequency domains (FFT phase
angle and PSD). Three factors extracted by PCA as the

ANFIS inputs. This system predicts the faults of the gear
successfully. The first part of this article explains how to
perform the experiment. ANFIS and PCA then briefly
described and the results are presented and discussed.
The flow chart of the fault diagnostic system in this study
is shown in Figure 1.
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Figure 1. Fault prediction Flowchart.

MATERIALS AND METHOD

Experimental System Description

Gear number's one of transmission gears, Massey
Ferguson 285 tractor has 44 teeth. The gear is located on
an experimental platform for data capture. The gear of
MF285 clutch axle and transmission gear is jointed
normally. For each of axles, two bearings are used as a
fulcrum. Hence brings simulates the real situation was
mounted on the chassis in a laboratory. The data set was
recorded in healthy condition; gear with broken teeth and
the abrade teeth.

In any case, the speeds of 1000, 1500 and 2000 was
performed. Iteration rate for each case was 130. Data
were recorded for each sample. Single-phase electric
motor YCA90S-2 models for input shaft to provide
rotary motion for data capture was used during the tests.
In this study of a piezoelectric accelerometer model VMI
Ltd, VMI-102 Sweden is applied to measuring vibration
severity.
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The accelerometer has an analog output, therefore
cannot be directly entered into the computer system.
Generated analog signals from the accelerometer output
must be converted to digital signals before entered into
the computer system. For this purpose the analyzer
device APC-40, APC Ltd, Korea was used which has the
ability to data capture 40 MHz. The use of channels
(channel A in this study) was connected via a USB
connection to the laptop.

The rotational speeds of the input shaft were measured
of an optical tachometer DT-2234B with digital
memory. The rotational speed of the electric motor, must
be variable. By using the dimmer switch voltage of the
electric motor is low or high. An experimental platform
is shown in Figure 2.

Figure 2. Data capture platform

All the data collected devices are made up following
parts (see Figure 2):

1 - Gear, gear shafts

2 - Small gears to transfer power to the main gear.

3 - Single phase Electric motor with 750 W power

4 - The system data captures APC-40 and laptop

5 - Accelerometer sensor VMI-102

6 - Optical tachometer DT-2234B

7 - Coupling to connect the input and output gear shaft
8 - Vibration absorbing rubbers

9 - Industrial dimmer.

Feature Extraction

The original data set was divided by the 1024 data points
signal. Each of these signals was processed to extract 11
features, ( Mean value, Standard deviation, Root mean
square (RMS), Peak value, Shape factor, Impulse factor,
Crest factor, Sample standard deviation, Sample
variance, Kurtosis, Skewness) in the time domain (T1-
T11). These 11 features Parameters are shown in Table
1. Frequency domain is another description of the signal.
Some of the information is not found in the time domain.
To transfer from time domain to the frequency domain
was using the FFT phase angle extract 11 features (P1,
P11) and the PSD extract 11 features (Al, All) as
shown in Table 1.
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Table 1. Statistical features in the time and frequency domain

Features in the frequency domain

Features in the time domain PSD FFT phase angle
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where i(j) is a signal series for j=1,2,. . .,J,
J is the
Number of data points.

Principal Components Analysis

Principal component analysis is a mathematical
transformation that makes the linear combination of the
variables. New variables called principal components.
Which shows changes in key variables. (Bastianoni et
al., 2008; Sengur, 2008). In fact, pattern PCA provides
the first principal component that explains the maximum
variance in the original data. The second major
component shows most of the remaining variance in the
orthogonal data and the like.
Principal component can be extracted from each row of
data (the covariance matrix) or standardized data (the
correlation matrix). Standardization of data causes
regardless of the data is same important. Principal
component analysis is used as a way to reduce the size
of the original data. (Bastianoni et al., 2008; Dubey and
Yadava, 2008).

Theoretical procedures for principal component analysis
is described by Dubey and Yadava (2008).

ANFIS

ANFIS is a sugeno fuzzy model that by train of artificial
neural network, fuzzy inference system is optimized.
Inputs membership functions are mapping through
inputs, and then output membership function mapped to
the output.

ANFIS structure based fuzzy model with two rules if-
then first order sugeno is described as follows. For
brevity and simplicity describe a fuzzy system with two
inputs y and x and one output z.

Rule 1: if (x is A;) and (y is by) then (zi=pix+qiy+11)
Rule 2: if (x is A2) and (y is by) then (zo=p2x+qoy+12)

x and y inputs and the Ai and Bi fuzzy rules set and Z;
(i=1,2) outputs are determined by the fuzzy rules.
Parameters during the training process has been
designed. ANFIS structure to handle these two rules is.
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Figure 3. Structure of ANFIS

shown in Figure 3. The circles are shown as fixed nodes
while the square indicates an adaptive node
Input membership function layer: This layer of the fuzzy
input, and all of its nodes are adaptive. The outputs of
this layer are graded membership input.

01 = uy, (%) i=1,2

Ol,i = uBi_z (Y) i=34
Where u,, (x) andug,_,(y) can takes any fuzzy
membership  function. Usually, a bell-shaped

membership function that is used that is shown below.
1
uA,i = m 1= 1,2
1+(557)
Where {ai, bi, ci} are the parameters of the membership
function. The bell-shaped functions are monitored rule
Layer: All nodes in this layer are fixed nodes. M are the
name of the agency that they have been used as a simple
multiplier. The output layer to represent the fuzzy
strength of each rule that shown in below.
0 = wi = up, (x) X ug, (y)

i=1,2

Normalized layers: All nodes in this layer are fixed
nodes. That they will n the markup and have the normal
rules for fuzzy stability of the previous layers.
Normalization factor is calculated as the sum of all
weight functions. The output of this layer can be stated
as follows.

Wi

03; = W; = i=1,2

w; + w,

The fourth layer output membership function layer, the
nodes are adaptive nodes. The output layer as follows.

04 =Wizi =w; (pix+qiy+ 1) 1=12
Where {pi, qi, 1i} are the output membership function
parameters.

Output layer: In this layer, there are only a fixed node is
called S. It will tie together all input signals

— 2iWi Z;
=2 = )W L=y

In order to improve the effectiveness of education and
the elimination of errors due to local minimum hybrid
educational pattern is used to membership function set
parameter regulation. This method is the combination of

gradient correct method for least squares estimation
(Jang, 1993; lei et al., 2008).

RESULTS AND DISCUSSION

After extracting the 33 features of a data set, variables
are analyzed using PCA. After excluding the surplus age
features, 13 features are shown in Table 1 are retained
and then by the PCA feature reduction to 3 components.
These components represent 92% of the variation as
shown in Table 2. One component more indicates the
variation of Az, Az, A4, As, A7, Ag, Ay, while the second
component represents more variations of T, Ps, T7, and
P7 and represents the third component represents most
variations of Ty, P11. The coefficients matrix of the three
components are given in Table 1, too. There are 3
components create by linear combination of the 13
features.
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Table 2. Principal components analysis

Principal component variations

Coefficients of components

1 2 3 1 2 3
As 971 .017 .037 162 .013 .010
As .984 .024 .020 .165 .016 .000
A4 973 .062 .027 163 .025 .000
T -.034 .994 075 .005 252 -.043
Ps -.034 .994 075 .005 252 -.043
Ag =797 183 .042 -.131 .035 .014
T, -.028 991 .108 .006 .248 -.026
P; -.028 991 .108 .006 .248 -.026
Ay -.825 .208 .023 -.136 .042 .002
Ag 971 .017 .037 162 .013 .010
Ay 942 .076 -.013 158 .032 -.022
T .011 132 991 -.006 -.048 510
Py .011 132 991 -.006 -.048 510

Selection of the appropriate input data to classify is the
most important steps to increase the accuracy of fault
classification. Input data should be correctly
distributed to appropriate model is created and which
input is important to create the best model. In this
study, in order that the benefaction of data distribution
for each of speeds the 130 time data acquisition is
done. Three different speeds are 1000, 1500 and 2000
RPM. Three components have 92% of the variations
of original data were used for the ability increase of
presenting a model to fault prediction at different
speeds. Three components are applied as ANFIS input.

Table 3. Evaluate of different membership functions

The check data increases the validity of the system
output data. ANFIS functions adaptive were related to
the size of the training data and the check data. In this
study, 70 percent for training data and 30 percent of
the data was used for verification (check data). The
check data sets is applied to generality verify of the
fuzzy inference system. The main idea for use of check
data sets, about over fitting of the model. It also trains
and check data are for generalization of the system in
selection of different models. In Table 3, the different
membership functions are evaluated for fault detection
modelling.

MF type R SSE MAE MSE
trimmf 0.999732 0.126152 0.007971 0.000359
trapmf 0.882101 52.34091 0.206911 0.149119
gbelmf 0.999997 0.001528 0.000947 4.35E-06
gaussmf 0.999994 0.002791 0.001061 7.95E-06
gauss2mf 0.999999 0.000181 0.000374 5.16E-07
primf 0.913381 38.80522 0.152724 0.110556
dsigmf 0.999964 0.016799 0.002029 4.79E-05
psigmf 0.999964 0.016799 0.002029 4.79E-05
Training Error
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015 ’,
e.:o
B ool %
R
pA
0.05 s
0 20 40 G0 a0 100

Figure 4. The RMS error curve convergence for gauss2mf model
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The model that created by gauss2mf membership
functions is the best model between different model
that created by different membership functions

In Figure 4 can be seen training RMSE of checking
data (*) and training data (*) for the gauss2mf
membership functions model.

In order to fault diagnosis number one gear of a tractor
Massey Ferguson 285 by ANFIS, the topology
structure of ANFIS of the proposed system is shown

input it rule

in Figure 5. This figure shows the structure of fuzzy
rules and membership functions during the training
process parameters and the system automatically
adjusts to the selected membership functions. The
MATLAB build ANFIS structure topology with 27
rules and three input data sets was designed for
vibration data set. In this topology, the number of
nodes in each layer, the number of fuzzy rules and
other information is shown.

outputmt outpt
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Figure 5. Topology structure of ANFIS

Comparing the experimental and predicted values of
output for the model prediction faults by gauss2mf is
shown in Figure 6. Figure 6 shows the experimental
points are marked with stars and the results of the
predicted system are marked with circles. In figure 6
shows the output in this study, number O is normal
mode and the number 1 is gear with wearing tooth and
the number 2 is gear with breaking a tooth. The
relation between 3 component and output are shown in
Figure7, 8, 9. Between numbers {0, 2} that show in

color bar show reliably predict different fault
categories and severities. If the output is close to zero,
gear wear is predicted lower and the output is close to
two, gear break is predicted upper. The statistical
parameters are used to select the best model such as;
correlation coefficient (R), sum squared error (SSE),
Mean absolute error, (MAE) mean square error
(MSE). Where R = 0.999999 represents the model
with this data set has been able to present the predicts
fault severities correctly

Journal of Mechanical Engineering, Vol. ME 47, December 2017
Transaction of the Mechanical Engineering Division, The Institution of Engineers, Bangladesh



Intelligent Prediction of Fault Severity of Tractor’s Gearbox by Time-domain and Frequency-domain

y = 0.999556x +0.000116

24 T
2 Target-predicted Yalue
51 4  Regression &
w157 .
=
[2:3
=
= 1 E .
E
=
=t
o 05t 4
ik .
_D5 | 1 1
1] 0.5 1 15 2

Experimental values

Figure 6. Comparing the experimental output and predicted values
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Figure 9. The dependence plot of components 1, 3 (FAC1, 3) and outputs

CONCLUSION

The approach to intelligent fault diagnosis of gearbox
number one gears of MF285 tractor based on statistical
analysis, Principal component analysis for data reduction
and adaptive Neuro-fuzzy inference system (ANFIS), is

proposed in this study. Time-domain statistical features,
frequency-domain statistical features FFT phase angle
and PSD are extracted, respectively, to gain on the great
value of faulty information from vibration signals.
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In order to remove the redundant or irrelevant data and
reduce data for ANFIS input, a Principal component
analysis is introduced and used to take the most superior
features, and then used in fault predicting of gearbox
number one gear’s of MF285 indicates the proposed
model can reliably predict different fault is very
effective. The model that created by gauss2mf
membership functions is the best model between
different model that created by different membership
functions. Formative assessment of prediction models is
done through a correlation coefficient (R), sum squared
error (SSE), Mean absolute error, (MAE) mean square
error (MSE). Where R is 0.999999, SSE is 0.000181 and
MSE is 5.16E-07 and MAE is 0.000374. Here close to R
is 1 represents the model with this data set has been able
to predict fault severities.
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