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1. Introduction
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mari ne ma-@ hi neboyng|[ 6et al . [ @] pachi el eds vhaarank tchBtPi mieaa tail o r
condi tion assessment of di esel engine subsystems throug

Machinery damage/failure

Collision (involving vessels) 55.01%
8.62% 1027
161
Foundered
1.50%
28
Fire/explosion
6.96%
130
Miscellaneous
4.07%
76
Wrecked/stranded (aground) Hull damage (holed, cracks)
6.86% 4.34%
128 81
Piracy Contact (e.g. Harbour wall)
6.64% 6.00%

124 112

Fig. 1. Main accident types for ships of 300

The modelgehadabbediitgn whi |l @ebapebtseyimgrious methods have
accurate prediction resskbs$teHdwaveert, aleep[ 9fabmi hdg megtsmuolc
convolutional neur al net wor k( ITCNMWhemodellerandarseucaiestsif iubh U
applied it to marine pipelineégraahvegl aadamgersanivsicitiocstr, g mohfe

et al . [ 10% i me himewnéedloa exigf iacnadtiildn bef decreased [16]. (2) °
mul tiple abnor mal states of dneddeold erediires Oy wsilmg g@NM.u m&
al . [ 11] used entropy to weighTheéeéhdedaltapménandfcombnsesédr
a damdnnel CNN to achieve hydsaludtiicoditrecttd email olviae med f iaag H
di agnoaiddu @ar al . [ 12] propmaridn ea mfa&ldli] tiice adky aadi pph 8seifs ned b
framework iintegrating digitadi gtwiinlsutwiotnh uweak!| n speei i c
|l earni ng, effectively reduciiicg edsosafiann ¢t € ddinaglnaorsgies amd wemts
|l abel ed dat a. Thi s provi des f raommoar esofue @ ei bdloemabs ol (1 abmre | d

condition monitfouéngemdi mas i n@i tdaumgetdal domaBh (unl abel ed d:
opti mihzegparameters of a backaphopagaticenrme er alli argemtowo rsk

to i mprove the diagnosti c ac cpuarraacnyentsefre atnrweelr e c tt hiec friuwdsd € it zo
Weak faults are difficult to [del]e.ctThwihenmewbdodi fffoecruesrets dcer
faults occur diamuiuintga mMmeaclbdhw eipre hrveemen di fferent domains at
probl em, Di baj et al . [ 14] apmlmbe ¢h etdhi envear CaNtNi anoadle | mtoa ad
decomposition and CNN to a cfhii-teevnee dt hdve cparcasmdéti ermas | ba aocfl
compound faults. Currently, fpaowlutloasti asdje th ahgaandnya moge t[h202
have their own characteristi opsterXunet aktwpi&p desieghnedct
cont amunkathigent i on mechani sm amduresi dwarai xnt rfuocrt utrrea ntsof or me

achieve diesel engine fault diblih@srier atFiowe dAdfvfeerrseanrti adi a\
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data augmentation on the r awtrdansaf,ervahbiicdh twasditstpanm i t gd of
a CNN for further training. dbaetaeceméadmnurti edme cad bwaesi ainndp u
a pretrained net wor k, enabl ifmgcfhult aldiigmed,si as odoitnlge s
injection system. di agnostic information or | e
Recent | pasfeadatturasmmsf er met holdesc ames wipdeerltyi cussleadr liyn pronou
the field of fault diagnosi s eny4neeThea gg salé nafa ntohsi dsew nagphpnr so
find a suitable mapping functdiagno¥hagf ¢&ateurseasmeo ff atuhlet dac
domains are mapped to a commondiftiadcmus e( es.pga.c,e ftroomolh toavi n |
domai ar iiamvc e of di fferent ddmaitrug.e aadngnmdntalc.an|[ a8t ual
proposed a fault diagnosi s meStelcaod dd oymb it hien @ frh@tcrtlileasss|i angpedtie
with maxi mum mean discrepancysCSHMMD) -gttla¢oareyf demabhiviaby gaep
di agnosis of rolling bearingtheaulatva. | Albah g 4 eatbed Is.r e[Uhd]e I &
stacked aut M®nd wderc hared eMf audistrirbyt wam ndingcr epanci es,

of centrifugal bl ower. Li-etdamaiq23ampreposédent ¢precemaree
gui dedl eavledssmat chi ng met hod Thhasedi nonedshes MME abaealkcergaene
approach, ednoanbaliinn gd i cargonsoss i s o rtes i mepr espwilr £ieomodel s -prRenley
shaft systems. Huangdeeetp atlr.a p[sk@8hdcedmsstfrarct edibal ass alig
l earning model and aligned c ocnodnidtiitoinoanla |p rdoibsatbriilbi uttyi odn salriic
using | ocal MMD ( L MMD) . Hu dtraahing2pifoadapt ede snalrtgiimg
di sparity discrepancy (MDD) tnmodaeclhi perf eoamamabeée dbomdi tiiso ne
di agnosis of marine machdeep yl.i ndiut eetti ad .i f 3OJr ceomisd ssed ¢ car
ransfer learning nekeoné&l mhHBhpt ati onzmeaghoaondigd t i

MM MD) to reduce distributi oTo dbf ¥ er etntcee s a fhoert enneeernrd ti e

o 9~ -~

omai ns, t her ebdomad mi edii aagn oasd v erss af ébeals erde tdwoargknost i ¢ fr a

turbocharging systems. Pei etThiad . dli alglnosdnstr Ucamdwamnk e nne
net wor k usigma@al s awmndcd e rmmlseyetdr amas fteurarb | e features acros:e
adversari al met hod t o enhancdeo meshpre cridtiwor e ma ngteincer atitzab
capability, succedsrhailln ydiazdireewiangodfctg oslse rledhdelbs | fidry rod!
di esel engine. Li et al. [ 32]Jalprgonpesnedd wadaraslkdkedes | ddimei m
b

ased on maxi mumcygl 6MEDji anddmdci @pesdati ons of this study

—

he generalizability of the me(th)ba tesouglk rtohlel i mggdtiav e n
XxXperiments. The adversarial otvreail miorkg-snae qdirofneaci nf €at Ly e s a ki e

v @

ccount the impact of «cl assi fsihciafttison & o s ihad-adtepewd ii$nhdaer peedncdeas
a-speci fic transcfiaeamg, tdfef e ¢ tsikvdeelfsyiggenemeddn.atTimeg pr opos-eat mep avio

—

uncertain features. processing intoshexdploiwiltdyye rcs

The research mentioned has sppreocmoftiecd ftehaet uarpepsl,i cwahtiiloen -samad
devel opmelndarofi Mg egpi agnostic imeuadaroidant nrepreséeretd dtiobns. TI
mar i ne machi nmo gt el wedvoenmagi nenbasces t he net wor k' s adap
approaches stil | Farvset Iny,t atbh eec oha fmoiothattyinognfss,.ubstanti al domai
met hods rely solely on alignif@)beamtturgadeésthebati bins-alth
identical transformation mechameélssns acmaweble tdugali elleade udthaatk
this helps i-nnvaaranhgf damar asst,r attegwer & o0 @k 20 ptohsee d . Thi s
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i nsights from both t he classi fierl'assipfrieein £t i dDme o(bs teacttii
perspective) and the cosine simillajr:-ﬂi t(’&'ﬁbb%t%e.%nd)traerpgreetsefnet
and source cl ass centroids (geomgtric perspective). Th
synergy generates more-l abelsate &h&Cheop®IEY pRosSyarget d
thereby femebli ngd subdomain al Pghhta¢ Clggs sifieriseipdr ame

effectivel y -ani and ani
(3)he
subsystem

adaptabili
di agnos

wvzarmiganme racr oss Ildomadlnscul ated to mini mi:z

ty t he pr op® sReedp efarta metw®dR % 3 Nd mu Pt Mmak
tic scenarios i sMayehni faiSedmMuCthn el Sf rPadnPesw ol

of

shows excellent diagnostic perfoPth®RE€E 0oh iptorhati @nis| i(2:
bl ower and f uddmainn efcawlrt cdiomgnosWisl It atsktser the next sta
demonstratinsg and apmbluiswanbeisdi ty i #etreramined based on pre|l
scenari os. ensur etshet hmadel has f ul
2. Proposed transfer learning method global features before
class alignment stage.
2.0iagnosis framework (7) The feature extractor |
The devel oped framework consists soffaltlhorwe ei-dhglgeipne afil@mie sl: ad :
preprocessi ng,anrde tnved rwlo rtkr aiersitigig, shewshbwnFig. 2 (the st
in Fig. 2. The workflow is describddiebeltgwmctures represer
(1) Data from the blower and i njoOencet ofr oucnedsesri nwa rsioouursc e d
operational conditions (inclRudoogssdiafrfgeertend o maian s d:
and rotational speeds) were €ohtectnedi tarownfliearmart
heal t hSpdaitfeiscal |y, the datadom&sipresi toctheatures ir
acceleration signals recorde@utdpurtisngf rtohme t beswet wo
experiments, as well as thedeapeel bayerir ®n(daanrdk bl ue
pressure signals obtained dluayergs trheéemaaichjosd@aadsdeo mai r
experiments. domainwariant represent a’
(2 Construct the enhancedatiaesflerd CN ahd is repléced
the network model parametersd B& chd sizd,i ®imémngt ¢o
64The initial |l earning rate i sthoe 0soolur cTeh ed omaaierp oltdesvse |
is 1Th@O0OAdam optimizer is sel emattediirnegp.resents the tot
3 Input training data to minimilze titse tshhé ewdlagemaatichhi n
l oss and achieve global domaidenmaesteinhg opyodv®ess of t
the source and target doma8 nRepentie steps S8dvbeeé amah
expresiseld dahd _D Wer e, for different domains.
refers to the total train{Ondghd otsargfedr domagn st agyte .
0 O denotes the source domaddctelcr ddre average of t
entropy U osrseprwhsielnet s the Maxs$eénuwes as the final diac
Mean Discrepancrye p(rMMDE)ntlso stsh.e
t r aodd f &t orepresent s t he source
domain dataset and its corresponding | abels.
4 The feature extractor par ameter s ar e fixed.
Maxi mi ze the output discrepancy between the two
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Step 1

Classifier_1(C1) c1

Source domain
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-> ->

Classifier 2 (C2)

Target domain

CIoMRIT)

©0 00

Shallow independent 4
deep sharing mechanis

’ Steps 2 and 3

i

Steps 2 and 3

Stepl: Ly = Leis + ALymp : Step 1 Ly =Las+ALci-mmp + Le
Objective functionsy Step2:  minLeis(Xs,%5) = Lais (Xe) | Objective functions{ Step2:  minLes(s, %) = Lais(Xe)
Step3: “},-inLdis(Xt) : Step3 mFinLdis(Xt)
. - — - d
o AABA
Oooog AAAA
Q448 050 AAAA
Source Target Classl Class2
Fi gThe2.devel oped framewor k.
2 Maximum Cliassi é(@keab)D noted that Fig. 3 depicts t
domain and tardat adamei nnpuai
Existing intelligent d'agnositd'ecalm%%H%??iobnasS,Edt hoenditfrfagrse
l earning usually perform fea}:fjggsia#|'&rnsni]enpttsro%feurc&.hse aS O Ual £ €
target domains to reduce distribu.tfi.onal d_ljfferences. .Holw
cl assi iFers he "adversaria
these methods do not consider t he %ffect of S.0UT £ & .doma
the features at t"he eci si ol
cat egor yboduencdiasriyonon f eatur e rﬁqtscthr'i%%t'i%ntarlledffl{g?}ences b €
domain. The MCD [ 33] approachI eoavrenricnogmepsr5rc':1r§esséﬁpbo%l\r/d% nqgrhodbc;(se@m
The training process of MCD is shown in Fig 3. I't shoul
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foll ows: classifiers.

Step 1: The sodrice fceamainn od d tiSaseepte t Avvor K he alk i mistzh fnigxcelda.s s M

for training. Theentsrooupryc el odsosmailiisre exxrpgpsess sieeds of the c¢cl assif
as foll ows: l oss is sBownUpidmt Eqthe <cl as
0 & O s+ f B Q0 oaifixw p accordif@g to Egq.

whvedbdenotes t he so'(D'rseExipmaiat,aﬁaﬁ]b.el B 31 fos

wohw i's a spediatbied pampl eThe joiipt '(5“ LFntidg%n of o
the entire source domain dataset and its corresponding | a
represemhvexdi mcsi cates sampling é(f"gg’fgombﬁ;‘ih@ dource T

domai n "@aetparseeste.nt s thenwgndlcator functlon.

WheQgh measur e the,di fferenc
represents the classifier's probglgnlllty ouPpup f Or SsSOUT CEé
. . t,wo clabsrseiglfrieesresnts the jth se
samplyerseepresents the souroce domal n sampl e, and
anrgd ar t he robabilcif rpymot w
represents tﬁjeenco)utepsutthleabsealmale r']Inumger P P
cl assi fog ea represent t he
represents t hed i soutricee tda)trmallnnum%nerw L P
v out put s of cl assifi&riss Glhean
categomremrsesents t he category i 'ndex currently being
. domain dat aset .
processed. Train the whol e net wor k using | abel ed sour c
. St e ; The cIaSS|fiers ar
domain data to mini miexnd rtolpe slcnusrscpe aomal cross
. . . . difference between two cl ass
The objective is as foll ows:
as foll ows:
VIQNI no Y e I
Whe &kenotes the feature extractor. Cl1l and represent t wi
c)Oo AAA A
A i\
‘ SEF A4l >
Source Target Classl Class2 Training flow  Discrepancy region
v Back to Step 1
Maximize accuracy e Minimize ]
on source domain discrepancy

Classifier |

Classifier 2 P
: © Maximize

discrepancy

Fig. 3. MCD training process.

> Bseddamel gulieeel cihasshi ng "stePLELGLes the mathemaniocal

regeneratedooHsIhBrtnppaceampI

A twpage progressive domain, alg nmepnrtesstrate%\{)plmgotﬂe

develeped to give the nlea_mlrk@rﬁmenmon%? nb(-yaﬁureprsepsaema
mat chi ng. The gl obal domai n g [nepl L o?%ouglheevdeédrq:)atotbmdglw

MMD [ 25] method. The MMD equat'sqnbbebuoneo olomaS(DI%O)m cainmible

0 0O %ow O %o (0] derived.
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Based on-l ¢hel cmasshing theorg, QOMMD [ 34] i s p T
calcul ated as foll ows: Whek&ke® denotes the features ex

s ammlb the fea&ODRe® epraseor
0 —B B . ] %0 B ., ] %0 X They P

flattening of featured bext ha
Wherer epresents the n dnenedr OfeJtadJr|é&é€xyeppea5e-Bents the ¢l as
represent samples from the sgpegpctdPdri Pedldt § ap HFd nl ot®esa |
respegtdevneoltyes the weighti of shhp| s@d@bt@xes atsbe ful ly con
calculated as follows: clas$ifiean be calcul a(@ed acoc

1 — P When calculating cosine sin
h o~

cal cul atcee ntdHeerealcdhhs | ass of s

Whewer epresents the p”rbwhaom'gls'dtby%atima.tT\ﬁ%Cti(hrputs to the-net

cl ass batch. Asatthle dnoeas not neces:

When calculating the weightsy o, eaghe fddiide budd "Bhids

the target domai n, t he pseuc{@al'@t?leéteodroobdarbiiAdttyhed(ilfe{[srti biut
computed throu@lkanhdemoadevlri tEgn as: _ o
O —B ., &n K pkBHM pp
0 -B B B 0 0 0 G¢H
WheOei ndi cates the sé&li noft hea m|

B B oooah B B oovoogh domaYdenotes the numbé&r lod e:

w iteration, c & mitee dcoaclaclu lcaltaesds f o

Wheodenotes the feature vect gr.oeXt roafctseadmpqyest.heThneetcV\élolrclﬂJIaz
a specific location.

When pseudo | abels are used tYo _gBuf‘de&(tohe network to Pachi

cldewvel matching, it is neceshapbkntiPrabbdiadchhejfzeat ugeen sy
of different domains and thepgaCtocrh engalyo Nrfld th dc o natbagiln Pariop achyi
distribution. For the source tdgomapidat e tt (@ NcIibfsFsoMmPnt €ds d
foam the feature vectors with pheamPeapgressdangstiygpl bwvbel s
to the lack of true Il abel-s in; tgg-ytymrget domain, cl asgsif

trained from the source domaywfete@ VYoMl HehDe st PheEatssige es

probability distribution of pgagudo |l abels in the target
Thinet hod can avoid a negati v@e igP@ACde @B maied WOITKks s cen
performance to a certain extemp. Howevep, the perforganc

the classifiers is poor at t hgydieleiptheisied tosf a1ed wod ks it & ag n|
many | abels are misclassified,gnpheasnetwpd kitaomreer deomsaei nma
adversedy BhHidreftfere, on this pasiPect thEeFOIIrvYNnY MineArét s
bet ween different domains is gueSngadi mSctia&€s P abakiel i1tayt dnitSt
of pseudo I abels. -l datwel dpf bbcBobrirteistpysfHAhabaimptie jnmhthe
di stributions are used Thasjojiighthg e€ciasdcaha@adé eoft hteh clasMM B att tu
more accuneetle maltashs ng of ditsbarest dddmdiad N"SatHey e ait § oma li
achieved. as follows:

A ptrreained classifier ilsabuesled ¢o gsatvolidpat e the pseuge
probability distribution for whkeéetsarithet fdhemmairne, owhitthhe ijs

as: calculating the <cosi nearmsd mih

EksploatacjaiMaiNnteemande oSh 8, Rol.BdHERi |l ity Vol




center of each cl aséei plsabhetloVh e g'®cededomaiss,oth e f oo ede noont.e s

probability distrlitbutainonb ec senx pleee s®letdd iarkeed. corar.esponding tc
w » 0B R, pe 2.Metwork structure and para
Base&qg®nd can be clan csud nan aerdy., .

two -mhasbing formula'sEhecaweibg-e[hhteobqeatlvﬁoerdk. contains t'hrlee ¢
all ocation onmattctha ngwd oslsasfsuln;é‘YFroﬁs alnrdecttwloy cla§5|f|ers.
affects the nelttwogkn@realformhegg\é?lulét'o?nt%ned pooling as (?r
treodd parameter is setHob/vaesveengrqsggggrntt esxhr?érlioe\zlvncceo.nVOIUt"
. par aimet avhen Iea.rning s§gmmon
in the absence of expert experience, conducting est IMTRB
woul d increase t he Workloaddomadn%'ompTuhraotulgohna beurradl_en.de
Therefore, we adopt a simpleparnadmeetfefr|sc|0efntthedapstt"%/beI Imehteh

ﬁVa |Cf| dd 'dC] autsetse dt hbayt thhn&‘aa remlegaen si

expand| ng the edggetdrpmeygen

The oofddeparameters are (Adaptiyv

! 8 T P X and smaller after Adeamcmoaxamp
Thus, tHeabpsdeugdw aleal chatsshf f@Bonsisisate the process of h
function Eq¢LBshown in l earning rate. I n this regact
0O 1o p 10 oW model s with superior perfor m:
Additionally, in tHevsetlagmea tdfhdgdy MPr fidhigé cVeake Thed0i0mp ad
pseudo |l abel reinforcement | od'sf fie’ &Mty (lo€garcneldn % of tu& St o ¢
the learning of the target dbfa#fROWyWhenne Flifger Jderaw nidd 4 @Rd
Eq(l® achieves opti mal di agnostwe
. ) ultimately set the | earning
0 O ;. B ¢€0Q a €'Mw pw
Tabl e 1. Details of the networ k.
Na me Layer Subayer Par amet er Feature
(out put
l nput Il nput | - 6464 6464
Conv _1 2 2, St fViadod - 676732
BN_1 Batch standa 676732
Maxpool 3 3, St fviadads - 333832
RelLu_1 - 3833832
Conv_2 3 3, St fiSiadmee: 353532
BN_2 Batch standa 353532
Maxpool 3 3, St fviadaoa - 171732
Modul e
RelLu_2 - 171732
Feature Conv _3/ 1 - 3l 3, St AS admee: 8 8 64
Maxpool _3 - 3 3, St fviadaoa - 4 4 32
FC_1/ B - 4096 (neu 1 1 409E€
L FC_2/ B - 3072 (neu 1 1! 204 ¢
Cl assi fi: .
FC_3 - categor.i 1, 1 cat eg
L FC_2/ B - 4096 (neu 1 1 409¢€
Cl assi fi: _
FC_3 - categori 1, 1l cat eg
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0 0.005 0.01 0 0. 005 0.01
Learning rate Learning rate
Fig. 4. The i mpact of |l earning rate on network petfest mam

2.8hall ow indepegnsdRarti ng str%\"i1 %§/ets, respectively. bt

modul e hagraomwnéd poerce dome

Wh e n there i s a relatively Ilr‘?orvgleeddg'es,tro'tbhuetr'wolnsael t(?1|scirra|
bet wkiefnf kameaitns, sharing the s,ame \gelgedup gmeters

across domaiandsa prteadbui cl e st yt doeft htehe net wor k

target domain, thereby |mpa|r|n-5rarl1é”n|garpsfog dfformance
net wiom&kpiredcchmay emwlotnivol ut i on aNh eme ucroamb inneetdwowiktsh MCD, net w
[ 35], [ 36], we design the fidisvi devdb icomtnvwol woi shafjes ay€hes
network -patha pdaradl | el convoltud itomeal nettwairckk umced(® 1 Fotrr ap h a o
di fferent domains, the shall cEw &lam@cLt uwWrei ol arhe dxemrtas e ¢k
has rdeinftf ewei ght par ameters. Irﬁ o&ﬁéar ordjsﬁ t he wei%tht
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takes into account the specific semantic information pres

di fferenhidomaifmowms maTi on providle@ (%L;akéyhereffeearté‘r{ceedf'osrtr'but

t hdee c i-md loipmg@cess of the netwo?ﬂma'nS are globally measured
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of t he modul e ar e replicat etdhe T uPo' gTeoagﬂipimgéph m 0CdCuM Pels! aél’
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3. Case studies points within each yoplkewntimeg

associated with the fault st e
3.Marine auxiliar bl ower ex ri men .
y p% tota? of 7 different heal

3. 1Exlperimental equi pment condition (label 1), loose fz

The test object was an @uaisleiP®rSy¥® bl Dlwes GhaReh_3%). as$eRi &4
asynchronous motor. The rel evadt Uoaer aldede&ls_ %), t ham ok a f &

auxiliary blower are shown ir!®PElefarn blocking (label _6)
Table 2. The main parameters aonfd tlhaeber’r|1a—r5i)ne(Iaaubxeill—i7a?r'y Tbhleov9
Rotation sf 1430 r/ min |l oad, 50% |l oad, 75% | oad and
Rated volte 380 V Domain A, Domai n B, Domain C
Rated curre 4.6 A The di f fhe rsetnatt ehse aalntd domai n i
Rated power 1.1 kW

Tot al press 367~312 Pa Tabl e 3. Each health status
Power factc 0.89 samples. The load of the aux

Capacity 1500~22G0 m

Eff . 5 9 o motor frequency conversion un
iciency (i

wasr eated by removing one of
3. 1Ex2peri mental details (label _4) was implemented by
The vibration sensor is an | NVRBRQ@AbLOICP @& cteh & rognea xirt. e TS
vibration sensor was installeatbarthé ockedt thearadintg Ghwils

the pha®e asynchronous motor exPleel mampaf ag nFfiigs g 868 o wlyh eirre

was 10.24 kHz. The samplingdamaren Wadl & dieacgomadssi.s THRiSK S,
sel ection naiemsdattoa bgalasnul ar i Tgblend4.prbtegssi/ngshows the
efficiency, ensuring sufficikabelr elsollauhdalon4 twndeap tduorneaime
fault characteristics whil elomaiimi Bi. zi ng computational
compl exi tsye.comde dbration <collects sufficient dat a

DASP-V10

Vibmﬁ‘”‘ - & : r Serious failure (label_4)
analysis unit ey |(increase the weight of the fixing bolt)

Data encryption
storage unit

Loose fan base bolts
(Label_2)

Fig. 6. Auxiliary blower test platform and
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The firegeuency matrix was -trankifoormeéed shows thke tdmsecrepa
frequeneccyolippsrfeagoaphic by the dwagdhemdti cf urmstkison Wi t h
and p-selcdoodi ng. Fig. 8 showsl| o6bhe denargess eosf ctoinmhd nuousl
frequency information for seViens diid feaoreqits theemtl twhi tsht a&thes ¢
Domain B-:diMfemst weoraelq uteinmey i magEsgundér shows t he
ot her operating conditions, pnioedaesle froerf eerh et ol 2t ht & aanpspfeenrd idx a
Al, A2 and A3as fext wr e scposluoarimeft ecrlsa sasnidf i er s C1
di stribution of the image wiéat¢tcbreagpy escemtreadadm 1d0X%.erTemea
when di ffer dimtesfeadletag uocesurar € | algass dflioyg rdeilfafteerde ntto t r ansfer
the information about the opdRatiTmg oendvior komwasofitehat ad)>
bl owfeagi |l itating the networ kpdarmnf omimsi nwgd drneaf Mo ednitaigadc sa n d
di scriminative semantic inf orwnathi omnv.er 97 % accuracy.
3. INe4t wor k model performanceC'A’ aBdhBve large
D, -CAanRl. Blt may be
Th har dwar nfi A i z rv rnin i .
€ ardware co g uANAD 1 Foyn Ezfncieadr epsomeeamoregges’neral|zed
5800H CPU@3. 2GHz, NVI DI A GeForce RTX 3060 Lapto
@ the source domadh  °Prhese
P U h rainin w i n- in . h n wo.r For, 12
GPULhe tra g set as pUtcapgglhtey (\a’n/ttse%thlﬁm gthé)rlgcead
mai n i n i k h .rainjn i h i
d oma di agnostic tasks, t eht|galmad &aéé’éétssu% 0
net work was terated 1000 ti.mes. Tr%e trainng
i nfoormation, suc a
I i foi r r [ r n nver
cl ass ers gradua y dec eases ahde C oM V8ol 9k tot
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Fig. 9. Training loss for classi
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Fig. 11. Training accuracy curves for 12 tr
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Fig. 12. Test accuracy curves for different t
To further validate the tr adhosniaeirna bs Hiiftty aonfd trhoei snee.t wrorrokm
diagnostic tasks are analyzespaccsi feixcamipdrem @&fndc drmfeu scioonnf ucs
matrix is shown in Fig. 13. pohenhioal zpynt abhdidng etcoi mns alf
confusi on matr i X i s t he pr edh e treids kl abdelas | amsle tnmoe ovebas
directimins rtelpe etsrreue | abel s. Talif @ cd c ct threa cayl ifgormean ts pefci f he d
fault type is calcul ated asaddresrsaetdi,o coful ¢ oresweltt yi np rsee
samples to the total sampl essysft emhafTo tagdar e sTsh et ha csc ui rsascuy
a given di agnostic t ask i s fcmad el an ed mmrsovtimeg phep dretait a
correctly prteadichedtesampl samphesn@twbikbhetyotuto distinguis
di agnostic tasks, t he net worck i twiacsalabfi®@ultto taycpheise.v eF olr0 0¥
di agnostic accuracy for |l abebhd&Gpt Addbnhi oneaclhlnyi,quae ss marl | ad
of | abel 3 samples are miscliagcoirfpioecht ad tabelroi da addi
confusion matrices. tdhéababl Bseawarfraewslptonndi ng
Label 2 are both characterizedhky acttrn watturoal olfo onseeunreosnss, i
induces similar dynamic behavisawrad.i zebdeaadt woalfyaRid d i atgynpoe
exhibit analogous semanti c f etaatsukr.esThen rneeulfteatare sphawe, i
it challenging for thehnethwomd&ur onsefcfaenc thiev ealcyt i dviastteidn g ini s
during the classification praceesaivThedsibrinldar iitny tihre tCloes
patterns results in a high dedrmneaeanadf omwmvsud a pa dddadtrsettxrtiebrudteit
boundary, which is particul arilnyagper omaosunkbeednuedéectonel tyi ce
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ext hagth mendiemnallres and filtelrhitshdmrtheacviavatdatdes that t
neurons are filtered out to Hhioghlhieghtarigrepgordti amgtn ofsé ast U raes K.s
the classifiers outputhotheodliagsi fication results as one
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Fig. 16i mRedl agnostic accuracy of ablation
3.Ruel injector experiment measurement range is 0-~3000
channel amplifier type is 462
3.2Exlperi ment al desi n .
P g is 6533,
The technical parameters of tT'heoerarSi.”ereQ:ih%sieclalerbgairrh%eatreers
in Tabl e 5. I n the injector fauli émexperi mpataméwe®r types o
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i . 1-5-3-%2—4

spee 14-5

vibration sensof yipe amcceNEIdMNRLEER Pfbwe 3570 kW

pressure sensor type is Kistl&?MMo&SSEadodnlps The pressu

the inner wanlrlessﬂrethéuehllghnjngatleocp
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The sampling

frequenpyewasr egafapHter

Whe hsgH to securely
line featdraggsera sdowbklter e. I ndrtiHd eex peorciamhe notn,. tThhee si gnal
outer protect ipwree slsauyreer foufe It hlei nheitigaghtns apd g ii tpiperds ar e shown
away, | eaving only the nner ovarndudtngdcdn fThe foeakriwallkt)
dilled to accommodate the intsexatl  wdas onomduat @ed ecrs utrfee seine
ensur e measur ement accuracy and stability, an install at

[0 —— .
AN
.& ‘f
The piezoresistive Vibration
single-channel % L  sensor
, amplifier (4624 AK) g Installation adaptor | f(inner wall)j
1 (w““ 4 (tye 6533) ‘l
DASP-V10
vibration
analysis unit
INV3062 data
acquisition
High-pressure
oil pipe
g
AR !&Wu'fl S
Fi 16. Fuel injector failure experi men
In the experiment, two faultoestghabstwdb fhalfustatepeanc
coll ected undeamdl dw,g hmd diaudms e x peearcihmelna ad

data set i s desc
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across different domai ns congeti ntso 1320000 baampllé s shdbhkd dhb e

engine speed was 90 r/ min. Thweerde enseea s uernegd nues il mga da .waisn jcd @l
by the hydraulic dynamometer hollhee wmaos maél dpédnibryg aprrgeosns ua re
350 bar. The valve opening bresclkage. wlahsd hriesndeaoapsad ti brem t dhfe
pressuresdadjmsst Méaret | ow val ve l&’'pening pressure was
Table 6 Fuel injector data category information.

Faul t Nor ma Low fuel injector Clogged Load

Label 1 2 3

Dat ase 1200 1200 1200 30%

Dat ase 1200 1200 1200 50 %

Dat ase 1200 1200 1200 70 %

.
.

L4 A
. 1 8 5

= QWP = 0
N

(b) (c)

Fig. 17. Detailed information: (a) hydraulic dynamanrster
bench; (e) adjusting shims.
Fig. 18 shows the presaande noizgh &I sb,| owikkargat ioocnc usrisg n atl hkse

TDC signals for dataset C (7pf#edsvadeg . siSggahssi 6orl Bavnasd
and B can be found in the appienndeicxt i (oFisgeusrcehsa rAidnea nidadlb) oi W
the opening pressure is | ow, prhees saurpd iwapdee safu rttehep ifgarepls sur
and the vibration signal are slightly reduced at the mom

fuel injection. The fuel injection duration increases.
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MPa Pressure signal (MPa)
- — Vibration signal (m/s?) 150 -+ /s r 2000
2 200 1 TDC signal e (a)
§ 150 % {= #; k % - 1000
é: § é 100 4 0
S| [t |
§ 50 4
< F-1000
0 o . 3004 A o
§ M= = i wt L ol I o n LA | ™ T " o
§oooco -2000
LR 0 2 4
. Time (s)
MPa Pressure signal (MPa) 5000
s —— Vibration signal (m/s%) 140 + m/s” (b) [ <
=] 200 4 —— TDC signal
g N " " - 1000
o 1501
2T T T
b e t | 0
B IEE e l l
Lo -140 +
éo 50 l [ l - -1000
8 O Tttt Wiy 000
- =1 -200
gz = 0 2 4
- s < Pressure signal (MPa) Time (s)
= S g MPa  — vibration signal (m/s%) 150 — | — 2000
I 2004 == TDC signal m/s (c)
150 - L 1000
= T
100 + 0
g2 1 150 +
£ 50
| = -1000
O g It rm
5 — -2000
0 2 4
Time (s)
Fig. 18. Signals of different health states: (a) norr
0,
3. 2Muw2l-dat a-ftriemeuency infograp%?tc%set A (Load 30%) as an ex
t he -ftriemeu en c yc si noffogtrhaegp hsi gnal
To integrate the richsbaaber informatlon t he -mult
meequen y nformation pl ot
data are fufedquano alrtlflanmaera Four .
q y £ i the appendix (Figur
wavel et acket decompositi erfor med n.the.vi rat.i
P P ? ?e pa wam%rsba%don o ¢
and ressure S i nalmandﬁhewefer t f € s u
P 9 pr e's® nted n dl?ferent f or ms
reconstr ucatsed haen dd autsae dnat r i x ;or fault anaI85|s. The
atures Fosély rel at e
suwlbands of each signal wer e arr.an eq.fr()m top to bottom i
I for ation.
the order of vi bration signals and pressure signal s. T a

EksploatacjaiMaiNneemanda oS 8,

RZol .iB&Ri | ity Vol




Pressure signal Vibration signal

250

200

150

100

50
(b)

0

Fig. 1Oredqguenecy information graph: (a) normal state;

3. 2T.r3ansfer tasks diagnosticgi §01t "51 Eag. b2lseen that the
d

t he i stribution difference
Toi sutabhé zeki agnostic accuracy ,of the network, for fjiffg[ent
by extracting transftera e f
heal th states, Fig. 20 shows t,he ﬁest ac.curacty for, .diff
cl d=eve mat ching, he "al i gnmi
transfer di agnhostic tasks. The net wor Kk mo d e | has hiqh
ffeatur es caftetghoerys anwer Ks we'l .
di agnostic accur ac for bot h faul ts. V. e i agn
9 y are comp 1aféle‘?ie ezi%? 8 %n?
accur ac can |l neachBs k9130.039%9 %d i agnos,ti c . . .
y sqamples are misclassified. T
accurac is achieved for the nor mal state. A reater ro
y presencef@?atsrmIcgzmrmponents b[J
of mi sclassification occur s Ll_n.normal corhd| ion and ow
his places I gher demand 0
openin ressure failure. . . . .
P g P terms of extracting distingui
The visualizati @8n -ABesauBd s€C €& or tasks A
1 192 1 2 98.5% 1 200 10 3 94.0% 1 190 5 28 185.2%
32.0%| 0.1% | 0.3% | 1.5% 33.3%| 1.7% | 0.5% | 6.0% 14.1% | 0.8% | 4.7% | 14.8%
% 2 6 199 9 93.0% = 2 0 188 1 99.4% = 5 9 194 5 93.3%
= 1.0% |33.2%]| 1.5% | 7.0% = 0.0% |31.3%| 0.1% | 0.6% = 1.5% |32.3%| 0.8% | 6.7%
o o L)
E N 2 0 189 | 98.9% E ] 0 2 196 | 99.0% E 3 1 1 167 |98.8%
T 1 03% | 0.0% |31.5%]| 1.1% T 0.0% | 0.3% |32.7%| 1.0% T 10.1% | 0.2% |27.8% | 1.2%
_()()“}O(I _‘)_‘),5“4} -I- _‘)(i?“(l J_‘H’“O _()-I-,(’“(I _{)3,(_)00 _()7,300 _‘)5,”00 _‘)7,(’“4} _()3,500 _‘)1‘800
-I-“}O(I ‘},::'O(I ; ; 3,301) U,”O(D (;,(’“O 2,{)“1} 2‘700 5“}00 3,{’“4} (},5“1) 8‘201)
1 2 3 1 2 3 1 2 3
Predicted labels Predicted labels Predicted labels
(a) (b) (©)
1 181 19 9 86.6% 1 185 16 12 86.9% 1 177 17 6 88.5%
30.2%| 3.2% | 1.5% | 13.4% 30.8% | 2.6% | 2.0% | 13.1% 29.5%] 2.9% | 1.0% | 11.5%
= 5 15 179 1 91.8% = 5 12 180 10 ]90.0% = 5 19 182 0 90.5%
= 2.5% [29.8% | 0.1% | 8.2% = 2.0% |30.0% | 1.7% | 10.0% = 3.1% | 30.3% | 0.0% | 9.5%
L) L) L
[g 3 4 2 190 |96.9% [g N 3 4 178 | 96.2% E 3 4 1 194 | 97.4%
1 0.6% | 0.3% |31.7%]| 3.1% 1 05% | 0.7% |29.6% | 3.8% 7 107% | 0.1% |32.3%]| 2.6%
90.5% | 89.5% 1 95.0% | 91.7% 92.5% | 90.0% | 89.0% | 90.5% 88.59% | 91.0% | 97.0% | 92.2%
9.5% | 10.5% | 5.0% | 8.3% 7.5% | 10.0% | 11.0% | 9.5% 11.5% | 9.0% | 3.0% | 7.8%
1 2 3 1 2 3 1 2 3
Predicted labels Predicted labels Predicted labels
(d) (e) ()

Fig. 20. Confusion matB;i x(-@f)o rAt) h@d;s i(Be;)t ¢é&.) tCasks:
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i Source: Wl Target: @ i
§ @ Label 1 @ Label 2 @ Label 3 ;
L @Labell @Labcl2 @ Label3 |
100 100 100
ot 50 ' oS0 ‘ ol
=} o =30
.8 .8 2
£ 0 £ 0 &
£ n £ 20
R .50 * 4 A.50 a
i =50
-100 — : - -100 : : ' . -
S0 00 50 2100 0 100 500 30
Dimension 1 Dimension 1 Dimension 1
(a) (b) (c)
Fig.Vizdlualrigsadlitom f or t-Be (A)e@ ) aBGks: (a) A
3.Bi agnostic performance compﬁtr%Ctor' Specific paramete
a complete descriptlon of
In an effort to further validate e _pe rforman?e of t £
' _ hy pe rparamete ettings plea
model,.the p.roposed dnagyneﬁ'llhefreatmewokrkarqsltecture o f
co.mpar|s.on with other met.hoci:s.g Es c.rohmepa.rnlpsuotns 'P%tt%desDA
mainly i€dNud@e2p Adaptatio 1DN E %a%&“@ﬁ#&dehly one c¢l a:
(251, MDD [(29]. Deep Coral (PChokiTly AP¢ MGRs|IPhnc Thi ¢
2BCNN is fully consi stent wit? t he developed net wor k
net wor k.
framewor k, but Ikasasiafiner ocahg ome feature

Learning rate0.001
Batch normalization32
Maxepoch: 1000
Convolution with kerneb
Optimizer: Adam

- -«

Learning rate0.0001
Batch normalization64
Maxepoch: 1200
Convolution with kerne¥
Optimizer: Adam _

- <

Iassmeer

fﬁ%«

/
Feature extractor  rFeature lntegrat\o.‘\

Feature extractor

Feature mtegratlo..glissmerG

>

: N
- \f - \/\/ Source label
n T Vol -/
—- — g - - g P
c c
@ CORAL @ 2
2] " (]
\ (N s Sourcedomainand targe \ O g,,
Sourcedomainand target @Y NGO domain parameter sharing .&Vﬁ: \?.
domain parameter sharing %A __________ %A ¥ MDD Iatg:l
/\3./ Gradient .é’/\).!» 5.
== ConvlD+ReLu+MaxpoollD+BN m=jp ConvliD+ReLu+MaxpoollD+BN reversal layer 5
Flatten layer ClassifierG; Adaptive Avgpool1D . ClassifierG,
— — = —» BackwardPropagation — — — —» BackwardPropagation S - -
a PR b
@ e ©
-
T ¥ — 1 I v
Feature extractor Feature mteg‘auo.vIass'ﬂerGy 1 Feature extractor Feature integration
PN
e
. {)‘( . y - - - - 4——4__
8 .4/\ 2/ — —_
- L = /
& ‘ + I— MK-MmD
:— - <« - - 4=
\ ~ - A= - A= - ——
Sourcedomainand target /% e parameter shanng
domain parameter sharing ALY, v
: . \/>. \ —
= C;)ln\t/tlDil-ReLu+MaxpoollD+BN .4/\} Y Comv2D 1 Conv2D 2 Conv2D_3
atten layer - -

— — — —» BackwardPropagation Learning rate0.001

Maxpooling_1Maxpooling_2Maxpooling_3

Learning rate0.0001

Batch normalization32 = = => BackwardPropagation —> Source Batch normalization64
Maxepoch: 1000 -—= Target Maxepoch: 1200
(© Convolution with kernel3 Convolution with kerneb
Optimizer: Adam Optimizer: Adam
Fig. 22. The network structure of the different
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3.3.Comparative anal ysis

obetaui ti Iiiganroyresoltoqlveereffect of

experi ment matching in the target domai
with | arge dfo,mBD mMDs hitfhtes MDD
Each met hod wa s run t en ti mes |ndel[)3endentI%/ o.r each
g ‘ g N may not (Ia abl e o] effectlvhel
iagnostic task, an the average result was taken as f he
g g o g d||fgrfterdefomar|]nSL\évaP'gilesrea-lpISO\bwoqhbag
iagnosis. The iagnostic results o t he i erent metho
g g architecture i n Otared NpGDahmeptah ¢
marine auxiliary blower Idataset .are shown n ,T_aagle
architecture canregqiinde etxhe an
di agnostic scenari os wi th siognific?nt domai n di.st.ribut
common eatures di ffer t
di screpanci es, t he proposed framewor k exhibits better
transfer wei ght parameters t
adaptability in the target domain than ot her met hods. 1
g o adaptadbll|thy dof the network
iagnostic accurac of the ropose et ho i s superjor 0
i g < . y N pZDENN, tﬁne proposed Pnethod a
met hods isrf emo stta stkrsan The aver e iagnostic accur.ac
?% asol«:s An—é). DThi s 8emiomt¥nmth1'lceis
for the 12 transferred tasks exce_e-?l_ed 98. 00%,, which is 1
cl assi Ier and adversari al |
and 2.07% higher t han t he MD D and MCD met hods, _
effective i n reducin the di
respectively. The core of the_MPD method is to minimize
di fferent domains
di fferences in cl| adkisfiffearceanti ocho mMeoiumsd,ar i es of
Table 7. The transfer diagnostic results of auxiliary blo
Task 2BCNN DAN DC MD D MCD Qur me
A-B 88 .0@3 2 91 842 6 100.0 98 082 8 100. 0 99 D0 2
A-C 77 822 2 89 825 9 85 .026 4 97 823 3 90 .02Q 7 97 880 2
A-D 90.021 3 95 n@l2 1 96 w80 1 98 n®dP6 3 100. 0 98 a®PO 5
B-A 89 n®d5 8 93 .a28 8 98 ud9 6 99 v®5 1 98 8830 100. 0
B-C 92 .038 5 91.aB0 1 89 827 3 96 23 1 99 n®1 3 99 899 0
B-D 83 .80 8 89 n@2 7 90 .m15 1 96 n®6 3 97 m8B5 5 100. 0
C-A 81 8430 95 8389 2 87 o35 2 92 8%9 7 93.8215 95035 8
C-B 938216 88 . 026 1 91 .=d1 8 99 a®2 2 98 .820 0 100.0
C-D 86 .029 7 100.0 90 .887 9 97 .9 4 100.0 98 .90 4
D-A 92.a8B8 0 94 o®5 2 95 .86 0 96 .02 6 95 080 6 98 n87 0
D-B 85.830 2 80 .ad3 8 88 .mal 5 93 .85%30 89 .0%0 8 96 .a@0 6
D-C 87 n@B2 6 95847 1 90 .82 6 99 m®9 1 97 nd0O0 100. 0
Aver i 87. 3¢ 92. 14 91. 93 97.1¢€ 96. 614 98. 71
The output | ayers ofantaH & accidi he mehtabrmétshddanwerde |t may |
t-SNE/i sual (itzakiimgB taasskanm examplrem. dThéerent | abel s, whi ch
results are shown in Fig. 23effThbetpropomeldt menahko idnge aonfi tdyh.
the features of each <c¢class. m@aypabred bwiatslkedot he wa mes h ocdesr, t
proposed framewoutki tihse egfbidneen dambi sfcu lalsyw.i f IOt &dteir met hods have
feature information of so-ur cmi samlda stsairfgiectatd comai nBhe T fa@ai v
class inteawmdl t hosl assmaéitnt er vdi sdérsi niiartagteievie bcoluansdsar i es wer
Label 1 has a smal/l number bbr tshherp| evsal mdatlkeasst iatd tihret
l abel 3. Label 2 has a small tnambteralbi lsiatmpl es mi scl assi
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Fig.Vizddialrigsaulitom of di fferent methods at the output | ayer
DC; (€ENN.2D

To further validate whet herhitghhee spleurg of Mmathx*E2)i mpavelmeat

of the proposed method is st ametshtodcaddd tshgnMBDoumst wede &

pai rteastts bet ween t he proposedi Eatamewortkhaandt heacthr opose

comparison method. The resul dsf heeemsho®wnc dmp aFriegdu rteo 2tdh.e T
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