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Abstract: Four common oil analysis techniques, including the ferrography analysis (FA ), the gpectrometric oil
analysis (30A ), theparticle count analysis (PCA ), and theoil quality testing (OQT), are used to implement the
military aeroenginew ear fault diagnosis during the test drive process To mprove the precision and the reliability
of the diagnosis, the aeroenginew ear fault fusion diagnosismethod based on the neural neworks (NN) and the
Deanpster-Shafter (D-S) evidence theory isproposed Firstly, acoording to the standard value of thewear limit,
original data are pre-processed into Boolean values Seoondly, sub-NN s are established to perform the single di-
agnosis, and their training samples are dependent on experiencesfrom experts A fter each sub-NN is trained, di-
agnosis resultsareobtained Thirdly, the diagnosis resultsof each sub-NN are considered as the basic probability

allocation value to faults The mproved D-S evidence theory is gpplied to the fusion diagnosis, and the final fu-
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sion results are obtained Finally, themethod is verified by a diagnosis example
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INTRODUCTION

Theoil analysismethod isan important tech-
nique in themachine fault diagnosis because of its
sensitivity to and effectiveness in the machine
wear fault detection Each oil analysis method
has its ow n advantages, but the detection rate of
a single method is Imited'. In this paper, four
conventional oil analysis techniques are combined
for thew ear fault diagnosis, including the ferrog-
raphy analysis (FA ), the gpectrometric oil analy-
sis (30A ), the particle count analysis (PCA ),
and the oil quality testing (OQT). Furthemore,
the fusion diagnosis based on multi-urce data is
mportant to mprove the wear diagnosis preci-
sion However, how to fully utilize the informa-
tion of each oil analysismethod is the essence of

the fusion diagnosis Currently,

[2, 3]

many re
searchers study the problem

In thispaper, the neural network (NN) and
the Dempster-Shafter (D-S) evidence theory are

Article ID: 1005-1120(2006) 04-0297-07

applied, thew ear fault diagnosisof a certain type
of military aeroengine during the test-drive pro-
cess is targeted, and a fusion diagnosis method
based on NN and theD -S evidence theory ispre-
sented Finally, an exanple show s that the new
method can providemore correct and reliable deci-
sion support for the aeroengine condition evalua-
tion in a test

1 WEAR FAULT FUSION D IAG-
NOSIS FLOW CHART

The basic stepsfor the aeroenginew ear fault
fusion diagnosis are as follow s

(1) W ear faults are detected;

(2) The diagnosis result of each analysis
method is integrated;

(3) Fusion resultsareobtained Fig 1 show s
the flow chart of the aeroenginew ear fault fusion
diagnosis Each module is explained in detail be-

low.

Received date 2005-11-30; revision received date 2006-09-06

E-mail: cgzyx @263 net



298

T ransactionsof N anjing U niversity of A eronautics & A stronautics

Vol 23

]
: FA SOA PCA 0QT I
: Percent of various Content of various Wear particle size Oil viscidity, flash point, E
! kinds of wear particle elements statistic results acid value, etc. '
: )

Diagnosis results
of FA sub-NN

Diagnosis res:it |
of SOA sul>» NN I

]

Pre-processing Pre-processing :
results of results of !
PCA data T data :
1)

1 AN /
Sub-NN3 | subrna
-,
_.‘.'.LL__ E
Diagnosis rssuits Diagnosis results :
| cZ FCA sub-NN of OQT sub-NN

Fig 1 Flow chart of aeroenginew ear fault fusion diagnosis

2 PRE-PROCESSING OF ORIGI-
NAL DATA

Due to the different values and unitsof origi-
nal data obtained by various analysis methods,
the subsequent analysis and processing become
very difficult Therefore, original data must be
preprocessed before the fusion diagnosis The
processing method is to compare original data
w ith standard Iimits If exceeding the Imit, the
value is 1, othewise Q A ccordingly, original
symptom data are converted into Boolean values
of Oand 1

Original data from FA depend on the per-
cents of various kinds of wear particles T heir
pre-processed values are asfollow s (1) If oheri-
cal w ear particles exceed the Imit, Sri= 1, other-
wise, Ski= Q (2) If laninarw ear particles exceed
the lmit, Sr2= 1, othewise, Se2= Q (3) If fa-

tigue chunk w ear particles exceed the Imit, Srs=
1, othewise, Srs= Q (4) If cutting wear parti-
cles exceed the Imit, Sr= 1, othew ise, Sra= Q
(5) If severe rubbing wear particles exceed the
limit, Srs= 1, othew ise, Srs= Q (6) If red oxide
w ear particles exceed the Imit, Srs= 1; Other-
wise, Sre= Q (7) If black oxide wear particles
exceed the Imit, Sk7= 1, othewise, S~= Q

For the aeroengine studied in thispaper, ele-
ments Fe, Cr, Ni, Mo, Cu, V, Zn, Aland Ti
are selected as the materials of the SOA diagno-
sis, and their contents form the original data of
the SOA diagnosis However, for other ma-
chines, the structure and materials of a friction
set are different Hence, the selected elanents
are different too. TheBoolean value Ss: isused to
represent w hether Fe content exceeds the stan-
dard value If the content exceeds the standard

value, Ss is 1, othewise Q In the same way,
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Boolean values Ss2, Ss3, Ss4, Sss, Sss, Ss7, Sss are
used for Cr,Ni,Mo, Cu,V, Zn,Al and Ti oon-
tents, regectively. A fter preprocessing, data
from SOA are composed of Ssi(i=1, 2, ,9).

A coording to the NA SA 1638 standard,
PCA , thew ear particle number can be obtained in
given size ranges, which are 5—15um, 15—
25um, 25—50pm, 50—100um and over 100 pm.
A coording to the particle number in each size
range, only the Boolean value Sci can be ob-
tained, denotingw hether the oil contam ination ex-
ceeds the standard value, because particle number
in each size range cannot correpond to engine
fault modes

Original data by OQT includemovanent vis-
cidities at 250 °C, 200 °C, 100 C, 0 °C,- 40 C
and - 54 °C, the condensation point, the flash
point, the acid value, the mpurity content, and
thew ater content D epending on the relationw ith
engine faults, after pre-processing, the follow ing
Boolean values are obtained: (1) Sei, represent-
ing w hether the movement viscidity exceeds the
standard value
= 0; (2) Sz, representingw hether the mpurity
ocontent exceeds the standard value If exceeds,
Se2= 1, othewise, Se= 0; (3) Ses, representing

in

If exceed, S,= 1, othemw ise, Sr

w hether other indexes exceed the standard val-
ues If exceed, Ses= 1; othewise, Ses= Q

3 NN SINGL ED IAGNOSIS

NN has a strong nonlinear mapping ability
and some generalization abilities It isw idely ap-
plied to the fault diagnosis In thispaper, three-
layer NN is used to perform a single diagnosis of
oil analysis data, and it is trained by the back
propagation (BP) algorithm.

SubNN for the single diagnosis includes
FA subNN, SOA subNN, PCA subNN, and
OQT subNN. The input of each sub-NN
Boolean values, obtained after original data are
preprocessed, and the output
faults Through the fault analysis,
faults of the engine are classified into seven types
asfollows (1) Nomal (F1); (2) Bearing severe
wear (F2); (8) Bearing fatigue failure (Fs); (4)
Gear fatigue over-loading (F.); (5) Gear aggluti-

is

is final wear
the wear

nation or scratching (Fs); (6) Oil contamination
exceeding the standard value (Fs); (7) Qil quali-
ty exceeding the standard value (Fv).

Tables 1-4 show training sanples obtained
by the experience and the know ledge of field ex-
perts Training sanples of FA subNN' are
shown in Table 1, and those of SOA SubNN,
PCA Sub-NN and OQT Sub-NN are shown in
Tables 2-4, regectively.

The paraneters of each SubNN structure
are FA subNN 7-20-7, SOA sub-NN 9-10-7,
PCA subNN 1-8-7, OQT subNN 3-8-7 The
variable step-size learning is adopted in each sub-
NN. The training precision is 0.01, and themo-
In order to mprove
the generalization ability of NN,

mentun coefficient is 0.9
the Gaussian
noissN (0, 0.01) isadd to each training sample
In Table 1-4, Fr(i= 1, 2, ,7) are the di-
agnosis results of seven fault types by FA sub-
NN, Fs(i= 1, 2, ,7) are the diagnosis results
of seven fault types by SOA subNN, Fci
(i= 1, 2, ,7)are the diagnosis results of seven
types faults by PCA subNN, and Fri (i= 1, 2,
, 7) are the diagnosis results of seven fault
types by OQT sub-NN.

Table 1 FA sub-NN training smples

Iltem Sr1 Srk2 Sk3 Sra Srs Sre Skr7 Fr1 Fr2 Fr3 Fra Frs Frs Frr
0 0 0 0 0 0 0 1 0 0 0 0 0 0
1 0 0 0 0 0 0 0 0 0.5 0 0 0 0
0 1 0 0 0 0 0 0 0 0.6 0 0 0 0
0 0 1 0 0 0 0 0 0 0.8 0.6 0 0 0.6

V alue

0 0 0 1 0 0 0 0 0.8 0 0 0.8 0.6 0
0 0 0 0 1 0 0 0 0 0 0 0.9 0 0.6
0 0 0 0 0 1 0 0 0 0 0 0 0 0.8
0 0 0 0 0 0 1 0 0 0 0 0 0 0
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Table 2 DA sub-NN training ssmples
Itam Sst S Ss3 Ss Ss Ss6 Ssr Sss Ss9 Fsi Fs Fss Fsa Fss Fss Fsr
0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
1 0 0 0 0 0 0 0 0 0 07 O 0 09 O 0
0 1 0 0 0 0 0 0 0 0 09 o0 0 01 o0 0
0 0 1 0 0 0 0 0 0 0 0.9 0 0 0.1 0 0
0 0 0 1 0 0 0 0 0 0 09 O 0 01 o0 0
V alue
0 0 0 0 1 0 0 0 0 0 09 o0 0 08 O 0
0 0 0 0 0 1 0 0 0 0 09 o0 0 07 O 0
0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
Table 3 PCA sub-NN training samples basic probabilitiesof all subsetsinA, Bel (A) =
lten  Sa For Fcz Fes Fca Fos Fes For Lmi(B ). Generally, the belief function cannot
Val 1 0 0 0 0 0 0
aue .y 4 0 o0 1 10 be added together.
4.1.3 Composing rulesof D-S evidence theory
Table 4 OQT sub-NN training smples V arious evidences possess variousBPA func-
ltan  Sei Ses Ses Fei Frz Frs Eps Ers Fps Fpr tions due to different sources Ref [5] presented
00 0o 1.0 0 0 0 0 O amethod to incorporate data For n brief func-
Val 10 0 0 1 1 1 1 0 1 tionsBel (i= 1,2, ,n), theironnBPA s arem:
alue
61 0 0 1 0 0 1 01 (i= 1,2, n). Then after integration, the belief
0 01 0 0 0 0 0 0 1

4 FUSIONDIAGNOSISBASED ON
D-SEVIDENCE THEORY
4 1 D-Sevidence theory

The D-S evidence theory!'™ is the most com-
mon method for the decision-level fusion A nd the
generalized Bayes theory is established by the hu-
man logic
4.1.1 Distinguishing frame

Defining that the paraneter 0 is a event and
all itsvalues compose the set ®, naned the distin-
guishing frane, 2°is the power set of ®, which
oconsistsof all subsetsof ®
4.1.2 Basic probability value

The functionm: 2°- [0, 1] is the basic prob-
ability allocation (BPA), then

(1) m (® = 0, where @ is the null set;

(2) /Z@m (A) = 1, whereA is the focus ele-

ment andm (A ) the basic probability value
For an arbitrary assumption, the belief de-
gree isBel(A), A 2° It isdefined as the sum of

function isBel = Bel: ® Bel: ®  ® Bel,.
BPA of the subsetA is
MA)=m:Om:0® Om,=
Zl_kAinBjZm =Am1(Ai)m2(Bj) :
ms(C) (1)
miA)m2B;)ms(Ci) . It

wherek =
A‘nBjZ‘m =P
is a constant, w hich reflects conflict degrees be-

tween n evidences under the same assumption

Ij_k is called the nomalization
factor, which can prevent the probability from be-
ing allotted to the null set &

If k= 1, then 1- k= 0, Eg (1) cannot be
adopted Same, when k-1, the conflict degree of
evidences is high Thus, results deviate from the

truth Ref [6] pointed out that since conflict evi-

The coefficient

dences cannot be decided, they must be considered
as the unknown region Then, a nev composing
formula is proposed, the probabilities of the evi-
dent conflict are all assigned to the unknown re-
gion The mproved formula for two-evidence
urces is as follow s
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m () = O FA SOA PCA OQT
m@)= Y mi@Im:@) A # OX R 11 !

AI I:A
F2 |1 1 1 0
m(X) = Z m:(A)m2B;) + k Fs 1 1 0 1
n Foo (1 1 0 1 (4)
4
(2)
) , Fs |1 1 1 0
Comparedw ith Eq (1), in Eq (2), the nor- c 0 0 1 0
6
malization factor _Ll_ K is elminated, and the fac- F, Lo 0 0 1

tor k reflects the conflict degree tom (X ). W hen
k= 0, Eq (2) isidentical to theD-S evidence the-
ory—Eqg (1). Though Eg (2) can compose high
conflict evidences, it completely negates conflict
evidences T herefore, when composing more than
two evidences, ometimes, results can be unac-
cepted’. Ref [8] introduced the mean support

degree of qa@A) =

':]‘ mi(A). Then, the evidence conflict proba-
1&<n

the evidence set, i e

bility k is assigned to A according to the scale

Therefore, better composing results can be ob-

tained by the follow ing composing formula

m(@® =0

m@A) = zc _m1(Ai)m2(Bj)'
AimBi | =A (3)

ms(C) + kq@)

k = ) B‘Z :cpml(Ai)mz(Bj)mS(Cl)

In thispaper, Eq (3) isused to carry out the fu-
sion diagnosis

4 2 Application of D-S evidence theory in wear
fault fusion diagnosis

A eroengine wear fault diagnosis approaches
used in this paper include FA, SOA, PCA, and
OQT. And seven typesof faultsare Fi(i= 1, 2,

, 7). In evidence composing formulas—Eqs (1~
3), all evidences are effective How ever, each oil
analysismethod has itsow n localization, and can
provide no-support for some faults For example,
OQT cannot provide any support to the fault C
Though the diagnosis result of OQT sub-NN is
‘0" or 1, it cannot be denoted if theoil contan-
ination exceeds the standard value T herefore, if
the effectivity of evidences isnot considered in the
fusion procedure, an error occurs In order to

wlve thisproblem, amatrix is introduced

where,* 1" means that themethod is effective for
detecting the corregponding fault, and its single
sub-NN diagnosis result is considered in the fu-
sion; and O’ indicates that the gpproach isnot ef-
fective for detecting the fault, and its sub-NN di-
agnosis result is neglected during the fusion and
the conflict computation U sing the matrix, the
obtained fusion diagnosis results are more effec-
tive and reliable

In thispaper, afault correponds to a distin-
guishing frane A nd a double assumption is tak-
en, i e afault gppears

5 EXAM PLES

A n exanple isused to verify the effectiveness
of the proposed new method FA symptom data
are supposed to be (0,0, 0, 1,0,0,0), which indi-
cates that gherical wear particles, laminar w ear
particles, fatigue chunk wear particles, severe
rubbing w ear particles, red oxide wear particles
and black oxide wear particles are nomal, but
cutting w ear particles are in a large number. SOA
symptom data are (0, 1,0,0,0,0,0,0,0), which
denotes that Fe, Ni, Mo, V, Cu, Zn, Aland Ti
contents are nomal, w hile the Cr content exceeds
the standard value PCA symptom data are (1),
indicating that the oil contanination exceeds the
standard value OQT symptom data are (0, 0, 1),
indicating that themovament viscidity and the im-
purity content are nomal, but other indexes ex-
ceed the standard value

The single diagnosis result of each sub-NN is
shown in Table &5

Furthemmore, the bearing severe wear and
the gear agglutination and scratching are ana-
lyzed, regectively. The bearing severew ear pre-
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sentsw eak conflict, as shown in Table 6, and the
gear agglutination presents great oonflict, as
shown in Table 7 From fusion results, w hen evi-
dences present great conflict, the fusion result is
in themiddle of two fused values w hen evidences
present weak conflict, which means they support
each other, the fusion result is higher than two

fused values Obviously, fusion results accord
w ith the practical situation O ther faults can be
analyzed in the ssmeway, and results are shown
in TableS In Table 5, after introducing thema-
trix of the effectivity, non-effective evidences can
be ignored, and more reaonable and reliable re-

sults are obtained

Table 5 Reaultsof singleand fusion diagnoses

Fault FA sub-NN SOA subNN PCA subNN OQT sub-NN Fusion result

Nomal 0 0 0 0 0
Bearing severew ear 0.8 0.9 1 0 0.972
Bearing fatigue failure 0.000 1 0 0 0 0

Gear fatigue over-loading 0 0 0 0 0

Gear agglutination or scratching 0.8 0.1 1 0 0. 662 67
Oil contamination exceeding standard value 0.6 0 1 0 1

Oll quality exceeding standard value 0.000 1 0 1 1 1

Table 6 W eak conflict fusion analysis

Fault FA Sub-NN DA SubNN  PCA Sub-NN Conflict Fusion result
W ith bearing severew ear 0.8 0.9 1 0.28 0.972
W _ithout bearing severew ear 0.2 0.1 0 0.28 0. 028
Table 7 Great conflict fusion analysis
Fault FA SubNN DA SubNN PCA SubNN Conflict Fusion result
W ith gear agglutination or scratching 0.8 0.1 1 0.92 0. 662 67
W ithout gear agglutination or scratching 0.2 0.9 0 0.92 0. 337 333

It should be pointed out that the exanple
does not come from the practical aeroengine test
data The reaons are (1) Four oil analysis ap-
i e FA, SOA, PCA and OQT, can
hardly be smultaneously carried out in apractical

p roaches,

aeroengine test due to the limit of oil analysis test
conditions (2) To establish the standard limit
and diagnosis sanples for each oil analysis ap-
proach, a lot of oil analysis tests need to be per-
formed But at present, the accumulation of such
data from aeroengine test-drives is very gnall

diagnosis
method of aeroenginew ear faultspresented in this

Therefore, the intelligent fusion

paper can only be verified by smulated datam ade
in theory. M any researches need to be made in
practice

6 CONCL USIONS

(1) Four common oil analysismethods, i e

FA, SOA, PCA and OQT, are used to conduct
the fusion diagnosis of a certain type of military
engine w ear fault diagnosis during the test drive
process in order to mprove the diagnosis preci-
sion

(2) The fusion diagnosismethod is based on
NN and the D-S evidence theory. BPNN is used
to carry out the single diagnosis, and the m-
proved D-S evidence theory is used to complete
the fusion diagnosis

(3) The exanple show s that the nev method
is correct and effective
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