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[ Abstract] Objective To develop a deep learning-based segmentation model for anterior segment ultrasound
biomicroscopy (UBM) images to automatically segment the anterior segment tissues of patients with primary angle-
closure glaucoma (PACG). Methods A single-center retrospective case series was conducted. A small-scale
dataset comprised 468 UBM images of the anterior chamber angle closure from 156 patients with PACG who underwent
the UBM examination at Tianjin Medical University Eye Hospital between July 12,2022, and February 20,2023. The
UBM images were randomly split into a training dataset of 228 images and a testing dataset of 152 images using a

random seed method in a ratio of 6 : 4. The models were trained using the PSPNet model with MobileNet V2 and
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ResNet50 as backbones,the DeepLab v3+model with MobileNet V2 and Xception as backbones, and the SegFormer
model with MiT-BO and MiT-B2 as backbones. The testing dataset was used for result prediction and to achieve
segmentation of four regions: the cornea and sclera, iris, ciliary body, and anterior lens surface. To evaluate the
performance of the models in segmenting the anterior segment structures , multiple metrics were assessed, including the
mean intersection over union ( mloU ), Dice coefficient, precision, recall, false negative rate, and specificity. A
comparative analysis of the test results across the different models was subsequently performed. This study adhered to
the Declaration of Helsinki. The study protocol was approved by the Ethics Committee of Tianjin Medical University
Eye Hospital (No.2023KY-05).
and DeepLab v3+. The PSPNet model with ResNet50 as the backbone achieved the mloU of 85.11% ,Dice coefficient
of 91.38% ,precision of 91.83% ,recall of 90.94% ,false negative rate of 9.06% ,and specificity of 98. 89%. The
DeepLab v3+model with MobileNet V2 as the backbone achieved an mloU of 85.84% ,Dice coefficient of 92.01% ,

Results The two models with the best segmentation performance were PSPNet

precision of 92.67% ,recall of 91.36% ,false negative rate of 8.64% ,and specificity of 98.90%. Among the five
key metrics, mloU, Dice coefficient, recall, false negative rate, and specificity, DeepLab v3 + exhibited the best
segmentation performance. In addition, the DeepLab v3 + model with Xception as the backbone had the highest
The deep learning-based DeepLab v3 + model

precision among all models, reaching 92.77%. Conclusions

achieves precise segmentation of anterior segment tissue structures in PACG anterior segment UBM image

segmentation , providing auxiliary support for clinical diagnosis.
[ Key words]

segmentation

Deep learning; Primary angle-closure glaucoma; Ultrasound biomicroscopy; Automatic

Fund program: Tianjin Municipal Science and Technology Project ( 247ZXZSSS00110); Tianjin Health
Research Project (TIWJ2025MS056) ; Tianjin Metrology Technology Foundation (2024TJMT035, 2025TJMT018) ;
CAMS Innovation Fund for Medical Sciences (2022-12M-2-003, 2023-12M-2-008)

DOI:10. 3760/ c¢ma. j. ¢n115989-20250513-00151

HOUIRZ FEON AT S Sy e R i 3 2 B, HoR
1E Ay A0 1 5 275 40 L ) 0 AT R 2 2R AL A 2 4 005
A ST 9 500 J7 NGB A IR L2y 1 000 J7 A%
DA — MR R . TR R A A R R IR
( primary angle-closure glaucoma,PACG) 3@ % 1 T & i1
T I 5 /) 232 R 2 T NS R 0OR 3 5 BDs K A2 B,
fi OGP HE T 51 A IR SRR o PACG 78 200 i
W TCH] RAEAR , T BOCHR 70 8 e AR M S A iR B
IR L W MR, R T BoE K . W
PACG L1 £ F0 S G T7 0T B AR AL 2 BE 3 2 KURS: 2
KEHE,

HI 5 PPl 2 i 6 R o 4 A 1) B B2 20 AR 40 o M
7 4= W) 8 555 (ultrasound biomicroscopy, UBM ) J& — F
15 03 PR AR A AR B A, BE 8 N IR i Y 2 2L AT AR K
TCEILAG , 7T LA B 0 A B LS e B AR A |
PR AR I LA B SRS 2 A6 4 ) R G R 201 4 a0 A 0
HEST ), AT AL Z5 4 S R SR i 12, 38 AT T DS
B HE 2 B0 R B I e SRR SRR /N - K A L
T T8 B 0 B A e e T AR AE OB IRA R R E S
SN B 23 R AR o

PTAER  BEE N TR BEEOR 1 ek e, R 77 )
1 7 R 5 5 W o 43 0 43I A 107 R I )

Hao %" S F UNet 45 Ul 22 9 45 6t WL L E 47 43 1), 3
oo 0T B AR 5B 457 B %€ 7T 5 £ (anterior chamber angle,
ACA) B8, IFIE LR ACA 73 S I 1 8L I Fff 754 110K 142
BT GRS ] B B I PR A B4R B T 468 5o BT
AR IR IS 5 8T 5 R 4K (implantable collamer
lens , ICL) A A TR [ 2 (1 IR 17 1 42 5t UBM &, Zhu
25U SR TR B 2 50 07 K HR R 2H UK o 4 ) O o
SRt R A OB AT FEE XA £ LB % A IR AR X
S, IFSEHL TR B 2 R A S Sy SR IRCHT B 2 41
PRI S ) I T s AR SR, Z R T
AT (9 43 80 J7 X. Wang %8708 I LIS L o fi o e
RN R — 2730 HE4T T 43 H) . Tiang 254 i B 45
Ha) 43 ) DAy S L RSE A BEIR A 3 >k 37 DI [ B S
TSS9 B 8 % Ao Yang %" WSR3 F UNet
A AR 22 W 28, O6F IR 117 59 D~ A T B 2 45 4l IR k47
T JE T 2 TR A S S SR T Y 20 ) % 7 vk BE 8 T A
PACG B F N BE T ARBS A TSI AAE AT 20, LA
K HA PACG W7 XK 1) g B2 3 AL A8 & ICL A AR S
HOR . PACG 1Y & HL I 5 b5 F1 5% PA 4 DDA 5%,
g AL T 5 BRI Y e ) 45 4 S LA I b5 ok v L
REE o 8 T 25 4 72 R BRI A 7 A A 2 R O
DX PACG 35 HR A5 AH 5 45 44 R 178K 1 23 30 16 I



e s gh IR B 28 Ak 2025 4F 11 HEE 43 %5 11 8] Chin J Exp Ophthalmol , November 2025, Vol. 43 ,No. 11

- 1019 -

Kigyy b HA EEE X, SR, BHajEr Xt PACG B ¥
R AT 50 UBM [EIR E 4745 1 4 30 0 0 5 A1 48 b A
B, 22 B00F 7% AR B — RS R 56 i B DX Sk A7 1,
KR GARFE T IR B0 BB 435
T 25 B RS 1 2 5 07 OO B 2 SE B PACG R i X I 41 41
G5 KA S 2 BORS W S 2 I Y S R B AR DG AT AL
il T BT 5 155 2 JRe R R 9 T A A AR

Rt A0 58 5 76 I & — Fh B T IR B 2% ) 1 BR i
5 UBM BG4 FIR R Sc BT PACG (B4 IR A5 441
SEAE A 35 F B LS LT R R ER R R DR A R 2% 4
AN B 3h 43 E), IR 2 % H 3 B R 43 A R 3
FASTE T W 2% 1 P e 2 B, 8 F 7 PACG HR {1y
UBM UG EHE 5 Mk R S 50, LU ol PACG 1)
Ik PR i Bl 12 Wit LA B RS T 37 ¢ 1) g P B 43 S o

1 #ZBEFE

11—y

>R FH BR8] B A 51 R B F 5 O 0 M4 2022
7 H 12 HE 2023 42 A 20 H7ERHBERK#IR
Bl EE Bi 4252 UBM ( MD-300L, K 35 ik £ 2 B 45 45 [
o)) KA 156 ] PACG f8 35 1 468 K b5 1 M &
UBM [El1% . UBM EIE¥H HA 8 4L LI R4 5 1)
TR MR AR e 75 5 T SR AR 5 1% I AE G OR AR AR 4l 58—
PR AE RS 2 B I o 75 SR A 50 MHz, $9 4
JEFE R 8.25 mmx5.50 mm, LT FHAILIEL (Fo4
2R, BVZE R A R b0 0 S R B ) B 4 T 1) xR
M5 F AT A B AT A . R AR IR B N R &
ORI EM A o R BEPLAIER 3 SRR A
B e, AR B AU — 0 ACA 2545 . Ll IR B S
BEIRLA B A e 8 HR P RATE F 4 B LB T
At D PR 325 S AS T AT 1) T A5 ok HE R b o DR 4 TR
Hh i 16 £ A A% R, 2% 380 5K UBM [ 1% 48 A F
Fo RHTFENBEILFN 72,8 UBM EURHE IR 6: 41
BIBEHLAY 20 25 B3 42 228 o Al st B3 4 152 3%,
FL b ZR B0 4 1 R At Y 5 AL 22 AR 1Y 43 #0112
T F I A 0 0 45 SR 5 T 3 o B 25 R 22 E 1
AL R 45455 80 ] 4y 1 BE X L VB o AS R 9 32 406 b
IRFEILE T ), WE9E R4 R EER R 2EIRBE B e
PRZE S L HE (305 2023KY-05) , A58 & T [7
JE PR SE, BT A UBM EG BEAT T I BAk 3, 8 e J8 3
S R o
1.2 Jjik
1.2.1 UBM E@Ar1E K56 E 1 UBM [B{R 4 e
9 PNG #%30, i1 2 4 B A F 5 40 IR EHE 75 B IR

1 labelme # /(v 5. 5. 0) it 57 % B4R 4T T sk 1
R MR ZH 2300 0 S RS UL L B L BEER A R R A
A2 (1) o A7 2 24 BRUIRY 3 50 285 SR A 73 I8¢, ) i 7
— & BA 8 AR LA il PR 22 56 A IR B P PR i 47 8 e
BARZRE

B1 SEESHEE AJRER B FImERIGR aaRRMmE
SIOUE, SRR LI, B A SRR BRI, G R IR AT 2%

Figure 1 Segmentation task annotations A Original image B:

Manually annotated image Red represents the cornea and sclera, green
represents the iris, yellow represents the ciliary body, and blue represents

the anterior lens surface
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Figure 2 Schematic flowchart The system input was the original anterior segment image. The anterior
segment tissue was segmented ,and the models were compared. The best-performing model was selected to

segment the image into the cornea and sclera, iris, ciliary body, and anterior lens surface. Red represented

the cornea and sclera, green represented the iris, yellow represented the ciliary body,and blue represented
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