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|l ayers and units. 2. Theoretical background

To solve thehaibsovpeapasraobnnemp,\klﬁtgnhe datasets in the sour
mu Hteiat ure spati al di stribut idoinf f%lriegnntmefnetat(uMSeDAd)i sntertiv\bourtki
for TRWMer variable,tm&okragdivmmtcacgrp%iotriicerljﬁns are often unabl e
ofTLt O reduce the requiremenéndfodromgpﬁtgagptdaitsitorni biustivxpenll
consistency besteasMedentshteheam@rtarierdiugcpensce the data in the targ:
t he dependebneslaendponesds ruct ur e bparsoebdab‘?'i‘ity distributions of
ResNet 18 and BiLSTM-tiesneurmejhbsnstrdtbq.ntaefq.| faodrapltoantgion, our goal

term predictoinodn t @b manpodve ”ﬁ%t\L&NU[ﬁat classifies unl a
extractiaoam oapeaelinitiotayr ea al e fteharto“JgehS 'fieﬁa&eurheatl ditasr ammdrsa I lod
extracted features are subjected to BNy &ttention mechpanis

soft threshol dimegl &abedni hThmbz\ﬁ]ﬁg}ljotg’dseenoDI\H\Bnaﬁis the output
contri butpiagpaese ods:tholkl ows prediction; therefore, the p
(1) A domai n adaptive meﬂmmtd”rfﬁphirﬁilﬂegntirpeg t-n?;u‘url\gtieitthdgmnmémvirs

spati al di stributions i s socgt?rpé)lagge@ﬁ!tetaomoﬁﬁgi8}ﬁﬁalfee¥f’il'tuTrre

alignment in the swoamrsiedearnidngd atrkg@t djé%n,;aTi&S(b ¢
joint distribution of featurgvé @é‘r‘fj \;vraibteéstﬁé' tt@tealde(?(ﬁ)r%é
of the aligned neur al net wor k. 1 fl G

(2) A Res NBeitL1S8TTM at ur e extract iV\Phnefr H@d‘?lhe mTa&ritmradprslocsﬂase,fftr
proposed to extract feat“rpeasrafnﬁectcf'&arnsoptaetsi aplarqqdalt?@ggrq
di mensions to reduce t hien efcfh%?ta%t%fritgrhegv&)@haiglhﬁlﬁéffatiOns

wheit he gradient disappearance agd iAnﬁquera.tio]n]'T(l;dpss gre

avoided through aharee”’s"mu\ﬁﬂe{‘epegti"’ﬂékcount of asltpeskhn

i ntegri tfyeadgfursei gnal function

B)A soft threshold technique based on attention mechanism

proposed to effectively improve the value of informatio

7 I
Attention ResNet BiLSTM

.

N — | Label Predicted a e
(fn;lrlud) - Hidden Features Classifier rLaLe] Classified losses True Label
abele

k\.
Sliding window o~ ~
size=1024
Sharaed Weights
Target
(Unlabeled)
) - Predicted
Hidden Features » Label Classifier Label
- S
FigThd.overall framework of the methodol ogy p

EksploatacjaiMaiNnteemandaodhd Reliability Vol




3. Proposedmethod edge di sttd iabnuwltdd ohs t he target
i i domai ns, but do not take int
The model proposed in this paf)er which_ uses several Trece
) i alignmeaty wého of the deeper
monitored sequenti al tool wear values to track the ‘currtr
) ) ) . neur al net wor k. Many papers
condiotfi amol , while adding the proposed MSDA domain
. . di stribution differences can
adaptive method, which can effectively perform monitoring
i ) means that the differences I
t heeondiotfi otnhe t ool under variable working conditions
. ) ) . hi gher |l evel s of t hef sncetur ah a
within the real machining process, whi ch i s I mportant 1
, . . . . source and target domain dat e
achieving high precision part size mac;h|n|ngE and avoiding
net work Wwaykermbkeature extract
scrap.
o i OQur met hod takes advantage
The tool's <condition monltorln%;_ modul es mainly include
i CORA and JMMD, and offers t
feature extraction, feature normalizati on, design of
) ) 0 moni twancdigtfitohneol s ~under \Y;
Attention_ResNet BiLSTM deep Il earning model, design of
) i conditi_ons, the principle of
MSDA domain adaptive network, etc. The flow chart of the
) ) i o in order to realize the alig
condition monignerdi nq mdhdes| paeeir 1S shown in )
and to initially approxi mate

Figure 1.
target domai dehéareraspace iB

3.1 Melattiure spati al diM§1DrAibaabgﬁtgbéggf‘nephe power f ul co
The approach of Deep CORAL ibsna@al obbubniesr tdafe ttsheen | M eoumesnN
and Reve[tBneetGroadds, it adds antod hleganmssoheorRArt sobr meonan
l oss) with the aim of mini mitzriangs ftonremavitdroingsnder éhet hei fiea
covariance matrix across domad ndseepwehri clhayiesr amfal toly@ uregwmnoal
mi4mi zing MMD in the case of &l p@adhodmiiagnaktrereil DppRt CPOPRA
more potent t halny DDICi gnwshitcthe Hideeednbefddi mg i n Hibert space
sample) and more amenable to 0dmtti ndiDz8uheriilodphdd womt DANMMD:t Hé
ReverseGrad algorithm. It i sMMDsiyn ttohadptiitmiizrep o saensdl mj fugnri
salient feature is that it e dhéssedwmi €68sicapfHtegr adihed
different deep | ear narngexanypliedrdimbaeshiof etbhi@pelddy dingdt rti
the case of -MWD[7,andolMKe thea &dm&i ncl oser to tWweomrdistsnic
adaptation problem by considéelabhgrenhepdceference bet ween

1
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3.1.1 Correlation Alignment Sfamp DB e Nd aSi nt M@ a pFtraotbieond us

. covarian
Met hods MMPbe aMK ot her domai n adap
a

l i gndent— ad t e | ast | &

ce matrices
tation

approaches often perform feature 0
a neur al net wor k, which is more suitable for aligning ov
feature distributions. On the other h&¥Md,” the Beep CORA

met hod all owat ifom m:fonSedeureWﬁglpdéeen etnetat|ons| udtn vector w

di fferent | ayers by measur|nqotfle_ CORAL distance at arbit
|l ayers, ehabkernfemttute alignment. Therefore, in this

3.1..2 Joint Maximum Mean Di s
case, we choose Deep-l €EORALf eat acdi eve mul ti

alignment duringtibe pomaéns d@apNtdedatiea JdMMD, we first

lies in the fact that deep BBdraanfecwéresat cagt heds ni me
representations with differ &@88SUsfeimadnttince fhfbemanedmbedn
abstraction levels at diafyfee@@®® ofaytelre . s omunrrcoey gfRh dmMta a rij gnes
alignment, Deep CORAL tciaonn stheahpesa® GiafpftairenaeamreeMEl)gpl @ swa
bet ween the source and tar gelseddo nfaXtnesn sanvde ! &1 itgPn Meas Ul e <
different abstraction |evel s ®Tangd . aoWe Vteart,e sSMMDh ed 056t Na
more diverse and robust feadtrdrsd Ngehf efeih Y. b dlihed e
i mproving the performance of tdi&mdinm udd a@pidatojudrp.ut, so the
CORAL | oss wasyf iSuswiedpgh cflhesm@asure the distance bledhveen
of align the second order stab@ o betweermothee SPdm&Eien adnac
feature distributions of targé€subbbmAaBndidgtance oedgésict de
domain adaptatloss. i BedpfCORALIdS ftenee ndacies t(aJnMtMD) wi't h t he fc
bet ween the second order statﬂlsdlc,‘@a@s%ath@éfsseo/atures an t h

domain and those in the target domai n, and Deep CORAL is

expressed H¥Pthe formul a whelies t he -lsevelofndgitospot ke, nun

| ayers of t bedemaottaetsh ntbheeg et , a

0] 0] v

flerar, generated in thétdeewhr de vied mai

whed and@ denote i n ttweo mdd boafa ethhdee Ner ated in the target domai

covariance matiQises herdsmeoasi voal y,f each

LU .
Global vid  Sigmoid @ Saoft o holding

|w G2 Element-w Itiplication
o
pooling "
l r' ' P Etement-wise summation
Dropout
——| RB oo —
A number of Muax
RB pooling
BN

I(II Rel.U
Convld

(Residual BLock,RB)

LSTM L ‘s’TM ®ee—,; LSTM LSTM
Byckward merhory

LSTM LST™M LST™M
uuuuuuuuuuuu

Output gate
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3.1.3 MSDA |l oss definition during the traini

) sections. It i s C hat t
I nspired by Deep CORAL and JMMD alignment doma of f sets
. the complexity o f t he resi di
we designed the MSDA |l oss to first aligning the distribut
) ) ) di fferent task conditions, t
featur éswoi ddho maiens via secondlﬁrﬂer statistical
s Ihit .
alignment, and then aligns the Fo% nt distribution of ffeat
. Therefore, we have designed
| abels in deeper | ayers of the neural net work through th
) ) where BiLSTM serves as the t
maxi mum average difference, with the MSDA |l oss function &
prior knowledge of ResNet. B
foll ows
extraction capabilities of R
flLggr T —6 67 1 -M 3% % & abilities tohfi sBimoSdTeM, eff ect i
A spatiotempor al features of 1
& §§ 5
W s %o - [REVETINNL v accuracy and robustness of v

We add it to the loss functiMedeko BenNeteagbmard bBapth!
for feature transfer between! PrRel thegttranbbdnamreédeagymdfs
can be seen above, and the fiSPHAIUCNELs ifSuncheénmMappedt i nt

fllfl flogg, fl Tl o0 Tfl ) Bi LSTM. Two fully connected

As can be seen from the MSOBA LiSdIMs feoranbul1ian g tthhe® t M&ud &ljinh
process contdifnoatt worfdt efaheees e "tewodt i onshi ps. Thi s f urotbhuesrt ne
treodd parameters have an i mp@FrtWhPr ampartsiohnNalhediaggd @MY Rics

of MSDA, and we will deter-mi neg toheq stertatdiing So mPaf| trheessied d amo
of f parameters based on speci fic experimental data in Sec

Res Net i-lseaa ndegp met hod that
3.2 At ReMettBiolnSTM model attention in[ttheapdsthéewegykte

The key idea behind ResNet is idedibrAagi gi PEEt Ay NG ohlin@Gk e
channels to the networ&yt ¢.heTde d NPptRedfu.i d Pt iBtNy & WPr tc 0N
prior structure -oifnddre tredwoiCdrNiNatCidod ® dmf t he Shortcut Coni
the performance data, whileOVHRAET @YUM s@gBpPecated BRB WHentysy.|
percenthgeoonfput from previold8§tWaykr8§tHROETH ESHER WHPkmag et
t hdié c ptetass number of computatilodYs€ranRyY pha¥uteteBY, USADY |1 de
the gradient disappearance d8bk&eabitVvalcxulkl UBEL STM RMHPY Y
forward and rever se bidirechl®Wingopfeorratsfofnisci €4t imHT HH
l earning of semu&nownfeamer dfNega! apgructure of the Res]l
reverse position sequences. |@¥y®@bhinPR§d QGhnevoddddmPttad@Y ebf
ResNet and BiLSTM, a soft tRAPREsREIEwNGeRblBRr! agersTtmand

deep learning model is proposfeld tttherphel MEBTeyv @@ent $ enegdedel
f or mi Icloinndgmotinoboblor i ng, the prignci pd esEfft WhhrCehs hioSI di ng base
s hown in Figure 3. The resi dual bl ock i n ResNet Bi LSTM
) o ‘The cutting force signal col
di ffers from trad(Ftiigamal 4resiindutahatneittwor k
) rich |nformatlonoaboubnkﬂthnmtoh‘
uses soft threshonéldangdtoeatemoes, namnd he ] )
. . inevitabl y some noise in the
attebmasead mechanism of a soft threshol ding |l ayer i s
model extracts these featur es
i nea@rtin the form of a nonlinear into the the residual bl
to monitaerondheéi bnofrder to re
and the values of the thresholds can be automatically | e
features to remove the reéedun
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may be noticed through the attention(meecs]d’a\nTism, by sof"
® i w T o

threshold painti[ffg tthoe rneabkye etnhheamm czienrgo i ny + IR +

terms of the neural net wor Wheoigsp jtijhjet y dirspt t fe@ap wE @ by steby

nfor mati onofffr ofnortchee sciugtnal . tThhee sthyod i t(ja nmQ s istoifye par ame

hresholding operation oftenUsefqulireedateitvtq nfgeatiurtees sbyp a

t
human experience, andl dd& eraseutithiengRedfu fajcittievrattiponeslpayer to
great deal of expertise. Deelhel esaofnti nghrcsamyleds it hi d Nway
thinking, and instead of nedediongl i Ngart hlimkerab Pt sBewn |
thresholds, deep learning udebkfegreandi fntomgeBeent astsd cpk e
automatically, and the formulia faorsPeffitalt Moddid ¢ diedd ciad ;e ¢
5.
Input vibration Identity shortcut

signal

= 7/

| ;_% | — & & 0 —>

| = dl kW1 CxWxl B A number of [ Label

\—:g;_—:i—? RB

%ﬁr Convld BN BN E\'_

o ReLU ReLU ReLU FC
Cnenvld ('.‘ofwld GAP
(Residual BLock,RB)
Fig 4. Traditional residual networ k.
BN Ix1x1
ReLU (X) Element-wise multiplication

Global

Convld  Sigmoid
pooling @ Soft thresholding

@ Element-wise summation
(,x]x] I=1x1 Ixixi
r _’I

Input vibration
signal

|

mv ‘

| E\ CxWx1 Or\\rxl T
L-“': I 0 N/ nu:nt:er?
-

=
==

= BN

= Convid ReLU ReLU

Convld Convld ReLU

GAP

(Residual BLock,RB)

Fig 5. Resi dual network with added attenti

I n gradient backpropagati on, t he absr°||'l“,4C'?Ad’A%dA“e of tfbe f
mapping X is first subjected to the GAP ﬁJ?peration to obt
ongi mensional vector, which iheathesnthgs ¢ dd@abar ol ite hvead vujed, { b

obtain a scaling parameter, | 888X tRd dhf uwsheasnnehe 0di gtmh

functiitom smwaling to (0.1), thleesmhGtel V&l Y%.x plrheés sietde raast i ve p

threshold value in a reasonal

| P thresholding not all outcomes

whejries the scal img rtmream)eutteprutasn.od&._déihrgeiCFtCi:Onal long short t
| ayer, |imabedployn taje i meanm defr |to achieve

the desired threshold value, I‘asr-1r<§/I th h8rdR\'>”§llugN’i\lswac

of gradlents, exploding grad

a's
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|l ong distances in practical app3l iToaatiind mgd essved lu@p ment , so |

was created. the main body Otl'oLISzINiJ)r?alsii{néltal{ettoesLtSiTan’ por
the key enhancement is the aqqietriaqqochfs tharnede @L?rtiirp@ HHEt%

hidden | ayer -tfeorrm Imaeannmriyneg)f‘ﬂhoepgst raL{qtounr we osnh aytt iumge Df @b d e

Bi LSTMWoi s ndependent LSTMs W'tme-casrloqlhtdaﬁaq’noeudenrﬁ dsel'n and th

forward and inverse order ar&orln&pl’r'tatd%p h@et‘@cfrla§-5|¥|§/.in1'r

case of feature extraction, apnrocbeostsh zflutté)ﬁjﬁatv@&,tora%'d P Wi

with the extracted feature Vet @hes BfeA&SM”fMgSé@Hr&‘ﬁé

as the €ipapreteaton for that 6rhe’tnvt(yosrak

"stepwise" strategy
} AAM{FE'A SE - met hod, witheanningtrate of
S OéAIme§§AEMEA o and 120, respectively, multirg

wher& EPAT A mean itrpeut gate ,for gdedNdmmalgaziad i on
ET BQOOMI AOOBAOAe s p e cA iEv alnd Data normalization is a fund:
mean |toke@r m memanretr m memaimhde t hat ensures the input val ues
feature information,refspteltA i prge wd rocSi d1i MpoPFBrijeS reduci ng
x, &me atnhe model parameters tie tbye elne atrnnee ds odulrrcien da ntdh et ar g e |
iterative prpscesssdeneseemt| Vigghehhiaq g4tzia@nN on capability, and
and addition, respectively. +target domain dat a. | ns ctolhrie:
The slianygdre Bi LSTM is actuahby mdwioz aktSToMs,, waimeh is cal cu
forward processing seql-Jence and(ﬁlopAlEU/EleAMerpri processing
seqguence. After processing, t he outputs of he t wo LSOTMS

stitched together as the outwhuwetiesf t i & e JIBHUSS Tidhae cgne ah' i ® f
obtained featurne hwectiorf oatmat i men sbtea nwearnd tdheevi ati on of

past and the future at the' Sa4meExpteﬁm@anerifi}9’aitioﬁﬁQnd}egegrchf ol l owi ng

E Qxw» x E )
E Ox ¢ xE P 4. 1. Experi ment al setup
E Ox E x E

ThéaCMexperi ments were perfor.i
wh ek &, &mdeenote the moment t,vpLhges of A0)r iWig € lwibs® T Mh o wn i n Ei
the reverse LSTM, and the fiwadkpiuddPdt mPtfertinel fpad uAKles|v e
respecxtiisvetlhye wei ght par amet erq300f0 trdne 1BiWeDTOM mimO siubsed 810 hammame
l earned. After the feature vefcityotres uan ceo atrePdh §cSabvbilttHeeyasd diPa e
two double tangent (tanh) fuRGtad®d st Rd ec hSetndicckaeld parsSo paq tt i
functions to mondio:ohhe current

(DMTG VDLS50A)
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Fig(a) CNC machine (b) data acqui sitiponatsfyosrtrem ( c)

TabChémical properties of workpiece materi al
Car bon Silicon Manganese Nickel Chr omi um Copper
0.42~0 0.17~0. 0.50~0.1¢ . 0.30 . 0.25 . 0.25

We conducted TCM experi ment Batuntdlee damrgeopierr at dmlg si d

condi t iemarch parameter in the @kxwpieousnehor can kBéfebangedmea
in the machining procesoxfdafenthesotloabrig,e.t hlen ctuhtet ienxgp efrad rnmoeen t
the most sensitive, and contaiensi aalwegl amdo fmeiasfuad remda ttihcen
the working conditions, and tshtheo wihy nianmiFci gecuurtet i 81.g Weh atr aack eftr
of t he tool ar e closely |l i heedd steocti ba asy ntamg ctsoodf we &
dynamometer, a single dynamomnweBt3gr. d en saitrs leaxpetrienuadyv a htaa g
overdytrheemomet er in that it i st hien eexnpde mosfi Mea ,f eeaqiy tthe it est &l
does not affect nor mal procesbsiengtooNe f@ised eaack swwbeki ®4 3
dynamometer t o coll ect cuttimegs droementsi graaxlhs t dme | n@gs tsa
machining, as shown in Figurteood, waemd VvVaetfaltiled ifdaa suunhdeenréd

wor kpiece bkinhg omalkhéoat dat at hwei tchataa sa&mpliinntgp t hree <cond
frequency set to 12000 Hz. Wee ngd lhl, e sttéedyhanevear gaNBz©®doOt!
cutting force signals from @®olsr6 stinmul satnedd seaper wmant § VI
generate four experimental deatuad tdetgs,f oDIlc,e B2 ,poms3.,s @A & es

in Table 2. Slight wear
Tab. 2. Experi ment al par amet € ]
Do mse Tool Spind Feed AxiCat %
‘Numb Speedpspdaxn/ Dept h( =
D1 1 2300 0. 4 400 Z
D2 2 2300 0. 5 45 0 -104
D3 3 2400 0. 4 45 0
D4 4 2400 0. 5 50 0 0 1000 2000 3000 4000 5000
- ) Data point
The tool and the workpiece in the experi ment are drv cut
Stable wear
and the wear and tear of the 0 we
the tool of fline under the i3 e
stroke to measure the distang | st
L
| SO3-68837 defines tool wear as -1 he
side of the tool, but in the T . . . 13Ul
0 1000 2000 . 3000 4000 5000
Data point
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Sharp wear

Amplitude
2 3z
1

T T T T T T T T 1
0 1000 2000 . 3000 4000 5000
Data point

Fig Time domain signals under differ ditions.

Fig 8. | ma g ecso nodf$ ttoHoent thiedridgehd |
wedib) aBleggrcha@par

2.4 from the target domain al so
) domain adaptation. I'n our e X

2 Sharp wear ,z" time points for each working

L6 P Z measured cutting force signal

eachlhpbka set to 1024 time ser|
Stable wear

percent of the total data set

‘Wear of first edge
Wein of secoud elge
Wear of thrid edge as the test set .

== == Max wear

as the training set and the

4. 2.1 Selection of cutting f

Length of tool flank wear/mm?

. . . . . . . . e} I n the process of mi Il I ing toc
0 L5 3 45 6 75 9 105 12 135 15 ) . .
Workine stroke/m radial cutting force as the |
i IS
Fig Vee.ar | ength variation of tohnéa tor];réehecﬁ)trtlimr?ggye&goéné)oé]t?rnitﬁ
milling reflects the interaction bet
dumrg t he cutting process. F

4.2 Description of the data ,set .
bet ween radial force and tool

According to the experimentsmorwe applareatedAa@ditioitadalafy, f
di fferent cutting force signakst9opiohll yngatgetstHnadetr hd
wor king conditions, and to tpestaukeder eq faftii vacynoef ol hige tMeet
proposed in this tsitandsafsknge dvfgicshhred| fovecurs along the r
ae tadk2()D1l tfaBk) ,( DtXaB k) ,( DBnd ptragskss. Therefore, the radi

(D4D3), and the fFeftdeantert®Aadsopirrelvei des more informatior
domain dataset and the targetmothqmairn ndat aset, respectivel
when transfer | eoanrl nyi ntgh ei ss opuercfeo rdnoenda, i n

data are | abel addbmancd tke undradbel ed, but dat a
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4.3 Model hyperparameter analysis

Grid search is a commonly used method for hyperpar ameter
tuning. One of its advantages is its simplicity and intui
By exhaustively searching through predefined ranges of

hyperparameter s, grid search can cover al | possi bl e
combinationsparnameher hgpace, avoiding t he

omi ssion of potential optimal combinations. Another advan
of this method is its comprehensiveness, as it explores \
scenari os in the hyperparamet Birg 5@ac®he irnecsluddisngof embdet
values and boundaryve:a$«easr.chThms4I%@Bq?gegﬁld Discussion
understand the impact of di fferent hyperparameter values
. . . 4. At ention ResNet, Bi LSTM
find the best combination of hyperparameters. Additionall

t
h
results of grid search provindeordersetto dfesthypbepefdmenae
a
a

combinations that <clearly dembhsaltt afeesxfipeers i MANt G e We&éE € 0oF OF
hyperparameter on the model sSevepgerlf odtmaerc e modrenliss, orafi el sy
interpretability and i nfor naetsiNent 1 &,0 LgNetde B dSAEVY a auksti
hyperparameter adjustments. MSDA domain adaptation fram

As can be seen from Equati omredictiih®en troasaul tlsososf ftuhnec ttiroe
MSDA contai-oaff twar amader s, anldhea hfei Gslerte ilnly sohfowshet hat the
treodd parameters has atnr ainnspfderfteantf dunpact r aas mihesi on ta
ability of MSDA. We <conduct AdxpEartiim®niR&¢EMet mobal pbyhashe
source dorm&2i msarn he target dofmarlifnoramganeeancoaadalbtzesctpme oho o
initial atftre mptie]s lawed 60 a®@®1] the tool under variable worKki

for domain adaptive experiments, respectively, and dr aw
t hrdéemensi onal pl ot of the accuracy change in the target
domai n, as s hlooWAc c o ndiFnggut e t he three

di mensional pl ot of accuracy, we can see that the test

accuracy of the target domain reaches a maxi mum of 98. 26

whdrrequals (egOallsand 0. 00001, and the accuracy

of the target doem®i ®r if0n0dl @ONE]r. when

According to the accuracy 3D plot we also found that when

val ue soffi bed ahdnged, the correct rate changes

| ess, and whieins tfhiex evda | aubed nogfe d , t he

accuracy rat e changes signi f iFicanitll.y ,Cotrhest hedbscafidpf ftdir

influéovpoetbhte MSDA domain adaption i s fgorueraatresafsdirsh.a n

t hatt. of The reasons are as foll ows: f
performed by the residual ne:

the gradient disappearance pl

t ool wear monitoring is the
mechaandmsoft thresholds, anc
is filtered and weakened, an
features is enhanced by Bi LS
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