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TBC AR & R F2 At B8 4%, Bl HoAe g TR AR iy
TR S E RS AT SR M

1 AI7Z TBC HiR LRI

1.1 TBC [ AR

TBC RSV T il &5 4 3R 1, Sk T 4400
WAL T 2W/(m-K), I 1R, 8RR s
R SHL B S DL R TR A5 F 4R I 2, A4
o LT A7 U R IR 7% A . TBC AL 46 4 @ 3 45
2 BRIRAR o v 4 8 R 45 2 A AL TR B VE K
4k ¥ (thermally grown oxide, TGO) = X B & )2 .
TR IR ST 20, 23 % 00 )5 A A8 Ay B
R A AR AR, 38 W 3 2 3%~ 5% AR B K, 78
ZrO, TS INEZ W] A R, JOF BB k%2 45 7E TBC
MR SRS A, SE— B BRI R, R,
H i/ i 2 09 TBC # 8L YSZ. i F 57 7 A
YSZ e PUJr A YSZ EA T KA MR TR, (154 S
THEAESER DT, RO E S, £
YSZ 1, 8YSZ HA fie i i i 3 i T — 1w
A A MBS AL TR IR B R A A 1500°C,
YSZTEH P B A HRIE . YR E T 1300°C B,
YSZ By AHRRE PR B, Bt O ne 1 BEAR, T B TAR
TR R T AL TR, HIL, R & BA
A S R R R E M R RIS AR R R 9 BT A TBC A
B BHET, 2FKIESZ F AR YSZ AR
fiE TBC kbR,
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Fig. 1 Schematic of multilayer of TBC system'"”
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Pt 32 4 L R iR A S T e T, LA
452 Ja R A DT TE A A K 22 %0 QTBC 75 52 PR iR A
i A e P RE A HER A ) R E R kAR, O T
VR PRI 30 W v % 45, 3 il L e T L RO B AR
JEE e it PRI A ol 2y, T I 4 52 2% T AE S
BAMIHELL SR Ak, TR B A

B AU — AR SO LA B A BRI T R A
ALY L, (S Se 4R Y R S5 K9 4 TBC R H]
R 3 TG 1 1 R T, IR SRR 4 4 S A A
P 1 oK B 58 A 7, AR O HA S R BIE B TS AN
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Fig. 2 Specific protection or function needs of TBC in versatile

industrial applications'”
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W AR ATCAN LA 4 2] 5 5000 OK sl A 55 )
fil AT TBC MR B 5T, 45 2B 7E 1o 75 4 R B
TSR AR % #E’J“fﬁii&ﬁ*#%ﬁ&ﬁﬁi
A M B SRR A AR CE B TR R
A TR E’JTM”M%*‘J SEELXF A A T F TBC 47
Ry (R ERR A, SR RE B I IRR 2 R | 2 YRR 45
5 0 2 Y, AT i s A 22 Sife L Bl 44 M i
Ji R S K AR BRAR TBC, 4R1M0, B AT #
AR T TBC WF 58473 i e 7 22 H2 AR 5 3 B i 3k

A, B A R S5 A T SR | R R T R ST
SLORJESE IR, X Se PR — e R L T XS

MOBHAEBE | TROWES A R AE . RSN R Z W] &2 24 AH B
YEFMLEIBEATRS MR S X, X Fh 2 =&
B AR EAR X TBC B9 1 RE R L L i A PE B AT B %
. AR BRI ST, TBC fF5E 5 AT L
ARG R B ) e Y & S I, T TBC A4
B RRT BT SRAE TOR R B A 2, A B TR R
A fra il 37 5 b BA SRR EE R L i AP A AT
FEMER BT TBC AR,

£ TBC WS¢, ALE AR B9 N T 32 2K L 7R
2 FAZ 0 J5 v b (DR 2 R 1] &2 9L (support vector
machine, SVM) . FBfi #L % Kk (random forest, RF) %51



3300 b3 M2 it KR %% % ik

2026 4%

o 2 B, O KRB AT o A, SRR BT
THOUL S 14 e 1E 5 PR BE 4% 1 22 1] B 0 A0 G I 5 LA,
T TN A TBC M RHE BERL 224K HE . @1 B
11 P #1252 M) % (recurrent neural network, RNN) £ K
%5 110 1Z (long short term memory, LSTM) I’ %% &5
AL TR AR A, T T A 8] 4 4% £ F TBC
IR ATy, 1 1T R M AR 4 S R R R R
W, B 1k TR 2R PR AL, R IR A . AR X — T
ML FErf, MBSt 24 o) 5 R B 2 S S PR 24 T BER
RAER HAE R, SVM., de e | il 28 o 45 4
W A o LA O T A A B AR SE o
A B A . OSSR iE S I35 S5 1 S S 40
A EA TN A ) A ATRY, DI SE BT TBC 1k RE AL
PG, RAETE ST = ) RN rT e S =
FREER G LT, XF TBC s 2 1700 5
RIS BT, $2 48 WAL A5 T4 B A g O A 7Y . it
A, T 3 PRI AR R A R 22 9 2% (convolutional
neural networks, CNN) | RNN %/ B 27 > 2844, GRS
AR TBC # s 4 rh &2 Z: iy A e M G &R S g [a]
HANE , 2552 T X5 AR Ty 5000 0 v v 5 &
B B F AL (particle swarm optimization, PSO)
Fli 14 1 (genetic algorithm, GA ) 25 1 b5 1 3 4o
B A SR FE L AR, R B A4 5 5 % TBC #4
BT T R AR R S8, RIS
K& AT BE AR REZH G v 0 34 H 5L 45 AR PE BR AR
A A, AR M | D) 27 i B b e e
Pk, T it B OG5 254 T RE i TBC #2 Rt
S/ T

AL SR 5y 1) T30 53 A1 B A BE 18 TR AT SO0 45
FRFAE . FRBE IR 3R 5 1k BB 48 bn 2 W] 19 52 2% AH B AR
FH ., A BT X R e N FH 5 2R 8 i 1) TBC R GE i1t 42
48 S o BEAh, FEF AT A BT 25 A R R v
e RE, AT SCELRT TBC RS A9 SE A W, kil
T I 2 4 4 5 s B AL 3 2% R BBk A R T R K
AT HLET [E], $2 5 R GE R R aT M 5B 1T
BRI MR A4 SR 1Y) S it T A Bl AT 3K Bl i) il
LR S A N A S = i = R S A
TBC 7EAN R AL T AR A AL, SCHe7E 7 5 B Bk
BT TR i, DA I 2R 208 U I B K S BT A1 1) £l
A [, ALRRE A2 Wi AR 7T 58 i A 1% J8%
i SO A ) AR b B 47 300 G2, R T R R DU g
TREER T TBC R T Sk 5 2 P,

2 TBC M# 5T R M A

2.1 TBC AT AL
TBC M4 S AR T A

DAY PO RE R IR R R AROCR | S FREE
5 ERRE R R bR . o, TR
e TBC WFRIAEE ) UK R AT 5 4 s 5L
AT B B3 T ) 6 B DC I, Sl e PR 0 2 L
TOZE Y, 47N J2-5 B 42 JIR AR IR 2 DX ] ) 4
I ik A 57, G2 i PG P 3 o R A 2 4 AN T
A7 A ) ST ST ) ) 5 e g T, AR b 4]
S A YR ME R A SERT) A
2 B0 5 i U 2 A A i IR BE 38 B T B IR A% 5 A
R ERERURS ME R AL, R TRE BT PRIt AL
B TR BIAZ OB & Ge bk R S0 50 K 75
il 85 Z R A 20 B 2% IR A B, FERT AR )
HORAS & B, 4 B AR AR DL 4 T PR L 1B 4R L T
JURRT PR AN i L IUE | o i A I R -1
AN, ME LLE i HT Y TBC ¥ )2 A9 1 E 100 75 oK o
Bl 2% > 45 ALl 1 25 bR 23 . O 254
FRAE . 88 T2 805 22 4 B R0, A S o ) ot
7] I (support vector regression, SVR) . i 22 [ £ &5
B, W] S AR 5 R e DR 3R ] AR L MR RO R Y
FEHERLGT, S TH I B AT Sk e TN RS S
B, SRR L M AR TBC A PR i v 5 e 5 1k
P4 TR AR T H, Ik T TBC B AR By A & 1% 4K
HERRE

Zhu %: "9 5@ 17 GA-SVR 3 il il TBC #1 K}
Dy, ,Ta, Zr, O, 5 SR PN Ik 22 5055 T ) B
JT (UL 3), HA B RS, 45 L3R W, iz i i ]
SEPLXF TBC #CS 26 | HRIE i 3 H50 0 v okG 3
2 0 SRR BB 5 52 A A o2 R R S il =
ik 0.998 11 0.999, ¥4 1% 2 (mean square error, MSE)
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AT, 25 PAREIR 2 0 REAL I TR 5T 3301

2 k1 0.000 52 F10.000 19, J7E A F [F] 2 3 I ASE 74, wf
R E I B R 0 OF a1 R B ARG o ) B 8 S
£, 100~800°C i} DyTaO, M & T K ALY ZrO,
B 42 Wl 0.085~0.095, 200~ 1200°C i} DyTaO,
W) % A i 2R B0 = 1 200, 1B 2R M O 0.1~
0.13, RE W% F — 2P P AR L A 6 I 1 4R ik &=
# . Chen % P73 5o AL 7% 2 21 A i 7 2 A2 0] 19
(Gaussian process regression, GPR) 2% & i 77 = T il
TBC M }H fi g #4538, Je 3 100 Fh AL &
PP 3 S {1 R VS 4R, T Matminer 04
A OF LA PR, IR 76 2Z A 68 2 i L2 2%
SRR | GPR BRI 2R K8, 49 2 5 R R L AL
Se BT TR TR, RR A SR TC AL R R
SRR AR O, Y255 R BN B TS 2
VTR 1287 A R}, B 7% T TBC M4k} rh #uf%
AT R G B AE
2.2 TBC & FLma

TBC 2B | FLBF K TGO JE 545 S5
B E AR RE . AR S IR A, TR
BT A S IR ABR A VAL 1 A% 0 F8
B o A& GETCHRTIN 7 v Chn#R s (5 . 8 Rl ) L
SAE R EZN Xy N ERE S TR ) N =R
ORGSR T RIS IR . 2 S804 T T80
FEN R L R SR AR A e R, M DL BC B TBC
AR R R PR L AR ARSI B R .
Bl AT E AR AR AAL G2 TR I 7 2, J& 28k ik s
B .o s P BB B TBC M BHIIF & 1 A 0GR %
T HLAS 2 2] SR S R 2 2 A R R, T SE B
K551 A SRR IE SR I, TR B ANBR 5 G
SRR WL, [ I 2 GA L PSO Bk 45 f Ak At
TR FNESH 5 00 B AU, S RIS SRR 5 iz Ak
i S
221 R EAW

Bl 25 Ab AR AR 11 1T, SAOR C U B —
A2 W AR BIAIL . R AR WL TR BT i i
(LB % 5, TBC ()RR 55 M B e &
B AR 5 PO, AR IR A% 75 5K, 2 5 g U 4
S B oty 4 I B TBC () #4789 2 B 95 [ o 100~
500 pm, JGJFE R G % O B Uy 2 IR A B 9 %
OATHE . 4T, TBC J5 B 25 i ORI B AR LAk vh
55878 21 A0 BORAR Kk 2% B 38 1% (Terahertz
time-domain spectroscopy, THz-TDS) Jy #% >, 2 25
7R P JEE J3E N AR T I B8 A R A 5 1 A B R
() R, 4G IR R B RO AE 5 b BB AR K, T
1R GERRAT T AT ARG FEAIG T Sl A D) 2 3 o e 2
B R FR, AT AR B iZ M TR RBEHEHE T 3 At .

Halloua %™ [ 2% TBC J5 B Xof #4300 36 1) S 4 52 i
PGS A P2 M4 5 GA TR G258k, R Ik
55 BIUE LA PR AR B A R AL TBC IR
T LA R 7 28 A R A 45 7 3 1) AR 2 R AE )
SRph 22 P 2%, i GA 48 R AR 0] IR AU HH B, e
fl AR P i S, 25 R W, IR G AL LR 4
P2 28 0 T RO BRI T R B, 2
IR AR T5 Uk V8 BE VA I 22 2 AR T 5%, 7 TBC
JEL A e ROC U I S At T AT R TT 58, W EDIE 1 Ak
T AL A5 5 Ab AR Uk J2 5 NS D0 8 1) OC
SCEEAE T, A R 2R IR J2 S B RS e VP Al S ik 1 3Rk
2% , Halloua %™ FI HIZ IR A M &SR G 1)y
V5, 85 OL DK PR S e A S AR B IR RS
W A7, R 4T TBC JREE VAN N, 385 32 i3 43
#r (principal component analysis, PCA ) X} 5t ik ih #4
TG R A 1 B O B HEAT UL B, e 5 Ok
B 32 A3 A AT A i A BE L B BR TR AR B AR A
GA LA 22 1 45 1 00) 4 A E 22880, RH A T A o ol
22 W ER AR, AT AR T A 2T 08 AR
Wb B 751 2% B BEAIG, R G J7 YA X TBC /Y
JEE B VA s 22 /8T 3%, AL T AR IR P A
A H A, R B2 5 Zhang 451 1 ) 2%
WF5E451E, o TBC By A 3Rt T —Fh s &%, s
HERHAR B

THz-TDS $ A J& — F HE T Kb 2% 8¢ 5 ) i A
AR P S A I T B, LA (8 A0 B A P el A
9 TBC & REAL BT TS YT 2% T H. . M T 1% 48
RAIEHR, THz-TDS HA IR M | & AR R 5
I GE AT B T 1 D0, wT B SR AR I ik J2 A i T A 43
Pasity, &R 2 R S EURAIE R oK, O HoAk
KR AE TBC )& JE | FLER =R | TGO J& % TBC XK
BT SR, S5 AL ) ST S AR O 4
TR R ROE BRI, B BA R CRE . &2 R
FEGEH, SCRF BT b i S SRR 5 5 PR R R,
F IR )2 S S PERE R B Be AL AL B A T AT SR A T
P AR S, A s RUBE 310 72 WL R Y 4 B 4%
SHTRETT . 1T TBC JEEJE I i 75 6 E Kbk 2415 5
W, S s N0, 42 THE RE AL BE ) L S
ROR 5 KGR, Sun S i py Kk 4% 5 5 BRI B A
YRS LSTM [ £ HE JE R i (2 5 5 I, X HEAR e A
Bl AL, SR R A T B E 2 1R 22, [ s A1 H
T R T AR IR 5 0 DUV AR LA S 5 L T BR A2 1k
X B SR, 2B E, 20T S N T A R R
— 3, (HACE R IEEE T, 4 200 pm JEAE G 4 (LA
290.17 s, MALGE N T35 140 s, 1HXF T /MY
B 2 O AR bR R, AR T ISR A A R
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BOE 4, EoTUIZE LSTM B Al RS i (45 50 [+)
. Sun 45 12 36 3 o 97 8 00U A A 2% 5K 2% 18D 2
(Terahertz residual network, THz-ResNet) 3 52 B il i
B B: TBC MY FELAE HEN =, anl&l 4 FroR, 1 2 4K
o 9% 1 52 WO 52 e B 0N, O B L A8 R I AE
BT UL 235 44 oA 52 B JEE B ), 45 1 datad aod 43 1 2
FEVBUZ I 5%, 56 2 i dh & CATAY a4 iR
JRJEERE, R BRAEAT S W) AR, R S ROR AL
flt, 51 U EE I EHLAT 0.09 5. Yuan 2% 1% TBC
T (e i AR T 5 DB . SR T e A TG DU JE B 1) 5
3R, 42 4 THz-TDS 5 PCA % . GA 5 Hz B 2 2]
(extreme learning machine, ELM) A4 & BOTR A& 5 15
() JCHAPEAG 5 1%, 1205 ¥ LA S 50 2 il s AR AR 5 S PR
T3 5E I 7 AR A 18 O 2% 17 5 Bl Sl ik PCA
W {55 2 B2 DN 80%4 096 [ 5 80%28, {1 F 99.9% (1
7R L AN 0%, B GA L1k ELM #4) 2 &
VI TR, 3k e R R, OV AR T 4y iR
22 (mean absolute percentage error, MAPE) , 3 5 1R
1% 22 (root mean square error, RMSE) } 8 #7138 L& iE
PEAG BRI PERE, 45 0 R, PCA-GA-ELM #2784 3¢
AR L 098, BRZE/NT 2.57, K 5 EZ AL
T PCA-ELM 584, mJ {6 2 S B G (4 KG BE 2E0K, hy
TBC JEFE 0y S e PEAL S i 7 T SR 45 .
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Fig. 4 Framework of dual-stream THz-ResNet'
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LB & TBC W D &5 240, HE & B
K73 [ 43 A HAZ D@ IR 2 I PRIk RE . 1 fa e 1k
R F . MRS &SP BRFE LIRS R
1 I 1% 5 K, KAAE B 1 IR (atomsphere plasma
spray, APS)TBC 19 &z 1t £L Bt % X [H] 24 8%~ 15%,
L F R 9 3 S AH U A (electron beam-physical vapor
deposition, EB-PVD) A 4R it TBC 9 fiz 11t £L B < X
(6] 3%~ 8%, FLBRZ MU NI 2351 R IR B O
AERY S 25 A8 A, A o FL B AT 38 S 5 S O R
IR 2T 5, LI EHE R Y, TBC fLER R 8¢ T+

1%, 1200°C & i T  AT FEAIL 0.05~0.09 W/(mK),
15% LB 0] 1 93 )2 T4 R EUHR B BRI 29 50%,
R A IFOR N E LT B BB AL &S
R A AIR)E T RE, S AL RN 12% T 2
20% I, U J2= BT 25 4 5k R R AT 50%, 1100°C
PTG B IR A% 75 i L2 1200 UK 4 2 R JE 300 1k, AL
B3 1k 25% B TR )2 AT R B A F 2R AL . TRl B, fL
BB 3 . RS 5 50 A 3 50 1k TR RE 2 X0 0 2 B
PSOR 5 IRBFE ™ A 2 5 m . RIL, FLER =
HORG HfE E B R AE & TBC BL i ih . A= s 48
R RARARZS VA 08 DG B BR T, XA I AR T
B SR 2 5 52 B AL B A AR 43 B0 v A R O A
T, 0 3R 25 T R AE£0.5% LN, R B R 52 AL AL
BB . RF o A 5 23 (8] 34 5 PR B 4 4 B R AE, O
TRIZPERE UL b 5 4 2 i Jo] 400 4 42 4 (3t T 4 1) 2ol
SR,

APS ZrO, % TBC HyfLBRZS 1, AT # B4 . KT
55 MO A AL S BN AL | R ] e
FECRALPR 5 A LB 4 2%, HALBUR S5 LR E
HIEJERZ M RAERE S IR e, AR
FE R B R TBC AL B 38 J5 A3 I 5 A6 0 1) = 3 7
5, (AR TR R /N T 300 um f) 3 TBC, £
TE I AE 5 R & . 2 2 fLBUE 30 5 BURIE 52 X
PRIXE | A% G0 B A AN AN JE A% O R BT X i
— [A) /8, Zhang %517 $2& T — Rk A R ARG | B
BB B GA LA B 1) 1% 5 B 28 9 2% (back
propagation neural network, BPNN) %] 1 & JC 8 #5 Ml
Tk, SEELT R TBC LB 23 10 S 8 B e 8 R AL,
ZMFFE LLE B 288 um., FLBR 5.71%~26.59% 1) 4%
BT Zr0, 3 TBC B o8 XF 42, 3 ik i el 5 (8
RREHDLAE) 8 75 15 5 T 1] AL R A AL, S I AL B 85
AH O 1 8 P I 5 2 BRI 3% (ultrasonic reflection
coefficient amplitude spectrum, URCAS) 55 1 Z B 1E
AL, 454 34 FL - 1 75T (scanning electron
microscopy, SEM) JiL v & AiF 4R LAY 132 21 5 I 5 4%
AR 58 UL 25 5 500, i iF GA JLAb A 2 M 4%
MR LR A 5 RN ES R, AT TR A R Sk
5 FL IR AR SRS B, 125 R SR 1A% 5 A A
B8 T TBC fLBR 3 R AL M E AN, S5 TBC 1Y
J A BT A PR TR R R B AR, (AT AEAE X S
JE Sz AGRE T AN L TCHE SE AL B S 4 4 B 3R
TIE 9 JRy B, B 2456 TBC L B 55 B 000 SF- 357 4 % 152
260 1.45%, e KX R 2ZE AN 6.2%, L T B
£ 52 25 fLIBIE S TBC FLER 2R 1 8 sh kAl 5
AR E SR AE . GA-BPNN N Z LM B AT FLER R K
fESR A T 24P S AR T B, ok TBC fLFR
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AT, 25 PAREIR 2 0 REAL I TR 5T 3303

(48 B b 2R AE AR 70 g 4R AL T RT AT R BRI A%
Ma 2" 31 1 T 35 T BPNN-GPR [ # 27 R 1E 5 %,
i it BPNN 454 R*>0.8 MM {4k URCAS AY4FHE S
B, o U AL R A O AR IE S 8 Py, P, Py,
Pyo. Py, Y2k GPR LA U R T L B 2, 28 4 5 - W
R 300 um, FLBRR 1%~ 9% (1) ZrO, 3 TBC &
JZ 0 BEALFL B ASE L A B SC 0 FLIRHIE, 32 5 125 U0 AH
R 2R 1.07%~7.62%, T 20 i ] BPNN K
JERTE 32% ., Bl fdi F GPR K B 42 71 489%, X} 42 2%
FLBRIE B (1 TBC L Bl 3 B4 e 318 N M 5 e K e
JE, R LB 0 R ORGSR A A T 0T SRR I
1o EFxt TBC FLBRH A PEAG 0 IR 1 5 FURS &
R B ) B, Li S5 4 R RO 2% 22 R AE Rl A 25 B Pl
o 2 M IC AL T %8, SE N THz-TDS %4l 42
IZFEES R, ST S p (K30 0 1 )5 58
A4 AR Bl A, B SR A WE WE A 4L 58 35 (dung beetle
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MBS TR B N 86.9 mm., MiAG 3 N 304 mm/s B,
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Fig. 6 Flowchart of using machine learning to improve bonding
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TBR) . B LR | Ty o B 55 IR A M e 5 & 4w vl
FEVE, A VAL IGNG X R, e Te br &
b, G5 SHERAE | FFAarEETEAG SE /oK . 1%
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4 TBC ¥, EEREIBFMRRK

TBC 1 4 2 % 2 HL IR 4 0 25 1 R 0 1 1
B B bR, FOT S R SR | A LR B B R
B G 5 T 4 ) 5 M M T e S 0 R A i 5 R
22 4, RV RIS W | (T A T e 50 3 45
(R R B HL T SE AT I e . 5 5 (e
B 7 v T R 0 25 2 ) 2 S S B K L R 7
TP R FEM SO TT K . E 2 (5 245t
BOERIROSCRAE , At L6 S 52 0 e 2k A T
(1 TSR, B2 T TBC 4/ Ay Ji 122 4 48 1
FIRHRTE . 55677 vk ME LR 35 I M e 2 . B4 2
BB, TS TR AR, B2 & S HLAY
AWM T

Wang 257 $2 1 35 T vy /ey 2 DU £ 3 1
BPNN 77 3%, 4 L b 2 F R [ il 5 10 15 2

4G BT 51 A, A AR AR () A S i Pl
BRI M EBRESER SR 3 A S
B, SR IR BRS8N RO R ZE N T
2%, Tt AL Tl RS BE R . Ning 2™ 382 H {530 51
HANN 773, #4985 CMAS f4 M % 102 148 2 P9 AR
EIE, U A5 F T3 A A vk AR Ak, 74 2 (BT 45
PR A BRI RT3 AR IR A T, SRIES I 25005
J 8 Fe RN ) ST REAS PR Y125 ANN J30I0 87 B A
W7, an il 8 Fr i, 45 B R, B 5 vk Ry T
RMSE {2 6%, FEIF AN /& 5 s, 1l FEM #E [ 265~
382 s, BT IEMR 77 5, 3 REHG 1 R 15 W6 ] J5c 30 A 11
TR 1 IX, % e O e, ELRE 1 S R LA 2
BOM DG, A T 4 e 0 HL A A TR 5 4 1 D
filio Ye BB H KB 26T 45 G IR B LR 2 ST 1
J5 ¥, Seil it FDTD Sk A48 64 21 25 10 2 500 i
) A 8 %% B 35015 S 5455 5, WA I v 30T 1 Mg 7 A 4L 51



2026 4%

3308 b3 M2 it KR %% % ik

v ‘
[ Apr | i BEsEAHE N
L ‘ [Ry, Ry, D, 91, 93, i%ﬂ/\
MESE by, b, 0, 92 Pt |
A |
OO0 o o0
Sk ‘ 5 )
L) r.y_:,;é \oooo oo
L] 3
IR °fw‘ OOOOOO
L)% | | L 3 | IS.O @s.| b

JEAT ISR HAR?
Y

BT UG ph 2 I 2 (A1 g
TIAA

K8 EHRSILT ANN RIS R 4y
Fig. 8 Architecture of image and ANN-based prediction model

e I FR 3% )5, P haar /)N U 4 M2 b 38, 3 o0 0 755
YR R 45 2 Rt o ﬁ?ﬁ%%%ﬁ%}&ﬁ%
I PCA RE4E, WD TURAF B 3T ROR, & i
ELM #i%1, {] GA i fk 15 %] PCA-GA-ELM, H T it
M 2 2540 S5, R TE U 1 e S A R |
VIR 5, HROSHEE s P A 8E . 3k Ry v 4
G T KR 25 O R RS HEME S PL AR 5 2] S R
P, BE RTS8 S 2 2 TBC K45 H flt B W, A i as
R BIAILPSA 0) E a AR B ER AIE TOR T

5 HFRIA

TBC AL B HMKIEEIE K ) 5 AL e 2 4
JE SR G S M, e Bl R AR S Y ) —
R T BE A X TBC Y1 RE T >R B\ B — )5 477 )
ZUIRBEE T, AW R T R Y aE— 1Rk ik
52 BARUMEIE AL, AL KSR 98 R A2 00 L 30 1Y) G it
S L SRR TBC i 5 5 1) 45 B ) R R, 3
JBHT CMAS {20t i e S8 ol P AR 5 TRk )
Wb B S T RE, A PRI A - ReT — IR AR AR
Fo SR, PU CMAS 2, FrHUEM: 5 TR 5
H Ar 2 8] 8 47 76 0T B K i il 29 56 R, W IKE
ALSR B 2 BFr ik, Mg “ T 2454 -2
RE” FRA AL, $2 08 P RE P [R) X ], SE R 2 H br-F-1
it

AL Fl TBC W #% 0> & J& J7 I A 4% 3 J7 1 : (DAL
G e E T, DA R A FRPERE LR G PR
AT, fif D 24 1 38 0 R A AZ O L, N T —
IR TBC MR . Qe g RUEE 247 AL 5

[80]

R, B TOW ARORL . A UL B 5 4 5 2 W AR B B 25
B, RS HE AR BT R T -G 2 AR S L, S — 1k
RS . @Al FEUFARA AR, 256 JCHE %
B S A IO U = PR R AL, ik B S B 5
P oRms, SRR AR s A A TR R AR

AL AR N TBC WA & 55 R F Ak T 8 P )
AR LI, A R i 28 Al TR A R A A% O LS
5 TBC MR — B 47 4 B T+ 20k Z2 D) g %4 il 3 i
ARE, A B 0 B — AR = il TBC B & 1 0 M
R, Ay v A S R L. RR AR AL AT R
WA 1Y R R SR A OO M R 4%

2E 3k (References )

(1] #REMe, B AL, XA, Az & sl I 2 A A R 1o
[0]. fiizs 2441, 2000, 21(1): 7-12.

Xu H B, Gong S K, Liu F S. Recent development in materials
design of thermal barrier coatings for gas turbine[J]. Acta Aeronau-
tica et Astronautica Sinica, 2000, 21(1): 7-12(in Chinese).

(2] XUFCR, KUIKEK, ZEBE AR A4S & SHLIRUE R SHLEOR & S
T ) 5 A (3], s 244, 2015, 36(8): 2563-2576.

LiuY Q,LiuTQ,JiL C. Some problems and thoughts in the develop-
ment of aero-engine fan/compressor[J]. Acta Aeronautica et Astro-
nautica Sinica, 2015, 36(8): 2563-2576(in Chinese).

[3] Miller R A. Thermal barrier coatings for aircraft engines: history
and directions[J]. Journal of Thermal Spray Technology, 1997, 6(1):
35-42.

[4] Darolia R. Thermal barrier coatings technology: critical review, pro-
gress update, remaining challenges and prospects[J]. International
Materials Reviews, 2013, 58(6): 315-348.

(5] Fhulbise, B7EEL, M. Soibiizs L s ML IR 2 AR BT
JE()). s E BT ELERR, 2009, 28(9): 18-26.

Guo H B, Gong S K, Xu H B. Progress in thermal barrier coatings
for advanced aeroengines[J]. Materials China, 2009, 28(9): 18-26(in
Chinese).

[6] Morelli S, Bursich S, Bolelli G, et al. Thermal conductivity and
micromechanical properties of plasma-sprayed yttria-stabilized zir-
conia thermal barrier coatings[J]. Surface and Coatings Technology,
2025, 513: 132498.

[7] Rima A N, Rahman M A, Ferdous R, et al. DFT simulation to study
the physical properties of ternary intermetallic materials ACuSb
(A=Ca,Sr,Ba) for solar cell and TBC materials[J]. Computational
Condensed Matter, 2024, 39: €00900.

[8] Liu NN, Dou R F, Wen Z, et al. Correction to: numerical and
experimental studies on the in-situ measurement of thermal con-
ductivity of the thermal barrier coating[J]. Journal of Thermal Spray
Technology, 2025, 34(1): 477.

[9] Schulz U, Saruhan B, Fritscher K, et al. Review on advanced EB-
PVD ceramic topcoats for TBC applications[J]. International Jour-
nal of Applied Ceramic Technology, 2004, 1(4): 302-315.

[10] Mohanraj R, Elangovan S. Incremental sheet metal forming of Ti-
6Al-4V alloy for aerospace application[J]. Transactions of the Ca-
nadian Society for Mechanical Engineering, 2020, 44(1): 56-64.



5510 #

fifet, S PR 2 I AR BT AT T kR

3309

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

SRULDLE, B YL, RIS BRI R BT[] S A,
2002, 23(5): 467-472.

Guo H B, Gong S K, Xu H B. Design of gradient thermal barrier
coatings[J]. Acta Aeronautica et Astronautica Sinica, 2002, 23(5):
467-472(in Chinese).

Liu B, Liu Y C, Zhu C H, et al. Advances on strategies for search-
ing for next generation thermal barrier coating materials[J]. Journal
of Materials Science & Technology, 2019, 35(5): 833-851.

Xu K, Xiao X L, Wang L J, et al. Data-driven materials research
and development for functional coatings[J]. Advanced Science,
2024, 11(42): 2405262.

Jithin P V, Bitla Y, Patidar M M, et al. Structural, magnetic and
electrical transport properties of the sol-gel derived La, ,Ca MnO,
(0<x<0.3) nanoparticles[J]. Materials Chemistry and Physics,
2023, 301: 127651.

Kim H, Lee H, Son H, et al. Ab initio calculations of Nb-based
MAX phases as bond coats for thermal barrier coatings[J]. Journal
of Materials Research and Technology, 2024, 32: 2495-2501.
Ahmed R, Islam M, Hossain M M, et al. A comprehensive first-
principles insights into the physical properties of binary intermetal-
lic Zr;Ir compound[J]. Results in Materials, 2024, 21: 100518.
L, B, BTLAR, 45 AKRPGET 4 8YSZ KMy 1A B Hobs
SEEVERIBTIEN]. KRR, 2011, 1(1): 6-11.

Fan B A, Yan J B, Qiu J H, et al. Hydrothermal synthesis of 8YSZ
nanopowders and their sinterabilities[J]. Hans Journal of Nanotech-
nology, 2011, 1(1): 6-11(in Chinese).

Audigié P, Vande Put A, Malard B, et al. Analysis of void forma-
tion in Pt-rich y-y' bond-coatings for TBC system application[J].
Corrosion Science, 2025, 249: 112785.

Shahbazi H, Vakilifard H, Nair R B, et al. High entropy alloy bond
coats for thermal barrier coatings: a review[J]. Journal of Thermal
Spray Technology, 2024, 33(2): 430-446.

Poliarus O, Morgiel J, Pomorska M, et al. Effect of HT cycling in
air on microstructure of detonation Gun sprayed YSZ/NiCr coating
[J]. Journal of Thermal Spray Technology, 2024, 33(1): 148-159.
Ferrasse T, Costil S, Darut G, et al. Improved adhesion of plasma-
sprayed ceramic coatings on textured ceramic substrates[C]//Pro-
ceedings from the International Thermal Spray Conference. Russel:
ASM International, 2024, 84864: 356-364.

Mia M H, Parvin F, Islam A K M A, et al. Ternary chalcogenides
NbInX, (X = S,Se): a comprehensive investigation of mechanical,
electronic, vibrational, optical and thermophysical properties[J].
International Journal of Modern Physics B, 2025, 39(14): 2550118.
Liu B S, Zhao J L, Chu K L, et al. Unraveling the atomic-scale
mechanisms of hydrogen defects behavior in yttria-stabilized tetra-
gonal zirconia by first principles calculation[J]. Journal of Ad-
vanced Ceramics, 2025, 14(7): 9221099.

Qu D B, Cai Z H, Chen T Y, et al. An advanced methodology for
nondestructive measurement of thermal barrier coating thickness via
point cloud processing[J]. Journal of Thermal Spray Technology,
2024, 33(1): 51-70.

E P, S, AR, 45 SedbiEs R APl IR RE IR B BT
JRIT]. Aiizs bERLA4R, 2024, 44(5): 48-69.

Wang Y D, Guo Q, Zhou Q J, et al. Research progress in high tem-

perature functional coatings for advanced aeroengines[J]. Journal of

[26]

[27]

[28]

[29]

[30]

(31]

[32]

(33]

[34]

[35]

[36]

[37]

(38]

[39]

Aecronautical Materials, 2024, 44(5): 48-69(in Chinese).

Kiiciik Y, Oge M. Elevated temperature wear behavior of FeCr slag
coating as an alternative coating material for caster rolls[J]. Protec-
tion of Metals and Physical Chemistry of Surfaces, 2022, 58(1):
119-128.

Che J W, Liu X Y, Wang X Z, et al. Ultralow oxygen ion diffu-
sivity in pyrochlore-type La,(Zr,,Ce,;),0,[J]. Journal of Materials
Science & Technology, 2022, 102: 174-185.

Sokolowski P, Kielczawa T, Musalek R, et al. The behavior of
plasma sprayed thermal barrier coating with laser microtextured
bond coat under high temperature testing[J]. Surface and Coatings
Technology, 2023, 453: 129095.

Wu Y S, Wang Y, Gildersleeve V E J, et al. Laser thermal gradient
testing of air plasma sprayed multilayered, multi-material thermal
barrier coatings[J]. International Journal of Applied Ceramic Tech-
nology, 2022, 19(5): 2632-2647.

Kumar D, Pandey K N. Experimental investigations of sol-gel pro-
cess parameters for wear reduction on thermal barrier coated
AA2024 aluminum alloys with the use of Taguchi-based optimiza-
tion[J]. Sadhana, 2020, 45(1): 187.

Mori K, Suga C, Hasegawa J. Development of elastic modulus mea-
surement system for multilayer thermal barrier coatings at high tem-
peratures by impact-excited vibration[J]. Journal of the Japanese
Society for Experimental Mechanics, 2021, 21(3): 215-221.
Abdelgawad A, Al-Athel K. Effect of TGO thickness, pores, and
creep on the developed residual stresses in thermal barrier coatings
under cyclic loading using SEM image-based finite element model
[J]. Ceramics International, 2021, 47(14): 20064-20076.

Yu C T, Liu H, Jiang C Y, et al. Modification of NiCoCrAlY with
Pt: Part II. application in TBC with pure metastable tetragonal (t')
phase YSZ and thermal cycling behavior[J]. Journal of Materials
Science & Technology, 2019, 35(3): 350-359.

SRULNE, L, TR B e el AR TR 2 B ] A AR
WFTHEREI]. A2 542, 2014, 35(10): 2722-2732.

Guo H B, Gong S K, Xu H B. Research progress on new high/ultra-
high temperature thermal barrier coatings and processing technolo-
gies[J]. Acta Aecronautica et Astronautica Sinica, 2014, 35(10):
2722-2732(in Chinese).

Kunjl Purayil S K, Puthiyaveettil N, Chakravarthy V S, et al. Simu-
lation-assisted Al for the evaluation of thermal barrier coatings
using pulsed infrared thermography[J]. Journal of Applied Physics,
2022, 132(6): 064902.

Zhu W J, Gan M D, Ye B, et al. Optimization of the thermophysi-
cal properties of the thermal barrier coating materials based on GA-
SVR machine learning method: illustrated with ZrO, doped DyTaO,
system[J]. Materials Research Express, 2021, 8(12): 125503.

Chen L H, Tran H, Batra R, et al. Machine learning models for the
lattice thermal conductivity prediction of inorganic materials[J].
Computational Materials Science, 2019, 170: 109155.

Halloua H, Elhassnaoui A, Saifi A, et al. Neural networks and
genetic algorithms for the evaluation of coatings thicknesses in
thermal barriers by infrared thermography data[J]. Procedia Struc-
tural Integrity, 2017, 5: 997-1004.

Halloua H, Saifi A, El-Amiri A, et al. The processing of active

infrared thermography data by a hybrid neural algorithm for the eva-



3310

B[ AN S P NIV

B 2026 4F

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

luation of thermal barrier coating thicknesses[C]//Proceedings of the
6th International Renewable and Sustainable Energy Conference.
Piscataway: IEEE Press, 2019: 1-6.

Zhang J Y, Meng X B, Ma Y C. A new measurement method of
coatings thickness based on lock-in thermography[J]. Infrared Phy-
sics & Technology, 2016, 76: 655-660.

Sun F S, Fan M B, Cao B H, et al. Terahertz based thickness mea-
surement of thermal barrier coatings using long short-term memory
networks and local extrema[J]. IEEE Transactions on Industrial
Informatics, 2022, 18(4): 2508-2517.

Sun F S, Fan M B, Cao B H, et al. THzResNet: a physics-inspired
two-stream residual network for thermal barrier coating thickness
measurement[J]. IEEE Transactions on Industrial Informatics, 2023,
19(7): 8328-8339.

Yuan B H, Wang W Z, Ye D D, et al. Nondestructive evaluation of
thermal barrier coatings thickness using terahertz technique com-
bined with PCA-GA-ELM algorithm[J]. Coatings, 2022, 12(3): 390.
Wang Y, Cui SY, Yu Q M, et al. The effect of pore structure on the
erosion resistance of air plasma sprayed thermal barrier coatings on
finite element simulation[J]. Scientific Reports, 2025, 15: 26032.
JElE, 257, (T, S BERR R AR SR (D], A1EFTAR, 2006,
20(10): 40-43.

Zhou H, Li F, He B, et al. Research progresses in materials for
thermal barrier coatings[J]. Materials Reports, 2006, 20(10): 40-43
(in Chinese).

Evans A G, Mumm D R, Hutchinson J W, et al. Mechanisms con-
trolling the durability of thermal barrier coatings[J]. Progress in Ma-
terials Science, 2001, 46(5): 505-553.

Zhang S X, Lv G L, Guo S F, et al. Porosity characterization of
thermal barrier coatings by ultrasound with genetic algorithm back-
propagation neural network[J]. Complexity, 2021, 2021: 8869928.
Ma Z Y, Zhang W, Luo Z B, et al. Ultrasonic characterization of
thermal barrier coatings porosity through BP neural network opti-
mizing Gaussian process regression algorithm[J]. Ultrasonics, 2020,
100: 105981.

Li R, Ye D, Zhang Q, et al. Nondestructive evaluation of thermal
barrier coatings’ porosity based on terahertz multi-feature fusion
and a machine learning approach[J]. Applied Sciences, 2023,
13(15): 8988.

AR, SRk, BRI, A5 BRI 2 R KRR HE AR ].
WUZS AR, 2018, 38(2): 10-20.

Xue Z L, Guo H B, Gong S K, et al. Novel ceramic materials for
thermal barrier coatings[J]. Journal of Aeronautical Materials, 2018,
38(2): 10-20(in Chinese).

HRHE, Uk, 9, . B — AU R AR BT[], b
BEFR, 2012, 32(6): 14-24.

Zheng L, Guo H B, Guo L, et al. New generation thermal barrier
coatings forultrahigh temperature applications[J]. Journal of Aero-
nautical Materials, 2012, 32(6): 14-24(in Chinese).
Unnikrishnakurup S, Dash J, Ray S, et al. Nondestructive evalu-
ation of thermal barrier coating thickness degradation using pulsed
IR thermography and THz-TDS measurements: a comparative study
[J]. NDT & E International, 2020, 116: 102367.

E Ly, O, AF BRSNS R A KA T R B I
PLEERFSE)]. KIEHAR, 2026, 55(1): 198-207.

[54]

[55]

[56]

(57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

Wang F, Dong H, Yi J, et al. Near-exponential growth mechanism
of thermally grown oxide in double bond coat[J]. Surface Techno-
logy, 2026, 55(1): 198-207(in Chinese).

Wang Z Y, Zhao M, Wu R F, et al. Non-destructive evaluation of
thermally grown oxides in thermal barrier coatings using impe-
dance spectroscopy[J]. Journal of the European Ceramic Society,
2019, 39(15): 5048-5058.

Hutchinson J] W, Evans A G. On the delamination of thermal barrier
coatings in a thermal gradient[J]. Surface and Coatings Technology,
2002, 149(2-3): 179-184.

TREAM, B AL, AR, SRR DI RE AT A [ S AR AE BV
[9]. P E A RLIERE, 2011, 30(9): 1-12.

Xu H B, Gong S K, Jiang C B, et al. Solid-state phase transforma-
tions and theirapplications in special functional materials[J]. Materi-
als China, 2011, 30(9): 1-12(in Chinese).

Luo M T, Zhong S C, Yao L G, et al. Thin thermally grown oxide
thickness detection in thermal barrier coatings based on SWT-BP
neural network algorithm and terahertz technology[J]. Applied
Optics, 2020, 59(13): 4097.

LiR, Ye D D, Xu J F, et al. Multi-scale analysis of terahertz time-
domain spectroscopy for inversion of thermal growth oxide thick-
ness in thermal barrier coatings[J]. Coatings, 2023, 13(7): 1294.
Ning L Y, Cai Z W, Liu Y Z, et al. Conditional generative ad-
versarial network driven approach for direct prediction of thermal
stress based on two-phase material SEM images[J]. Ceramics Inter-
national, 2021, 47(24): 34115-34126.

Shi L C, Long Y, Wang Y Z, et al. Evaluation of internal cracks in
turbine blade thermal barrier coating using enhanced multi-scale
faster R-CNN model[J]. Applied Sciences, 2022, 12(13): 6446.
Shan X, Huang T M, Luo L R, et al. Automatic recognition of mi-
crostructures of air-plasma-sprayed thermal barrier coatings using a
deep convolutional neural network[J]. Coatings, 2023, 13(1): 29.
Blanchard F, Kadi M J, Bousser E, et al. Effect of thermal ageing on
the optical properties and pore structure of thermal barrier
coatings[J]. Surface and Coatings Technology, 2023, 452: 129080.
Abedini S, Dong C S, Davies I J. Multi-objective particle swarm
optimisation of multilayer functionally graded coating systems for
improved interfacial delamination resistance[J]. Materials Today
Communications, 2020, 24: 101202.

Szala M, Latka L, Awtoniuk M, et al. Neural modelling of APS
thermal spray process parameters for optimizing the hardness,
porosity and cavitation erosion resistance of Al,O,-13 wt% TiO,
coatings[J]. Processes, 2020, 8(12): 1544.

Xu P C, Chen C, Chen S Z, et al. Machine learning-assisted design
of yttria-stabilized zirconia thermal barrier coatings with high bond-
ing strength[J]. ACS Omega, 2022, 7(24): 21052-21061.

Dehestani M, Khayati G R, Sharafi S. An improved optimization
model to predict the microhardness of Ni/Al,O; nanocomposite
coatings prepared by electrodeposition: a hybrid artificial neural
network-modified particle swarm optimization approach[J]. Mea-
surement, 2021, 179: 109423.

ZhuJ W, Wang X Z, Kou L Y, et al. Application of combined trans-
fer learning and convolutional neural networks to optimize plasma
spraying[J]. Applied Surface Science, 2021, 563: 150098.

Ding Y Y, Zhang Y C, Chung H Y, et al. Machine learning-based



5510 #

fifet, S PR 2 I AR BT AT T kR

3311

[69]

[70]

[71]

[72]

[73]

[74]

[75]

modeling and operation of plasma-enhanced atomic layer deposi-
tion of hafnium oxide thin films[J]. Computers & Chemical Engin-
eering, 2021, 144: 107148.

Yu K R, Cojocaru C V, Ilinca F, et al. Ensemble methods for APS
in-flight particle temperature and velocity prediction considering
torch electrodes ageing[J]. Journal of Thermal Spray Technology,
2023, 32(1): 175-187.

Zhu H, Li D P, Yang M, et al. Prediction of microstructure and
mechanical properties of atmospheric plasma-sprayed 8YSZ
thermal barrier coatings using hybrid machine learning approaches
[J]. Coatings, 2023, 13(3): 602.

Ye D D, Wang W Z, Xu Z, et al. Prediction of thermal barrier coat-
ings microstructural features based on support vector machine opti-
mized by cuckoo search algorithm[J]. Coatings, 2020, 10(7): 704.
Zhan T Z, Fang L, Xu Y B. Prediction of thermal boundary resist-
ance by the machine learning method[J]. Scientific Reports, 2017,
7:71009.

Gao R P, Mao W, Wang Y R, et al. Intelligent life prediction of
thermal barrier coating for aero engine blades[J]. Coatings, 2021,
11(8): 890.

MaZ Y, Sun L M, Chen Y J, et al. Ultrasonic prediction of thermal
barrier coating porosity through multiscale-characteristic-based
Gaussian process regression algorithm[J]. Applied Acoustics, 2022,
195: 108831.

LiuZY, Yang L, Zhou Y C. A multiscale model integrating artifi-

[76]

[77]

[78]

[79]

[80]

[81]

cial neural networks for failure prediction in turbine blade coa-
tings[J]. Surface and Coatings Technology, 2023, 457: 129218.

Tan Z X, Zhong S S, Lin L. Trans-layer model learning: a hierarchi-
cal modeling strategy for real-time reliability evaluation of com-
plex systems[J]. Reliability Engineering & System Safety, 2019,
182: 120-132.

Liu H, Sun J Z, Lei S Y, et al. In-service aircraft engines turbine
blades life prediction based on multi-modal operation and mainten-
ance data[J]. Propulsion and Power Research, 2021, 10(4): 360-373.
Bodenschatz C J, Saidi W A, Stokes J L, et al. Theoretical predic-
tion of thermal expansion anisotropy for Y,Si,0, environmental bar-
rier coatings using a deep neural network potential and comparison
to experiment[J]. Materials, 2024, 17(2): 286.

Wang W, Ren Y, Hu J F, et al. Simultaneous inversion method of
thermal barrier coating parameters based on electromagnetic/capa-
citive dual-module sensor[J]. Review of Scientific Instruments,
2023, 94: 015002.

Ning L 'Y, Cai Z W, Zhao X F, et al. Fast stress evaluation of the top
coat of thermal barrier coatings under CaO-MgO-Al,0,-SiO, pene-
tration based on image recognition and an artificial neural
network[J]. Ceramics International, 2021, 47(13): 18252-18261.

Ye D D, Wang W Z, Yin C D, et al. Pulsed Terahertz spectroscopy
combined with hybrid machine learning approaches for structural
health monitoring of multilayer thermal barrier coatings[J]. Optics

Express, 2020, 28(23): 34875.



3312 b w5 it = it K K % % 4 2026 4

Research progress on intelligent design of thermal barrier coatings
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Abstract: The sustained escalation in aero-engine thrust-to-weight ratios and turbine inlet temperatures has
established thermal barrier coatings (TBCs) as an indispensable solution for surpassing the intrinsic temperature limits
of hot-section components and ensuring their long-term service reliability. Nevertheless, the service response of TBCs
involves exceedingly complex thermo-mechanical-chemical (TMC) multi-field coupling and cross-scale damage
evolution, which poses severe fundamental challenges to conventional single-scale experimental and analytical
methodologies. This review systematically summarizes the advances in conventional and advanced modeling,
simulation, and analysis techniques for TBC and further extends the discussion to the application of artificial
intelligence (AI) technologies. The study aims to provide a systematic overview of analysis methods for TBC service
behavior and structural optimization strategies for coatings and to promote the implementation of proactive
maintenance strategies. The technical methods covered include thermal conductivity modeling, thermal stress
simulation, crack propagation analysis, and mechanical behavior studies of TBC systems, which predominantly rely
on diverse techniques such as multiscale modeling and finite element analysis. The paper focuses on the use of Al in
TBC simulation, including data-driven modeling approaches and machine learning algorithms such as support vector
machines, random forests, neural networks, and deep learning. The findings indicate that Al holds the potential to
revolutionize TBC technology in multiple respects, encompassing material and structural design, performance
optimization and prediction, condition monitoring, fault diagnosis and health management, and remaining useful life
(RUL) prediction, while significantly improving prediction accuracy. Novel TBCs are anticipated to offer robust
support for next-generation aero-engines to transcend temperature limits and achieve improved efficiency and
reliability with ongoing advancements in the intelligent design of new materials.
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