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Abstract: Precision casting is the primary manufacturing process for core components of high-end critical equipment such as turbine
blades for aero-engines and gas turbines, which directly determines the quality and performance of components and affects the
efficiency and reliability of high-end equipment. Nevertheless, the precision casting process still faces challenges including casting
defect control, dimensional accuracy and deformation control, and casting quality inspection. The rapid advancement of artificial
intelligence technology offers new technical approaches for investment-casting process optimization and casting inspection. This
paper systematically reviews the research progress of artificial intelligence in the field of investment casting. It mainly covers the
applications of artificial intelligence in the preparation of key intermediate products including ceramic cores, wax patterns, and
ceramic shells; the advances of artificial intelligence in assisting defect-performance control and dimensional control during casting

solidification; as well as its applications in casting inspection, involving surface and internal defect detection, metallographic
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microstructure analysis, and other aspects. Finally, the advantages and challenges of applying artificial intelligence to precision

casting processes and casting inspection are summarized, and future research directions are prospected: (1) promote the evolution of

artificial intelligence from empirical prediction for individual process links toward unified full-process and multi-scale modelling;

(2) drive the transformation of investment casting from independent shape control or performance control toward coordinated shape-

performance regulation; (3) develop physics-informed neural networks tailored for the investment-casting process; (4) realize the

transition of investment-casting processes from offline optimization to autonomous closed-loop control; (5) large-language models

provide new technical pathways for the intelligent development of precision casting.

Key words: artificial intelligence; turbine blade; precision casting; shape and property control; casting inspection

W 2 R AL RS LIRS 2
ST R R R D T LIS R )
BUA, Hofe 1 2 R A AT e SR R . N
TR IR R T R AR, S AR
25 DG, FEAE YRR T 2L A Tl , TGS A
W 5 2 (0 1) B G e B s L R s
B8 3 728 R~ B R 2 JLAAT 2 D 5 F 5 2 1
TR 34, AT A o s AT ) S R A
Z—, IR Z R SIRARFGE Y

WS T 2R E 2, LR F A E 2
25 O H 0 R, FG A 7 R 455 B O 5
o | WERTE ST AR | BRI S SR LI
SE T 25 B TR LUIRSE I RS 5 s
W, EpEREEmE " giR, S AN

T 53 Ry B R, (91 B et ot A o R SR
AR T | WA SR A B0 2 i R A T
PRS2 IR BE IR AN £ 5 | g e R e L B B2 5 | 2 114
ZARRA RN | R S R S Y T
UL AT R PR AL, K i AR 22 5
GG, 5 1E L TR G55 B, RA S
BEJELRA 2% Vo HIE S RS . A 4 B 25 5 1 R Ak
IEI%JE[MO] i

LG5I« sl R LT J2 2 B 5
TR B S50 B AR TSR L LR ER T
S5l FCILARDRE BE 5 el ol 1 B2 56 2R 5 % LI
W LRI RAE A Ao ] S2BRS T 2 MRS i i
THE AL, A A B BT 7 B, M Sh RS
B “PIBEME” BORRIE, ATl m A i

Graphite
heater_|¥y-

Holding

Liquid alloy_ furnace
Soli Sieh
alloy -
Process
Optimization
Molten salt pup Surface
Metallurgical inspection
defect control .
[ \
Part2 | Part3 \
Material - - Inspection Microstructure
Design [ methods ] Inspection
.
Dimensional
Control Industrial
computed
tomography
(ICT)

Dimensional Fluorescent
control penetrant
inspection

1R R e e

Fig. 1 Schematic diagram of the whole precision casting process for turbine blades”



9 1]

N T REAENS B 1 B W PR DN b f) R A 5 2 19

A DM AL, BB R o R T
TR IR T I S B 9 B A Ty 92 8 B A
TN T 2850, FETERORAR N TR 25 25 ), ELVE L
T B2 6 0 5000 T R s TR BN | i 1 B 2 B
W4, BRI %, i T 2 o e 1 — B
P 5 AT SR e L ARk, AT R
AR AL R R BE, VE o HE 5t s 5 (1 o
SR F3, 1E 5|40 247l S s o kA e g
1 T4 REAE RS20 . R AE B 5 TR0 | e Ak )
WA DT T RO 3, AR R TSR B s T
Al 5 5 42 S 4 B AR (O TR RE . T2 REAE RS
v AT S SR R e 1T R, b
BB AR A AL T, X TR BRI 5
FL2s R AL BRI I 2 B S 10 TR
HikRe, R EERE L,

A TAER R MORE B 553 v ] B4 A0t A
RS (T, B 1 Y, T O B
W 4R T RE L, B G0 E T A8 REAE S 254
BRI IE . N TR e R 55515 20
e R I 5 SRR g 211212 0
i e, B T REFERS B i« 0 -
PRI TSR e bR 2 R e R 4
TR RE AT FLVR, A 8N T2 e e 158 5 P e 5
PERERS I R TP %7 T MOBF5%; 19, R AT
S HEAERS I LB | A AR B RE SR I 4T o
(9 R R LU, B N T8 REAE RS 25 v T2
DAL 55 5 A o Fr 1 48 5 S T 1 Fr Pk, et
HAHFTE T AT IR, g N T8 A 2 5 400
BUORHIRRIE S TSR R AN AR S 5 5
RIRITIE S

1 NTRRELERTEHE G SR A e it

Table 1

Evolution and development of artificial intelligence in precision casting

Stage Core objective Key technology

Typical application and achievement

1 Single-process Machine learning, statistical Wax pattern shrinkage prediction[m, core shift predictionm], casting
prediction and regression and so on solidification time predictionm], and defect counts estimation'”"”
optimization

2 Multi-process and  Deep learning, transfer learning  Core sintering deformation prediction [2117 blade shrinkage

. . [22] . oo (23]
multi-field and so on prediction ~, casting defects recognition =, microstructure
.. . . . [24-25] . .
prediction segmentation and quantification , and cross-stage dimensional
error compensationm]
3 Intelligent decision Digital twin, more complex deep Multi-objective process optimizationm'm, intelligent correction

making and closed- learning, physics-informed neural integrating cost and qualitym] , and prediction and real-time

loop optimization networks (PINNs) and so on

interaction of stress fields in blades

[30]

R 2 OMWEHEGE R N R BEROR BN R S R

Table 2 Application scenarios and achievements of artificial intelligence technology in the whole process of precision casting

Casting stage Challenge and objective

Typical application

Core and shell Material optimization, strength or
preparation other properties prediction

Wax pattern Dimensional error control and anti-
injection deformation compensation

Solidification and  Prediction of solidification defects

property control evaluation of mechanical properties

and castings quality optimization

Casting dimensional Casting profile prediction and internal Wall thickness predictionm] and hollow blade shrinkage[2

accuracy control cavity dimensional errors and wall

thickness control

Casting defect Automated recognition of surface

detection defects and identification and

quantification of internal defects
Microstructure Identification and quantification of
analysis microstructural features

optimizationm'm, and diagnosed shell deformation

wax pattern deformation

defect detection

. . . . [21] . .
Ceramic core sintering deformation =, ceramic material formulas

[33]

Wax pattern shrinkage prediction[34], core shift prediction[m, and

[36]

[37]

Casting solidification time predictionm], scrap weight prediction ",

[30]

tensile strength prediction[m, real-time reduced stress prediction ™,

[39]

2]

Blade defects detection[m, fluorescent penetrant inspection( FPI)
defects detection'"", ICT image segmentationm], and X-ray images

[43-44]

Creep structures segmentation[m and automated identification and
tracking of dendrite 5]
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Table 3  Application scope, advantages, and limitations of typical artificial intelligence models in “core-wax pattern-shell”
preparation process

Type Application scope Advantage Limitation
Machine learning models (SVR, Dimensional prediction, process Robust and Weak in image and spatial
GPR, RF, and XGBoost) optimization, and property evaluation  interpretable features

Shallow neural networks
(GRNN)

Deep learning models (U-Net)

Property prediction and process-
property modeling

Spatial prediction tasks

Graph-based learning models
(GNN)

Material-property prediction with
topological relations

Strong nonlinear
fitting and flexible

Sensitive to data quality and
hyperparameters

Strong feature
extraction

Needs large datasets and high
cost

Good at modeling
structural relations

Complex architecture and high
modeling and training cost

AU 2 SRR TR RURE | g AT 2RI T 55 H
bro Forb, ANEEARZE R AL R B T 5 SVR S5 HLA%
I TUNITRJZ R 2 2%, B4l A I8 FI 25 18] 37004

AL

LI 4 ] AU % B R AR TR P 2 A AR

2 BHHERETZ

TEAG S VRIE TR, R DRI 5 e [ 2

T i R AAERE S R AL T2, T AR
A HARE TS BBERY “ IRt | RIS A fa )
VBB SROLA IR . &BBTER S
HNARAT g, RE B 1 B 2 LR R JEE 5 T e
Pho [RIE, 38 i i BE R ) 22 5 B 122 5, Bk
SE THOW AR IR G5 K | 27 P BB S PN B R e 23 A o
I, AT 1) A2 i BIALI P S e PR ARG A0 5
&, RRIFR A “RIEEE T BOR, XHE



559 1]

N T REAEN 5 i S P AR P ) 1o AT S 2 23

BRI TR R A LA S L
2.1 ARERESHEREET

8 [ 2 ) 2 e P L L i 1 A R
Ao LA e TR A A S 1 B AR R 481,
A4 B IR A A R OCHE T, W R
BRI AR 2R A S,
I b LB R O IR B e e L A
BE /N E T AR Sl O, A 4(a) ~ (¢)
Bk . BRI, SCB0 T 2 b 5 04k, w4
PEIE 4 R R T, AN, SEE S s S
BRIy MR SE | T2 R T R S 2 SURHAE , %
SR T VRIS | R RE M A SR MR B A
PR PRI, S B0 0k R 1 42 o 5 A
AT 0 e 11 56, T 42 B il L
YA 4 BRI DR AR

TRBEAR LB RS B | B AR, 5B T2
B 2 ERRNE T S, BT 2L S S r b
UL AT 94 R B 4%, Rosnitschek 25" 45ty —Ff
T L] A AE 1 b 22 ) 45 0 A0 TR HE 4 5 ot
AutoML H 3118 & W 45 4444, If-45 4 Hyperband i
FF RSB, H55 0 3 140 o [ 000 A5/ N
it 4 R, SR TIE T AT AE SR 7 e A A 4
FEE 5 T A A . TR RS S T
BB ACMERE, Yu 2" RO IR Sh 1
T RGP Y, K A% W) 3 2R %X (radial basis
function, RBF) 5 TR 115 AL, &, 57 T# 7
Ji REER AL 6 A SR ), T
ProCAST 0125 SN 2R BRAR AR, 5B AL % 1Y
R T3 5 28T, TR 22 10K 0.29%, WPl 4(d) T
o HEFIZARFEBRALIG 0 T 25 0, BT

O Freckies | @

LB, $m e i, A iRIU S T2
HRA RSB 4 A 3 T 28, Warriner %
TR T TUMRE S USRS, 25612 FHIRUG 57 HI R
[ AE L= N N A e VA 81 i 2 W 1 N i
AR T ARHE, B 3h A UL 'E B AR, 52
BTSRRI S 1 A0 JR ARSI, 3 4
LB BRI . FEB b T Jy 1, BE R sh
RIEB A SEHHE 40 T e 45 il B M, 3N o5
i 3 AR B R 1 B TR T S A
IR 28 S L= S Bk, PR\ B g A
SR B TN AL, 255 Bl SHAP 4344 75 X B A
B, N T AL T ), FEB5 2 ThT e Tl Jy i,
Chen %57 5 i 4% 35 B WL (extremely randomized
trees, ET) 5 SHAP S A% & B8 SR S AR Y, %
A 51 4E s, 8 DUt B Ak Il 25 ET LAY,
PR R 220N 16,99 kg, SCILEAE BT . ]
i, d 3t SHAP 43, #a7m i i i A LR 45
T = A AR B s e AR BB ) E N R, TR
Bt TR RO R T T 2 T R T
PG SAE B T AR 2 a2 78 ik
11, Del Vecchio 27" 4 FH# 1 4L support vector
machine, SVM) 5 T. 2 {4 R A 45 & A0 AL s 2
SR SVM X I | B 64T 932, I 300 1) 4 B A0
T A E . FESEERN T, 207 55 he 0 2 R AR B
BB A AL 4%~ 7%, FAE 5 ik 0 AR
B AR A R B R Bl i 5 5 o

TEF BRI 1) T 245 H Bl b, RS e 45 HEs
G HFEREE R E T —2 Hin. BamtEaeir
Aty 32 AR 25 50 I T 5 IR R S, AR AE RIS
BA T MELA A A A R BR . BFE N BT R 2

s N

Input

[ Alloy temperature | [Shell temperature|| Diameter |

| Length | | Heat transfer coefficient | |Ve|ocity|

model

& 4

Fig. 4 Typical defects and data-driven porosity prediction models for investment casting[
(c) micro-porosity; (d) data-driven prediction of casting porosity

SR BB KB TIR S ke R v LB 3 Ty (o400 ©8)

| 1.Average porosity | | 2.Maximum porosity

Casting yield

\_ Output J

(a)Z% s (b)BEHE; () Hiks; (d)BRIRSh e LB

64-66, 681

(a) stray grain; (b) freckles;



24 o= M

B W 5 46 %

FEEPERE AR RE TN 5 PL AL A, I 4k T 224k
Pz AL AL, SRR S R T A O

PRGHEE AL N T R E IR G SR T2Z
B AL, 24745 5 S LRSS ) B Re AL o
B, REZAE R G SR s T 280, 1

VR BE 22 ] TR, 45 G046 538 SC 0 H sh 24K
Fho ERIGUEFRM, LAL)E S E06e 0 1 =R

MR A 12 PR BE R R 1T S . Wilk-Kotodziejezyk
U X R E RE TN EAT T RGHFE. R RF,
XGBoost 55 Z R IEXHrhism B | i i B AE 5 I
KA PR RRHE T . b XGBoost R M A,
Frhrsg BT R 355 0.82, [FHFFF & T 3 FA4H %
PR 5 ABSE A I B0 b A TRk R O R 429% 1)
BAEEAN 2 0] K, W T 2R T
MR RE I T H SR S siA £ H

RO ALHER, Wilk-Kolodziejezyk 45 2 41 H il 4 1
A R T R BSOS s AR AR, SR TR & =X
14 Z WK 3] XGBoost M fEAL AL, FI7E 10 s N 58 B
oo ZEREW], ZABITE IR B2 5 T2 # e fe
R 2ZE/NT 5% B [a B, S 30 AR A B IS I s 1k 3
22%, F/NEHE IRAR G R T BE S B B IE
YRR AR . RAER SSRGS ST
o A T R A T R AR R R, SRR s R S
S SRR A i 0 SRR . AR
S 4 BRI A A 5

2, T e A T e R i IR AR, 3 ok 47 AR

gy LSRR E 22 &R, SEIA 4 o
W, Virdi 267 #2145 45 (least absolute
shrinkage and selection operator, LASSO ) 5 %t T Jifi

HLFR AR 1) A2 1 355 £ (variable selection using random
forests, VSURF ) X[ B 5 1iF 98 £ 5 ¥, 1F 25 4
Bl AR b AT G L TR
XGBoost #5#A Hr, Fr 4 58 B I R 5 B2 T 152 25 43
% ZE 10.5 MPa 1 9.0 MPa, S 5 B 45 1 1 28 o
EREMLERER . RN R R,

Sata % 7% ST T LA KU, 4 1 LA S AT
(principal component analysis, PCA ) [% 4 5 i 22

24 FZ It H ( multivariate regression, MVR) FHZE &
R, JEF 800 4PIK 24 4t T.25- i Akt , 3@ ik
PCA [54EJ5 S 2 30 77 2# PERE Y [R) 26 A BE T,
TN 4 25 5 #1422 (root mean square error, RMSE)
LR 17 MPa, FE4& 4L 7 Z 50 | AR A A 7E Ze 1
REVEAG T o 7RSI A 2 iy 10 ) 3% 50 J7 1, Mou
450l T ffke R R R 1 U B AR )
XELLPEAR, $2 36T RN 2% ( graph convolutional

network, GCN ) A EUCFZR A AR B A7 BROT IS b
TS RN {5 R AL R RIS, W] o A A il 5 2
{h 10.6 MPa, &G A BRI finite element method,
FEM) FAI% 829%, 2BV 3373 14 e O LIS I 0000
2.2 JLER~H¥=

SR RS B kG R, e A 2 e KT
MIRZOFEbR . FEBEER AN B D, WA & B 4 i
A WAR | e s AN S s 3 AP B, anfelrE B
X — I S B S OR g Se ARG
BTV FE TR 28 56 I A 2R A SR i iR IR
B, MELL R S S5 A R ks B K . B
A E S 1 5 01500, 5 TSI
G575 I 1 5 e AR, S I 22 5 2 B F 7
B TN BRI, ST X £ TR R A iR 2% B
L APRHEL AR AR TR 45 S PR T O, BT A
1 B L BRI AR TRIYE ) JRy FRAK SR I 3%

&S R € eI E S YN X By NN RO £
9 i R R T 5 M = TR P PR A, R 4R R B
ROTFS AR 0 HR B . B ER S T2
G W0 B S LA 2, R AR B B
ISR S AR B v b B RS Tl 5 MR &R, HES)
Rl B AR SR A ki . FEREIR . &
S AL 25 DGR RS g R 0 T T, 22 A s
S R JE B £ S PERE . XS T BEJEE, Dong 45
PR — PR B R S A AR 7 R
ARG SRR S A RE, R AR B2 2] 5
SR P81 D %) LA JRE TN, P M 4 o
22 (mean absolute error, MAE )} 3.38 pum, 3150}
[0 #5455 FEM 46 %4 98%, WDk sk ba i, 2
FEARAE 772 BAS o o 1 W) e i B 4 2 2 A5 A0 14 1Y
AT A B A Wang 457 B X BR-BR 45K R A
EH5F, 2 RBF B IXsh AR, il g Gleeble 146
HET K4169 A4 7E 600~1200 °C F 3i-28-Fh Ak 56
R, BEP0T RS A BRITEAN, SRR BCHE T
145532 11 (non-dominated sorting genetic algorithm
II', NSGA- 11 ) %t £ H ¥R Ak, PR IR B REAL 2
0.643 mm, I5F] CT6 Gl ZMARLET LA T IS
6] B /N R4 2 0.5 h LAPY, SEER S i 111y
H B AL BT B A it e 1T, B RA T2
PACTHERCR . S T oS 25 e Wie i M L J]
Dong % 220 9 5 BRI 22 M 2% ( convolutional neural
network, CNN)#E#Y | L) ProCAST A BRIGZs R o #t
fiff, A 1D-CNN BRI, SCELAS 0 i 48 0 i
25 3R R B TN, TR 22 (R 0.03%, AL S
67 B2 6 97%. LA, Tian 577 $R LS &
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] 1% & 1 25 I 4% (back propagation neural network,
BPNN) A i o~ AR A58k, LU S50
BN, A = AR AR AR S s i =k IRl SR R 2L GE
i R ER AR AR S I o B iR 25 L R AUE TE R AL, LB
AN RA AL 5 B TLART SR Sl A, g8 4 Tl i 22
/NF 015 mm, BEPLTALGRIA B, R T iRk
L MR ER B 2L B IR 2 i, BB 4R
FE T 5 ) i R 4B A Ak s B A T
7k, BT WO RTF R EBAE, hZ2 s #F T
B AR R MM i e 22 . LR ey ik

LTI FH , A i 25 55 A2 RUST 428 il D22 9 M o) i
DM R R AR, Aol % W 1 W B AL RN Ak
R BE 5 I SR
2.3 N

B X E [ i Fa 5 v R AR R A RN TR e
AU AR AL, 2% 4 RGEAGNAS [R]85 325 (4 1o H
JLHE L EBS RRRYE 3 AN, B E, HE E S
Fe 5 PR AR i b ) N T RE I FH IE PR AR 4 1Y B —
SR, 32 25 B ) 1T ) 5 2 25 (B OCHK . 2 IR AR
G52 Binth R LA

4 BEOFREENS ROTE G TN TR RE SRR ) I G R D35 R fR
Table 4 Application scope, advantages, and limitations of typical artificial intelligence models in solidification and dimensional
control of castings

Type Application scope

Advantage Limitation

Surrogate and machine learning
models (RSM, RBF, and GPR)

Surrogate prediction, process

Ensemble learning models
(XGBoost, RF, and ET)

Defect prediction, sensitivity

Shallow neural networks
(BPNN)

Deep learning (GCN) Field prediction and topology-

related modeling

optimization, and defect control

analysis, and property regression

Process-microstructure-property
mapping and property prediction

Fast prediction and low
computational cost

Weak in complex topology and
high-dimensional field
representation

Robust and interpretable Weak in spatially coupled

relationship modeling

Strong nonlinear fitting
and flexible

Good at capturing spatial Complex modeling and high
and topological relations deployment cost

Sensitive to data quality and limited
interpretability

3 FHHRAEAR

LG E AN T R 55 UG b 31 1
Bk, AEERCRAR R SR L VPR o L —
LG RIRE, AL, BGOSR S
TRERE, JR BRI L | R 2 Fk | REA
RIS —F IR . DINLESSE | REE2 3 o3
(9 RS A, 5 e R 1] 1 34k L
FEAL R4S AR BT W BE, B A e I 35 AT B
PR 2 ) VR L 4 e e - A ik = 5T
3.1 BB ERIRBIRA

SEQ ST 5 N B Y 11 SR, R
TR A R R AR . B TR RE 2 S AR 1 %
JBE, LT s i S M R AR v, i
Thi | R R B B K. iss & shbLin
Fr IS S B, RN B,
TEB SR UG P AL i MR 2, B T 3 i/
R L, 5% A4 55 v R b o 228 P 46 i A
Sk, BEFE A A BT TR SRS A PO 2% 24 )
Hems . Ma 257 R X MUV SRR AE B T P
2R IO 45 A S 5t 1 SR B A, AR A
B (15 2 s B S, A5 AT N B 1 e

41, 1 A Bl FEUS R 94.9% 1) F1 434,
2 TP 2R R e 5T o 25 0 79 [ % T 2 A 57
Li 45 SR LSRG 740 5 (37 1 S s b 8 725 43
B, SR T R BB DX IR, PSR 10 40 o 3 4
K, T RN A B IR 93.5%, I e ERE T F i
SR UG iy N R IME R, A, n R B
A ABUN, A77EZAL0 ., M S AR RIS, LR R
G0 5 2 M T P, %58 CNN L] 2848 3 o7
Ve, MELASZELE ShAL . BORERERIN . o AR HL
A2 (O HE R I B LR, Yang 2™ 42 1 h% 5|
S 5 E 2% S BRI R AR 5, S
SEAHLIN B EAR Z 5 S RGeS0, Tk 3
B SR R T 0 B R R B, (e
PINBEAR 2 3 1R VR B 2 3] A 780 17 FE 1 S B
Sy, ST B B KR | R A I 4
SEWE S R, B R Gy 4 LA R TR 7
IINEEAR S R IPERE 512 ALAE S . Oh 25" 4545

FUE G5 2% 5 ONN [ 0 J7 ik, 3 1o 500 B0 ot
RORIER 2 91.81% 42T+ 5 98.87%. Gupta %
382 10T 4 4 RS 2, 3 5t A ResNetS0 5
5E S CNN [ 5 FiF , 8 55 10 5500 42 0 i 2% 3% 3]
98.18%, JEHus Y Ap XL ZS WAL I B s B
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B W 5 46 %

K (fluorescent penetrant inspection, FPI), F & %k
T CNN FIES A 1 o 1) 507 A D A3, 3 sk Tl A
LS AT AT &, B b 14 sk B fE Y™
W RBA SRFAT UG, AL IR A Rk F
95% LA, AT N TARMACEAETE 10 75, It
K 80%. [RIRS, 3EA% #2131k 1 FH7E AR 8 4L
P b PO SR B R A A, BUIE S R i e/
AR B4 5 TH . Thalagala %™ 3:F AlexNet
BERY 53E R 2% >, 7R M50 5 142 T sk Al v, Y
] 20% YNZREANE, HEF A EAE] 90% I L.

X TS & S HL I R 5 e AT S M DG B A i
T bR TR GRAAIN, PN R 5 ) TG ARG R =
R G5 ITA ROCHEZ . Tl it E ALK Z 34
(industrial computed tomography, ICT ) J&2—FfiZEF X
P2 =4k UG R TCBRTIN B AR, B i R YR AE
ANF BT B, R AL YR N E
SRR T IR IR, DTSSR 06T 52 A BB R
LR RS S BCIRZS FRS B nT A . AT N B2
HF ICT Kz 7 2 e H T840 6 4 R N BB i kAL
Wi B4 R ™ L TR ICT 56
Wb @y Ohse AKX FEEE | ZE5IAP A S5 BAR PR R, 2
T 5 TR 2 ) 1 & Il e 28 & B I 4 3 i
Mo X K aplimbemt i ICT #1553%, Zhao
2 SRR U-Net U, 38 3 51 A2 KU Hin
A B SEYRRIE E SR ML, 788 AT s s b
TIPSR, %715 Jaccard REAE 0.9540~
0.9592, # r A#H 1) 2 % (Dice similarity coefficient,
DSC) ¥k #] 0.9765~0.9792, A S HEGIE T 2 R
FEFRFIE ARG AR . ZESRFEA I b, AN [R5 AE
BIRIYERE 4 A M E , Garcia 25 22T RetinaNet
PR BRI B, (AR G 4 S5 R B R A SEBAE SC T LE
(intersection over union, IOU) B {H N 0.50 B, “F-14
A% 2 £ (mean average precision, mAP )& 0.942 {9
PLSPERE, FEIL T BRI BRI 25 70 RS -5 T B A Ay
3. Wang % 4t DBFF-YOLOV4 71,
T IO FE TR SR, R i XGRS
99.58%mAP, Kl 1 RlE 15 22 200 i i o
(A RPE . RIS, Wang 257 $i i —Fh o F IR Wi
HE XL 2% ( generative adversarial network, GAN)
B 25 A AL IR FE i e X5 4 IR ik o Az )
o AUE HTCERFEREA YN R Y | 38 1o UG EE A 1R
2SI BE F BN, AT SIS g UE, 2T AR
(area under curve, AUC) {35 0.911, WAl 5 iR o
Wu % I F T &R LB, BE X TiAL
e zs A X SR BRI, P2 BX-Net 4iifr B it

Bea LR SRS 750 2 A L 3t AL R RS 2 3, FE 5 F
5 BB U] TP ERR RN A RR A IK B 99%, HAE
TS BB 2 0.48 MB, BB K 78
LR . T8 W S R BB A, Tiang %5
32 5L T 2 7 51 SO B 9y %, 7 8992 7K
X HHLR UG T %520 95.5%,
32 HHEEEA RS TR A

O LU TR Ry b LR 2 5 T AR A% O
A, EHEAR T LAY S HLRINKL
B Sl IR ONN ZEB08, RERS 1 3R 51 A
SREURIEAR BT . & S B, S MO 21
FEAE A et B S B AL 5 1. Richter % 245 &
YOLOV2 H 5 & Il B 28 5 % {8 % i 25 (iterative
closest point, ICP) = 4t & & 57k, SCI A} CMSX-4
L BRI A TR 16631 AN Y 4 1 Bh L e
5, 48 1A G B AL LR . Nikolies ™Y St
CNIN (1A 5 ) S T 007 o R A P 45 v T 5
FE IR 5 91.5%, Sy it SO S5 4 10 11 3011k A T 2 4
AT A, Shen 2™ 1 tH—Fhsh & o FI5 U1
5t (electron backscatter diffraction, EBSD ) #riE 5 U-
Net TR 2 > (1) 5L SUM BT 7 12, L3 LA
314 v B3 PR P o B 2 S 1 S AL AT B
SE RO, WK 6 Fis . SR 7 B XU
R CTE A B 1A 2 MG R 1R RS B 3K B
90.1%, JAEAR AR | UG T i B R
RIS E R, T 22 ARSI 43 %1 5 AL
(L3 A A ke ) % . Xu % ol I S U-
Net VR 25 ) 608 82 1, 20 S IR Bt s YL
o WA 2 () 4 1, AR MR R K 92.6%,
ST 7 B B 5 MO0 4 4 A 2 ] ) 5E G HE
Biswas %5 " $ Hi 4 BLE % /) U-Net ik, it £
(a5 AV RHAF SR ORI S WL, 76 MetalDAM ¢
P42 v IOU {H BUS 0.677, SZELHRALAR | A S AH 45
YIRS HESE], Akbari 2 (9 RGBS — 4
TE S, ALP% % 0 7 e b A . A 5 i B Ay
WS S FAL G TF- B v, R s . 2 Wi
WLEAEARAE AT AT % o Ryt — AL e 3 O 4 2143
B AL, BFST 285 O 40 2 00 B AL R A b e |
T AR ). EAR A R 7 T, Zhao
442 U201 Pl MobileNetV2 YR 1 2% 3 BB 17 4
P54 28 oh I 25 00 1 % 35 B 95.119%, 4R
T VGG19, Xception 258 ZM %, h T A E A%
LRI PR R D A, 5T 8 AR e 3R kb T B
RS, Barcena %5 X5 (- BOMIB A T 402K,
B BB, SR I I 25 (19 MobileNet



559 3] N BEAENG 5 it S B (ARG v i 107 Bt e 27
(a) ST TT T TTm T m e
1 Defect detection model
1
1
Uniform 1 Defect
N .
X-ray image cutting Cutting Generated
0f¥)|adeg | pictures | Generator P pictures
1
1
1
: Non-defect
1

Al s

Conv Batch norm

Leaky
exponential
linear unit

Contrapose Tanh 'SoftMax

T W B A ORI R 475 R BLIRAE T X S P e ™
Fig. 5 Unsupervised GAN-based defect detection for X-ray images of aeroengine turbine blades
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U-Net 73 HIEf 28 5 5 T ik 93%.
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R LI AR B A A4 5520 T 2 SRS T
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S B RE M

K5 BRI S SV b RN RERE AL B O VSR L e S R R

Table 5 Application Scope, advantages, and limitations of typical artificial intelligence models in casting inspection and micro-

structure analysis

Type Application scope Advantage Limitation
CNN-based classification Defect classification and Strong feature extraction and Weak in localization and
models microstructure recognition suitable for classification segmentation

Defect detection and online
inspection

Object detection models
(YOLO and RetinaNet)

Segmentation models (U-Net) Defect segmentation and

contour extraction

Unsupervised learning models Anomaly detection and data

augmentation

Fast and accurate

Pixel-level localization and accurate
boundary recognition

Useful for limited samples

Sensitive to small defects
and class imbalance
Depends on high-quality
annotations

Limited stability and
interpretability

4 ZitERE
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