Km Check for updates

Journal of the Korean Institute of Industrial Engineers https://doi.org/10.7232/JKIIE.2026.52.5.470
Vol. 52, No. 5, pp. 470-480, October 2026. © 2026 KIIE
ISSN 1225-0988 | EISSN 2234-6457

4 F0AA A1 S 98 AR 5] 2
4% kst hel w] §7] 0k )42 B

_]_ ii‘

ch

FEIB

rg

A

off

MECELE!

Gas Turbine Decay Prediction for Condition-Based Maintenance
of Naval Propulsion Systems: An Extrapolative Generalization
Assessment and a Cost-based Decision Perspective

Chang-Ho Son
Department of Artificial Intelligence and Systems Science, Korea Army Academy at Yeongcheon

As naval maintenance shifts to condition-based maintenance (CBM), estimating gas-turbine degradation from
sensor data is essential. Using the public CODLAG frigate dataset, this study moves beyond model comparison
and contributes along three axes. First, because the data is a deterministic full-factorial simulator grid,
conventional random cross-validation overstates accuracy: six nonlinear models score R2>(.97, yet all models
degrade sharply under extrapolation to unseen operating points or decay levels; repeated runs over five seeds
show a multilayer perceptron (MLP) robustly retains a positive R*> only under decay-level extrapolation
(0.94+0.03 for the compressor decay coefficient), while under operating-point extrapolation even its R? is
unstable across seeds (mean -0.08+0.51)—and rankings reshuffle. Second, we link prediction to decisions
through cost-based model selection, sensor-portfolio optimization, conformal prediction intervals, and
inspection-policy optimization; a policy designed under optimistic (interpolation) error costs about 46.6% more
under realistic error. Third, beyond Gaussian noise we assess structural noise, showing MLP is fragile to outliers
and missingness while random forests are robust. Significance is confirmed by Friedman and Nemenyi tests. The
study recalibrates achievable CBM performance and offers decision-oriented guidance.

Keywords: Condition-Based Maintenance, Naval Propulsion System, Extrapolative Generalization, Cost-based
Decision, Conformal Prediction
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ZIAA S 233, avtstel wEt gH) HE2 FIIAA F A, —E‘ﬁoﬂ 7]HPo}O4 JJELGP /\12401] s AuTks 59
BF7IHEe) A e AR s, 82 AR = = A7) ) (Condition-Based Maintenance, CBM) % 0] 2
< T AEFHEA o A AFA A AR AR A B3 A3 CBMHE A A 08 2705 o, &
H](corrective maintenance)= 13 WA & 222 Qg 7y @] £ ZWEA T} A7 5] 328 CBM+ 9L A &5k
A HE, A& A ¥ (preventive maintenance)= = FHo| & 2 ThJeong, 2021; Son and Kim, 2021).
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4 FAAA A7 9N E QB A2E A A3t 2 an

A FAAA = CBM A& 237t 2 4 AA ot ¢
48 7FEERI2 S AA Fh ol wWE bS] 2 (fouling)
IR G5t FO2 o] MR AstE, 3t
AL s M= Eal 4ol Basht ol= 271t 18 &
W3t w0 g2 TRt webr 28 F A s A
A ElolE 2 5E =], BNl 4t ¢Ee F4T 5 Ao
3, Bl F71E AE 7R HAgsta Ana8E

?7} Ak%o}h CODLAG tﬂ 1E1 = —“fh}ﬁh«l Algﬂﬂ 1€l
715k HlolH & &8t GshiTE 4 8] (full-factorial)
AR 2o ZHEA 0 Z YQHT o] 2|3t Hlo]E o F-
219 WA S-S A48, Ao AP FE el AY &
U3tk 827, AF sl Sy BEo] EASIEE B
2 guksbr} ohy gl 2 e Azl 919] Ulik(interpolation) S
FY3tA Het 1 A B 52 AATE A &4
ksl Ai5o] oyl Ay A o] AEY ik 4, A
A% AAIY Aot} Fu] dAA 2v] 9= A& RMSE
AA 7} ofe, S0 2 RE EEHE M o AA 1]
&, A, AF A E o= ooz Ao HE, T
o9 BN S TS A o) oS A YT vt
SR ol AT A AAA Ao B 4 jith
HAF=o] FHAS AHOR T2 AFHRES B o
T Al Foll tigaste Al kA FA dEoE QokHTh
(RQI=Q1, H7} E}34) Hall & T2 w5 AlEd ol
E] Az} dlojElol A d3} dF H5g ol A= 78t
o, v #Z 8, Gl 3
oL A DA =71 (RQ 2, S - 44@7& AA) o=
Hl -, AlAM A, ol S B84, AL - e AR e A
A AR AAstd 01 o7t EEHE R AR R
(Q2) RMSE H# 233} 7|t) Aulu]-§ HH B3 dA|at=
71 (Q3) A= - A G Abole] T E A A4 F23

¢

& FUWh Q) FAAF FUL S MAGEE U
£712.(Q6) 1% BEHAHS W A, AH) AH A 3o
Mgl offl 3 Tl

A, B7F B é% SR
Kok

(RQ3-Q5, A& o S8 ol 72
2 (S ZE, A, oAl el mYe drh 47
@7 2 A gl thgahs BA BT B4 ABL 4% AT
o fokai,

B A9 7Y e v 2ok AACHEEF %io“é), %

A8l AlEdold ool F29 WAty

WAt Ao rtE 43@}013— +&4

ing-condition-out) ¥} &3} e]4tolghe AL A dntksl 22
& Ak, FY HolHE A 71 WX nka AT

(Coraddu et al., 2016; Cipollini ef al., 2018a)7} TFHFEA] ¢4-2
7t g8 £AE A7 S A (o AHEA 04741) &<
%7]13]- /\-]Eﬂ /H]k] 4E£ﬂo 5]}4;]. E /ku-l 7]u]- ]
7 A, ekt XWI HI&ES HA8ksh= AE)7INE A4 4
Hl A3 HAgHeA 2 ?*30}04, 93 = ﬁé% %H fAEA
Al zElo] FAR AR T AR (H
Lo 3 2 8 AHAe AR A :,L z= ;f l—gilﬁ A
EeolH Ao A AL 7hsds AFHOE et
UAAEA), BE 245 370 vlolE 9k 37 A =AHE
YA Z FYsto] T& AT HF 7Fed 71*% Rla=s

B =29 74 v 2tk Al A #d AT EHE
ata, A3l A dlolE et A+ S 71%?&1:} A4zl A
A AHE AN, E48HH, AsHANA AEH FF AT
s =gt

2.1 373 FAAA 43 )5 AT

&g 7F2ERL 2 A <]
Coraddu et al.(2016)°] A= A ZH

dolg 7k AEHT A4s
T2 AlE¥°|E| 2 CODLAG

dlolE1 & A4, F7NstAA EA3E Ytk o] 5 A3 7|§H7]
W0 2 A8 G o = 7Fe A& B 3, Cipollini et al. (2018a)&
A - THRAIRE ZBA 2 - PE TS Rl B Y Y
] 24=4€, Cipollini ef al.(2018b)-& H & T cWlulo 2 J31=
FAsE FAE AT S ALSIAT ol 3 frd Z2 R 7|9
71 53] 7 (Andelic et al., 2020) & T4t 71 0] o] Bl|o]EfAlle]] A
o] o} FEH 0 T B HUHE APl S B
A 891 AR vo Bl o] WA A4 A 7 94t ARt A5 7 2]

= AR gkt B AP o] AW B 0w A,

2.2 97} EFA: o] ® 4o} 94t dntst

71 AIRE Bl A Bk, ARl R o] HlolE o] &5 2E
FAE o 5ol ‘%”Jrﬂoij‘if‘o E}%Er = 0431 R
ofell A B o] gom, AAY, 3L, 1F 7= vlolE A
= A9 22 fﬂ"d £ 5(group) 7]H o] AnEn

(Roberts et al., 2017; Kapoor and Narayanan, 2023). &3 2?1 A|
Edolg HolHE AAd S8219 BE 20 1‘?4_3}71]
ALA o], T2 B A Ald- o] AR SFHEY B
29 il fAg oju) SAHEHE AL 8§ gusit

oheh AR At S otk wetA H#Z £84, MBS 9
szl thd TH718, AU Bl AA] WA 4
BEH 2AAE AT B ATE o) H T WA HA =
o2 §4 CBM D8} ol o A £.0.2 2 g3tk ol eld vt
- SJ4F AR CODLAG HlolB Aol 2394 b, AR E
2 A gdolE 718 A% Hole Auke] Ad 724 919
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©]Th(Kapoor and Narayanan, 2023). T+t 71 7] | o] E] Al v}
o e F AdolG1d), B A7 wi&EY 24))e
CODLAG H|°|E{ 9] Abei|gtol .

23 9% - A2 dAle 28 A3

of| 2] " v](predictive maintenance) =dNA <= 4 ZF 9
7L g2 08 AH] oA 1§ - 9 Ao R &
Ahe]ojok gohE B o] ZF2E o] $kal(Jardine ef al., 2006; Lei
et al., 2018; Achouch et al., 2022), 3l - T4 Eopol| A= Al
714k A 2w 7} FER QI ch(Simion ef al., 2024). A A A
£8 112 (Carvalho ef al., 2019) G| = FSE S FojA 9
AP -l B3 g7he) mEEE AFsie, wewz
(cost-sensitive) 7}, Al A o2k A oF sfe] A E] B4 A
AFs7} F 88t tFol Xt} 53] 574 S(conformal pre-
diction; Vovk et al., 2005; Shafer and Vovk, 2008; Angelopoulos
and Bates, 2023)> #2718 §lo] H3E AW A& B
aﬂ"‘-?ﬂ = A58l ko] T a7k A o A s, =
T FAd= 85 v} Slth(Javanmardi and Hiillermeier,
2023). =Wl 34 CBM 7ol A o] 2jgt oAAA A - B
A A S FET A= FobE ] o ik

245 57 CBM A7

FU A= CBME AA 2 £ Weto)] 3k A7) FE
o]Fo] gt Jeong(2021) =S CBM A &AL E AL
A - 2% - 7)E AL AASHIYT, Son and Kim
(2021)2 )71 9EgH]) @ o] I Hky WokS Lee ef
al.(2024y> YE5THAE =8 CBM+ 3§ AFAAE A A
o}iaw:} 4 Hofol| A= 0h(2016)7} $+58 CBM A|A 7%
< O, 3 dle S BT ol Az o 5
FENH 7 AICAS)E 283l Sth(Jeong, 2021). &L} 370

do|H & 34 FAA 93} o= n @S FEFz o7 vws}
N G7FEFA - AR QAN BHECE dE U A
T= AR, B A= o] g w914} gk

3. dlole] 2 A7
3.1 dlo]€]

E AFE= UCI Machine Learning Repository®l] 371%F
‘Condition Based Maintenance of Naval Propulsion Plants’ H]©]
EJA(CC BY 4.0y ARE-31{THUCI Machine Leaming Repository,
2014). o] Hlo|HE A= AR E %5%H CODLAG £ F2
AA A AlgdolHZ 5 AHE Aoz, ThAE, 4
7101, 7Fi¥ A Z2de o2 4 FAAA G S H
&< ZARIGL HolH e W 914 97, d=7] €3t

AT kyy 517550.95~1.00), EIR DS}AF k), 2670975~
1.00)9] 8l AAIE 45 F11,9347H(9x51x26) #Z
A5 I AT 1.0 AF FHE, #ol 2= 3
PH d3tE o] g
Zy AZA = 1897 M E 45T, o] T 16707 A 34
F, 207} S ol Aol A 4 A ot
7] A7 SE(TH9F AT HEP)E A AZA oA -
Jru_, S8 A EA(Ts, Tp)E ¢4 §Ysttt of
1, TpS AIA8IL <Table 1>2] 137] HEE Ao

HU

Table 1. Input variables

Variable Description Unit
Ip Lever position -
v Ship speed knots

GTT Gas turbine shaft torque kN *m
GTn Gas turbine rate of revolutions rpm
GGn Gas generator rate of revolutions rpm
Ts Propeller torque kN
T48 HP turbine exit temperature °C
T2 Compressor outlet air temperature °C
P48 HP turbine exit pressure bar
P2 Compressor outlet air pressure bar
Pexh Exhaust gas pressure bar
TIC Turbine injection control %
mf Fuel flow kg/s

FES Ao N AlA Hee A3l 1o T s
A7} ul$- sttt Aot 4571 BAL (k)22 7o
& AT E dAdigk 71E A9 0.047(T2), BN Al
(k) SHE Z T 0.038(T48)0 E3ak3it. ol = AlA S 3t
B2 OIF-Eo] G3lr obd 82 (W HA), gl <3
A=y gEo R g3} 258 FE57] M e 424
S ZARE yHshe nAY 2yo] BRFS AR &
Ao o] AbE W7t ZREZ] T84S BRI 4%
710] TY3k 35 o] AJF HE ol AT w(F-2H

BEho}, Ag 82710] Szl A 3] wijAE Wit &
&ho] 52 202 thF St gltt

o] &gt AAT|A T} Al & AF THE oA &

Q& glstr] ffal, A AA(S57]: T2, P48, P2; EIHL: P2,

2

GTT, GGn)& +8%1(Ip)t GsiA+e T84 2 w548
02 FLHEEEHE o] AEAHE M (Type 1T ANOVA)S 5333}

Aok 1L AT p FEATE A E4H9] 99.5~99.9%F AT g
HhE A 81| 5 F I 0.01~0.22%00 B, IpxD3HA S

WEAES BAHO R foJahikn=11,934, p<0.001) A&
AHE0.03% oIt R FAIE F2olqith & 4t B = A
w5 ARGl oplet A3} A5 o ST o AL BAl HF
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(SF 1/500~1/10,000)011 4] H] =, F-219] £ A EAJ31
A SEEEY WA dA7E 83 ik P2)ol A= AR

7] v o]t

3297 22 23 YAk o4

B AFe A 7HA B ZREZS Aostal I AHE A
A gtk (P1) 729 5-8 xS H7h: AA @
225 FA9 2 57 Aoz Bashy, Ao #iF o
7tol 2} Bjsgrte] dgto 2 E8gitt (P2) &8 i —
Leave-One-Lever-Out(LOLO): = &H X (Ip) 95755 15F
02 sl g7 L&Y O7 SHEta FS 1] 8-S A

[e)

o

S
FTHO-H TFAHD). 5 Al BSHA G 824
Aol dukatE et (p3) datrE 94k 4 dEAR
481 60% TIH7A R 3 8h o2 shratar 319 40% THA
& dshe At &8 27]9] v 43} gojEte g
nefe] ek d3lE oS3 of 3= AAl CBM AU L& 2
A wgsi, 71 o8& Guksl gAo|th A ZREZ B
Y GFAERE B8-S 1gste] 2y 71 34 vnE 2A

33Tk

o 2 o

A

3382 23

A% ZF(OLS, AA3]7), AHl7]HF ZH(KNN), EE] 2
(CART), W17 dE(ME ZH AE; Breiman, 2001), 2§
Y/3E(XGBoost; Chen and Guestrin, 2016, LightGBM; Ke et
al., 2017), 2174 % 23 (MLP)2] 8715 vl 8} T} OLS, 24|,
kNN, CART, #HEH~E, MLP+= scikit-learn(Pedregosa et
al., 2011) 2.2, XGBoost 9} LightGBM-S ZH2} xgboost, lightgbm
gho|Heje| 2 FEsth =7, BNl d3Ala 2ol o
3 Hxe dYEY ARG S TSI AF, At rlEh
278 Byl E - 2855 A 45191, Eg Al
HEE AHESFAT Bl MAAIS 1.0, KNN ©] % 4= 5, CART
Aol 16, ¥ HAFE 3 WFTY2E EF 307,
XGBoost, LightGBM E&] 60071, St&5E 0.05, HFEE 0.9,
MLP &Y% (64, 32), ReLU, Adam(8}5-E 0.001; Kingma and
Ba, 2015), PIYHlR] 256, T} 400 ol 3£, Z7]FZ(40 o £
AE AAEAT o] ELS XA du A 7|vke 14
FOR(AF A ol A ZREZ 7+ A Bl E Y3 9
A0 2 143}9 ) RandomizedSearchCV A7 A3} 7§41 Z
&3.5~25.5%% WAt - 2ak A 24880l wis) m|H]8) 7
A7 A2l Jo] AT MLPE EEHSE E33} 3 o
W3tk Avke] g3 WEA-S gt fdl, P1(F-Et
95 AAHF)S MZ G2 579 B8 Al=42,1,2,3,4)
=, P84 elaheh Py (st oihe £l O -
A 71E R AR EH | BE BY 27|38 NEE 77 53]
2] 5he] HHEEa1, <Table 2> - <Table 3>0)&= 53] HH2-9] 3

o

T3 FEUAE A B

3.4 YA2A QA P

(D1) Bl &)Wk 23 A o= Qa5 k7t A a* 3+
25% w9157) PIRte]H e A A A & ot o] R AMEA &
A= 3t HRH(nyy, TR Cp) P LBV, BEER
A Cp)oE LERE FE3, 7IHHE C= Coynpy
+ Copnppe B Oyt Cpp € {1,5,10,20} 014 4+&3T)
(D2) AlA ZEZE] 2 A3} &84 AQAg 0 2 M E 170
A Z7181 3.4 A5 RMSES 4351 H B - AlA 4
T E ZEE| 0| & A& (D3) 54 S 7N BE A B
& SHAZoZ HAM JAY (1-a) THF & A5
(k=g k+q] & 783THa =0.1). 482 AW A9} Bz 7
&S Bagth (D4) el 7|9 A A gul A A -3 g7
Bt vl8ES Hadlete H A3 £AE AR AT K
= AF(LO)NA &R meh G2 Zhaste] 1Al

—

k=095 |29, Y &L AF - A ZLAE
~ 040, 80) A2 o] Hol2t 7P T A war= AAS
9

7] (N ) 2t B HI QA @ olth AA A FAH A e ~ MO, o)
o5& AT EAT AS 2K W 0, vs A 0, E 2
ato] o) & 7tot oAb & AARTE HI G2 A, =1, &
W&, =10, 1% ¢, = 10022 F1 47| W] 855 2|7}
EEE A (1, d%) ARl A H 2 FA S G B
T7F AR 018 BHIEl(c,,, o ) BEFHEE
“AA S < 2 EHE < 1AHErolgh= CBM &
585 = A4 A vl& =4 (Jardine ef al., 2006) S HH4 3k
AU E, B IAH T A5 Aun| & AEE RAgE
ot At H]-&-& Fx|= AA| Auldake] of X7} o g}
A s 93 =Y Y A= A ojok i, A A A&
Aol =3 3w A5 AL QHE - 1 H| -3 3t
g dloJE 2 A B4 o] I asitt.

i}
2

ol

357324 2 544 +94

DG AAME (1) 7HAIE BAFSE okt (i) ==
, (iv) O1FA(NE 2=3to] A) F9 724 wTs F =T
Zr @S FFAA 1,2, s%Z T TS
o AP A% Aske AT HFFREE ¥ 8%
(MLP 7]%)$} SHAP(XGBoost 7]15; Lundberg and Lee, 2017,
E ] 28 dl= TreeSHAP, Lundberg et al., 2020) 2.2 W24 5
stal, 58 2F Ak 19442 A RMSES) ¢ Friedman
27 7} Nemenyi AH=E4(Y AR CD) 2.2 34 Sk (Demsar,
2006). THF WA S H-S ghxs] FHo] ol EE, 3 T
Friedman, Nemenyi 774 A ¥+= B2 0 2 s A ghtt,

‘rl
K}

Lo
oy
1
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rhv

A

4. 3% 23} 4

%2
)

AZ2oA A71E AFAE g BA% 2RSS 2ok,

RQI(H7F BF3A, Q1)L 4.1~4278 04 94t Al Aso] 34

3 Askde, RQ2IS - AAHEA AA, Q2+ Q3 - Q4+ Qo)

T 44~46, 4840 A A H7P} Gun& F7HE o]ofF]

<, RQ3(AEH o114, Q5)L 4740l m¥W 41z 24

S 47t AP 4348 HFF AT B4 44 BEdE
O

A3

okl

4.1 97} 22 EZo) w}E o A% 4} vs 94}

<Table 2> 5-2+9] 5-4 WA F(PHS SN A 2 HHE3H 4
Folt}, T daHA ¢ L5 M MLP7} 71 93k 457] &
A4 (k) Tl RMSE  0.000362+0.000040(R>=0.9994
+0.0001), E1¥1 E3HA (k) 1l Th3ll RMSE 0.000307+0.000054
(R*=0.9983+0.0006) 5 7| =3} 21, F-2~8, Wl 7] o] L H & o] %)
o} A 232 R>=(.78~0.91 2 AA 3] Witk RE 2F A 5
3] HHE o w2 EFEH 2= H T 10% oW 2 &}, o]512] 4
A AEO| B - 27)5ke] FEA HE Al 7] Alo] obd
KR

AR
a8 o] FA& S8Rl Ao} £ E& o] Adtate]
Ahzg AL A5o|th <Table 3> 5Y 23S 284 94t

(P2)7} G352 9J4HP3) 0.2 713 RMSES), 23 Qo <]
A RS A AN Aol

<Table 3>2 & A7-9] 3|4 TAL =i}, 3A), e &
Fol it 24 oA & o8 43E T HF-F ZY MLP

U

fole

9] k,, RMSEE 29 0.00037091 4 874 <4} 0.008975%
oF 241)), KNN-2 0.001620°1 41 0.025825 2 F 164 Z7}5F% Tt
A, o AR A O R, 72| B A R2>0.975 Bl 671
HIAY RS 239870 23 5 MLPE Al &3 57 =
7] @3HAIF Aol A R7F 22 FEE AT SRt
E3). AA, 570 A= §HEAE A73.34), MLPY] &4 &
HEsh= 94} 3o meh ARt E3lE NP3l E F
oA BT 5| A= AR H 02 o] R2E 43819
OL}(E7] 0.939+0.029, BRI 0.726+0.128), &84 2)4H(P2)
oA R7F Al=rtt 34 8538 Bto] S50l 717l
(¢27] —0.08+0.51, EI¥l —1.79+1.22). & 910] Bu¥ &
A Al E(seed=42) 7]F =24 R(4=7] 049, HE —
032)F VHEAE T 7HE i @Y BolH, &84 94
o A= MLPE £33 A/ B E Bgo] Yulslol Aujsta
A8l2 atoll vk MLP7F 4 0 2 A F3ith= Zlo] Y
4313t 2ot} UA, 23 2+ ¢4 =97 Andd@d
Zz). T2 oA 59 A KNNS o4l M Hatd oz Y
2ok, 7249 H3LA A Ridges &3 9AtolA 4914
¢}
2y

™

,J—).

2 stk A yitel H&skE A7, Gd Ed
D= ofatoll Hokshal, 23 At BHRidge)t v 1121 &
A ZAHMLP)7F 9Jatel] i o2 3 stgint. 4 At
SHRidge)t w112 A ZAMLP)7} SJA4tell Joid o=
73k o33t B39 T2 Yl 3149 Bk
Bxog dAuEed, 93 Aar) 427 gin 33 2
4K 1/500~1/10,000)5H 42| 3}7] w ol ™, F-2+9] &
| A RE 2R WAt TA7E Jatell A ARRA = Zlo] B3 €]
T4 a]lejth

2

_‘

Table 2. Five-fold cross-validation (P1) performance, mean+SD over 5 repeated seeds

Target Model MAE RMSE R?
kg OLS 0.004588+0.000001 0.005840+0.000001 0.8425+0.0001
kye Ridge 0.005607+0.000001 0.006742+0.000001 0.7901+0.0001
ke kNN 0.000753+0.000005 0.001636+0.000020 0.9876+0.0003
kye CART 0.001332+0.000021 0.002331+0.000112 0.9747+0.0024
Ky RF 0.000512+0.000003 0.000992+0.000010 0.995440.0001
ke XGBoost 0.000702+0.000006 0.000993+0.000005 0.9954+0.0000
kye LightGBM 0.000649+0.000002 0.000907+0.000007 0.9962+0.0001
kg MLP 0.000248+0.000025 0.000362+0.000040 0.9994+0.0001
kg OLS 0.001686+0.000000 0.002240+0.000001 0.9107+0.0001
Ky Ridge 0.002752+0.000001 0.003519+0.000001 0.7797+0.0001
kyp kNN 0.000652+0.000004 0.001434+0.000016 0.963340.0008
kyy CART 0.000933+0.000013 0.001950+0.000044 0.9319+0.0030
kg RF 0.000354+0.000002 0.0007330.000009 0.9904+0.0002
kyp XGBoost 0.000498+0.000002 0.000761+0.000013 0.9897+0.0004
kyy LightGBM 0.000458+0.000003 0.000698+0.000010 0.991340.0003
kyp MLP 0.000183+0.000022 0.000307+0.000054 0.9983+0.0006
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Table 3. RMSE by evaluation protocol, mean+SD over 5 repeated seeds
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Target Model P1 Random P2 LOLO (R? P3 Decay (R?)
For OLS 0.0058400.000001 0.034114£0.000000 (-8.52+0.00) | 0.010095-0.000000 (-2.06-0.00)
ke Ridge 0.0067424+0.000001 0.014467+0.000000 (-0.30+0.00) |0.013702+0.000000 (-4.65+0.00)
Far NN 0.001636-0.000020 0.025825£0.000000 (-2.16£0.00) | 0.01572120.000000 (-6.430.00)
Fop CART 0.00233120.000112 0.025972£0.000025 (-2.13£0.01) | 0.014613£0.000015 (-5.42+0.01)
ko RF 0.000992£0.000010 0.019639£0.001573 (-0.86£0.28) | 0.0145170.000133 (-5.34=0.12)
ko XGBoost 0.0009930.000005 0.018057+0.000152 (-0.58£0.03) | 0.012999-0.000094 (~4.08+0.07)
ko LightGBM 0.0009070.000007 0.0177070.000000 (-0.57+0.00) | 0.012711=0.000000 (-3.86-0.00)
ke MLP 0.000362+0.000040 0.012390+0.002542 (-0.08+0.51) | 0.001378+0.000379 (0.94+0.03)
ku OLS 0.002240+0.000001 0.016599+0.000000 (-16.51+0.00) | 0.004186=0.000000 (-1.12+0.00)
ko Ridge 0.003519:0.000001 0.007173£0.000000 (-0.91%0.00) | 0.0086990.000000 (-8.17-0.00)
Fap KNN 0.0014340.000016 0.013627+0.000000 (-2.36:0.00) | 0.006977=0.000000 (-4.90-0.00)
ko CART 0.001950-0.000044 0.013230£0.000190 (-2.17+0.07) | 0.008255+0.000007 (-7.26+0.01)
ko RF 0.0007330.000009 0.012483£0.000132 (-1.840.05) | 0.007139£0.000064 (-5.18+0.11)
ko XGBoost 0.000761=0.000013 0.011526£0.000149 (-1.44£0.06) | 0.006881=0.000034 (~4.740.06)
Foy LightGBM 0.000698£0.000010 0.011682+0.000000 (-1.51%0.00) | 0.006742-0.000000 (~4.51=0.00)
ko MLP 0.0003070.000054 0.010876£0.002384 (-1.79+1.22) | 0.001475£0.000331 (0.73£0.13)
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Figure 1. Prediction RMSE by evaluation protocol (%, log scale).

For every model a large gap separates P1 Random

(interpolation) from the extrapolation protocols (P2, P3);

MLP attains the lowest error throughout.
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Table 4. Friedman/Nemenyi analysis (kMc; lower average rank is better)

ol 427] 2ol ¢

Protocol Friedman x2 (df=7) Average rank (best — worst) Nemenyi CD(0.05)
MLP 1.0, LightGBM 2.0, RF 3.4, XGBoost 3.6, kNN 5.0,
P1 Random 34.60 . 4.70
CART 6.0, OLS 7.0, Ridge 8.0
MLP 2.11, Ridge 2.89, LightGBM 3.56, XGBoost 4.0, RF 5.0
P2 LOLO 27.96 » cee SO M8 IR0 25 ’ 3.50

OLS 5.44, kNN 6.33, CART 6.67
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Table 5. Misdetections, false alarms, and expected maintenance
cost by cost ratio (k,,.)

Model FN FP 1:1 5:1 10:1 20:1

MLP 0 14 14 14 14 14
LightGBM 4 41 45 61 81 121
RF 7 30 37 65 100 170
XGBoost 8 39 47 79 119 199
kNN 10 30 40 80 130 230
CART 19 50 69 145 240 430
OLS 158 59 217 849 | 1,639 | 3,219
Ridge 284 61 345 | 1,481 | 2,901 | 5,741
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Figure 2. Accuracy - sensor Pareto frontier (k,,, RF). RMSE is
minimized with three sensors (P48, T2, P2; red), and

adding further sensors degrades performance.
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Table 6. Accuracy - sensor Pareto frontier (k,,., RF, 3-fold CV RMSE)

No. of sensors Added sensor RMSE No. of sensors Added sensor RMSE
1 P48 0.014663 GTT 0.008631
2 T2 0.008839 Pexh 0.009036
3 P2 0.008203 10 GGn 0.009119
4 mf 0.008258 11 GTn 0.009305
5 T48 0.008319 12 TIC 0.009584
6 Ip 0.008437 13 Ts 0.009736
7 v 0.008476
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Table 7. Conformal prediction interval coverage and width (%, MLP)

Model Target coverage Empirical coverage Mean width vs. domain (0.05) Quantile q
MLP 0.90 0.906 0.00136 2.7% 0.000681
AeH AN AL T3 90%°l F-33ted(0.906) REHY M= ER] dES, AR A ]ZOI -Wz}ﬂ ﬂﬁOlWL gl

o) S YIRS RAHE SAAZ0 o] s A A

2 0001360 %}741 2] %(0.05)<]

o1 GHANTE 24 THOE B8,

Zeko 2t Wb v 9199 WAH BAE F5EA
ae. um B PE L W 209 4o B2, 914t 87
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478 AR AN 72 R
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Figure 3. Robustness to structural noise (%, 1% level, log scale).
MLP is extremely fragile to outliers and missingness,

whereas RF is robust to them.
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Table 8. RMSE under noise types and levels, mean+SD over 10 repetitions

Model Noise clean 1% 2% 5%

MLP Gaussian 0.000304 0.003426+0.000061 0.006753+0.000132 0.016219+0.000218
MLP Drift 0.000304 0.001058+0.000000 0.001997+0.000000 0.004778+0.000000
MLP Missing 0.000304 0.020564+0.001084 0.028854+0.001615 0.044667+0.001536
MLP Outlier 0.000304 0.161928+0.010143 0.220732+0.007912 0.350686+0.008596
RF Gaussian 0.000954 0.010027+0.000156 0.011541+0.000184 0.015326+0.000173
RF Drift 0.000954 0.010137+0.000000 0.011056+0.000000 0.018619+0.000000
RF Missing 0.000954 0.003456+0.000185 0.004626+0.000388 0.007492+0.000179
RF Outlier 0.000954 0.003786+0.000370 0.005246+0.000338 0.007885+0.000271
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Table 9. Inspection/maintenance policy optimization (Monte Carlo, long-run cost rate; csp=1, coh=10, cfail=100; life ~ U(40, 80)

months)
Scenario Optimal interval t* Optimal threshold d* Long-run cost rate
Perfect information (0—0) lower bound 18 months 0.967 0.260
Realistic error (oreal=0.00897) optimum 18 months 0.976 0.367
Optimistic (0opt=0.00037) design, deployed 18 months 0.967 0.538

B P8 wAE WY AR ER, o3} AIASH= &
B9 Ay o] ot FHAA il FAuA <] Hrf
S E(+46.6%) 9 71 F-3((H)l A7 2e7F itk

Al 7HA] AR o] EE T A, F4 027t Al S H
A A 7h S FETH0.967-0976). AlA FA o] HA
L5 o By o2y o2 M) e Es)or w393
= BAT 0w, ol oS e8] A A FH
TEAAE wHethe GAEA A Stk S, 7 %
Sl YA S K oopt) 2 AT A B)(1*=18, d*=0.967)
= A4 A WAk H8-Eo] 0.538% A 2(0.367)
H] oF +46.6% S7HT 54191 CV7E oF7 8k B i
7Pt e By EAO A A A AA ARlE S 5
72 A dolgs Aoz wel Aotk AR, SR
312K0.260)2 A 2(0.367)2] A= A FH LA
el Brluldk uj R0 2 4580 AA B 4789 A
dza240) ol AaHE Fol= A H Folth

=, 9%
2 oA H+HOoZ
& HEH| o] AZFERF
A3] F7H+14.5% — +246.6%)
ST AAtea 5T E3l YR Wl dsiA s o
QB = +32-49% WS OlA g Aol & a2 Wik 3
7FE ARG AASHE A3 vl o] SRt B AT
of A A8 54 shehvlE] AEe] iHEo] ofuet FH 9

Table 10. Sensitivity of the policy conclusion

(extra cost of an optimistic design deployed in reality, %)
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Factor Setting Realistic-optimal cost rate Extra cost of optimistic design
5:1 0.337 +14.5%
. 10:1 (base) 0.367 +46.6%
Cost ratio
20:1 0.395 +113.6%
40:1 0.420 +246.6%
0.005 0.309 +32.1%
. 0.00897 (base) 0.367 +46.6%
Extrapolation error
0.013 0415 +48.8%
0.020 0.466 +47.1%
U(30, 60) 0.489 +48.2%
Degradation life U(40, 80) (base) 0.367 +46.6%
U(60, 120) 0.248 +41.5%
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