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[Abstract] Indirect tooth restorations are crucial for repairing dental defects and restoring the functional and aesthetic
integrity of teeth. The success of indirect restorations depends on several key factors, including accurate diagnosis, stan-
dardized tooth preparation, and precise design and fabrication. Artificial intelligence (Al), with its capabilities in efficient
three-dimensional data processing, pattern recognition, and intelligent decision-making, has been extensively utilized in
indirect restorations. This review summarizes current advances in Al applications in dental disease diagnosis, tooth prepa-
ration, intraoral scanning, restoration design, restoration fabrication, and treatment outcome prediction. Moreover, the ex-
isting limitations and future development directions are discussed to provide insights for the advancement of intelligent
dental care.

[Key words] artificial intelligence; machine learning; indirect dental restoration

(478 B 8A] 2025-09-22; [#£[E E ] 2026-06-29 5 RN F U B 2 AR B e (U MG
(EETE] M4 QRREIES (2025ZNSFSC0762) FRESHE . FEESGE) 2 OBV WG .
[ —1E&] %M, 1, Email: changlili0301@163.com FRAE R B R Bt . VKR 2 15 D) RE A1 9 I

[BIs1EE] Mk, %, i1, Email: xinxu@scu.edu.cn R EF R, *E:}Eﬂggﬁgﬁﬂ'ﬁzﬁﬁ, CIEG S RN



* 640 » [E PR M BE2E 4555 International Journal of Stomatology

2026-09 53(5)

HiBEMARnEEE ., AEBEEERHES
TR B BB 3 - 7E T N — UM S8 U IR B B 4
T () 42246 52 D0 ol R A 11 90 1 108 48 52 A o Al 42
A7, PRE S B . ThRe M, ARER
R RZ RN R G ST 2 3 - N o B g e A 2
g AR L AR AR WETEAE . AT
HAEE, MEBE T ERERE FIREE, [HI
e 2% B RCR IO TR IG IR IEAL . R B4
NG SN 3R N a1 i B e Ry Kl =1 B2 2
RN THAE, Hs2 FUME R,

NT# % (artificial intelligence, AI) 245
N TRTFEMEAR, MTPLEE HAa A RHE e ek
SRR BRI AMRE IY, AL Z W H T H
ST 2 AN D7, 76 D IE R 2= B R
SO AR RO S A R A 2 . B
HI, ATC W HF A IRBHEEZ &I AL
FETEE I SCHRRE R 5 08T, W ALFE A (R[] 45:4E
SRR IR AT LR IR T A I AR AR S AR
RIS AR . ONER . BEREE. B
SR 3 AU PEAG A, IR S A AT
FIFEAE AN AR R 2 S O 1l A 4R, LR
I R I2 Y7 B AT R

1 FEERFSH

B R RS A B B2 IR R T I R
KA MR AR 200K, R Ry R 455
PG AR BAER  RIARCH RSN | A BRI
WG AR AR S, MO R AR I IR 2 5

HA —E FMET,

T HEM LML (convolutional neural net-
work, CNN) SEIRE 2= ) Bk G U AR E
B e L st i DL S IR R
FARSEH WA SR, CNNRE A 827 > F 2 H
B B AH SCHRRAE , DT 3 2 T 3l R 4 B 75
Ko HATLLR AN i kb4, Sl B A A
Wit BB 4, TN IRIZ T3 . Zheng
SEF] F ResNet1 8 1527 43 T AR 28 - b 4 o4 1) 6 4
TREE, BRAEU0 HR 52 A8 TR TR Xk LS80 1 S
SEPLREE S RE R 0 A S S, W LT
i R BE 2R 5 45 & im RS B 5, H AUC {H ik 3
0.94, RI B AIZWrTERE . 5L T [ B s 1
5 PEAG R ALY, A B X AN [R] 72 0
P T A, WA BREE S, REBEEK
W& 1 bR UE AL K SEE, Mun S PE Al T Incep-
tionV3. ResNet50 il EfficientNetB0 — Fp 15 5l 12

SO R TR R Tk RE, L UERR R Y
AEE 72% LA b R [R] AR R A2 055 12 W v 19 P g
W1,

RfiE Z RS EE (ImIRR AL R . NS
X&hR . HEIB R CT R NEIRESE) MG, AL
LI A RIR 5 G2 W, SRR R A
PEAL LSRR LRl 22 S kE . HRTZ 8 AL R G B
TEBIR IS B, X IR R T 5 T H
ANGEH o WHATTE/NEA LA T 3T+ AT R 27 )
S5iEBEeT) . B 2 IREE I . SRR
Pz ACRE ST, FFHE S Wl SR E Ak & 2 5 2 1
a5, BRI,

& 1 FEAIRBEERRISH PR e

Tab 1 Performance of different AI models in the diagnosis of dental caries
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