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torque signals [53]. Among the balmavensisginganalamad ¢ by siednb ik
vi bration signals are easy toof frecaaseuwr ebyandcec ovntbaian i omp é |
dynamic information of relatéd smemmany ced nifceofairpeoahteintizseg tseun
as the burst combustion of gtahsee se qiuni ptmreent e maqidn & hey Isiumr d eoru,
i mpacteofdwmiwmg opening and geéeathinq,fotrhmatrin eni mrbowat itrhge e

inertial i mpact of pistons, apol cednhk oh afhte rsoutbasteiqoune,nte tfca
which have been widely used icnonftaaucltt dld tagntoisess e ndmniesggaead
engines [ 2, 8, 43] . However hawiebrsatmeoms heoir g ca@imit @@d st 0 ln
acqui sigome mraemi nent ' imitaciomps$s ex i molise&i npgolrd aits e n, an
pollution, | ocal contact measmertehnoednst ,a raen dd ihfi fgihc wwlotmptua | s @p
et c. Furthermore, the acqui siThieo r f ebnaesierdd mRMewltt odfi ald remseed! Is ac
vi bration signals is usuall yeccuihpingeghntt ehmpeer etererne wane |l yi et
vi bratingf agd,i nwleirctrsuadan easihomd eaandd taob rdo asd o[r4t2e,d 1o6r-b a% ®]d.
even damaged sensor measur emeaadlIst [dSilalgnoBe si dnes,hoids mawng
i ndustrial production activithespr adtbircaali oinndsuisgrmrdlap mepipl
sensors are not allowed to be (depl CyedbphsSBY, fDakel tt odt hgn
reasons, t he teeewalta vmerrste nsforanlteebbnbtabi egufigment usual ly
monitoring the health state ofnmfdiaesd!l i enmgiendx alhas eb gg@aa man
research topic. selection requires a |l arge al
I n recent year s, using contaxcdtuadengddiussas i @ahs apsubkr mi PI
and thermocouples to collectatweaperavarkalbligniahstitme,cawh]

condition monitoring of me ¢ hfaau Icta | d ieagguni opsm esn;t has attract
wi de attention of researchers (2326 ]DurGongmotnh ef aap ér ptaitdrer o
di esel seuncghi nes mi sfire, airsufriflatceer tleimpekageyr e amsglual |y
insufficient oi | supply are fbBouatlynaceampagi acidby heing mie
temperature changes on the cylcichderatsamfyadeé meHaweeer t heon

—

emperature measur ement usuabdgyedonieys hbglisicent it £ ct eimpfer at @cd

changes at a efgauw ppneinntt s uarf atcheen whthiec hs tcaabnlneot st at e and car |
fully char atcitmea i zteattthse afe adi ewietl h ewntg i cneerss.i doenr itrhg st he i nf | u
basis, infrared thermography f(aluRTt) dhiaasg ngorsaidsu arlelsyu |btesc oante tah

nooontact nondestructive testih@)tdohmmiaqee fIORT nheaass ubv @ ey
surface temper attourev eorfc oengu itphmebenrte gt caei on of rotating m
effects of compl ex transmi sgiodmr paybBsemxn,d alnodc aslhad étse ¢ tni
caused by the contact t emperddatagmeo smé as uresmamntc.h €Comp &raed
with traditional met hods basedpegn avtil ac&t iodn rsisgemalc ha mal )
| REased fault di agnosi s me t rheoadispr bawaei ntghena d il h @ewy nguch
ottstanding advantages: 1) As therceael geviamd tesf otfhedileRsTe s
infrared thermal camera can nmdreirteori st hoef tseunr faa clea ct ke mpfe r au pu

the equi pment wunder test withaodt swdirit &dteinrig tirtai aan ch gv issaurap

through infrared i mages; 2) uhRTipeamni ded elcaartnhienge ¢ Bi2p metn
remoared yin a wide range, whi dn siog éssweidt a belaer nfionrg hceaanl tlhe asrtna
monitoring of |l arge mechani dalomegoppmedat a 3Wwi tWmoluitkd abhbl
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t he dat a augmentati on technekogVy | éorats efdeadnur ensxtprea vt ise
l earning, simul at ed synt hetiinc splead ahn ,weitcrhgqe apt gycebaihyg
characteristics can be gener attehde,r whiieclhd sc a[n2 be B88ed 28809 t3rt
optimize the diagnosi s modelmeahddi mpr anmaenutahbky eaxkt yadtaiur
detection addll.ity of the mo directly process a | arge amo
Therefore, to make up for tihnet rabnosviec rlesvwes roaft dbeftaigctiiemecd
a new unsupervised data augmeapgpmitingpnr riedaed ohahl ps dibaegtnoes

met hod is proposed for the prechladms stfi nign compd iexxu omiast hiennfar
i mage features and insufficieeduteai nihreg iddtoa matt i tome | enasrs
of di esel engine operation, Fwhritchheraeonam eac lhiine veh ea ccoounrt eetxst
ef fi diagmtosd s of early faultsi mpfrodieedelle e@mgiends gwintcle tme
uni que advantages of | RT. FiBasgsdd ,on ntfhhearexc e lnaenets foefat dii
engines in different health gteasteaas cdireeg solatr @i wed kbywgueinngh

—

her mal tceacmmeroan,de ol |l owed by fatbhdaofgméauati dhnaghotshe of 7

experiment al dataset with conVWetsoeamaé{adgelne natdireces shdv € c 9 &
net work (CGAN), then featuretpadiamedomrals aoafaniuraflr af eadt 4 ma g
are automatically extracted kaosngpd icmtdceae ppeocmeadlont iammalt hr
net wor k ( DCNN) Sofama x f irreglrleyosi drhe (rSRl)evant system, by co
classifier is deployed for ffawelqtuematyt eerma greec oagnndi tti lmerrr oif r
engi nes, whil e the experi-menddadadptdiavtea fceodtl lercda ed x tf r maent iao nh |
pressure common rail di esel oergcome i $ hasachceot avientivf y bt

effectiveness of the proposed&nmem lreaddye to the diagnosis re
The remainder of the paper istorgawmli zedi agndoil $ oafs : b Sarcit
2 reviews and analyzes the rnealcaheiey Idiatmamga&t uaned amai sehepal
status of research. I n Sectiomstaldmdi &4n time thhas ipcr opcreisnsc i
met hodol ogi cal procedures of heCGAMt varned e DICN&Nct ame and f a
i ntroduceed,y.r eSexegdtoinv 5 det ai wWwertdbe (Bay¥yW @aomdpacmervtod ut i on:
of the fault diagnosis systemooanfpadicasyea a de red b Badels] apdop od od
about the infrared image acqgdiaghbsesnhsexmpéhbhent, taedrahal
the ChGaAfNed data augmentati on apnradcyessiss., |wi iiSrelec t - mens 59 h d thtea n
effectivenedgdyarnd gdthperpgroaposedyv enmett htohde arce®ustic signal i
verified using the experimena ast gc kebd-aas peiesrd a@t &AL HE) .ameti w
Section 7 summarizes the innewdatriacd iwanr kofoff atuhe @gamdeamur es,

> Related literature review for faul't paXit @0 n[edr8e]a bpgrna pt o soe€

diagnosis mo d e | of tohne IiRwTsud
| REased faul't di agnosis of mec %ICI Iste%Uin%rH?%tl m & ¥k
includes three steps: infratgetdwe'emagensﬁi:g%lio§itsltornl,ngfesa%tE
parameter extraction and fauldtI Sptat.tbeurtnI orne,coagnndttlr?é] aﬁ\{ngrr_hg
feature parameter extractioncl s tbhee zgncohsﬁe\?er&tbgfalue?ttn‘fcﬂgqlgahn‘
above [t4dps whi ch directly afdfdercetsssedhFheaCICiurﬁiatCayt|8];13 o f
subsequent pattern recognitigRy, LP LEF fbks ol vIBFR TS
(DL) has received key attentdiorrﬁerisrioomnaalllgrwéayl/skcsaloef iI}nz];ge;ef
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transform (CWT), and used DOCNeNc hanndqyurean dwhm cfthorewant(iRFA)e s

integrated l earning met hod foprer Aaubhnh desaggodsimageepag drcels
bearings, and the experimentangirrnees ullitfse demaets.(n&lé jodd eos ke
met hod has a high accuracy. rig for monitoring diesel en
The combination of | RT and [lealsaig ealtshoe sreedi stoene t esipar a
progress. Choudhary [ 4] et elx.hacslt| pcpedunaér adiedf & rnmeangte
rolling bearings in six diff drhentr edtaati eosn,s ha npd buesteawmkp ear adiideis
net wor ks ( AMNSN)f oarn df eLeetNuerte extfraclhtti ® naaondr ¢opiamng eram t he pri nc
recognition, and demonstrateul ttrlaes o8 U E[eX7RD,rciddnyr ie@ d adCINtN ul

comparing and analyzing the a@ahdssiefriieat ioofn eepeat it memtfalth
met hods.[ 26i, &t5]alachi evedepgblodr aeisul 6sai nNBMm i adkhrdelfegyw sir|
study of failure patterns iengindar sl aales geamlio xbewsi | & n da ni
systems, usingnlfRTaraendd iGN ef oprt quf 9r mi ¢ o amdi eve t heerdgitres
pattern recogni tWaonmg ¢ f4 44 o remo mylufiadyelr thg .asdeeds and wor king bl ac

a crack recognition method basfldt hoonug hRTsaoime h a@MN efvermeinmasc
recognition and classificatioesetaralbdotssdi ebel peofl pensf a
efficiency and poor interferedmeééciescstance thesapepliphti
detection by -dtersd diutctitionvge! (thelBT)mber s ome feature engineer
techniques, and achieved highntecogmittiyotno aaetud rmaathii dalt It yh e
set . ability tospaloeesgsgnlliamregear da

I n summary, we can see thatprDovemet hoddehaavne dfefteetri fauh

di agnosis performance comparextnacttiroandi[td2D,nall0metGomparte
rely on manually designed f eCa\tNurheass. tGwor rseingniyif,i ctahaeh cadrra
met hods and basi c processes ekbradtauddepdilagnedsifseaofur es e
engines ark @maqgqui g§i signa manuaabli Ifietayt;ur2) eBy rasitmgonl oc al c
and pattern recognition basedneotnwonrakc hpianrea neetaerrnsi nagr § MdLg sy Ut
this research t.he3me, uRseendt efkelsdestFaaulmioere compl ex net wfog &t |
transform (FFT) and STFT to extracti é6eadaliirlei tpyaraommepae&mread ft
the collected vibration and sBounkdi signhady, oD CNN ewaesl uesnegdi
di fferent wear states and ANNariasmedmplsi ed fHloesélai ¢mgien e
identificatffi9dn . prelpotsttedeta dlaul tFrdoinma gtnhoes i &b aned hloidt er at ur e,
for valve train of the dieseblasengiomne IbRals eadn dormlLa aNai we dB
Classifier, whi ch can achi evmaaalicruerayt ef aiudletn tdiifa gcnaotsiiosn, ohf
patterns such as val ve spriingf raefedr mantaigers iash dusalard d rymals
clearance hg romptowmerng tquar equmk®8). hkaswadesekn running for
et.[dl9] proposed a new fault déesgapnpshsofmeehottybdsaedtomnitly
extreme | earning machine (ELMarfiabl e5tdmpeentontehstilth md
of i mpulse program diesel engnacehis.nery such as diesel engi
In the rebeaedhfatbtltRAIi agnodbias eafl &l easnedl DeLn giisneisn, t he i n
s 0ome schol ars have started diheegnmosprseliemiemarcyh e&fx pdioe aadli
Baranithphihnpebopased an inteibigentllafbkl amokitoring

met hod f or di eosneli nefrrgairneeds ibreasgeddo pf bckesshegabove research

EksploatacjaiMaiNnteemande oSh 6, REol.2dKRility Vol




common fault patterns and cobhlatysinalfude etdwoi ncaageesgou n @ ¢

di fferent fault states using anddiesslpemnygi aedexdmdarai maud méd
the variabl e temperugpt uape rrpartdcobeassss offrieerd asastbhown in Figur e
temperature stabilization, andnthenerCtGAWe aarnsd, DMNN & rhe
applied dmentdattiaonauand i nfr arteedc hinmagguee sf,aulns d pean wireed dat
extraction for early fault dri egeaiosse s mdr & handli meeé ahger
infrared i mage datasetdaitsasdbdivdedarindalo nseetweorrakl ( GSAMN) [ 11
according to the same ti me i nftieerlvdasl sauncdh s&s® di mapeephd pedl
of temper ant uorne tvhaer iaaddwracy amdgi shabCVM)tyawond ndteur al | ancg
algorithm. i mage generation [407] esotlwlte
3. CGAN-based data augmentation and image restoration [7]. A

model, GAN adoptreontlae iiohe@dpdrf
In the application of DL metS ordusc’tu?réllydleisrinigtn(.adAgnnga -
acquired for model training ignenmearnayt icoanselsg ?%edan%oastauvgiméagll
operation is an indispensableaepsallrrte.d ?%ta%e%u%rg?rrl]tgat[ih%ngrg%te

Flip operation

Random rotation

Geometric manipulation

{
{
~[ Shift operation
{

Random cropping

~[ Transformation scaling

)

)

)

)

)

~[ Interpolation operation ]

augmentation - - -

-[ Superimposing random noise ]

)

)

)

]

Fuzzy operation

Erase operation

Filling operation

-[ Color change ]—
Supervised data
augmentation
Synthetic minority
oversampling technique

S E— E— —

Color scrambling

Multi-sample data =
y ; SamplePairing
Data augmentation T

Generative adversarial
network

Conditional generative

Unsupervised data
augmentation

adversarial network

AutoAugment

Population based
augmentation

Fi.g. Classification of data augmentati on

3.he network structure of camndN the discriminator can be

. viwal data generated by the

GAN consists of two neural network models, a generator G
_ ) ) by the discriminator, t hus

a discriminator D. The role of the generator is to gener at
) ) generation. The training. of

data similar to the real data by 1nputting random noi se,
) ) ) qguality of the output sampl

the role of the discriminator is to determine whether h
) . i mproves, rii.ri.nattolre idi swcnabl

data is real or wvirtual. The iterative training of GAN
) authenticity of the data genece

process of continuous adversarial optimi"fzation of the "gen
) ) ) ow of GAN is shown in Figur

and the discriminator, and the performance of both the Qgel
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Network output

—— e —— — — — False data
( \I G() g
w
(o]
Rand i B
an 01;1 Hoise w— | Generator | g
B
| - g
| I —— / Orlgu;al data — = ~a True data

Fi.g. The method flow of GAN

CGAN has made some i mprovemgaemnsr anhet hanalyaesi swiotfh Géapleci f i
For the generator of the ori gMenhadli GMINL z&a hetgeanler at 2@] | pPa @
random and unpredictabl e, sogtehmeraudateputi nnfgetshet hat wanreletc a
be controll ed, and the actuabnotpreaiabtid it g tilset ogoetnies tatt e
responseste ohethe inabilityGAN. tThhe omeitghiondalf | @AWN off o CGAN

User input

. c
Random noise

t \l A\ +

| False data pair
| Generator | > Network output > - 15

| G()
User input / \
@ N

_____ -

JOJEUTWILIOST(T

/

Original data >

v True data pair

Fi.g. The method flow of CGAN

CGAN is a generative model tG@A N leesasrennst iledWw yt 6 ngenpoate
i mages from random noise correspohbdengener gt oenGcamdi di ®

by means of adversarial trai fiong, sachhats ttheeatigminineg badtlesd, e |
have the same distribution asnethweorok i gionabe i nbaegtetser t husi an
the tmadke ogenerati on. requirements. Except for t h

constraints, the i mplementat,]

Discriminator

D(x/c) (@) the same as that of GAN. The
showm Figure 4.

As can be seen i nciFd giumrter otd

I additional input information

) the randasn tntoe sienput to the ¢

di scriminatorcabd the oantpturt ai

Generator are combined wi txast hteheoriimgu

G(’/"") di scriminator. This improvem
90000 effective in many studies [ 3]
) (

| 3. Phe | oss function of CGAN

) During the iterative training

adversarial optimization b e

Fi.4g. The network.structufkeSofi Bgagtor can be viewed
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where the generator tries toofmaxGAMN zandt h@ANeraroag krasiec ad fl
di scriminator and the discrimrpnpatees bfi ESAdNadr anhaddndd ett ¢ &1
rate. This competition dri velsotthhet hter ad ean exrga toofr tahned mohdee |
motivates the generator to génmecaienmaned obébakcsiive Hanat i
di saraitmir t o become more accuamd eEq.ThE6) ,0srse § peccttii voenl yo f[ 4ac
classical GAN is as follows [ &I0p: O aEId 0. aé @ 00k ]
&'do O, GE@H O aé® 000 p 0 &GO GO 0
whexedenotes thetdemiogiesalt hearandom noi se

i nput to OHe igernereatdart,a gene WdteOEp yd @ Mkt g ntelf &t Br 0o b adiisl i
DX is the probability that theU@iadlheminapttamdy ghied hoyths
data to DIB@ )t rdueeenotes the prbBabihiej tdy s eDG4E)i)ntasteppr, e saenndt s
di scriminator judges the datahgénthgtétal p9 daageanrenahec
trueEramdesents the mathemat iP@dlh éhgpceoadst b/i oHadetnenqiesne
specified data distribution bHAdgRd L@ ReibhUue. g n summary,
actual training process, GAN alcthisewmnmar riyhe CIHAMN rhimPd toivers 4 f
mode by alternating iterati onfs.i NRigrestgenteyat §8Redyt dMtie
constant and the parameters &hiCRe i i fAcrSiinMPnat oarN daref foepctti
so that it can better disting®@ A Nh the real image from the
i mage. Then, the discriminatorDijesefijadiaed pava&met ewideop
genator are optimized so thafegreasan Hrhetr e edanlod edir etan i
i mages to deceive the discritniPrfatadrs.0 TRiSs i hpPo@WRsUTmkiohugn

until a predetermined number Sdfdn@adaidaitreg Osfe skarnpinsug sf aklaft
the quality of the generated SiOHd fte®sd Onfiel eNtds G ahted .r eTghuli & em@h t
For the discxiismitnmd oor, i gvihreafeh@8ag@nejaki zatihen ability of

real data, the optimization dJ1BPj dcettit\ved oufhdietrss trarngdi namdy Ipe &
maxi mi ze theVGDss ifruncthem WMl K6 tyYResj.shMmsredo dar,a GGAMNe:
necessarpXt asmalae ge ®dE()p)o sissi Pask P wH@|eel mipte mee gpler f or mance

smal | as possible, and themogedcesSd N CHANI Riani MENQ Ma!
di scriminator can be expressdd®tas ifig|tthegwd:rai ning process,
6 Omdo O, aEMMd O, aé @ 07006 C real dat a needed for online

For the gepeimteati bheobjectq MRl &%i tjy sotfd joom Ifjaygy ke | rcaid ac
process is to mi NGB),zean et HeolsisM& wwefdgaigNmP si s can -bhsedi mgi
of optimizing the generatoraU@meRt adpgtoitmagandin®ér ioMil Vation

parameters can be expressed @&Piflditiyowg:eneralization abili

e ) al so i mpr-toivmme t her r @ratealn,c ew hoif c
a0 O ae @ O0o o ] ) ]

i mportant application prospec

Therefore, the objective fuQ,.CbdNRI-rP)asé)dffeat&réa‘e%ra&ignn be represen

by the following equation:
CNN i s a kind of feedfor war

convolution computation for p

Except for the introducti bf-9%f rBREgIhtProPPFiedi PvalP
constraints, the implementati©dn PRCHKc ePs's® Pa@ndgd td PtNwolr k@ ism it N9
Meanwhi |l e sSuU®BICNW waontains mu |
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|l ayer s,
better

very we

pooling |l ayers and fddtlectcioonnn e cstpeede clha yerco,gnwhi ol
capltavel tfheathurgehs of Thagesr matdurperdforDlCNN net wor |
1 in many tasks such as image <classification, t
Feature extraction
e L N Pattern recognition

Feature maps |

N

Input Output

Fully ronnecling\ ‘

I | | Poolin?g_x | l—l_‘_?_ O I J-/-J:S‘-;;nnaxlayer
Convolution || o :::Z//’ Convolution 7<‘ m = '/{f;)]jng
€1 c2
Fi.,g. Typical DCNN architecture

4 . .@Qonvolutional 1l ayer represents the co#\jcsluthieorbicap
The convolutional |l ayer, as thdctbvato®nplcaAWNer mainly us:
a series of convolutional kedmedisuttidonPehkeami gPnyvel wti
operations on the input imagegnahgt ac ganidy | QltiPotnta |t hieg ferad UgE
Each convolutional kernel ingthgegPn¥@hethanabn! @ etnes hjag
same weight parameters, thugspitedyckBgdextprees 8UMEBET ur®efs
parameterolef mobel whalleviatgmgp|telhs . PTRABI E8Mor@Pd, a nonlin

overfitting, and also Iimprovigigygeltghgaigenet dlel zathhemn yabighial
mo de | At the same time, thepEpnvPddt iPdad r iKpetringen Sc ag%Vi 9
only local remage,s tolud her e i@ni\Meignde gt Naef tle¥Calhe convol uti ol
spatial information of the ippupedmMaO® RNAI iM™aeKd 1N 9t rtafnes f BG
invariant to operations sucheggas, defofmatiiPBsalBAdqteERRgShAEL
the input image. The convol utyign o8 redet igofn (Cradt P Et d\eStCir d P
follows: the performance of the neur al

0 ‘Hzo H X functions ar e: sigmoid functi
whewe,epr esetnht southpeut mdmpilrny @gfc t e curves of each funci
and represidrht o utthpast mdppihngayﬁagrg;,hg 6, where the solid |Ii
+is the convol wthohakernek hef s/ MPLdheld O i ne is its deriveze

| St | | Dervaie / h Dervatve

7 v 3 S(x) = max(0,x)

U e e ;(é.m_(-.'ﬁ..f v

Fi.. Common activation functions

Among the above three activabgiothed uncnthiiobnist,i oRieL Uahuneftfia
is the most widely used in CHNsagpmpaaadewiptrim bt een, f iwrhg tc h1
ReLU function not only has f ast evior &®n vreorrgee nsctea bslpee eaind bbhas
has certain sparse expressi onbecthtaerracctoerrviesrtgecnsc eo.f t he out p
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4 . .Booling Layer final classification results

The main role of pooling Iayé-:llg §et§ downsample the outpl
the convolution operation to Data Data Labels Probability € @ t
thus reducing the number of p of
net wor k, while retaining the - < e P(VI/Z) of
inpufThere are usually two ty| X i m
pooling and average pooling. % X Vo —— PO/Z) tn
|l argest value from each subre out
the other hand, average pool i .. o f
subregioonutputthé& visual repr
pooling operations is shown i X, ¥ X, »y » P,/Z)
8 6 Fi.g. Schematic diagram. of t
3 5 2 0 x‘@oom\%/ 4 7 I n Fidguepr8sents the output
1 8 4 6 fully connected network for
usually contains the score of
3 4 5 6 A"eragepol 4 3 ::e fsalm:oledb::longs.to t he cin
1 3 2 7 O]]Hg* e .lmecye ohayer is connec
3 5 previous | ayer, so the number
|l arge and it tends to | ead tc

Fi.g. Schematic diagram of tSwWomeobPPHhabp&RAt PBnsOPEratic

I n Figure 7, the si2zeTlé p)chcgalmlgmag)rllZagtlkoenrnea]relsuszually ac
operation can be expressed bylatyhe foll owing equation:
6 Qeve "H ] 5. The proposed system for fault diagnosis of diesel

whewedenot étsh tdiet put mratphp i Inay eorféngings e
Q¢OE is the pool i-H-nrge pfruenscetnitosn , t shaep Ht?isa%aper a tfhaeu Idti edsiea g reo

vectomtaf |alyer . on | RT and DCNN is proposed,

The pooling layer can help {hepnngdwppkrhpatni maferachab
feature representation and teh(u[sraj:,_mplg,f;iyeantcheloagletqaerrnaIriezcaotg
ability of the networ k. Si”C‘FnifPBP'é'a‘atiim%'@e%b%qtealta%%diﬁa“ﬁﬁ
a pattern or concept is usualdli)ésglpc%g%an'bp thlﬁﬁﬁhﬂrfgéur
max i mal val ue of t he feat‘”ceylf”ﬁBerrengi)i/slofi”inrdéeﬁrhﬁﬁsﬁii mer e,
information in terms of the asrBQ:Lb”htd,Ofbé'f”JroerméifPQCFPH‘Qari‘?\
the average value, maximal ppghjiBf bF UREEr &Pg%( Ml )% otfr

pooling process the GWGaAsNed infrared i mage ger
4 . Bully connected |l ayer for data augmentation proces:
. automaticall extract featur
The fully connected | ayer is usualaﬁ ah yIast |l ayer of DC!
, ) al | , the faul t featepesar
its role is to flatt ean ntemesﬁomaatqureymaps (usually 't 0p
) di ded into training and te
matrices) output from the convolut|onal and pooling | ayer
. . and the final attern recogn
onegi mensi onal vector s, and to perform produpt and addlt(‘?c
. . c %5'3|f|er )
operations with a set of Iearna e welght matrices to obt

EksploatacjaiMaiNnteemande oSh 6, REol.2dKRility Vol




Infrared image Data augmentation

acquisition

® Extracting ROI
¢ CGAN-based image
generation

Feature exaction

Pattern recognition
Training set }<—

e SR classifier

o DCNN-based adaptive
feature extraction

Classification
results

Faul t

Fi.g.
-GGABMCNNhbasedefee®Mgtni t i on

di agn

It d be

met hod

shoul
t
equi pment
pri
directl y ecdolilneacgte si noffr atrh e
t h ch

di agnosi s of he

of faul

knowl edge t

and ot her rel at ed or i

heal states, wh i wi ||

di epredocesnngi me@di nvidsiufafleirzeantti on
b emae tnhpoudt

osis .system of the di

tbharsoeudg h d aGQ @A N au

ese|

di espd oceensgsiinnreg.do€bBe nanet heguilras g
clapwd, | pdaryamestiemplseet nidd gi eshé b h
knadwhptigbbe whenf aplptl i ddagnrndsics

o 1
otfo th@eNNMi fecsel faonbgtit neai

o Infrared image acquisition

Experimental stand

Choose four common health states of the diesel engine

!

Collect infrared images using an infrared thermal
camera

* Data augmentation
- — - =

CGAN-based generated images

l Extracting ROI

Extract the ROI of infrared images of the diesel engine

}

Generate infrared images based on CGAN under
different health states

o Feature extraction

Input

[ =
Convolution ||| Fully connected layer

A

Train the DCNN model using infrared images

l

J I I %
Convolution | Pooling

Extract local features of each sample using DCNN

Learned features Softmax layer

el
c1 @
o Pattern recognition Labels
Confusion matrix of classification results E
Xi X vy — Class 1
| ) = = Combine with health state labels of each sample ‘
X Xa . I - Z : »
X5 X ¥ —>| Class3 3
= S | z . l | Output classification results using SR classifier l
X, Xu Vi —> Class 4 - - -

Fi.go. Procedure

of. the proposed met hod
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5.1Experi ment description ama@ ! Yisdfsrartehde ¢ ¥waigerder head

acqui sition engine directly reflects the
As a typical reciprocating mescyhsatneir%’alaré%ufBan_hte,a(?i_deseexlhaeu\
have a harsh operating envir'E)%Img\r/]?r']tangngo[%glgéye\?vtralrQgtgé?
making it more difficult to Ic[’”r?? Io.ﬁ]?g%fﬁégpla\llg fJchliletr cfiiI
Compared with the traditi-onadl aing IS ? rj%sc??_ en|5ld t

. T
pressoumodnc rail technol ogy has

control, better fuel economy,
vi bration, and higher power Fb
used in various types of macf:jll
this papemh, gpwes stsaukree tchobemmo n rg

c

test bench as an example to
. . . i m
engine fault diagnosi s met hods

ata acquisition
system

Fi.gl. (a) Enl arged views of the i nflraagsed dihegarale rcqginrea ac
system; (c) Diesel engine

As shown in Figure 11, the BStamtthedcehttdbwpaatlthandi

engine is mainly controlled kyngti me sawiet ahdj awrsttelde ucsd mtgr alh
and thed meealtatus informati opamsamét earss oppeethe dinesakle engi
pressur e, oi l qguantity and wased itremplee a¢xup er icrmen talasroe bse
Table 1. Technical parameters of.the diesel engine and in
Di esel engine I nfrared ther mal C
Common rail BOSCH el ectro Infrared de Uncooled fo
Air intake Supercharged |l mage reso 38471288
Rated powe 155 KW Frame rat 50fps
Rated spe:t 2300 r/ min Measuring 20 ~150
Maxi mal to 76 0NM Ambi ent ten 19. 2
Compression 17. 4 Measuring s 0.02
Total displ 6.7 L Emi ssivit 0.914
Number of ¢ 6 Test di st 1.2m
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During t he experiment, f ousi muylpaetse do by fdaiud d®nn eicrt d Inwd it
nor mal condi t-dylni n(dNeCr) , missifnigrlea n( SOQM)e,r necuolvteir i s added to t
cylinder misfire (MCM), and abhovdiflauwlrt bp aotctkeargnes (0AF B)h,e w
introduced into the diesel engine. Note that SCM and MCM

Fi.g2(.a)' (NIL) "S(CM 'MCM)B.AF
In Figure 12(a), the six cylinhdiameged ohetdmrgidn e saerle dnag

W-Z , and the specific manif esitmftriaornesd of h&CMaland avh@M aa rfeo |
mi sfire of cylinder 1, <cyl i ndPelrgo3r iatnhdm cly.l i nder 4 at the s

respectivel y. The engine speed was fixed at 500 rpm and
Al gorithmthe Stndpsarfeadr i mage acquisition o
Step 1. Select one of the four simulated fault types.
Step 2. Bef ore starting the experiment, the infrarred
room ambient temperatures were consistent, both at 19.
Step 3. The diesel engine speed was set to a constant
Step 4. The experiment time was set to @yl inti chairt etsa d am
by the end of the experiment. 150 infrared i mages were
Step 5. Cool the diesel engine to room temperature su
di stance, angle, ambient temperature and humidity uaogh
daa collection is complete.
Note: In the experiment, air conditioners and humidifiers are used to

I't should be noted that t heofr etatsiommn pavehp/e rani si ntfhrea reeadr |iymaf ge

coll ected every 10s i s becawsaalt hepemaxtiinnanl paocgessj tibe
frequency of the infrared theatmadny amemantusaeudri mgthbeexpe
is every 3s to collect an i nferaarrleyd sitnaaggee .o fS udbijeescetl teondidhree
Il i mi t,tattihe@ns nfrared ther mal camer at ana b b fugpcsthwrmte stuagrgte st eodb j

that the best acquisition freggentycamhoel df beasley taulctol

infrared i mage every 10s, towbesbheeditthael aenguaolk dxamera mes
data as possible can be col | epcotsesdi bilne at ilmemi t ed period of
at tke tsanm, the imaging quality of the infrared ther mal
camera can be guaranteed. On the other hand, an i mportant
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