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ABSTRACT

This work deals with the application of the fuzzy logic to automate diagnosis of bearing
defects in rotating machines based on vibration signals. The classification tool used is a fuzzy
inference system (FIS) of Mamdani type. The vector form of (input) contains parameters
extracted from the signals collected from the test bench studied. The output vector contains
the classes for the different operating modes of the experimental study. The results show that;
pretreatment data (filtering, decimation,..), the choice of parameters of fuzzy inference system
(input variables and output, types and parameters of membership functions associated with
different variables input and output of the system, the generation of fuzzy inference rules, ...)
are of major importance for the performance of fuzzy inference system used as a tool for fault
diagnosis of rotating machinery.

Keywords. Rotating machines, Mechanical vibration, fuzzy logic, fuzzy inference, Fault
diagnosis, signal processing

INTRODUCTION

Despite the Progress and technological advances in the distributed control and automation of
complex processes, monitoring processes remains a very important task which is still largely a
manual activity, carried out by operators, especially when it comes to respond to abnormal
events. This activity is based on the nature and criticality of defects or malfunctions, affect
economic, environmental and security more or less significant, not only in equipment but also
operators. Especially the fact that managing a large amount of information and need to act
quickly can lead operators to make incorrect decisions, further degrading the situation. Thus,
the monitoring systems that integrate tools for monitoring, detection and diagnosis are needed
to provide the operator with sufficient criteria for decision-making.

In this context, many approaches are developed for fault detection and diagnosis, by the
different scientific communities. The methods differ in the type of a priori knowledge about
the process they require. Thus they may be classified, in general, as model-based methods,
and methods based on historical data. Methods based models consider a structural model of
the behavior of the process based on fundamental physical principles. These models can be
quantitative, expressed as mathematical equations or a qualitative, expressed for example in
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the form of logical relationships. Methods basecmtorical data seek to extract information,
such as examples or trends within steps from theae and actuators, which can identify the
behavior of the process. These methods include,ngnaihers, statistical methods and
classification (or pattern recognition). Among thethods based on historical data, there are
methods of pattern recognition based on fuzzy logle contribution of fuzzy logic is the
possibility of a simulation of the expertise of aperator or designer in the monitoring and
process control. From the mid-90s (Liu and sing@99Mechefske 1998), (Lou and loparo
2004), (Sugumaran and ramachandran 2007), applsabf fuzzy logic in maintenance of
rotating machines begin to appear progressivehh wiite use of different classification
methods fuzzy. It was found that several applicetim recent years use of inference systems
based on fuzzy rules, as a tool for classificatadnfaults for diagnosis (Boutros and
liang2007), (wu and hsu 2009), (Saravanan and ch@a 2009), (Wu and hsu 2009),
(Aliustaoglu and metin 2009). In our work we trydpply fuzzy logic to detect and diagnose
faults in rotating machines (application to beasin@Ve will use a classification method with
a fuzzy inference system (FIS).

IMPLEMENTATION OF FUZZY INFERENCE SYSTEM (FIS)
There are three functional steps in the implemematf a fuzzy inference system (FIS) for
the diagnosis, as shown in the diagram (see Fibure.

Real »  real
inputs fuzzification inference | defuzzification outputs

A 4

A 4
\ 4

Fig.1 Stages of the implementation of a
fuzzy inference system (FIS)

A. Step of Fuzzfication
The fuzzification step is to define fuzzy sets ifgout variables and output for each of these
variables must be known a priori definition of tiéerval, the number of fuzzy sets and the
shapes of the functions of belonging.

B. Step Inference
This is the stage where we establish the fuzzysrwhich allow to reach the exit by the
values of the input variables. Each rule consistpremises linked by AND, OR and gives
rise to an implication by the operator THEN.
After editing the rules, it remains to calculate thembership degrees of the output variable
to all fuzzy sets associated with it.
The aggregation of these rules is an operationstiatild lead to a single value of the variable
output after defuzzification.

C. Defuzzfication Stage
This step is to transform the linguistic variableamme of fuzzy inference system to a digital
value. For this, there are three main methods:
- The method of maximum corresponding to the mimmhworizontal axis of the ordinate up
to the surface. It is little used.
- The method of weighted average.
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- The method of centroids is the best. It is simpycalculate the centers of gravity of
surfaces.

TEST BENCH

The websité www.eecs.cwru.edu\laboratory\bearing\welcome_wiesv.htn»  ( loparo
2004); Provides access to the database testing of baliingsaor bearings normal or
defective. As shown in figure.2 below, the testdbeconsists mainly of an engine "2HP"
(left), a coupling transducer / encoder (centeryjeaerator (right) and control circuits (not
shown).

Fig.2 Bearing test rig

The bearings tested support the motor shaft at botts (drive side and side fan). Simple
defects in the form of points have been createdhenbearing test, using electro-discharge
machining.

The signals were recorded using accelerometerghwirere attached to the cage of the motor
magnet. These sensors were placed at the 12 o'plmgikion "vertical”, both sides and fan
coupling of the cage motor.

The signals were recorded examined for defecteefriner side coupling under the following
conditions:

- The shaft rotates at a speed of 1730 rpm.

- The power of the load torque is 3HP.

- Three defects of diameters 0007, 0021, and On@R8iere created on the inner race.

- The four signals (states) are drawn on the siddied mating signal without defects and
with other defects (defects in three sizes 0002;10@nd 0.028inch).

The Figure.3, Represents the time signals collectethe side of the coupling, for different
diameters of defects produced on the inner rirgtarque of 3HP. (HP: Horse Power)

sans défaut

40008 48 002 déf 0007

Fig.3 Representation of time signals for different
diameters of the defect on the inner ring
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CONSTITUTION OF THE DATABASE
The database contains four available signals, rakigithout defects and three with defects.
As the fuzzy inference systems (FIS) require adadgtabase for the classification, and to
have enough data, we divided each signal Kt slggoints provided that the number of
samples for each slice must be large enough tor@wgefficient number of the largest cycle
corresponding to the greatest period (the lowestdp We have the signals of length 120 800
points. The shaft rotates at a speed of 1730 rpm.
1730
frshaft™ g

It has four characteristic frequencies correspandol the various elements of the bearing
(cage, inner and outer ra@ad rolling elements). The greatest period cornedpao the
smallest frequency. In our case, the greatest gpésithe period of the cage:

= 2883HZ

f = 0.9382x 2883 = 1148HZ
cage
- The period:
1
Tcage™
cage

- The sampling frequency:
f . =12KHZ = 1200HZ

- The sampling period:

1
At =—
fS
- The number of points per period:
T fg 12000
=98 S 2T 10489ts=104ts
Pa g 1148
cage

If we take a factor of 5. The length will be regqdrfor each portion:

Npo=pr5=52amm
If we take a value greater thah
Ny = 2 = 8192
While the number of slices in the case of a recpeé50%, = NTM then:

Ns~s. _ 120800- 4096 _

Kt = 28

NM ~ sl 4096
So, we got 112 signals, 28 signals for each class.

A. Pretreatment and Calculation of I ndicators
A signal preprocessinig required to remove all kinds of useless infoiorgtand facilitate
the task of extracting indicators for monitoring tlmost relevant formants database. We chose
initially to calculate the following indicators: ¢hSTDEV (ET), the crest factors (Fc), the
crest- crest (Acc), the factor dissymmetry (skewsn@s)) and the flattening factor (Kurtosis
(Ku)) (Lou and loparo 2004), (Sugumaran and ramadien 2007)and the energy from the
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spectrum envelope. These indicators can be goadaitadls for monitoring in the case of the
bearings. After a preliminary analysis, we choseaigulate these indicators as follows:

A.l. Temporal Indicators

The time indicators mentioned above are calculatefive frequency bands from the band
analysis '6 KHZ ', 4 in adjacent bands of width @80, plus the total band. The indicators are
the averages of the indicators calculated in the fiands. The bands are then calculated: [O-
1500Hz], [1500-3000Hz], [3000-4500HZ], [4500-600QHmd [0-6000Hz]. The signal from
each portion has been centered and filtered kerdilike band pass.

A.2. Freguency Indicators

The indicators (energy from the spectrum envel@e)calculated in the five (5) frequency
band and total frequency bands of width of 1000fiam the spectrum envelope of the
different tranches. Frequency indicators are catedl, EBT in the band [0-6000Hz], EB1 in
[0_1000HZ], EB2 in [1000-2000Hz], EB3 in [2000-3¢£] EB4 in [3000-4000Hz] and EB5

in [4000 -5000Hz].

- _Notes

- For the division of signals into slices, and taéculation of time and frequency indicators,
a program in Matlab is designed for this purpose.

- Figures, 4,5, 6, 7, 8,9, 10, 11, 12, 13, ahdytaphically represent the variation of the 11
indicators based on 112 observations (number cés)i Note that the numerical values of the
three indicators ET, EB2 and EB5 correspondingituies 4, 11, and 14 are divided into 4
levels completely separated from each other, thegss correspond to the four operating
conditions studied, and therefore the three indisaET, EB2 and EB5 are most relevant for
classification.

ecartyype(ET) facteur de crete(Fc)
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Fig.4 Variationindicator (ET). Fig.5 variation indicator (FC)
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Fig.6 Variationindicator (ACC). Fig.7 variation Indicator (Ks).
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facteur de kurtosis(Ku)
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Fig.8 Variation indicator (Ku).
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Fig.10 Variation indicator (EB1).
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Fig.12 Variation indicator (EB3).
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Fig.14 Variationindicator(EB6).

B. Constitution of Vector Form
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Fig.9 variation Indicator (EBT).
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Fig.13Maion indicator (EB4).

The vector form consists of a number of indicateeected from the previously calculated
indicators. The components of the vector form re@néing the input variables of the fuzzy
inference system (FIS) chosen the classification of defects in bearings. The dagd must
classify and treat is stored in an array of typseobations / variables of the form:
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X11X12 - XIM X1

database

X21X22  X2M X2

XN1 XN2 - XNM L XN
Nis thenumberof observatios
Wher _ o
M is thenumberof indicators

We then have:

M: indicators, shown in columns, and N observatimmesented on line will be divided into
Nc classes (w1, w2, .... \¥) or operating modes, each clag$has N observations.

For our work:

N = 112 observations (28 slices per 4 signals).

M =3; the number of indicators that represent thygut variables of the fuzzy inference
system, we chose three most relevant indicatosuleaed from the 11 indicators (this choice
is justified in A previous section, and in additittms number is sufficient because every time
we increase the number of input variables and tbeber of membership functions
associated with each variable, we will have a cexipf for the generation of fuzzy inference
rules . for example: for two input variables andrfemembership functions for each of the two
variables, we have 4= 16) fuzzy inference rules, and for three inpatiables and four
membership functions, we have®(4 64) rules. the three indicators selected, a type
statistic: the STDEV (ET) (this indicator is widelssed for fault monitoring bearings), and
the other two types of frequency (EB2) and (EB%t tkepresent the outcome of the energy
bands [1000-2000Hz], [4000-5000Hz] (these indicatare also selected for the reason that
they are very sensitive to the variation of engligyour case was an increase the size of the
defect and therefore an increase in energy)).

C. Choiceof Classes (Output of Fuzzy Sets (F1S))
We opted for the system output (FIS) a single oiutariable, which represents the health of
the studied device (state), for this variable wesehfour fuzzy sets corresponding to different
diameters of defaultTable 1 shows the different fuzzy sets (classesp@ated with the
output variable.

Table.1:fuzzy setqclassespf the variable outpufstate)
Fuzzy sets (classes) associated with the | Diameter of the Fault
output variable (inch)
N1 No fault
N2 0.007
N3 0.021
N4 0.028

CONDUCT OF CLASSIFICATION BY FUZZY INFERENCE SYSTEM (FIS)
The methodology chosen for the classification ffiedent states of machine faults by a fuzzy
inference system (FIS) for the diagnosis is represkeby the flowchart in figurel5.
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Signal acquisition

v

Preprocessing and signal processing (filteringimdaton,
denoising, extraction of monitoring indicators, etc.)..

A 4

Construction of the database according
to the relevant indicatorselected

\ 4
Training data

v

Creation system (FIS)
learning

v

Critéres d'un
bon
apprentissag

\ 4
Test data

nct

Fuzzy inference system (FIS) led

v

Generalization of fuzzy inference system
(FIS)

v

Operating system fuzzy inference (FIS)

Fig.15 Flowchart of implementation of the fuzzydrdnce system (FIS) for the classification of disfec

IMPLEMENTATION OF FUZZY INFERENCE SYSTEM (FIS) IN MATLAB

The implementation of fuzzy inference system in Isfatcan be achieved by two different
methods, either using the controls toolbox (Fuzagit) or the graphical user interface of the
latter (Mathworks 2000).

A. Implementation System (FIS) Through the Graphic I nterphace

A.l. Structure of the Fuzzy Inference System (F1S)

We have chosen a fuzzy inference system of Mamiyaei with three variables at the input
and a variable to the output. Figure 16 shows thekbdiagram of our system. We chose a
fuzzy inference mechanism that works with the médshshown on Figure 16, which should
lead to a single value of the variable output &tat
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Fig.16.Block diagram of (FIS).

A.2. Fuzification of the Input Variables and Output
Figures, 17, 18, 19, and 20 respectively repreentuzzification of the three input variables

(ET, EB2, EB5) and the output variable (state)
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File  Edit  Vigw

FIS “ariables Membership function plots  Plot points: 181
L P el Te
-
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EB2
EBS .
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Selected variable "ET" |

Fig.17 Fuzzification of the input variable "the 3RV (ET)."
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Fig.18. Fuzzification of the input variable "enettggnd [1000-2000Hz] (EB2)."

IRF'2013



4th Int. Conference on Integrity, Reliability and Failure

-J | Membership Function Editer: diag _roul_flou

10000 -9000  -S000  -FOO0 6000 -5000  -4000
inpLt variable "EBS"

Current Variable Current Membership Function [click on MF to select)

Mame EES Nam= iz

Type inpt Type 2mf =]
Pararns | [-B365 -8385]

Range [1.09+004 -350C

Display Rlange [1.09+004 -350C | Help Close |

| Selected variable "EBS" |

Fig.19. Fuzzification of the input variable "enettggnd [4000-5000Hz] (EB5)."
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Fig.20. Fuzzification of the output variable éWice status (state).”

A.3. Inference Rules

The different possible rules according to the ffization of input variables and output are
selected (three input variables and 4 functions dach variable, we obtain 64 rules of
inference (&= 64)) are presented some rules of the 64 rules.

1. IF[(ETis TP) and (EB2 is TP) and (EB5 is TPHEN (condition is N1) (1)

2. IF[(ET is TP) and (EB2 is TP) and (EB5 is PHHN (condition is N2) (1)

3. IF[(ET is TP) and (EB2 is TP) and (EB5 is GHHN (condition is N3) (1)

4. IF [(ET is TP) and (EB2 is TP) and (EB5 is TGHEN (condition is N4) (1)

5.IF [(ET is TP) and (EB2 is P) and (EB5 is TPHHN (condition is N1) (1)

6. IF [(ET is TP) and (EB2 is P) and (EB5 is P)]HM (condition is N2) (1)

7. IF [(ET is TP) and (EB2 is P) and (EB5 is G)]HM (condition is N3) (1)

8. IF[(ET is TP) and (EB2 is P) and (EB5 is TGHHEN (condition is N4) (1)

9. IF[(ET is TP) and (EB2 is G) and (EB5 is TPHHEN (condition is N3) (1)

10. IF [(ET is TP) and (EB2 is G) and (EB5 is PHHN (condition is N3) (1)

55. IF [(ET is TG) and (EB2 is P) and (EB5 is GHHEN (condition is N4) (1)
56. IF [(ET is TG) and (EB2 is P) and (EB5 is TGHEN (condition is N4) (1)
57. IF [(ET is TG) and (EB2 is G) and (EB5 is TPJEN (condition is N4) (1)
58. IF[(ET is TG) and (EB2 is G) and (EB5 is PHEN (condition is N4) (1)
59. IF [(ET is TG) and (EB2 is G) and (EB5 is GHEN (condition is N4) (1)
60. IF [(ET is TG) and (EB2 is G) and (EB5 is TGHIEN (condition is N4) (1)
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61. IF[(ET is TG) and (EB2 is TG) and (EB5 is TRFHEN (condition is N4) (1)
62. IF [(ET is TG) and (EB2 is TG) and (EB5 is PHEN (condition is N4) (1)
63. IF [(ET is TG) and (EB2 is TG) and (EB5 is GIEN (condition is N4) (1)
64. IF [(ET is TG) and (EB2 is TG) and (EB5 is TGHEN (condition is N4) (1)

B. Classification of the database by the Fuzzy I nference System (F1S)

We have designed a program in the Matlab environmeimg the controls in the toolbox
"fuzzy logic" for the implementation of fuzzy infamce system (FIS), developed the program
also allows to classify the observations datab@be. Appendix presents the results of the
classification database.

RESULTSAND DISCUSSION
A. Graphical Representation of Results Classification
The figure21, graphically represents the resuttla$sification, we note that:

- The observations considered at the start of clag® Hefects) that correspond to the
linelon line28 in the data matrix, all these obagons are classified by the system at
N1, that is to say in the class1.

- The observations considered at the start of clgsisatheter of the defect (0.007inch))
that correspond to the line29 on line 56 in theadastrix, all these observations are
classified by the system at N2, that is to saypedlass?2.

- The observations considered starting from the B8lagliameter of the defect
(0.021inch)) that correspond to the line57 on lheB the data matrix, all these
observations are classified by the system at N8,5ay in class3.

- The observations considered starting from the elas@liameter of the defect
(0.028inchh)) that correspond to the line 85 o lir12 in the data matrix, all these
observations are classified by the system at thetliNd is, say in class 4.

4

M3

i Baux

M2

i
] o 28

i i i \
40 =5 B0 80 54 100 112 120
observations

Fig.21 classification of the database (bearings).

B. Interpretation of Results Classification
The result obtained by the classification system$)ks coincident with the hypothesis that
we considered in section (3.3), and the distributb the database into four classes, Class 1:
no default, Class 2: with defect (0.007inchd®f class 3: with default (0.021inch &), and
Class 4: with default (0.028inch @). Note that all observations of the database lassitied
correctly, which gives a correct classification erabf 100%. The high rate of good
classification system may be due to:

- The right choice of system parameters (input véembnd output, number and type of

membership functions chosen for the different \des, rules of inference,
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defuzzification method), especially the three inpatiables system (ET, EB2, EB5),
these variables (indicators) are most relevantcfassification among 1lindicateurs
initially calculated.

The preprocessing applied to the various slicesthef signals studied, and the
calculation of indicators in frequency bands neith@o wide nor too narrow, it
provides the indicators sensitive to changes ttat oatcur on the system studied.

the total separation of the four classes may hlsalue to the size of the defects
created on the system, which are relatively spapedt (the spacing of the dimensions
of the defects produced energy nival separateddrend, we can say that the fuzzy
inference system (FIS), with this configurationsideed to clearly separate the four
classes.

CONCLUSION

The difficulty is always in this type of diagnodiy fuzzy inference systems in the
choice of parameters, starting with the choicenplit variables (vector form), through
the number of fuzzy sets associated with each Mariaput and output arriving in the
edition of the rules especially if the number oty sets associated with different
input variables is large enough. It can be sai@ hieat there are no rules for choosing
the parameters of the inference system, which gepending on the problem studied.
Only the user experience can overcome this diffjculhe implementation of fuzzy
inference system (FIS) in the Matlab environmentharacterized by its simplicity,
Just choose the parameters of the system, andirti@dament either using GUI or
from command Matlab this box.

ANNEX
Classification result of the database of bearings by the classifier based on fuzzy inference

- Note:

This appendix contains the actual values of theututariable that represents the state of the
device studied. So we have:

Line: one line, which represents the real valueuwtput variable.

Column: 1 t0112 of the columns are labeled obsematof the database.
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