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Abstract

Assessment of upper airway morphology is crucial for the diagnosis and treatment of dentofacial
deformities and for predicting the prognosis of orthognathic surgery. Cone-beam computed tomogra-
phy (CBCT) combined with 3D reconstruction technology enables precise airway analysis. However,
manual segmentation methods are time-consuming and highly subjective. In recent years, the in-
troduction of deep learning (DL), particularly convolutional neural networks (CNNs), has signifi-
cantly improved the efficiency and accuracy of automated upper airway analysis using CBCT. This
review summarizes the applications of DL in airway-assisted diagnosis, automatic segmentation,
and parameter measurement. DL has demonstrated superior performance compared to traditional
methods in areas such as assisted diagnostic grading, high-precision airway segmentation, and au-
tomatic measurement of airway parameters. Regarding post-orthognathic surgery airway predic-
tion, DL models have preliminarily achieved accurate prediction of postoperative airway volume
and hemodynamic characteristics, providing support for the design of personalized surgical plans.
However, current research still faces challenges such as limited dataset size, insufficient model in-
terpretability, lack of multimodal fusion, and dependence on computational resources. Future ef-
forts should focus on establishing large-scale, multicenter databases, developing lightweight, inter-
pretable models, and strengthening clinical validation to advance the clinical translation of intelli-
gent airway analysis tools.
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FARTE RS WA W DR R A T A, LR TR S B2 3 PR T 2H 2R B TR A 2R 3 [ R
W, IEBGIERVE ST @R s A v AR b N A A By SR IT A e T R T . AR A R
P E RS 7, BB TS 3 AR 5 I8 R ) B B 1E M T SRR T KT R A A T
I, HERRVEAL BB TS X A S W T S W AG T R oS 1], A& S UTE VPl 7 VEOR Sk i A &5
YRR TR R, 2R, Bk EZRAAE—EFEE, KNSR S M mE. X328
BT AHAMES: H—, BT 4550042 48P, SBURHAT KRR, M mEgs -
MHEES, SEOCHPRESMELRSES H =, bR ZE X IR E AL ™ AR B 7 Gk i B ks B =4k
By S HE, MEUTE —4ETTRb R sEBL[2] [3].

HEFE ATH LT 2 494 (Cone Beam Computed Tomography, CBCT)B A AT 15:% i A 1 45 #4335 47 3744
AIRAL I VTAG o AT R, RO RS S MR IR E Ik T H . CBCT SR ATESIRTH . e R 1 A A
[ ot EAGED ST IR, b A 5 A AT I M R e . CBCT 4 AR R SLHL A
GyE| EARTE, TR S YRR E T 45 G v SRR 3N ) 2 (CRD) WAL B ~OIRES « F3h 3177 XA &
Fr#fE, Mimics21.0. 3D slicer. Dolphin Imaging %5 P44 Ab B #4442 11 1 3£ T Hounsfield Unit (HU){H . seeds

il

y

DOI: 10.12677/acm.2026.1641644 3773 Il A 2= 27 ik


https://doi.org/10.12677/acm.2026.1641644
http://creativecommons.org/licenses/by/4.0/

HMEH, BER

grow 2577 A H BN - El. AR B BN A IR A7 AR SRR MR vy ELAEIS ) 1m0l R AT
WREEBH 52 NNFERTI, M AE B 27 h s [4]

BT B BRED R T AL BT A 07 AR, X AR 2 U™ A 1 IR IR . AT
BRI FEHR A — AN EES S, Bl IR P HLE ASNRAT AKIRE /1[5]. KL > (Deep
learning, DL) RN 2 (10— DN HEE5) 30, AR ESRIE N TR RENT5E, CIBERIEIBIRI2 W
TIEHES BEEHES N7 £ OEEAGE, WIE NSRS T2, Al R
ke TNk U A PR I TN D N R EL RN i A Sl T N S e ) (o] B S 25
B 1RSS5 3E TR EZ A 2T 10 CBCT L UE A sl Ak 73 i 5 IE AR 5 AR A T w Fg s A 2 Y 3 e o

2. REX¥ S CBCT SES PRI B

R ) HIE TN CBCT I8 H BN W A% O AR o S8 (1) 5 2 ST A5 R0 60, 3 A5 A 28 I 2%
(Convolutional Neural Network, CNN). % & 4145 % 2% (Deep Neural Networks, DNN)FI/E ¥ £5 X 4% (Recur-
rent Neural Networks, RNN)%s, A V52 1 CNN SyAERT AR BIN H[7]. BRI S WN2 n 0  S5 10
WA (EUR) (5 B B S LRHE R U AL g, A OHAMEREEIE . WibZ . BusmEi itz . 65
RIS IR AR AN B SAT B ES, HTRIRE, %, S8 LB ARRHE, RN RFHME R 12
G R Ak 2 I8 AR N P 2 () B S0 T SR e, TR X 2 B BTSSR FE A S 40 . B0
BRECHBER SINAEZ MR, (R I B th IR 8 0 R %, RERERETII 2% MmN
FRAEEAT TR0, 38 J2 5 J2 2 180 ) P A A 220 0 45 ) PR T 42 S IO T T RE[8]

21 ETREFINHEISEHERRBETR

BT CNN )4y AR RA o s A B FERH X 38T B AL P B2 2. Dong 45 AW 5T[9]& W 3D-
ResNet 7F ) L# BRFEARIE RIS W h R I RAFIIMERE, 780 ZAT5 It 28 T AL (AUC)IE 99.41%, fi
FEVRAE A HE HERf 2204 0.912, Ukt 0.976, e 0.867, 5 HMSAU-Net 5 n PRk 56 il <0 7 %1 5
YIRS . [ERERNAZ, 3D-ResNetl0 T 3D-ResNet18. 30 KHLH AL MIMERE, 7T HEMI IR A2
3D-ResNetl0 MIZLEMAEXT . SHEE /DN, HMENMMEABESHA ST ENE, BABEGFRZN
Yo BT, WA T AN AT R Al R (SaxiMHAFB) IR EEIAR IE K % CBCT S8R 35
LR P SE LR R 9 MU, AR T EfficientNet-BO 15 K-NN 52ik4 tH 2 ML I K 5 b = 3858
SYEIESMTAE R, RS AUC i 0.77~0.94, FEEAMAES Y, BRI TN 1 B0 A3 P
FELLER, MR RE R2 fH 0.728, HIAY @ R 1 FE INBCR OIS MU (SurfGradCAM) AE ) #4 &, B
oy Al PSRRI I SR S G R RAE (A BRAEAA 3 A7 X 3) Sl Bl s A B A BH 2 R A= ML [10] - Lucie Dole %6 A
[L1]FEFEFIFH SaxiMHAFB JF& T iR51 CBCT EME AR IE KSR 1 — o0y AL, Hooukmfh ik
81.88%.

Beak, IS 2 B OSA, Susie Ryu 28 A[12]7£i83d 3D U-Net 528l CBCT 444 7+ 508 Hah 7%l
HFEAL b, 456 2 A0 5w BT AR B A (MVGPR) AL I 253 T <3E N B0 B R ) . AR BE . it o
FELEAE IR 12 TTH SRR ) S AE, JE 1T I8 I AL 88 2 2] BECGL R )M E T OSA 2y ey, H
LR R IA 81.5%, UM 89.3%, K1t 86.2%. LA EWFA N IESIR IR . B, KUk 4R Bh
e TR, BAEEERENE.

22. BT REFINEzIEE X

3D U-Net #RI7E F/ T84S rh R PLH 5, Sohaib Shujaat 25 A [13]# 2 AR R 1R A0 5 <l AT
4y, HOREHH I (Precision)is 0.97 + 0.01, #[0#(Recall) 0.96 + 0.03, Dice ALt &% (Dice similarity
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coefficient, DSC) 0.97 + 0.02, =2 Jf:tk(loU) 0.93 + 0.03, HERIAE CBCT K& Eryttpem Tt 5L 24
f#i(Computed Tomography, CT) B4 . Sin <& A [14] A U |- <3 #4447 43 %1, H DSC {294 0.919,
loU 4 0.993. Fernanda Nogueira-Reis J H:HIFA[15]49% T —MEER/SA 3D U-Net ) H 2 7r HIHELE, T
Sy EVEAEIR STELE A PS50 o R e Y B34y #1078, HACFRE L RIR4E Tt . Dong 45 A [9]
K HH 1) HMSAU-Net B8 = 1 H 55T 3D U-Net 5 SAU-Net [f1ERE, < 4>E] DSC HiA %] 0.960.

B E R AT I B B, LSRRI R L MRPEEE, SEEATIEIT R R AL R R .
Skt 25 A\ [16]1i Bl Monai label FFJ§HESEFT & (1575 [l Mk A 1 00A [X 3353 0 B 1) DSC B IA 2 5 F 54y
B N 2 E B E 07 A 2 KT, AR H: 95% HD (95% Hausdorff distance) & T2 E sh 0 14 . 7E— T
FETEPE N SEHE EAR G SEAR W AWT 7 [17], 3D U-Net X &7 - iR [X 15538 4> )7 DSC {#
2 0.889~0.895, i 7 W\ AR B 1 R o A2 1) 8 A AT A4 R 25 A B B2 . Suhan Jin 28 A [18]45 4 Swin
Transformer 5 U-Net 7K 7 B R ZAT55 M2 L T Sl e b/ STEF XS 7 31, %44 DSC {54
74 90.95%~96.29%, loU ik FI| 83.68%~92.85%. A4 A W[ RURMIm K127 h K EE B mFEn
B AR, BERIEIT RN E sk T

23 ERESHEHIUNE

FT AL B SIS EON 2 RIR S T IR IR R385 45 0 —Ftk . ZE T CNN R4S, f4E U-Netl8.
U-Net36. DeepLab50 Fil DeepLabl01, nJ s b 78 & /M A H A (minimum cross-section area, CSAmin)
M EBER, FEAR ST 90.0%, 5 ARSI AT IR e AL —BMEis 3 94.4% [19]. — T 7T Ll
BT Al At (Diagnocat) 5 U FHE AT InVivo 3/l & OSA 59F OSA B3 ERIESHMAE R, W
TR R AE S TE AR S AR TH TRAR A & E B4 i2% 2 R:(p > 0.05), Diagnocat 55 InVivo 314
FEALI B S A Th 8 2 [ 4L P A 5% R EL(1ICC) A 0.956, 5Fshiilxt fiZl 2 7] ICC iA%] 0.972, SR, #5
RIRT R RAG 25 IR Ay J5 S ALIX BN GBS, AT 3 BU0E S A A /4 [20] . Steven Dorris %5 A
211 L — 0 S FRZ A, 7E 100 f4ETE R CT s 42+ Diagnocat -5 2846 =F & 1A A0 THI 5 S R A
BRI 45 SR B S 1 — S (1ICC > 0.94) .

3. REFIELEMAR LESETATM BRI

AT A I R A A B R e BRIE =4, RS RIES R R R IRRETTTIESE, A
(A AR R E S 2 A E IR . BEAE SCHRIRGE, T OtRTf ARG HAGE AR5 0 34.3%, =
R KV S/ M T AR 20 1) 184 0 56.89%F11 44.9%,  [A] I A 82 21 5B A B AT RS [22]« T S B AR T 30A [
BIARAY, T OF R e R fE R 1 mimy RS R DX 3R o A X S AR A3 D 314.6 mme AT 656.6 mm?®. A
B FARNE R G SR 1 mm o30S 258 626.90 mme [23]. BhAh, B PEITZR AT
MFEARE 6N, EARER SR AR S /N A AR 35 2 /N [24] .

N LE R E S S H B AL S8 S B TR, SRR 5 2L KRS T TIU  Tarek Elshebiny %5
A [25]F] ] Dolphin 3D %t 5 AU FRRI T BE T 1 20 45132 52 XA T-A i 1 L STE BB, BF 9 Bos
TRIE 5 A JG S2iME LS 2 5% . Humphries %5 A\ [26]18 ] Vitrea Enterprise Suite %47 T Pierre
Robin ZEAEBFH 32 NaA Tk U AR J5 B AL, IR IUTTNAE 5 S0NME 2 [RAFAE 35 AH G (R
= 0.99).

JUEHATEET Al FSESS R BT A B>, B AR AR RS R, Al X IR
TR G RIS TN A ) = A 2e 7 B L B AH 24 1038 7). ACMT-Net I %% S A d 5 A0 AT
TR KRBT YR 2 5 A 284, FLTTHERf It 5 3 T = 4E G BR o 7 i AR G A4 ) 2 A 2,
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ETHE R R FH[27] P2P-ConvGC XU I] — 2 IR 5 5% > HE AR AE T T R J T A i BE TR AS B, THI¥0Am
B APPSR 2L 0.895+0.175 mm, % AR & s IRZE 0N 0.906 +£0.082 mm, HORSFE WZE R T P2P-Net.
P2P-ASNL #1 P2P-Conv [28]. /& Al BTN 45 R H ARG O S L TAE G A B8, SR H
AT RIS BN R PT #2526 el FLZE bR - B R B M4 [29].

4. BRSERE

HAT, BT UREE 5 5] PR AR IE SR SE o A TS T — @ b, (HANEE— & )R BR. Al 1k
REAH T I 2T P B AR ik B L 4 SR ORI 11 i BTN T4 REAH SCHIF 78 250405 45 =i T 1000
$i[30]. #RT, —BURGWEURIIEET Al 1) ESE 5 HT T CBCT #8497 30~315 #il[31]. ##EsEH)
HIRATHES CBCT BUGMEA K, BEMA. M. i 2 MR R RE PRGBS bR 7E
WA I BAESE 2 A [32]. Z Tt FLR I, (hee BERREIG R, Al BRI BREEE, Hh
GOV IR R S 1 [33] [34] B W L4 1, &8 m M RHRAEAE 2 T8 CNN X 2 U 43 51 B HEifa 12
PERARIE HARSE M & R A FARSE DN RS YR T RESZ M CNIN 6 43 B3k 53 43 #[35] - Angelo Genghi 2%
WL [3217F K I SEARE T iR B, O 82 100 25 [A) 43 A 2 5 M AR RO R 008 o 9038 IR IE AR )5 2
Hh, BN SR AR AR AT HEAT IR E N E 2 . CBCT BEUERE R, AJ5 AT Ay EE AL E 25 [0 4 4F S 82
R[] A [ 2 T A ) e R D s DX 3, DT RT e X AR (1) 3 B Wk R BT [36] [37]- AR THAG R &,
Zhang Y %5 A\ [38]# 4 T AR O LN 45 (GAN) IR, K CBCT Jii &= 427+ % CT /K°F. Zhang YJ %5 A [39]i#
REEIN BE N E AR AL R T 25§ 5% (CDDPM), fE CBCT-to-CT & B & i 7
SRS . Park S N[401V1Z51 GAN BRI SEIL T 38 fift ) 2 250 B A BB 35 A S A 45 44 1)
3D M EE, NIEAIFARIRME T EM ARG CBCT FEAGH . FRIRE ik, AR KRIAR G R
L CBCT SAG 1 sk FE B 5 R J5 A8 1 B AT AL, $R 4 T D) ST AT I R R A%

4 K 2B SR H [F)— ol S F— 85403, HBIEg— G s sk 41]. BEAE:
SCHRFRBH, BRI A — SRR AN R CBCT H3 2 [ AFAE L) 16 HU K BE(E I 25 7, FLEME DR 3h v fE
FHe A BT G . IXPERAEARACKE CNN BRI T 2t i 7o i 35 AT R DR e e e, ik
TR A2 [42] [43]. EAh, T B EBEAL ORI S 22 4 In) % 1, Ry U X Bt v A 32 3
PR B2 FIENIMEY Dropout Sy AT FEARAR AL ) 52 2t B 1 dek S AR A B — P AIE, R Z ARG IE |
% TRz AR B K B U7 i ) 5 BUS R e I FE LA R R R [44] . @S — AN K, FrifEtl. 2l
(1128 F SR B RN A SO Ta 5 8072 AL e 71 [45] [46].

IRIE S IR B HA “HAAE7 R, RSB TROI It FR 5 = v S mT AR M (f97) e B e Bk fry PR
FRERII 8 TGS, W R B A= A CLBR A0 A4, HI9S 1 HIm RS AEREAIN[47] . REFE B ME LA RO
A 2 AN R (U ) 28 A s o BRAILAR), BRI AMLYR EIBRIREE,  [R] I BELAS AT 50 285 oS 28 s 22 1) S ik
T FELRAE IR MLE T, R SR () B R PEBOR T 51T, 7E BRI PR e 5 2 3R B X LA 3 3
JRIR, MR 223002 R 1) T vt REASE R (e PR Ak [48] 0 TR AL e 1) S SRR« AR ST IR A5 R B
ST RT AR DT VE CAE R IR o IR L o0 I IS AR oy B s A5 3 2 R [49] [50]. 785 42 E 3k
SIE TR BB, SN SR SRS A B T AR R Y e s Ak, SR LI R v S
i

tbAh, 75 B8 AT TS, SR AT ST AT R B, I 7557 R R R
5SS BT HAAFAESE[51]. BFAR, WA RKB/MERIIASEEHES CBCT M S5 S IFRE 15
RS FEE(AHI) 2 535 7 DG, AR L ol T 2 BE A BR » N CFD i 343 A sl s A B L4 AR
(MRI)EBFETERR 5, 8 T PO X 43 B2 85 35 52 TH[52] « AR 1 2 B RTE 7 WS 2 A i ¥ CBCT
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N

2%, CFD fiTAm b I45 %, 3hd& MRI IERFERE A ONHFIE &, A BENLARA . XGBoost.
RIS SIS AE 5, SEOURJG AHIL S5 DhRETESRHR I T [53] -

BeJe, TR IR TR IR R LSRRG . 40 3D AR 4s | A5 A 4 jl S8 5 Z1 MR 0 440 Sk v e T4 5 e
PR, HMELAE BEUR 2 IR 10 58 2 BRI T B [54] . AR5 b 75 B8 )T R R B 0 2 B Rl & 4 M B
SRAL R - AR AE AL T AT SR AR, T 2 AU ey XS P v B I HEAT TR i PR IGALE ,  HE SN
RN BE M T RAELR T N Y, O R SR RIS HE AT A R T 5 SR [55] -

5. B4

i bRk, RSN EARE TR TRk, AR IREIRIRRLE . WIS WRE UL .
bb, TRPESE 2 SESR BEARHEAL 73T, B DR A ) 26 3 AN PR IR S5 R A A — Bk, A2 B RIE s R A
RGP RS 2 ATRIT FOA7) I e B SR AT BREE 2 M Bkl . RR T KIS th LBl e, K
FIRRE R R, ISR IR RIAE, DAHESIE e UIE 0 A T RAE IR R I AL N -

B

THA ST e 5 R 1 T A
e

AL $50 7 O A AR i 5% -

SE
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