45334 4520 M e M TR Vol.33 No. 20
2025 4 10 H Optics and Precision Engineering Oct. 2025

XEHS 1004-924X(2025)20-3299-16

H F CNN FA Transformer B B T bR B 1&
% P E 5 El

oML ERTT, 2 & ZEd
FMBAHAE BFERETIR%RE TH F M 215009;
2. BMEALALERBRA,BE BN 350001

T EE B0 G AR IR R 430 Y 22 B B AL BHLRN 30 SR SR R] R, A SCAE T T — Al 3 i 0 22 R BE A3 TIBRLL . TESR RS B B,
SR TransUNet 4 % 25 2244 , GE 0% = 23052 BCHR 16 AR 4% X385 174 2 SRR A0F 5 70 A A5 B Bt , SR FH U A ) 3% 420 et 5% HIR IG: AR e 4%
DX 35 08 AN [ R AT 3 S35 7 S [ %) 8 i 8 23 3 o IR, ) R AR X8, 1503 1 22 RUBE AR fl 5 BB, O A Bk BR % 2 P A
AR AL kSR AL B T M GO B SO I RUE AR A A L DT A A R T 0 RS R IR AR S 1 [
TR0 DI, D00 SR FH o o4 A 0 4 25 A R AT 0 B WO o 3 a5 A ST o B O A S X L, BT BRI A T I RN K
FEE RIS, I8 HAE SR 45 7 24 28 3 LU RN Dice AL R &L E L 20 5138 8] 1 79. 9% M1 76. 5% , % TransUNet 43 j
PR T 3.200 FI 5. 3% 0 A ALV RS RG 1 b 43 G A A IR AR 09 B B DX, BT SA G R I T R R AR 9 i B 12 R L
WA

x 8 W BRIEBEYE; S5 E 5 H ;CNN; Transformer; E 5 B 4 4 22

HESES:TP391.41  XHEKARIREG:A

doi: 10. 37188/0OPE. 20253320. 3299 CSTR:32169. 14. OPE. 20253320. 3299

Multi-granularity segmentation of meibomian gland images based
on CNN and Transformer

YANG Song', XIA Zhenping'', LILi’, WU Yanshu'

(1. School of Electronics and Information Engineering , Suzhou University of Science and Technology,
Suzhou 215009, China;
2. Department of Ophthalmology, Fujian Provincial Hospital, Fuzhou 350001, China)

* Corresponding author, E-mail: xzp@usts. edu. cn

Abstract: To address the multi-stage processing and edge blurring issues in meibomian gland image seg-
mentation, this paper designed an end-to-end multi-granularity segmentation algorithm. During the encod-
ing phase, the TransUNet encoder architecture was adopted to efficiently extract shared features of the
eyelid and glandular regions. In the decoding phase, a dual decoding path was employed to set up different
decoder branches for the unique features of the eyelid and glandular regions. Meanwhile, for the glandular

region, a multi-scale feature fusion module was designed, and a channel attention mechanism was incorpo-
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rated into the skip connections. These optimizations improved edge accuracy, texture clarity, and shape

contour, thereby effectively solving the problems of edge blurring and glandular adhesion. For the eyelid

region, a standard decoder structure was used for segmentation prediction. Through experimental compari-

son with existing advanced segmentation methods, the proposed algorithm exhibits excellent performance

in terms of the average accuracy for the upper and lower meibomian glands. Especially on the key indica-

tors of mean Intersection over Union (IoU) and Dice Similarity Coefficient, it reaches 79. 9% and 76. 5%

respectively, which are 3. 2% and 5. 3% higher than those of TransUNet. The algorithm in this paper can

accurately segment the target regions of meibomian gland images, which can provide a basis for the auxilia-

ry diagnosis of meibomian gland dysfunction.

Key words: meibomian gland image segmentation; multi-granularity segmentation; CNN; Transform-

er; medical image processing
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®1 AREEELBRRBRSAEEN LT
Tab.1 Quantitative comparison of different algorithms

for upper meibomian gland segmentation

K2 AREEETHERBRSAEENLT
Tab.2 Quantitative comparison of different algorithms

for lower meibomian gland segmentation

(=RN mloU Dice Bk mloU Dice
Deeplabv3+ 77.9% 73.4% Deeplabv3—+ 78.3% 73.1%
Rolling-UNet 76.6% 71.2% Rolling-UNet 77.6% 72.1%

TransUNet 74.8% 68.2% TransUNet 78.7% 73.5%

UNet 77.1% 71.2% UNet 79.5% 74.4%

Dual-TransUNet (Ours) 78.8% 74.7%

Dual-TransUNet (Ours) 81.0% 77.4%
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Deeplabv3+ Dual-TransUNet(Ours)
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Fig. 6 Comparison of segmentation performance of different models on the upper and lower eyelid meibomian glands
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Fig.7 Ablation study comparison for upper and lower eyelid meibomian gland segmentation
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Tab.3 Quantitative comparison of ablation experiments on the upper eyelid for different modules

LY MFDSC CA LP mloU Dice
TU 74.8% 68.2%
TU-MS N 77.5% 71.9%
TU-CA N/ 76.4% 69.9%
TU-LP N 77.8% 73.1%
TU-CA-LP N N 78.1% 73.5%
TU-MS-LP N N, 78.7% 74.5%
TU-MS-CA N N 77.6% 72.4%
TU-MS-CA-LP (Ours) N, N, N, 78.8% 74.7%

x4 FEERETRE FHEMIEESTLT

Tab.4 Quantitative comparison of ablation experiments on the lower eyelid for different modules

LT MFDSC CA LP mloU Dice
TU 78.7% 73.5%
TU-MS N, 80.2% 75.9%
TU-CA N/ 79.7% 75.1%
TU-LP N 78.9% 74.2%
TU-CA-LP N N 79.2% 74.6%
TU-MS-LP N N 80.5% 76.8%
TU-MS-CA N/ N 79.9% 75.2%
TU-MS-CA-LP (Ours) N, N N 81.0% 77.4%
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Fig. 8 Comparison visualization of upper and lower eye-

lid gland segmentation feature maps

Sk T A T b JR A AR ST IS in AR e X6t 4
SR 1 TR, A SO AR AR A Gy ek B b i R AE ]
HEAT T Ak BARZ5 SR I 8 iR . S Tl
XF EE AR SORE B A RRAE B A A 3 — 1k & 0~100
AV o i SRR AR [, A SC ] LB B B B,
AR T A A | A SC 4 A5 AR A 31k i b R
TR T RRAR X I, e B B o R AE A R A P A
i AR 1) 320 G5 RPN DX 8o i T G 96 4 1 o
DX 3, AR AR A DU A I, 3 WA 750 R 08 A 8 40 i
THRAG D R T FIRE B o X S 25 LB IE T A 3¢
JIT S N AR B A 5| R A R A T B AR AE A Y
A DTG 38 T 43 FIACR .

3.5 ERaMm

f6: W R e 2 e Arita™ 4 A HE HE A DU R4
090 : TCHRAARE R, 190 < il 2 T FR/IN 1 B X35k
MR =02 — 2% RN T =0z —=
SO AL 3 R R S 2 T
Xof ML G 0 B A DX S0 3 A7 43 0, o] DA AR R A 2
B HA A R s (10) FrR .

5 an
Density = ;1‘ ., (10)

lid

oA 2 S, 10 ARG DX 35 A 1 B, S A0 3 AR T AR

TR A R G DX 30 A7 0 B JS AR SOHs B
543 MGD 4 FLIE % 41, Hod e & A8 59 h
TS 0%, MGD 3%k 2 /K 35, A&
SCEEHCT 273 9k 1 HR B R 273 5K R IR IS B4R
DL K 261 X 4= BRI PG T 5307 2 R 1R % 1, OF 0%
ol 45 80%0 T4k, 20% FHF Ik . A H
I A 5 XoF G AR 43 G R AT T B S R 1) R T
FY LA IE X 4 AT T Spearman A G 1
O30T AT ES RN 5 TR .

x5 WIRBREETN SRS ROEXESHT
Tab.5 Correlation analysis between meibomian gland

density prediction and meibomian gland grading
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