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7- Data base
8- Principle component analysis (PCA)
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1- Support vector machines (SVM)
2- Artificial neural network

3- Genetic algorithm

4- Neura network

5- Expert systems

6- Fuzzy logic
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Fig.1. A) a Data capture platform. b- Tachometer. c- Piezoelectric accelerometer on clutchretainer mechanism B) The
worn shaft and worn bearing
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2- Fast fourier transform
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1- Excel
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3- Feed forward
4 -Multi layer perceptron
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9- Mean square error

10- Mean absolute error

11- Correlation confection

12- Biaslearning function

13- Logarithm function sigmoid

14- Hyperbolic tangent sigmoid transfer function

ALY o)lods slagj col oad (b (eguae (vac oS
S Lol 5l oS5 a8 i 4S5 15l iy 90,0kl
2 VB JLasl gl b lagyg ol (6503 5 pley oY
S wen Js] @b KLl V8 5 ojlad by sl 4Y o
Livyg s s 5 olasy gloaY oluss S o paseiio |y (Shg 90
W oas e 5l bjgel @b s LAY o)lad (5 WY B+ Jlil e b
sl 0dh (Dm0 V¥ iy - 5l b0l @l sy LA 0led 5
s (glas ale 05 glulis 5 Slas @b lyiea VA oyl o5
stas oy Slos @b (5:Se jpine sllas 15 Shes ol (5Sika
Sl s9izme slas 3, Shos b oas Jloy Sl sgione
st L Sl jgdome sllas 3Shae @ ol b o Jlos
el 9> 950 g wditi b 5uSike pylome sllas 3 Sl ol
e LY ol 055 Shas b jpione (slad ggazme ¢ 3)Shes
Do o asuie Be e BYe 5l 5 090

5 5P E95 smas &b hjsal 1 kil b o)lpl des
IVl oliws copr S wlysNl il ame riren
G5 (=l 3 b 2l (e gian as &Sl Lo (gl ogllae
Sl Laodls sopd Yo 5 ijaol (sl inlojl (slaodls duoy> V-
g opadly OBl (5 €855 )15 oalinl 3,90 ialofl 4k
ol oa s ool ol "y, g gy S S
ol o 5.0 L olsals 51 (Wong and Nandi, 2001)
235 ol > gla Jo ol b ol 8 ag gl

Coy g W

o e 5 ol plyllas adlanngs (bg) S35 o5l
5,8 oolatwl Uas 3, STy cops o listo gl gl 1)
Slaas)l5 5l ol sl (pmgianl p bl S o))
Ol 1) 228w il )0 1y il glagiuge b ixio
(Demetgul et al., 2011) 5,5 sslizwl _5540] Slual gl
o.\_,.iid)ﬂ o> ol « 55 M”ﬁl CBY gy p )91412.«: &

1- Performance functions mean absolute error
performance function

2- Mean squared error performance function

3- Mean squared normalized error performance function
4- Mean squared normalized error with regularization
performance functions

5- Mean squared error with regularization performance
function

6- Mean squared error with regularization and
economization performance function

7- Sum sguared error performance function

8- Roulette
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Table 2- Evaluation of optimum characters of ANN related to eight Db type

Db type MSE MAE r
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Db4 4.09E-07 0.000146 0.999999
Db9 3.27E-05 0.002194 0.999973
Db15 0.000202 0.000931 0.999845
Db20 0.011765 0.031759 0.9911
Db25 0.000782 0.00449 0.999437
Db30 0.000295 0.005343 0.99978
Db35 0.000696 0.006482 0.999457
Db40 0.00167 0.013753 0.99883
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Introduction

The diagnosis of agricultural machinery faults must be performed at an opportune time, in order to fulfill the
agricultural operations in a timely manner and to optimize the accuracy and the integrity of a system, proper
monitoring and fault diagnosis of the rotating parts is required. With development of fault diagnosis methods of
rotating equipment, especially bearing failure, the security, performance and availability of machines has been
increasing. In general, fault detection is conducted through a specific procedure which starts with data
acquisition and continues with features extraction, and subsequently failure of the machine would be detected.
Several practical methods have been introduced for fault detection in rotating parts of machineries. The review
of the literature shows that both Artificial Neural Networks (ANN) and Support Vector Machines (SVM) have
been used for this purpose. However, the results show that SVM is more effective than Artificial Neural
Networks in fault detection of such machineries. In some smart detection systems, incorporating an optimized
method such as Genetic Algorithm in the Neural Network model, could improve the fault detection procedure.
Conseguently, the fault detection performance of neura networks may also be improved by combining with the
Genetic Algorithm and hence will be comparable with the performance of the Support Vector Machine. In this
study, the so called Genetic Algorithm (GA) method was used to optimize the structure of the Artificial Neura
Networks (ANN) for fault detection of the clutch retainer mechanism of MF285 tractor.

Materialsand M ethods

The test rig consists of some electro mechanica parts including the clutch retainer mechanism of MF285
tractor, a supporting shaft, a single-phase electric motor, a loading mechanism to model the load of the tractor
clutch and the corresponding power train gears. The data acquisition section consists of a data analyzer (PCA-
40), a personal computer, a piezoelectric accelerometer (VMI-102, DT-2234B), a tachometer and two rubber
vibration absorbing elements are located between the rig’s components and the plate holder. An evaluation
function was employed in order to achieve the optimal structure of neural network models by selecting the
number of layers, number of cells in the layers, transfer function, training function, learning functions,
performance function, and number of epochs, in such a way that the MSE of the calculated output error was
minimal. The data were collected by means of the accelerometer sensor attached on the clutch mechanism, with
three different working conditions (normal condition, with worn bearing, and with worn shaft), and three
rotational speeds including: 1000 rpm, 1500 rpm and 2000 rpm. The Wavelet Packet Transform (WPT) was
applied on the data-set for features vector extraction and the principle component analyses (PCA) was applied
for dimension reduction of the features vector. The signal processing and the features extraction are the most
important characteristics of the monitoring methodology, by which the working condition of the machine can be
determined. These characteristics may be acquired by transforming the signals from the time domain to the
frequency domain and MATLAB software is used for this purpose. This software receives the vibration data
(time series of output voltage) which are in Excel files format. To remove the noise a suitable filtering procedure
was used and finally the statistical parameters of time - frequency were calculated.
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Results and Discussion

To verify the accuracy of the Genetic Algorithm model, the required data were collected from the training
and testing steps of the Neural Network. For this purpose, the statistical parameters such as mean squared error
(MSE), mean absolute error (MAE) and correlation coefficient (r) were used. The optimal parameters of the
neural network obtained for the family of Db4. A trial and error procedure was used to minimize the mean
square error of the network output and the desired amount of training step. During the training step, four neural
networks including Db4, Db30, Db35 and Db40 achieved a gradient descent weight in the learning bias and four
neural networks including Db9, Db15, Db20 and Db25 achieved a gradient descent with momentum weight in
the learning bias. The two of the achieved neural networks including Db4, Db20 have circular logarithm function
and the remaining networks have annular hyperbolic tangent transfer function. The most appropriate networks
configuration was acquired when the network exhibited the minimal error with the training and testing data sets.
The results show that the highest accuracy of the GA-ANN Artificial neural networks for all rotational speeds
(1000, 1500 and 2000 rpm), and working conditions (intact gear and shaft, damaged bearing and worn shaft)
observed for the network family of Db4. The highest error observed for the family of Db20 with MSE of 0.011.

Conclusions

Artificial neural networks can somewhat think and make decisions similar to an expert person. In this project
in order to predict the occurrence of a failure of the clutch mechanism of MF285 tractor, the experimental data
were obtained using some sensors, and the data were transferred to a computer by means of a data analytical. By
training of the neural networks, the errors were identified separately. The output data from the combined Neural
Network and Genetic Algorithm shows that the performance of the prediction model is enhanced. Based on the
experiments and calculations, the best data set belongs to the family of Db4 network with the least MSE equal to
4.09E-07 and r equal to 0.99999, indicating that the model could precisely detect the faulty bearings or shafts.

Keywords: Clutch retainer mechanism, Fault diagnosis, Genetic algorithm, Neural network, Wavelet packet
transforms



