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Multistage Manufacturing Process (MMP) that comprises multiple manufacturing stages has been deployed to
fabricate complex products through stage-wise sequential processing. Due to its sequential dependency and
interconnectivity, MMP can induce a shutdown when all machines allocated at a specific stage break down
regardless of Remaining Useful Life (RUL) of residual machines involved in the subsequent stages. Previous
studies have contributed to deriving RUL predictive models for a single machine or process in the preventive
maintenance realm; however, they rarely accommodate multiple machines and multi-stages in their modeling,
considering the dependency and interconnectivity in MMP. This article proposes a method that predicts
stage-level RULs for individual stages based on statistics and reliability approaches and finds optimal
replacement time in terms of economic efficiency. The proposed method comprises: (1) the generation of RUL
predictive models for individual machines using statistical process control, (2) the generation of RUL predictive
models for individual stages using Weibull distribution, and (3) the finding of optimal replacement time for the
individual stages based on an age replacement policy. This article includes a case study to validate the feasibility
of the proposed method using an open dataset. The proposed method enables the prevention of a shutdown in
MMP, wherein unintended breakdowns can occur at the stage-level, through exploring the stage where
degradation becomes the most severe.

Keywords: Multistage Manufacturing Process, Preventive Maintenance, Remaining Useful Life, Replacement
Time, Weibull Distribution, Statistical Process Control
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Figure 1. Structure of MMP

g 9al Az 349 54 shotol Fasin 24 B4 gt
2 ol a7 e,
Z 34 (Multistage Manufacturing Process; MMP)
2 059 DA (stage) 2 TFAHE FHLZAN, ZF Aol & TY
= o Ar7H Al AT <Figure 1> M7 SA=
T 4 g@Ae Vi 71AE 23 MMP 725 UEhd
o AlFE A A DA 9 71A F sl Adska g4l
Y F WA DA F st 7)Ao dEn. ol
02 AU GAE AR M AFol At
MMPY| Q83 EA4& &4 dAlo 9 =& 7|A7 2L
ol w1 gAY A AFE EFE 5 U He Aol
o &, A4 4o YA Hol F& gAY AL 2ol
4™ (Remaining Useful Life; RUL)°] ‘*0}/\1 A5 59l
T & (Gdle) ZEi7E Ao A=
A

E ofN

g, T4 dA=E FA4E 76“] 7]74] &5 A
FHAY 9AV F9E A5 IAY I &
"o} o] A 7HEE 5% S wg HA = JJr
Aste] B A g A A o A7 RS ‘3}.
A MMPAA = 54 BAo &3 e 71AIE «l 1%
7 ¥ & (bottleneck) F/Fo] WA AY 1 GA Y =
a7po] WATFO E Qlate] QYAto] FAHA GET
st o] T 835t
UukA o 7 2| 2] WHH-2 7] & B4 (Corrective Maintenance;
CM)3} o ¥ B2 (Preventive Maintenance; PM) &2 T2 4= §l
THAlawad and Xiang, 2017). 7} & BH & A| 2" (7] A =& F4)
o] 1A UH BTE Foll Ao Hel = B Eef = gAoltt o
BAL2 A 2go] 177] Ao A28l 7] 55 d26] §A31]
sl ot 2dellA #Hefete WAolth 3, ]%
(Predictive maintenance; PAM)2 174 M of] £38}= 4
B AT ol o B o] Az Y 27
W, S B A 28 A H(condition) &
o] T2 th(Carvalho et al., 2019). ol /g% %3 "d‘ﬁ]
A& op7|sh=MMPY B¢ N BART o =
g A9 F o] AAA Hot
i BAGA A28 14 DALS ApA ) WA 5] Y5
A o] v & RUL 01]201 THAydemir and Acar, 2020). Al
2§ RULE AR e 53 &, o] & 7| e. 2 o4 £
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to 2 of rﬂd >

ol rlr e o

r>~l

e & FYshe ot UM AT FHE, MMPY] E4 =
Hatd ¥ 7)A 4F(machine-level)©] obd ©A &
(stage-level)ol A1 &] RUL ¢l Zo] D 83ty 18y 7]E9 B
o BA A= NE 71A Bv 9 Y @A (single-stage) AT
of 2¥& g3 Yot ol o Auyt 2FE A2H
(multi-component system)-> A &) Aol o2 Fo] 317

o] th(Alawad and Xiang, 2017).

FHoll= A Al 2" Y] A3AR FA R E Hete] 1%
oz g 474 #e|(Prognostics and Health Management;
PHM)7} %o] &85 th(Biggio and Kastanis, 2020). PHM - Al
AE ol&ste]l A2EY] BHE EUHHs L o] A
(anomaly detection)$} 1178 A F& 7T (diagnostics)3h= 7] &
= YA AA Y W g 3 HlH o]E &8o] F75
whekA PHM S 8 AH] A|2819 RULS o S3kal # 4 8)
A FAHY NS A5 5 Atk 53], A 25 A 7]k
2 &2l (condition-based maintenance)”} 7}53t o gA] E
FHYOZ T EHS Y T 3le It 27 A
=il A 71AE RUL 3 &A1 RULE ¢ &8t o
RULE o]&3te] ol Al oA E4 &7 9] o BA
s &jofof s=2] ARt WS AdAT FAH SR
Ao A 85 93t & B & =55t 0] S &
o] &3k 747(1];‘4 BHAA 7 A Aes YR
| #eshe AR S 2 ol Al & MMP 54
= 7ekste] PHMS MMPE] frA#e o o 28317] 93
o} A WL 37 2El(step) 2 FAHET 2H 194 =
74]51 A B E o] 8319 Type I (4 ¢&)F Type O
)oll thgk 78 71419 RUL o5 2d& ”‘g"qa‘:}
71AE RUL 95 R & 710 2 Weibull &
B9 7IAER TAEE BAE RUL 01]%
ghot. 28] 39 A = Weibull #2 7]5F 1 24

of 7} 9A Y HF WA Abe EET A
of, MMPI A 718 43} 450 & T
A A Z3F 1FOE Qe HA
7} E= B8 2 29T

TS e 2 Xﬂﬂ“’ﬂﬁ T RUL 9= #d
5 A 29 d S AAS A3l A
W Ayt A4 e A A8 At
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A A2 FA e GA £33 3o
o, Alsgel A deg et
2. 7|8 AT
2.1 RUL d|&AF
A 225 2] PHM-L A 28] 0] Aanomaly)& 748}, RU

T8 IS S 3 A Jjﬂ:q #2355 °1-Ert
2 23" o714, RUL 9122 PHMAIA F332
g B A= 71 ERUL 95 W89 A5 123
RUL 9= WS dolg 7|4kdata-driven),
(model-driven) 1] 3L 3}0] B.2] = ¥'H (hybrid methods) &2 1}
E g UTHWang et al., 2020; Khelif ez al.,, 2017; Wu et al., 2021).

2y

] ol 7]u W& 71 Al | A 3@ &4 ©] H(historical) Hl €]
EEZ5EH 3 2d S A e Aot RS Ao FEF

Al A (statistical) W 3 M A 21 (machine learning)H o] &4
Hh(Kheliferal,2017). 378 o] 8 Hlo|H & 7|4 &) EUE
(monitoring) B ] E} &} o] ¥l E(event) Hl o] Z Y& & 91t} 7]
A e BUE slolElE A F, Ash 2 5 AlA HolH E,
oJHlE Hlo|H & 1%, uA 5 «] A W8 B AT EE o]
gtk wlo] B 7|9 RUL ¢ &2 3 9 tlo] B9 &Fol Bl A A
2] (preprocessing) A o] & o] Fo| A5 E RUL o5 AF =7
oAl = A 7Y 18y, S8 o HlolE 7t 2 235t
1, & o] E(labeled) Bl ] B} 7} Y& 73§ 4] o] o} 51, 2l o] 9]
+(in-depth understanding) & & Z P o] ALE-5 2| F= @A o] 9}
THWu et al., 2021).

Mosallam et al.(2016)2 Bayesian filterS AF-83}] CMAPSS
(Commercial Modular Aero-Propulsion System Simulation) B} B
jﬂ(turbofan) AN 723} 2] F o] &(lithium-ion) W E] 2] o] T3 RUL

S =gt} A7 E, Aydemir and Acar(2020)2 LSTM
(Long Short-Term Memory)3} RF(Random Forests)<, Khelif et
al.(2014, 2017) SVR(Support Vector Regression) 2} “ 3 39
(linear regression)& ©]-83}o] CMAPSS E{EH 712 RUL
=& FH3ATE Ren et al(2018) deep autoencoderS}
DNN(Deep Neural Network)E ©]-83}3L, Guo e al.(2017)&
RNN(Recurrent Neural Network)E %314 H] o] & (bearing)]
RULE 9385t

2 7 S o & 7 & 288t 7)A E3 9 1%
o tigt £ 7]%k(physical based) &S == Ao|t}. 4
AYolg A& HiEo g =g Bd F4o] 7hE3h,
B35 A28l A Bd FA o] o Yt Wang er al., 2020).
T3 A 2E FEHF YT G228 FAE e A5l s
o9 Aol of 2 5-0] A Th(Lei et al., 2016).

Hu et al. (2018) o Wiener processS &-8-sho] wo} & o] A A
7t RUL A28 A8tk Kong et al.(2021)2 arithmetic
average fllterQ} Bayesian information criterions &83t] A
%7 (random shocks) .2 FA == d3g} A 2H 9 RULS 9

2 A A7 e 5 8 109

34T Peng et al(2019)2 Rao-Blackwellized particle filter
o] &-3lad &3} to]E] 9 switching state-space RULE oS

SFATh. Lei et al.(2016)2 particle filtering algorithm & 83}
S T F Wo|F Y RULS 533 Th Wang er
al.(2015) Monte Carlo A% & 3Fuh<l particle filter 22 -&
ol &3t 7k vEEE o F3k At

slo] B & WL to]E 7| WY JJr
A Ao|thWu et al., 2021). &, T ¥
A A48 Agtsls wrao|t) qu:e_q
HolHE Ny o2 RUL 9 ZlS AT &,
718k dae]Eol A &she 24 ot sto] By
S HYRUL 95 B2 & AT AET 52
& ok Wk o] A7 u]go] go] AR
A& 9 $A HA o] B,

Wang et al.(2020)-2 o] 8 9] T2 (monotonicity)= A4k
S} t-test and exponential degradation 23 &3} RUL<
o =38t} Choueiri et al. (2020) modified transition system
3} multiple linear regression E@-& o] &3te] AZ AJ2H 9]
RUL< ¢ &3ttt Sun et al.(2018) Wiener process 9} BPNN
(Back Propagation Neural Network)S &3} A2y
RUL &€, Xue et al.(2020)-2 adaptive unscented kalman filter
¢ SVRE &5l 2l F o2 wiEl g ¢ RULS o553t
Wu IY et al(2021)= CMAPSS Bl HA 7] RUL 9Zo]
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CNN(Convolutional Neural Network), SVR, LSTM 5 & &3}
o] B-F(classification)$} 3] 7 (regression)E Ags ATE &

Ao
7|ERUL 95 A7E2 53 5 A S A& 5 9
28

ok AR, H 2ol WAl 2E # | 21 (deep learing) 71WH &
g A7 7FREA Uk ol REA] dAoR

RUL ¢ 39 A8 S FgA711 Yot 28, B2 &<
olH & Z Q& 31, B (overfitting) TA 7} LA S oA 7}
Atk A, CMAPSS E| B3l A7, A= Bl wojd, g F o]
< e g 53 2o 3E FZ dolHE ol F&3 . of
HolH S 247|719 o]g Hlo]H7} #3511 52 5 o] RUL
& Aol Ao Aok AR, B2 AT EL BY VA Ee
dd FAS R STt ol HolH R o€y, B
9 QA ol ThoFet 34 WE aEalof 3, gl AlAE R
T oS 2d o 57t 9o 7] <l A o2 ot

o%
ol

¢

oZi

2259 24 29

o RANA A28 75 FA8H] 9 W2 e
(repair), 7 (overhaul), JJ_Xﬂ(replacement) F Ao 8 1A
29 (age replacement model)> 174 A H]-&-o] o A H|
SRt A1 1E0| Nzt whet F7kske Aol FE A
£¥t} Barlow and Hunter(1960)= o BA o) 744 dg] 2
ol nA & F <l Policy 1ol e 41 wA 4
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G Cy G
Preventive Failure Preventive
I; rep it repl
| 1 |
I T @ T
0 to |‘—’|t0 Time ¢

Figure 2. Policy I Age Replacement Model

3 (age replacement policy)= Al QH3F AT, Policy I ol A& 1A
%7 (replacement age) t, 2 -0 Al WA 7} o] Foj 7T}, T
o ¢, o] Mol A28l 1ol WA T AlF ol A A]2E] o]
WA H T <Figure 2> Policy I A& Uetith A28 o
A AZEE 17 AgEo] 7 W, i) ¢, o] Ao 17o] A sk
WA= AF9 i) ¢, ol 5ol AlE nA = A2 FEE
o, 4 (D2 e 5 Aok 4 ()€ &3l 719 A E() =
A Q= 7IH 1§ Ble)e 4 3) o= Uehd = 3l Flt) =
7HE U N2 Y 1 FE TS vt

ty
/ tf®)dt, T<t, t,» Pr(7=0),T=1¢ (1)
0

Hty)= / (t)dt+1, » Pr(7=0) @)
- /:“u—m»dt
Ho)= Cp +(Of Cp)F(tO) 3)

Joleh & W, r(t)=1- F(t) oItk 2
A% < ()€ f(t)=d/dtF(t) oItk ¢ 1% EA
7 9] oW WA )& (the total cost of a preventive replacement)
o, Oy 1% A F9 wA H] (the total cost of a failure
A &= :‘E"?}O}Ei %_”%‘Pﬂ&i Cf> c, 47:]]2 FAR

= EA Nl AN 2" Y wA 7t e A e Hﬂdx]

g w37) ARAE AAH NS el sop Bk A 2
AT AR BHAAE 4 3)9] 7] ¥l 82 AR A

34 e 4l o] 7|t vl &-& & B} o] FoAA = 7]
o AZOE Uir T, & T A7HE 71 Bl -&-E (expected
cost rate per unit time) & T ©] &-3FCHRoss, 1980; Lee, 2013).
2 )9 2ol, &8 A 71 HIEE Ct,) 2 4 (3)€ 4
Q)2 YroAM 22T F Atk 4 e AN2des A Z2eE
WA G T (as good as new) 7S wf A HE] oA 2
T E8Et A2g A WA AT & 2] QA A (4)
E ¢, 0 tisl mlEske] 002 oW 4 (5)Z Yehd 4§ 9l
(Jin and Yamamoto, 2017). & (5)& AEl3tH 4 ()22 &
¥ th(Jin and Yamamoto, 2017).

C,+(¢

~G)Ak) "
(1—F(t,))+ / tf(t)dt

Cty)=

Dong-hee Lee -

Seung-Jun Shin

_ Cp(l — Hty))+ C/F(to)

/ Ot"(lfF(t))dt

A (6)A tyoll tHE LBE hlt) = ity = f
-, A (6ol A et o g HA wA A
=ol7] = oJHTh ¢ * 9 EE& 9% g
1.3 &9 (Newton-Raphson method) S F2 &
L, 2018). t,*7F E2 5 L h(to )7} A< 57kt
HAztd &9 AR 7Ig BIEE o)) = A (7)
Hﬂr(Zhao etal,2017).
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2ol Al WL 37] 2Hl(step) 22 FAH
o AT A o= dAA o BAo] s ook st
AE 27) el e 2t dA o 288 E 7]1AE9 RUL 4
Zo| Agjjojof gt} 1, 7t 4AE RUL 9 5& S+
oA eto 2 AAE BHAA 7 dAY HH wAH S
TEFoaN HA o} B AFE YT 4 9l
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Step 1
Prediction of RUL at the machine level

1. Type | Alarm detection model

2. Type |l Alarm prediction model

3. RUL prediction of individual machines

$

Step 2
Prediction of RUL at the stage level

1. Weibull distribution Fitting
2. Mean time to failure analysis

A 4

Step 3
Finding of the optimal replacement time

1. Age replacement model

2. Sensitivity analysis with C//C, ratio

Figure 3. Procedure of the Proposed Method

3.1 7] A $~%(machine-level) RUL ¢]|&

z ‘%74]01] &3 A 7Al= 27] 1ol A~ 1
ol A% 93tE Yyeiga
Me 0431 AN ES 53l
AA Yol = A
7§’5‘}_T’_ 714 3 Elo]HE o] &3
dstE BUH P I 71 A AEF dARE
ool Al ko] AEHH, A7t A &x o 14
o] WA AT, 28 10149 RULL 0] 4 uLZ] E
228 (break down) €& Abol o] A3} AT
22§19 RUL o5& o] 1A dgto] WAy g
1A do] AN w7} A o] AT A 7HE o ]%3}-% Jolt},
<Figure 4> 7|4 %< RUL /M'd < UERA
& MRS AR S YTt o
H Aol Astet ol /\Hi ARE A
3}?3 Type 1 @A &F)o] LA %‘%‘_}31
5A4 &4 e (Statistical Process Control; SPC)E 1}
go _E‘_ *Lﬁl} 2 513t gho] ATk Type | € T T Fs
© A&Ho 7|A 1A o] Bz 71A 1o HASH
Type [[ deha 78

Zh(threshold) &

mlo
O

o=
sg

mlo oﬁ

o

P
=

rlr o

Degradation model

Gradual performance deterioration

RUL

Norial Occurrence of Continuous degradation

per of per
|—state | degradation

breakdown|

Time

Occurrence of Machine
Alarm Type || replacement
(Breakdown)

Machine Occurrence of
start Alarm Type |
(Anomaly detection)

Figure 4. Degradation Model and RUL at Machine-levels

sttt A A dolE & 714 FHE Yetl = A o] 1)
oJHZA, 71 A 7}s A A5E 1A (run-to-failure) ‘& @744 2
FHE UJErAT mhebA 2 A A S Type T € AA
& Xtk A4 34 dolE e 7hs 9 Z1AdAA 1
AA dlolE| 2 A, 71419 A A E Uebdth @4 374 H)
olE & OV] 178 Aol ‘34_01‘41] gokoms, Type oo
o%"ﬂ"i% o] F 7}A] H¢]
% ]- A 39 }\EJSLE A9 28 113 128

ol et &gtk 28 1.194 = SPCE 285t
of Type [ €8 AHS ZFeth 28 12014 Type 1 €%
ANAZ Type I ¢F AR #AE E48 oS RES A
Atk 28 1394 = dA 7hesd FA A Type 1 €%

o] TN & w, 28] 129 F o tiYste] AA FA
o Type I & AHES 4A Ht,

(1) Type 1 ¢& A 29

Type [ &% B4 29L& SPC #E| & o] 29 7]t} &

SE 349 o]} A ol 2o, HA FA HoHE
FH dga sas AAsA doh PCOM o] 2ol
Shewhart 8] 5= 2 34 HES A= AFEEY. 18
Ur Shewhart ¥ =& AlA dlolB 278 wAlstL 212

A5 d3tE At gAsked A Aok g o g,
238 #e] T (Cumulative sum; CUSUM)S} 2| 7}50] 5
7+ &) =(Exponentially Weighted Moving Average; EWNMA)E
283 =k B AT HEEWMA B EE Type [ €7
AFE Zed 2890 1 ol fE EWMA #E =7 AL
HolE A o]d HolE Rt A HolEd t & 7tsA&
Fofste] HZ HolE Y Rd s AT 5 7] W&
ot} et RIZHF o oJste] YAGE 27317 471 Wl
AAE v gebv] e (parameter) S & A A 3lojof 3T} 2, 2 B
A== A A d(i=1,2, -, DA EWMAE E& o] 4 tlo]H
o) 7k HatolH, 4 (8 )JJr 2ol Yehdith,

z; =, +(1=N)z;_, (8

~

A7 ze ANA A 71A FEY AA Eﬂ"]ﬂ T
i—1 Ao A e EWMACITh A& 03 1AH] 9 3 xLL S
& 447 (smoothing parameter) 0T}, 2z, & 2,7} z,_, = WA3
kil

2] 9)8 24},

{0

z; =ha; +N1—=N)x;_, +(1—N)%,_, )
z .o k= 1,2,.5 & A% Y8t A (1034 2o
i—1
=AY (1=, +(1=N)z, (10)
k=0
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i A& oA #e] A3 (Upper Control Limit; UCL)¥ #2] 3}
3H(Lower Control Limit; LCL)& ZH2H 2] (11)3%} (12)¢F 2t}

of

UCLi:u-i-ka\/%[l—(l—)\)?"] (11)

LCLi:,u—k:U\/ [1—(1—-N%] (12)

AP

A7|N pE B, ov ETHAE YERAT ke 3%t &
2] g el ol A 9] ¢ 4 3 4 o](Average Run Length; ARL)E 2%
St A& BA st A} sk T Wigte] A7) & AR AT ke B
T 200 A1 4 Abol o] Zhe AHEtH R3S AFEITE AT 0< A
< 1o AT = 9lom IubA 02 (05 < A\ <0.25 H S ol A]
ol M EATh A\ AR A e &8 TAMUS T
oH uA g s BRI 8 o= 0,055 0 2R A S ARES}

R JEH 191 7= Shewhart X 22| T SU3 AT} 9}
on, Folzl A g 34 RUH Y

25 ghe) 248 Bote] 4% 12 Borhe Ao

>
L P

3 o B
ol !
o
23
poc)
rlo
EEZ

o R
b rlo

i 4o T of

o b
o o

Au) o] "A A A
H] /el (health indicator;
%%O] 7}1555 E}‘ﬂ Ek(unlvarlate)

=

o}
\
e
o
H -
o
fr
g
0&&

(multlvarlate) EW MA::_T %’ 3tAY
thao] AA = —a}urq AEE FYote] dHF EWMAS &
FEWMAE 74 o] 4o AA = A
BHE A=A &AT o e 4ol
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Ay sEA ok BEk ofu ek g o] 3 (wafer) 3 & i E =
MMP 718 4 & 71& B3 o|7& Qe dole g747F A%
LRI

E}E}/H AT A= CMAPSS HolE A& A3t
o Hlolg A& T RUL AFolA 714 gl AeH e &
7H dlolH F sputoltt. o] tloJE 9 A& 27| 7t 5H 1L

LA FEAT gle 44 A8 FHE 75 Qo
J‘&, g MM E AZEHA 7 2 F7](cycle)rte AlA]
dlol8 ot gl RUL ol F0] 7Hsstth. o] & Q& A7 24 9
RUL ¥t ofy e} thefs RUL &8 A7l @o] 851 3
CHLei et al., 2018).

CMAPSS o] Bl = 1] NASASI A /jale] A g3l H
B Az AA dlolEoltt. 7 Hlo]H M Ex 8z, H2E,
RUL dlo]E| 2 Vb= FDO01FE FD004717] 474 A EZ 7
AET 7 N E Z3Hd HolE = HEH AR F8 FF
Q1 HA(fan), A =71 (Low Pressure Compressor; LPC), IS
9t=7](How Pressure Compressor; HPC), <%t EHl(Low
Pressure Turbine; LPT), 28} E] Wl (High Pressure Turbine; HPT)
S WO E AAGE 71585 <Table 1> 7 <7< 7
S 20709 AlA £4 & YERIT <Table 2> A A5
9l3ke] CMAPSS ol & A 74 F A& UEFATE CMAPSS
o] 'Train FDOOI' HoJE HEE A ¥4 ElolH, Train
FD003' HlolE] AES @A 374 HeolHEZ A4t
Aydemir and Acar(2020)91 M = 7] A1 9] o] 7+A] 9} RUL o=
o] Abg A2 FDO013 FD003< ¥l #4439 T} FDOO1 3}
FD003-> 7} 100712 Az} 21702 WA HolH MERZ 74

i

EolA vl A7} &olatrld B AFoME Z& HolH
MNEE o] &34 th 047]/\-] ZF A &XE 2 DA R A s
o & 2170 AlA &A40] 217 GAZ AAE = Aot 10078

S EHER A2 10070 71 A 2 74 ot

200 A T EAT Fe 7 94 |, 5, 10, 16, 18,
19(T2, P2, epr, farB, Nf dmd, PCNfR_dmd)E A28} AA]
ZHe] A BA e AN @A 6(P15)% AYstA o
G2 14719 BA F AR dE AR A A5 E45tE & g
dohy HEEE B 4,7, 8, 12, 15(T50, P30, Nf, phi, BPR)E

Dong-hee Lee -

Seung-Jun Shin

AL (<Tale 209 Use’ ). 571 BATE B o
©MMPY £4H B4 £AE ERHOR ML B4R

éﬂr% el 7] fal v 22 SAGA olst) 452k T
o] 57} o} BN AL A48 WA 93l

Table 1. Sensor Attributes in CMAPSS Dataset
No/| Symbol Description Unit | Use
1 T2 Total temperature at fan inlet °R

2 T24 Total temperature at LPC outlet | °R

3 T30 Total temperature at HPC outlet | °R

4 T50 Total temperature at LPT outlet | °R @)
5 P2 Pressure at fan inlet psia

6 P15 Total pressure in bypass-duct psia

7 P30 Total pressure at HPC outlet psia | O
8 Nf Physical fan speed pm | O
9 Ne Physical core speed rpm

10 epr Engine pressure ratio

11 Ps30 Static pressure at HPC outlet psia

12 phi Ratio of fuel flow to Ps30  |pps/psi| O
13 NRf Corrected fan speed rpm

14 NRc Corrected core speed rpm

15 BPR Bypass ratio @)
16 farB Burner fuel-air ratio

17| htBleed Bleed Enthalpy

18| Nf dmd Demanded fan speed rpm
19|PCNfR_dmd| Demanded corrected fan speed | rpm

20 W3l HPT coolant bleed Ibm/s

21 W32 LPT coolant bleed lbm/s

Table 2. Reconfiguration of CMAPSS for Our Case Study

CMAPSS MMP
Train FDO0O1 Past data
Train FD003 Current data

21 sensors 21 stages

100 turbofan engines 100 machines

—————— R

oM

——— e —— S

g

s e s et s 0

»

[ ——

g

e

o

5 Stages, 10 Machines
Figure 7. Structure of MMP in the Case Study
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Table 3. Results of Linear Regression Analysis

Estimate | Std. Error T P>1tl
Intercept 31.468 8.987 3.501 0.001
Alarm Type I 1.099 0.059 18.616 0.000
& g0t
<Figure 8(b)>o A Type I ¥ AH2> HFOZ LCLE Y

ol Ate]Z 17001 Type I &3 A2 1A A QA Ate] &
1800t} o] gk & W o2 500 7] A2 Type I 2 Type I
SHAHES 20T o] FAHS 7IWOR o] mHl S
At o5 md e A 37 wHs F86k5 on, <Table
3>& 0LS 37 A FHA & Yepdt,

<Figure 9(a)><= 50Th 71 A1¢] Type I &5 Al A Typ
dF A AHEE YEhlH, <Figure 9(b)>+
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woln, Q-QEoA A7} thZA ZAH o BB R Al
At ol Yehd& & 4 Tt Durbin-Watson §A| &2 1.527
E 20 7W7kS] Aol At gd 4 9ldit 39 B
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Figure 9. Linear Regression Analysis
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Table 4. Prediction Result of Alarm Type I, Alarm Type II, and RUL (cycles)

Machine Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
No. Al A2 R Al A2 R Al A2 R Al A2 R Al A2 R
1 210 262 52 164 | 212 48 225 | 279 54 221 | 274 53 397 | 468 71
2 120 163 43 147 | 193 46 277 | 336 59 321 | 384 63 231 | 285 54
3 153 200 | 47 330 | 394 64 171 | 219 48 130 | 174 44 101 142 41
4 85 125 40 367 | 435 68 227 | 281 54 140 | 185 45 120 | 163 43
5 42 78 36 117 160 43 141 186 45 134 179 45 87 127 40
6 178 227 49 73 112 39 133 178 45 137 182 45 146 192 46
7 114 157 43 163 | 211 48 113 156 43 149 195 46 121 164 43
8 167 215 48 149 | 195 46 119 | 162 43 75 | 114 39 97 | 138 41
9 203 255 52 171 | 219 48 86 | 126 40 219 | 272 53 158 | 205 47
10 84 124 | 40 244 1 300 56 221 | 274 53 191 | 241 50 99 | 140 41
37 A& Tt A HolHE 7|HOR 3= 5 B f(® F(t)
93 sttt @4 s % 34 oA EWMA B =5 . e
Agste] Type [ &#o] TAYE o o o] i3t - N
72 7149 Type IT & AHE A 23T} <Table 4> o] 25 . ;
@A 274 Type [(AL), Type I (A2) & A1 3 5 AK - o2
9] 291 RUL (R)& YFERATE O e @ W "°o w0 @ %
» h(t) R(t)
43 GA $+FRUL 6= 006 08
<Table 4>} 2 78 7171€] Type T & A H S i o2, "
7t A o RULS o 23T} Weibull 38 £¥2 53 2t 07 9] B
AL AT R 4E MLER FA 3T MMP= 24 F9 7] 0003 I 100 200 300
AS FEeA ET 7MY B2 MTTFE 53 34 9 Figure 10. f(¢), F(t), h(t), R(t) at Stage 1
71t & Fe}. <Table 5> ZF ©A| &) 374 E.4(shape pa-
rameter), 3|EE—’F(§cale parameter) 2 MTTF& L}E}kﬂ_ E} . 4 A TN 5
BE B 4Rt 1B 288, 14E JHe
IFRE Uetsth ol @A o &3 =E 7|A7F 70] YA 28] 2004 343 ZF BA 9] Weibull £ 25 0] &3}
U7 Aol ot BA 02 A st ko] fE3ltes AL C,% CF AU HA wA ANA 1+ & Feth 7wt
Wxdt FuE FHEF7H 1 ZARHE AT Bl 34 2 g9 23" 7ASL A% 987} ALHY 1geg
Atk EF IR FUYOR 4 (NS AT 5 Utk <Figwe 4 o] 4 2 BAo] HE AA AAS DA Aol A
10> A 1o ha f(¢), F(t).h(2), R(t) EEE E‘r\ﬂ__lﬂr. o2 44 FsT 9 o@el w1+ 2eiA 7] §E
ofsh 2L PO E e FASE Weibull & 2EE 28 g C,/c, vl g hE WZE BAS B 13 ABol ok
sl EHHA. AR E A S AASA Bk <Table 6> €/, M &S
25 30744 a3 RIZEE A Aot
Table 5. Estimated Parameters and MTTF at Each Stage Cf/q) =59 o, & 19 Ao 2 1050 4 7} w2 m A7}
Shape parameter | Scale parameter 87, o] @A 10] Aol 7 s GA Y& o w3t
Stage No, MTTF(cycles) -
(® (@ ol okt 0.2 AT | SO BE, ¢/ = 5
1 3.592 201.111 181.201 W ZAGA 1 ->5-040352402 WA 7FE L3} 3k
2 2.673 274.288 243.837 Cf/C' =10 ¥ u, 7} A 5o] &3 GA= @A 59 Ao E
3 3.717 243.973 220.230 782 VERITh 24 4551 >4 —>2 >3 o] 2o] At}
4 3.203 245.428 219.829 olst 2ol 0% oyl wek A2 @A A 2 1A £47 22
5 2173 229.753 203.470 Arg w7 Bao] 2ukg I 97} 9ok
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Table 6. Optimal Replacement Time and Expected Cost Rate Per Unit Time (¢,*: cycles)

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
VG | | e | awn ) | o | o | ot | cwo)
2 156.06 0.09 233.28 0.07 188.43 0.08 195.06 0.08 227.46 0.09
3 127.92 0.11 177.23 0.09 155.53 0.09 155.79 0.10 160.14 0.12
4 114.07 0.12 151.50 0.11 139.23 0.10 136.89 0.11 131.51 0.15
5 105.15 0.13 135.72 0.12 128.78 0.11 124 .91 0.12 114.57 0.17
6 98.77 0.14 124.70 0.13 121.18 0.11 116.45 0.13 103.08 0.18
7 93.89 0.15 116.32 0.14 115.33 0.12 109.91 0.13 94.54 0.20
8 89.91 0.16 109.74 0.15 110.65 0.12 104.69 0.14 87.94 0.21
9 86.60 0.16 104.32 0.15 106.70 0.13 100.42 0.15 82.64 0.23
10 83.77 0.17 99.80 0.16 103.34 0.13 96.74 0.15 78.23 0.24
20 67.99 0.20 75.30 0.21 84.48 0.16 76.52 0.19 55.24 0.34
30 60.46 0.23 64.29 0.25 75.41 0.18 67.04 0.22 45.40 0.41
e, # 2621, AR RF 2379362 A=Th 7|E WL o] F B
' £ 2839 ¢/c, & BAE T T o) E EF
03 | E&E}.
<Table 7>& Aok Wy (A) 2 71& ¥ (B)S) A wA A
c(ty) o2 | A9 AZE h(ty*)E W 2ok A e 7 A
o] ofgt @AZ}F 71%0l HER ¢/ C, Hl&0] 27H 777}74—5—
01 | (105.15, 0.13) TA 19 tyxolm vl &o] 85-H 307HA & A 59 ¢,*7F &8
Hr}

0 100

Figure 11. Optimal Replacement Time and Optimal Expected

300

Cost Rate Per Unit Time (¢,*: cycles)

<Figure 11> €,/ C,

AL g* ek Clt*) &

AAAR EHo] ARG e AL v gt

4.5 7|1& Hzke) vl #4

2 AT At B 7129 S vl BAGT V)&
T2 MMP 728 13314 5070e] Z1AIE shte] &
Az ZFste] 243 Aol &, 4 @A vt} ¢ 5
sk Zlo] ofy et 4 ¢+ & &3k Aotk 7| E WS ©
d t,* 8 7IF2E MMP AA 71A S0l wA HARE Ak
A Aol 71 ot 9AlE ZobA AAA A S AAE
£ zo]Ho] Ytk &Y ¢ *E <Table 4>2] 507] Type O L%
ANH O ZRE Weibull EEXZ FH3to] 2E@0. ofuf, 4

= 6}7]' 71@‘[‘*1
w3 7)) B &o] 271344 Hoj

400

=5,10, 209 7359 7H 5ol o
Bzt ¢/c, ugo] AASE
t*7F A Colt*) & S ke A4S 2t BE g
oA Y3 A7 vyt o
£ A A ofdte oumdit}) =

24 1A

A PR BE ¢/ ¢, HEAA 1,7h MEA Lehgto.
B (1) S A BAET 712 B3 o s, Aok g
e 7H Aol o BAloIA WA o] HAEAL 4
o] Boi7 W% Waol b AS Al B 5 Atk
Aol 9ok, 2#, 2 B mhoh A el & S opshmz
A WEgo] WAT 5 Tk BAHE = B

ol o

Table 7. Comparison of ¢,* and h(t,*) between the Proposed
and Traditional Methods (¢,*:cycles)

c/c Stage level (A) All-stage (B) [(B) - (A)/(A)
g R(ty*) to* R(t,*) | comparison (%)
2 156.06 | 0.00926 | 204.38 | 0.01862 101.21%

3 127.92 | 0.00553 | 154.41 | 0.00900 62.88%

4 114.07 | 0.00411 | 131.53 | 0.00594 44.65%

5 105.15 ] 0.00333 | 117.56 | 0.00444 33.53%

6 98.77 | 0.00283 | 107.79 | 0.00355 25.42%

7 93.89 | 0.00248 | 100.45 | 0.00295 19.13%

8 87.94 | 0.00307 94.60 | 0.00334 8.94%

9 82.64 | 0.00285 89.90 | 0.00315 10.38%

10 78.23 | 0.00267 85.90 | 0.00298 11.60%
20 55.24 | 0.00178 64.45 | 0.00213 19.83%

30 45.40 | 0.00141 54.82 | 0.00176 24.75%
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