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ABSTRACT

In this study, ANFIS, as decision support system, is applied to detect the faults of MF 285 mechanism tractor clutch.
Maintenance mechanisms include normal mode, rolling element failure, seal failure and attrition-based. Experiments
were carried out in three speeds: 1000, 15,000, 2000 RPM and two conditions. The sensor was mounted vertically and
horizontally. Vibrating spectrum of the time domain and the frequency of vibration data were obtained. Thirty-three
statistical parameters of vibration signals in frequency domain and time were chosen as the sources attribute to detect
errors. Finally, the top three features as input vectors to the ANFIS were evaluated. Using statistical parameters the
performance of the system was calculated with the experimental data and training of ANFIS model. The system could
not provide a seal to identify the fault. Regardless of the vibration data obtained from the classification of the seal, the
overall classification accuracy of the ANFIS was 99.14% in the amount of 100% of the sensor installed vertically and

horizontally. The results showed that this system can be used as an intelligent diagnosis system.
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1. Introduction

Rotating machines are the mainstay of several industrial
applications worldwide. They can be found automobile,

water industry, wind turbines, agricultural machinery, etc.

Failures associated with gears represent the cause of ex-
tended outages and are typically caused by gradual dete-
rioration and wear [1].

An important objective of condition-based mainte-
nance (CBM) is to determine the optimal time for re-
placement or overhaul of a machine. The ability to accu-
rately predict the remaining useful life of a machine sys-
tem is crucial for its operation and can also be used to
improve productivity [2].

Vibration analysis is a powerful tool in machine fault
diagnosis. It is a way to check the status of a machine
using a special tool. Troubleshooting machines can be
more identified in the future and before the crash.

Fault diagnosis of mechanical or electronic compo-
nents or systems is a subject of expert system applications.
Today, neuro-fuzzy devices are emerged by combining
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network based on adaptive neural networks and fuzzy
models. These adaptive networks, based on fuzzy infer-
ence system, are called ANFIS. In such systems the de-
sired output will be achieved by means of human know-
ledge, in the form of if-then rules for the desired input.
Dealing with systems that are not well-defined it is not
true model the system based on conventional mathe-
matical tools and component identification and therefore
the neuro-fuzzy systems could be applied.

Many researchers [3-12] have employed various me-
thuds to detect weak periodic signals using the sensitivity
of system parameters. Some of these methods are shock
pulse monitoring, crest factor analysis, kurtosis, spectrum
analysis, envelope spectrum analysis, wavelet analysis,
filtration of signal, etc.

Among the researches carried on machine condition
monitoring with vibration analysis using fuzzy logic and
neuro-fuzzy networks there are rotary machines fault
diagnosis, troubleshooting automotive active suspension
system and taking into account the non-linear behavior of
hydraulic actuator and significantly the impaired con-
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troller, an engine control ventilation, fault diagnosis of
bearing rotary, fault diagnosis of rolling bearing [4,7,12],
tapered gearbox fault diagnosis [11].

In agricultural tractors, fractures in different parts of
the power transmission due to the lack of early detection
and location of damage and repair or replace the dam-
aged part will be caused waste of time, cost more to re-
pair and loose time for farming operations which often
are duly carried. MF285 Tractor, is equipped with a two
stage clutch. The two main types of clutches are neces-
sary. The first resembles a driven plate clutch to power

takeoff but the latter is based on the sheath power takeoff.

The shaft makes the gear box to move while the pad
moves through two gears toward the empowerment shaft.
Figure 1 illustrates the position of each component.
Failure on this part will lead to some fraction in other
parts specially in gearbox of tractor, on condition of late
diagnosis. The overall objective of this research is to
present the intelligent detection of some parts of MF285
tractor clutch holder mechanism with high accuracy.

2. Materials and Methods

Classical methods for fault diagnosis include measurable
change of system, values of tolerance condition monitor-
ing of machinery health state. This method requires the
presence of a person qualified to comment on the health
of the defective machine. This study intends to provide
an intelligent fault diagnosis system, so that it could help
to give a quick decision on machine safety to an expert.
In this study the experiments on trial setup of MF285
tractor clutch holder mechanism in a single laboratory
unit (Figure 2).

Intelligent system for Condition monitoring is gener-
ally, divided to three parts: data acquisition, signal proc-

essing and feature extraction and classification of defects.

The proposed system for failure detection includes vibra-
tion signals collection in data acquisition, data transfer
from time zone to frequency zone in signal processing,
calculating the most important features in features ex-
traction and finally data entrance to ANFIS and calculat-
ing the total classification accuracy.

2.1. Data Acquisition

Data was acquired in two accelerometer sensor direction

N

Figure 1. The position of clutch holder mechanism (right)
and internal components of clutch holder mechanism (left).
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and three rotation speeds include 1000, 1500 and 2000
RPM in safe mode on laboratory setup. The accelerome-
ter was installed in two X and Y directions on the main
holder. ARMA Software was used for this purpose and
10,240 voltage data were recorded and saved in an Excel
file. Data collected for each sample took 10 s. Total 24
states and 130 vibration data for each state (780 for safe
mode and 2340 for down mode and totally 3210 samples)
were extracted.

Different failures that may be happen on mechanism
were occurred on different parts of clutch holder mecha-
nism (Figure 3) and the vibration data acquired sepa-
rately. Table 1 shows the specifications of each failure.

Due to the breakdown in rotating machines, time do-
main signals vary in each fault conditions. Vibrational
spectra taken during the time of each of the modes are
obtained. A typical vibration spectrum obtained at a
moment when the photograph is taken. Figure 4 shows a
sample of vibration spectrum obtained during data map-
ping taken momentarily.

Figure 3. Clutch holder mechanisms failures: seal failure
(top-right), roller failure (top-left), PTO shaft friction (bot-
tom).
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Table 1. Specifications of each failure.

Failure type Failure profile
Seal failure The inner seal is torn and
the coil is damage
PTO shaft friction Shaft diameter is reduced
upto 10 percent
Roller failure Three roller balls and the

inner ring are destroyed

(@

(b)

Figure 4. Vibrationsignal from health condition (a) andvi-
brationsignal from fault condition (b) horizontal sensor and
1000 rmp.
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2.2. Signal Processing

Signal processing and feature extraction are the most
important parts of the monitoring process by which the
system feature including safety or failure and the system
type could be specified. One common way to provide
useful features is to transfer signal from time domain to
frequency domain. The analyzer, using the Fourier series,
changes the analogous signals of time zone into digital
data in frequency zone. For this purpose, at first program
the necessary codes in the form of MATLAB. This Excel
program contains vibration data and using the filter ap-
plied, the data was filtered the noises were eliminated
and finally the time and frequency statistical parameters
were calculated. So, some conversion feature of Fourier
series (FFT) with 10240 points was calculated for each
time signal. Also, the power spectrum density (PSD) and
phase angle (FFT) of vibration signals were calculated
using MATLAB.

Using MATLAB, the diagrams related to vibration
spectrum in frequency domain in safe and failure modes
were acquired to be analyzed and compared with each
other (Figures 5 and 6).

2.3. Feature Extraction

The main purpose of feature extraction techniques is to
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Figure 5. Typical vibration spectra obtained in time domain.
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present failure features in signals. In this research, the
time domain data with 10240 formed the sample. Also,
the frequency domain data points, which is PSD data and
FFT phase angle were each 10,240. These signals were
used to extract thirty-three features of safe and failure
modes. Eleven features (T1 - T11) of time domain statis-
tical parameters and rest of parameters (P1 - P11) and
(Al - All) form the frequency domain statistical pa-
rameters.
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2.4. Fault Classification with ANFIS

For better definition of output result each of safe and
fault modes have a code to classify the failures (Table
2).

Then in order to data model in ANFIS, 8 models (A - H)
were considered for modeling in ANFIS and experimen-
tal data were placed in classification (Table 3).

During the initial data mapping and using seal fault in
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Figure 6. Frequency spectra obtained in frequency domain.
Table 2. Code definition for each safe and failure mode.
Mode Safe Roller fault Seal fault Axis friction
Defined code in classification 0 1 2 3
Table 3. Modes classification and input data to ANFIS.
Experiment model ~ Sensor status  (rpm)  Classification code ~ Number of experimental data  No. of training data IXPNUIEItg
A Vertical 1000 3210 468 1092 Ay P Ag
B Vertical 1000 310 351 819 Ay Py Ag
C Vertical 1500 3210 468 1092 Ay P Ag
D Vertical 2000 3210 468 1092 As Py A;
E Horizontal 1000 3210 468 1092 Ts Ay Ag
F Horizontal 1500 3210 468 1092 Ay P Ag
G Horizontal 2000 3210 468 1092 Ts Ay Ag
H Horizontal 2000 310 351 819 Ts Ay Ag
Copyright © 2013 SciRes. MME
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laboratory model, the vibration resulted from seal fault
were felt less than safe mode and no significant differ-
ence was observed from initial comparison of data ob-
tained from seal failure and safe mode and their vibration
spectra. On the other hand, after investigating data re-
lated to seal fault, in order to select super features, less

significant features from data on seal fault were observed.

So, it was assumed that the present system could not
have a good show of defects resulted from seal fault.
Therefore, the data related to seal fault were eliminated
in B and H models and other data were entered into the
network.

3. Results

The FFT diagram is the most applicative device for the
vibration analysis. But much information on machine
behavior may be eliminated in FFT diagram for various
results like: some frequencies filtering, the adjacent fre-
quencies overlap regarding the selective clarity. The
neuro-adaptive techniques provide some method to make
a phase modeling trend along with information learning
from a data collection. In order to evaluate the proposed
fault detection system the vibration data were placed in
classification and 8 models were considered for modeling
and entering the ANFIS network. The ANFIS feature
vector was extracted for each model in different sensor
modes and rotations per each three features. For the ex-
periment models, in order to train and test the data, better
significant features which made better results using the
failure and try method were applied to enter the network.
70% data in each model were assigned to train and 30%
were loaded to test in the network. To obtain better re-
sults the input and output membership features and dif-
ferent training periods were considered. Also, the initial
value of 1% as the step size was formed for the parame-
ters adaptation. After loading for all models, the failure
diagram was drawn based on didactic periods. Then, the
rules monitor form, fuzzy rules, fault detection topology
and levels diagram were extracted for each separate
model. Meanwhile, from the results obtained of ANFIS,
the mean square error (MSE), sum of square error (SSE),
correlation coefficient (R), mean absolute error (MAE),
the degree of significance (P) and the prediction were
obtained (Table 4).

By observing the result of ANFIS and counting correct
answers, confusion matrix for the entire model was es-
tablished. In Table 5 the confusion matrix is illustrated
for model B.

Diagonal elements in matrix represent the number of
correct answers.

Overall classification accuracy, sensitivity and statis-
tical are two statistical criteria to elevate the performance
of the system in classification. These criteria are defined
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Table 4. The best results of the ANFIS models in different
experiment.

The results of the ANFIS
Model Testing

R SSE MAE MSE
A 0.80 779 0.44 0.49
B 0.98 1.02 0.05 0.06
C 0.82 69.00 0.39 0.44
D 0.66 124.6 0.60 0.79
E 0.78 254.4 0.53 0.48
F 0.89 135.9 0.32 0.26
G 0.73 112.5 0.49 0.72
H 0.99 0.002 0.0015 244

Table 5. The confusion matrix for flaw detection in model
B.

Output/Desired Safe Roller failure Axis friction
Safe 39 0 0
Roller failure 1 38 0
Axis friction 0 0 39

as follows:

Sensitivity equals to the number of correct positive
decisions divided by total possible decisions. Total clas-
sification accuracy equals to the number of correct deci-
sions divided by total possible decisions. Finally, the
statistical criteria were obtained to detect system per-
formance in classifying each model (Table 6).

In order to compare the success of failure detection of
the models together, a description of overall classifica-
tion accuracy in each case is shown as diagram (Figure
7). In model B the total classification accuracy were
99.14% and the highest amount of accuracy 100% was
obtained in model D, which is desired. Also, the total
classification mean accuracy of fault detection system
with vertical sensor 76.41 and horizontal sensor 71.47
was obtained (Figure 8).

4. Conclusion

In this study, vibration data resulted from experimental
setup were obtained using the data acquisition system.
Statistical features of time and frequency domain were
obtained for different failures detection and among them
three super features were selected to enter the ANFIS
network. 8 models were places in classification to detect
the failure. In two models (models B and H), the seal
fault was not placed in classification. After calculating
statistical parameters, the total classification accuracy in
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Table 6. Statistical criteria and classification accuracy obtained in all test models.

Statistical criteria Status Model
Total percent Sensitivity percent

54.8 0
100 1

67.9 175 2 A
100 3
100 0
97.43 1
100 3

99.14 B
43.6 0
100 1
43.6 2
100 3

71.79 C
30.76 0
100 1
64.1 2

66.66 71.8 3 D
15.38 0
82 1
0 2

46.15 87.17 3 E
46.15 0
100 1
33.33 2
100 3

69.78 F
51.28 0
100 1
30.76 2

69.78 97.43 3 G
100 0
100 1

100 H
100 3
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Figure 7. (a) The extraction of fuzzy rules; (b) Designed ANFIS topology; (c) Rules monitor, regression diagram on predic-
tions; (d) The extraction of levels monitor in model B; (e) The topography of model.
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Figure 8. Diagram of total classification accuracy based on
experiment models.

model D and H were, respectively, 99.14 and100 per-
cents. Comparing the results of total classification accu-
racy obtained from ANFIS models showed the assump-
tion that the seal failure makes little vibration is true and
the proposed fault detection system was not able to show
the seal failure. As a whole, the results showed that using
intelligent neuro-fuzzy logic could be an effective me-
thod to detect the failures in clutch holder mechanism.
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