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Abstract: Inlegn lfll~~ fault diagnoois is \lSUally conducted by COlIsidering diffem u types nfsi~naJ...... '" imp.m'l' the ac<.:uracy of

dl3p1OSis. This~pR'SmlS a nO' el .pproach for intl:gratedmach ine faulldiagoosi.bo..,.j onl llev i ftnli"n .ignal i alooc , Wa"<l lel paekel

lrandonn i.adopledlOanalyzelbev;bralion.ignal•• foll"","nlbylbo: ..,lec1ion or~lba§Cll _ Wc «>nI;<kr e... h be. l b....is a. a local.ite, lhen

e.\IllI;t fC'lll\lfC'O rromi. and nu.ke a local~ion lL<;ng probahl hslic neutll l nelw<>rb. Th ""'al dr<;;.j<KI. from each best ha, i. are fu<ro to

be I 8100..1oondu'lion lI5inga "'t'igh' ed ;n.-enge ml:lJlod The whole dIagnosis proc«. is implemented under . uniform f~. An

1'1per; menta l aM: sOOwll hallhi. 1I1'J'roac h improves the accllDC)' of diagnos is

1. I NTRODl;cTI OS
WaveleT rransfcrrns (WT) and v..avelet packet transforms
(WPT) are popular time-frequency analysis teehniqucs(1 . 2J.
In The past two decades, these tec bniques have been
researched and applied ina varieTy of ..,ays (3]. In vibration
analysis, WTand WPT are preferred to the traditional fast
Fourier transform (FFT) parti cularly in the analysi s of
transienl signals [4-5].

WPT is the extension ofWT and generates a binary tree of
bases, Selecting the best basis from the tree is fundamental
For pattern classification, tile best basis guarantees a besl
separation capability, In addition, extracting features from the
best bases ramer than from the binary Tree helps reduce the
feature dimensionality.

Jt is common to extract featureifrom individual best basis,
and then concatenate them inahigh dimensional vector space
However, a high dimensional vector space may also be sliced
into sevenl \ow dimen.sionaI ones using distributed data
mining (DDM) approach (6]. Decisions from each low
dimensional space can be fused to a potentially more accurate
conc lusion. WPTcreates opponun iTiesfor DDM and decision
fusion, since it distributes the signal information into the best
bases, In this papertbeauthorspropose- the ntmctioo of
features from indi,';dual ~l ba.si$ of WPT using the concepis

of DDM. The local decisio ns are then made by d aMifiers. A
final condus ion is drawnusing tbe decision fusion technique.
This approach was used to develop an integrated machine
fault diagnosis procedure based 011 vibration signals

The paper is arranged as follows. Section 2~rilJe,c the
techniques used, viz., WPT,probabil ~'itic neoralnetworks. and

decision fusion. Section J presents a fnllTlework for !he
inlegrated fault diagnosis. The proposed method is \'alidated
using signals acq uired from typical faulty ball bearings in
Section 4. A global probabilistic neura l network using the
combined features from all best bases is also adnptcd as a
ctassiflee for comparison. Section 5 contain s Tbe co nc1usions,
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2. IFralu~t'l lncti(ln from .. . .....lt'tp. ekt'tbasjs

WPT has a discrete formal .. hich is popularly used in
engineering appl ications. To illustrate its underlying
mathematic.l theory briefly, ....e denote {,t.}..z"" (C,L.r and
as the quadraTUre mirror filTer banks. A signal can be
decomposed on the bases composed offunetions of the form
2~u~2'l - k), j. k eZ. ll e Zand

ul .(J )=.J2"r h,u .(2/ -1) • ( I )

\ ..<t

wherej , k andn aret hc scalc,lim e localizationandosc illation
parameters, respectively, U,(I) is the scaling function
corresponding to a low-pass filter, The f iltered signal is an
approximation. urJ.t) istb e .. 'avelet funcno n correspondmg to
I high-pass filter. The filtered signal is a de tail

As the approximation and detail can be further sliced by
dyadic decompos ition, it can be seen that WPT generales a
binary tree o f bases. Each basis 011 the tree is indexed by a pair
ofi ntcse n (j. k). AI the decomposition leve1}. there are "Z! - I
bases . 1lte hinary tree ofhases can also he considered TOform
a 2· 0 time-freq uency plane on which the signal infonna tion
distributed. The information in the bases is redundant along
two u es, i.e.• informa tion in child bases are overlapped with
tluil in parent basis. 1t is preferable to select the best bases
from the binary tree.eo es tc reducethe effort in data analysis
without losing infonna tioo
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The common be.l bui. i. u. ual ly used 10 id.m tify ~ignal.

which may come fru m differenl classes , For exampl e, all
signals are deco mposed on their wavelet packet lee" . A
stat istical measun of 'dista nce' i. applied 10 produce a unique
W PT-5tr\Ictumi tree, from which lhe common be, 1 basi s i.
identifi ed [7-8). For «I ooill0 n moo ilori ng, cllaraclerislie
wavdet paeUb tall be:IClected based on JUlistiea l energy (91.
InCUl'TelllwoR.thc lDliqlK'WPT-stNetured lrecwasprodllCCd
by thc~ of dlPter di~tanoe an4 thc best basi. .. as
selected acwnbng 10 thc SIwIoon entropy based <;ritcrioa

(10).
WYf aukS opportunilies for feature "-traction and

featu~ eom blliahon due 10 lhe rich informatKJn prnenled in
the local ized bues. Data mining. a conwrgcnee of koowkd~
disrovmng la: hniqUCll ( I I l. ean play an imponan l role in the
Cll:tractionof feaMn. F\Il'1hmnore, Ihc di$lributed bo:st~
pn:Mde kul JilC!o for DDM. Ba'led onthe feallftS from each
best bam..local decisions can lhm be:made by • d.llsi.fin.

2.2 rr.MbtUdk _nllld'Ooorlu

Seural network. tw.-e bc:CfI uwd suxnsfully in panera
recognilion as dusifoen (12). Popular neural 1le1""'lllt..
inl:1ude multilayn pen;eption (\tLP), radial basis DClWOri..
(RB S). probabilist ie DCWaI neho'oR . ( P :-'~1. and K if­
orpnizcd~ (SOM). TheP:-.-S( IJ ) il a lop«ia1 wrianl of
RBN, ",flio;hn.ufound appl icatiolt5 in $OOinS rqrnsioa and
ebWflCalioo problems beca_ il caa be easily Inincd and
an laelr.leapp lieal torll .. ilh rebli~-ely few tn,ning samp le$.

A ~-pical arehitceture of P~ is sno.. n in. riill~ 1. II
ine~ four 11}"CfI. The fi~ ~ ' Imply d'lIT1bu1n the
input 10 the plItlem~. In Ihc panern llyn, u...... 1y each
nairon C<>ITeo.ponds 10 • hining \"CCIOt". The diffcreocc
betwI:oen the paRmi" and Ihe nining VKtor is cakulated in
the DeWon and then fed inlO" ndiai bas.. function.for "'bich
aGaw.si.m fimdloit is ofte<l esed. T'hus the outpu l of DeU1'Oll
.... in thc pattem l.ayeris COfllJ'uledas

,,( x)~ (21t )~(7~exp(- (x - x,;:~x- x~ » ). i . I.........(3 )

"'hereJdcnotC'llhcdimcnsionof lhcf....lU~ \"C("IOf • • G ;s the
smooIh ing pIUlImell.... ilr>dIn is the number of classes . The
.u mmalion lay<.-'f neuron> calculate the max imum ljkeliheod
(lf pllue rn xandeiaMifyi limo clw.I C,bylununarizing and
a' ·eraginglhcoutputofallneurom lhalbeluug lolhe same
d~

~.r) .~..!.±'ur[_ ( .r- .r,t~.r - .r~)J (4)
(211') (7 N, ,... 20"

.. hen: N, denote s the tota l number of ,",," ples in cia, . Co. The
rrolmhililic' j;~'en by Eq.(4) for eech class arc pooled in lite
{I\llpullaycr.Thiilp l'O\'idcs a wayt OlLl.SCiI.Ilhc confidcocclhat
pauern ...belongsto each clas.

The PNN may include more neurons com pared with MLP
For example.ahe panern layer may include as meuy """urons
a'lhe number of traininj vectors . It may be nol ed thatihe
PNN llructure includes the smoot hing param.:tc r and the
numm of neUf0ft5. boIh of whichc an be optimilcd [14- 15].

6 -VoI .32"Pri1 (2tlO') No. l
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2.JDeciIio. fuliolt

Diroibuteddauo ~lUCIt .. diSll'ibuledsensors.reqUl~

the intep'alion of kKaI infonNtion 10 generate a (mal

decision. The deci sioa fusion IICChaique impn:ft-et. tbe decdioll
aecuraey in parIenl daWfJCalioD. The prncal "'Wk emp"""
probabi listic DCUnI neI1lI'Orb for faull IUgnOOl . Local
decision5arederiYed fromeaehbnl basisof ...avein paekeb.
which are dIeD fwed as. flftll deci .ioa allhe cla<.lif_ level
[16). Dilferenlmetbodlare a..-aibblefordccisionfusioR. lUCh
asthe~ighted average metbod. wilUlCT-t.II~e-aJl princip le,
Bawliilll role . ao4 Dempskl"-Shafns melhod (17]. The:
~;gh1cd avera ge melhod together with winner-lake... ll
principle_adoptcdinthiIYoOOl..

3_ PROCEDURE TO I MPL. t:~I E~T

ISTE:G RATf IJ FAl:L.T D IAG~OSIS

1be integnled flllil diagnom is ba..<ed 00 vibntioo Jigna1
analysis using WPT for fealure Cl,1Jal;!lon. Pr-iS i• .-d for
faull dillgnosis Ofl ellChbC'Sl basil after",fliehtheloa.l
con.dusionsarefusedThisproccdure i.irnplelll('flledu nder a
uniform framework as ~1KM'Il in Figu~ 2. The ff1lmework
include s fOUfparu in neural nelWOfts language : inJlUI layer.
signal Jlmces~lIlg and tearureextraction layn , PNN layer and
decision fusion layer. Each pan is explain ed u follO'N~

I ) Signal~are p~scnledall heinpullaycr

2) The second layer is for signal procc..~i n g and feature
"-tracl,oo. WPT iluscdlo llllalyzclhcsignal' l nd"besl
basel are searched, The fcalu~ vector extracted from
indlvidualbe'lblisis il dcnoted ux. As mentioned above ,
eachbeslba.~i. i.a'iOC iatedwil/tancural netwtlfk f<lr fau l!

classrflcedon
J) For each bchl bnis. a PJI,'N i~ crnployed 10 cla ssify lhe

fealure vectors. The OU1JIUI oflhe ilh PNN is a vector
~ "'[~. · · · , P.. IT whose elements given by Eq, (4 ) indicate
how cl".,e lhc input is 10each fault daSi.

4) The decision vectors from each PNN arc comb ined IIIbe a
deci sion malrix p .. [p,. ··. P.l of aize '" x n, If no strons



eviden,e shows that some best bases are more sensi tive 10
the faults than the othe.., . a weight vector in decision
fusion layer , an be set as

W -one)im.I ) ------- (5)

T'he decision fusion layer considers contri butions from
each r~"N OUtpul and generat e1l a fused probability
,<C, I...lrepresent ing lhe d assthepalternxbeIOllgsto.

P( c, l x ) : P. W.i= I.···. m (6)

To make II final decision. we pick the maxi mum of the
probab ilities from 1c.C,!z l and produce a I for that class
and I O forlhe other classes.lhewinner-uke~allprindple.

C _II max( P ( C, lx» (7)
P{ , la)-lo orhers

Figure2. "Theint(gra1Cd faultdiagnosis framework

From the procedure, we nole that all the necessary tasks
arc pla" d und,r the one framework. Since WPT and PNN are

hilthly computational. they can be incorporated into an
automatic integrat ed fault diagnosis procedure.

4. A CASE STUDY
Roll ing d ement bearings are key components in mechanical
systems. Their failures account for a large percentage of
breakdowns in rotating ma, hinery. Some of them 'an be
catastrophic. Condocting diagnosis and prognosis on bearin gs

is there fore fundamental to maintaining the integri ty of
mechaoieal syst ems.

Ready-made expcrenersa l data of rolling element bearing
Ieults fromCase Western Reser. ·e Universi ry wereused to test
ocr IIW.-thodology (18]. A single fault was introduced by

e1«tro-dis<:hargemal: hiningon theouler-race.inner-ra, e and
ball. respective jy The collec ted data associated with the three
types of falillS came from different working ,ondilions, i.e.•
unde r differe nt RPM and loads. This ensured that:the:data ~
genera l in the $Cnsethai broad condilioos ere cocered, which
bc:nefits lhegcneR lizaliooofdassifiers .

We adop ted rela tively few samples for test ing our
method ology. For examp le, in each falilt class, 50 s.ample1l
were used for c lassifier training. while 50 samples were:used
for classifi ertesting .S ince lhrc:c:typeso ffaults ....'ere involved,

this resultedin 300s.am ples.

FollQ\\.ingth e procedure in Sectio n 3. lhe signal s were fiN
decomposed by WPT lip to level 3 by Db20 wavelets . Figure
3 illustrates a typical signal from a Ieuhy ouser-race and its
WPT. Figure 4 shows six common best bases selected by the
disc riminate distance related Shannon entropy criterion for the
three sib'llal c1a...""s

Figure 4. COmm.....best basi.

For a specif ic best basis, we selected signal energy, signal
kurtos is and their combinauons asihe features respec tively.
The training and testing datasets consisled of I ·D or 2-D
feature vectors . The PNN with the smlKlthing parameter ""SO
was used for each basis. The signals were then clas sifled 10
make the local decision s, which were fun hcr fused to reac h a
finald ecision.

Table: I provides the final clas sification results using the
proposed approa ch. It is fnllnd that when sil!?"al en"l'll:Y is
employed as lhe featllre , all SOI, sl ing signals in each class are
, orre ctly classifi ed. However. when kurtosis is used as the
feature, it leads to numerous misd assificat ions in each class.
Using kurtos is and energy featu re also deter iorate the
c1assirll:ation reslilts.

A feature vector can be constructed in that its elements
ro me from different best bases. Instead of using the DDM
approad t. a global dt,o,;-isiOl1CiII1 be made based on this feature
vecto r, A cla ssifier is agai n required . We adop ted a
probabi listk nc:ural nc:twock foroomparison. Fora signa l. Ihe
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Classifier ha~
Mi...,lau.iflC:ltion

OutC1'Racc ,_ ,"" Ball
FWlion , ." ." ."M"" Kur1oIi. IS/SO IS/SO '"SO

""", . 1/'" ." 1/'"
""""'"""''''" ""'" ." .'" ."SlpW C'nI:l'!D' In e~h ~I tHos.. I' tonea leBated In to a fea~

~ .. hieh thcn c::ons lnlcta tbt lninins: and kttin8 da ta:seU
Tbc:: fc::a~ vec::1or is6-0aineethc::relR liJ;bestblll:oc::s inthe

ease study. The ptobab ili'llie neural networku.n the same:
tmOOlhinl panmc::t C1' .JSO with rnulls shownin Table I . Tim

mixlalSifie::ations~ n:conkd, t.e.• for OUIeT race and bal l
,"~faulUrnp«lr.eJy.

The evidence pn)due ed in Table I dearly siIow5thai the

propmed approach is effective to c::ondocl inte::gatcd fault
diapoIi$. This~I mdbod also 11M~ da.UlrKation
~lityl~nlhalllsinla,ingkproba.bi1i:uK:neural_.
s.CONCLUSIO~S
This paperhaa praemed an IIJ'P"OKh for the impkmmtation
of .... inIqTated m-ehine faWI diagnom proeedure based 011

.i brarioll signalsalone . LoeaI dec::isiom are IDade from best
basisofaigDa1a:·.....-e~pade'llnnlform.1bewuofsignaJ

~ina: and feature ellrraaion, b:al dec ision makin g and
d«~filf,ionlR~undefonernme..ortr. .

ProbabiIiSlK: neura l networkJ were ItSed to dllS'li fy
fea~ n tnoaed from each bell basis. II ..... shownthe P:-N
accurately diagno$ed raul.. ill situations .. tKre ~b",,'ely few
trai nin g vtttoB wm: I\-ailable. The ~g:bIed average and
winoer-akr-all pnnei pln .. henappli ed in the case~ wm:
also $hDlo.-ntobeeffec::ti"'e for decis ioo fusion . Signal me 'lY
llSafc:ahl~ lC':litr1lctioo~ .. as agoodchotceinbeMing
fallll~" Poor \"QUIll; ~fJbtained whenkllltOtis was

"'"Tbe fuSfi! decisions .how Lbal Lbe proposed DIM:\
approachachi~highn"diagnosis fleCUlaC)'lhan a singJe

probabilistic neura l Ild\totln based diagnosis.
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