wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

SAM-Retina: BEFSAMBIBUEZ M IR ESEh 55k 5 2
FEF, B, U0, FABBES, BhiM

5IAEX

BT, MR, R, 70883, BEM. SAM-Retina:EEFSAMBIBUESUMEEG RS RIN]. &N
Bl=, 2025, 52(10): 123-133.

XU Hengyu, CHEN Kun, XU Lin, SUN Mingzhai, LU Zhou. SAM-Retina:Arteriovenous Segmentation in
Dual-modal Retinal Image Based on SAM[J]. Computer Science, 2025, 52(10): 123-133.

BUXEEE (SERXIME IE JIREREEXE)
Similar articles recommended (Please use Firefox or IE to view the article)

ZKFERP:IHE R AIEENBRASMCEEIERLE
ZKFERP:Universal and Efficient Range Proof Scheme with Constant Computational Cost
HHEHEIE, 2022, 49(10): 335-343. https://doi.org/10.11896/jsjkx.210900044

EFNESMBERRERIT ABIRE
Moderate Clothes-Changing Person Re-identification Based on Bionics of Binocular Summation

HEMNREIEE, 2022, 49(8): 165-171. https://doi.org/10.11896/jsjkx.210600140

HIE SRS BRIER EFRIE RN A

Construction and Application of Russian Multimodal Emotion Corpus

HEHNRIE, 2021, 48(11): 312-318. https://doi.org/10.11896/jsjkx.200900088

ETFCPNethUEXEGRETME
Relative Image Quality Assessment Based on CPNet

HEHNRIE, 2020, 47(11): 159-167. https://doi.org/10.11896/jsjkx.190900052

N A TR A BRI E
Text Affective Computing from Cognitive Perspective

ITEMEEE, 2010, 37(12): 182-185.


https://www.jsjkx.com/CN/10.11896/jsjkx.240800013
https://www.jsjkx.com/EN/10.11896/jsjkx.240800013
https://www.jsjkx.com/CN/10.11896/jsjkx.210900044
https://doi.org/10.11896/jsjkx.210900044
https://www.jsjkx.com/CN/10.11896/jsjkx.210600140
https://doi.org/10.11896/jsjkx.210600140
https://www.jsjkx.com/CN/10.11896/jsjkx.200900088
https://doi.org/10.11896/jsjkx.200900088
https://www.jsjkx.com/CN/10.11896/jsjkx.190900052
https://doi.org/10.11896/jsjkx.190900052
https://www.jsjkx.com/CN/Y2010/V37/I12/182

0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 240800013

SAM-Retina: EF SAM HY X4 75 40 I FE B 1% sh 88 Bk 43 E1

WiEF B oW %KW mEAFEe B

1 ZHMEAFHELS S FTREEFR LB GEAM YR ALELALBEELLRE L8 X # 241002
2HEMFRARAERENREHENER AL 230000
SEMUMBEARFUHNEEEFR IV FRAFELLZBAERALRE  ZH £ # 241002

L HERFERARFAYEZTI RS 4 230026

S5 HFEMERARAAFAMNGEARKE T H A M 215000

(2121021186 @ahnu. edu. cn)

W E SRS HMKERCBMAMBERBE P HESSEMM, BAK G EH kLt f 4 50, F3INH K S A M B E %L
BHAE RS RS REAEARFEEALR., ARSGHHRSF G EAME, BB BRI %R AR/ E T —HF KT SAM(Seg-
ment Anything Model) # #L M i 2 %] £ B ——SAM-Retina, SAM-Retina & A 45 IE 7k & Z-E M A B 1L % 5 B -3 /L i Ab % 42
#,4 R R B 6,4 RGB B & 570nm A» 610 nm Sk & B 4% 69 25 -3 A U A AL R L B AR AR B R A 69 2B 5 (RGB) B 4215
AN A AFAE B BB RS X 3 R BT A B P AEN Adapter B F A A A 2 H BEBRRH AR E
KAEARARKEE LOFRNELB R AHIRTEARERFTHAE LR RA SAM 22 AR TR FTMA LR R
T, F MBS A L DualModal2019 #» HRF # 4% % k3t 479 4 42 9% 4% . 5 5 U-Net, CRU-Net = TW-GAN # 47
strb, R AW MR TR ,SAM-Retina Z& R FFHH(FLARZF AL ZRBESHLATINEHFELEY XER
M AT IR T AR T o2 Mk,
KBRS LB S # bk E ARG D 5 AL B B AR T HRA
FESES TP391

SAM-Retina: Arteriovenous Segmentation in Dual-modal Retinal Image Based on SAM
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Abstract The shapes of arteries and veins are highly similar in RGB retinal imaging,and their inherent structures are both subtle
and complex,making it difficult for most retinal image processing models to achieve ideal results. To improve the accuracy of arte-
riovenous segmentation and reduce training costs,a retinal segmentation model based on segment anything model is proposed—
SAM-Retina. SAM-Retina adopts a feature fusion, adaptive image encoder, and mask decoder architecture, using structure-and-
function dual-modal retinal images simultaneously containing RGB as well as 570nm and 610 nm single wavelength images instead
of a single mode(RGB) image as input. The features of these three images are fused through a feature fusion. While retaining the
pre-trained parameters of the image encoder on a large-scale natural image dataset, the model’s feature extraction capability on

retinal medical images is enhanced by inserting an adapter module and updating it within the vision transformer(ViT) block. The
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static prompt embedding instead of prompt encoder is adopted to remove the input and encoding process of prompts in the original

SAM segmentation process. During the experimental phase, the model is trained and evaluated on the DualModal2019 and HRF

datasets,and compared with U-Net,CRU-Net,and TW-GAN. The experimental results show that SAM-Retina is more advanced

than other models in various evaluation indicators and the employment of dual-modal image also improves segmentation perfor-

mance without increasing the model size.

Keywords Dual-modal retinal image, Arteriovenous segmentation,Image encoder, Vision transformer, Static prompt embedding
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3090 GPU Y Linux i 55 #% I 5¢ M. I Z5 BT, batch-size & &
28 Adam HRALSS .52 B E S 00001, AINHRE
AR, 25 10 4 epoch, 24 3 R F B JFURAY 3/10, 3
Yk 80 4~ epoch,
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BEO R BH h 3 AR A1 5K RGB & 6 K& LI
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Heyn 4 B 5 20 R AR S I 5 L I T DA R B AE R
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UE. SCH AR AR B BT A P RE AR AR T AR AR 1 T AT
2 B UEL R F T 2%

HRF %% 3% 4£ (High-Resolution Fundus image database)
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PR 0005 4 B 25 2R L 5 B A Sl K 43 26 0 HE B A T A
AT, AR SR AREAL SR ] T — b o 2 5 9 0 R, S T
TR I B b 52 WA AL TE Sl Dk 43 BT 55 1 e e L A S50 X
Iy ENEE R IEAT TR R GUN RIS . BT B IR AR T AT B AR
1010 B 5 k1R 2 B0 IF A L IR L A8 VR B (Accuracy) (R
B (Sensitivity) 47 5 & (Specificity) A& i B (Precision) \F1 43
B (F1-Score) L K T 46 H7 A1 5 R B (MCO) A £ 5 WA A6 28 )
SR PR, PRI R 1 A,

® 1 RIS

Table 1  Calculation method of evaluation indicators
LRCECE i & R
Aecurac TP+ TN

cearacy TP+TN+FN+FP
Sensitivit TP
oensitvity F,‘\, ) TP
ST TN
Specificity FPFTN
Precici TP
recision FP+TP
F1-S 2X N ¥ —
eore 2X TP+ FP+FN
TPXTN—FPXFN
MCC

(FP-+TP)(FN+TP)(FP+TN)(FN+TN)

F 1, TP A TN 435 3 7R B 1 8 B0 Ay 2l # ik R
S EESH IO MG Z R E, FP M FN 2 5 3875 B 5 1% 7 2%
S Sl kAN 5t GESh# MO R R S .
3.4 XTEESR FIT

ARSI AT B S B S 4 O W 43 55 — &8 43 i Dual-
Modal201 9% #i4 , ¥ SAM-Retina FIBLA (14 32 7 BE 2 4 B
%l U-Net Ml CRU-Net™ 47X} L, B AR AP 5%, 7658
— AR AU RGB BIHME 7858 = A3 50 vh i I SURE S (A
&, B[R B8 RGB B4 .570 nm B F1 610 nm B4 ; 45 —
#4518 I HRE 5038 £ . % SAM-Retina 5 U-Net, CRU-Net
Al TW-GAN #EAT R} 1L .
3.4.1 DualModal2019 # 3% 4%

DAL RGB &%

AL RGB BME 13 50T L 3 A BB P74 45 45 45
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Rk 2 gl . F1 v 802 07 6 9 4 4 56 5 4 1 1 48 br
HTEEHWM R 2R HEH FL a8 H T nE
5Ca) FioR AR B . AT LI A H, 78 AU RGB EHR 1
Y5 T . SAM-Retina 03 # ik 73 #1453 F1 52805 AR L U-
Net 3342 7+ 1 5. 28 DA /r MMl 5. 50 DA s ML T
CRU-Net 43 A #2 F+ T 3. 44 A~ E 4 £ 4. 56 4~ H 4 45,
MCC 8 F5 % LE 945 53R 5 F1 438025l B 5 AR 5Ce) 43
W 7R 1 Bl bk 43 E) B9 RS B B4 0l 3 (PRO M 4k T 9 A

TE K (6] (1 B A% 8 B R [ R (Recal D Z [ A L &R . 7T
PLE 1, SAM-Retina B # ik PR il 264 CRU-Net Al U-Net
BB ik PR 28 40 B, AUC S PR 1 8 F A 4 Sl By 6] i
TR, FLAB A o RO AR B Y E RE AR 4 . SAM-Retina 31 ik 43 %
G5 AUC M U-Net 2T+ T 14. 63 4 H 2 . &
T CRU-Net 27t T 4. 77 A~ 43 2 F K 4- BIS5 R 19 AUC B
A L U-Net 2 F+ T 13. 61 4~ H 4045, 5 F CRU-Net #2F+
T 4.8 HTA,

%2 A RGB K44 AF U-Net, CRU-Net, SAM-Retina iy BEX L
Table 2 Performance comparison of U-Net, CRU-Net,and SAM-Retina solely using RGB images as input
%)
H 4% A F1 McC Sensitivity Precision Accuracy Specificity
U-Net 77.40+0.61 76.54+0.63 77.30+0.95 77.60+0.71 98.31+0.04 99.13+0.04
3 Bk CRU-Net 79.24+0.67 78.54+0. 68 80.5741.67 78.35+1.39 98.43+0.05 99.12+0.08
SAM-Retina 82.68%0.13 82.09%0.17 80.62£0.72 84.9611.04 98.7410.02 99.44310. 05
U-Net 79.1940. 44 78.494+0.42 84.5340.68 74.60+1. 14 98.27+0.05 98.83+£0.08
# ik CRU-Net 80.04+0. 45 79.36+0.43 83.30+1.76 77.38+2.26 98.39=20.07 99.00+£0. 14
SAM-Retina 84.6910. 14 84.08%0. 16 85.40%0.47 84.0410. 41 98.800.01 99.3440.02
090 mm U-Net 10 10 ==t
we CRU-Net SR
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080 e % N 5 A4
= 3 06 3 069 L
&K 075 g g \
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070 \
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. AUC(SAM-Retina)=09156 \ AUC(SAM-Retina)=09213 1
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Visual comparison of metrics for various models under single RGB image input
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Visualization results of segmentation of various models under RGB image and dual-modal image
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RS U-Net 48 7 158 2K it R 48 /0N 18 43 SCAb i 43 51 %
JA 2% CRU-Net BAR AE — 8 2 B AL BT 40/ i 4 . H 72
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776K 5 L 0 /)N il A TR B 4328 SRy gl JikORm ik B4 19 0 L2 A
b U-Net il CRU-Net 3545 #1150 5 258 /0

2) i F RS R

TEAE B S AR 3 5 F L 3 AR Bl ] Dual-
Modal2019 % Hi 4 HEA TN ZRAPPA . & 6 (h) Ry fil& AR 3 41
L5 7 B 25 51 18 6(d) I 6 (h) By RSB i KB, 1/ 6(e)
FEL 6 (d) Ay RIS [) — o7 3 R X3, AHR FHAS [R] BE2S IS5 Y
Sy EIX SR . TTLUE SRS B R AL T 0 S S 1 3l
KA B 3 SRR ZE Z i I X 4 5 R I I B .

3 AR Y 5 bk T A 8 AR A5 R B N3k 3 ANl 7 TR,
Hi & 7¢a 2 F1 3 BATARE . 3R 3 FIE 7Ca) o] LI &
F th : SAM-Retina 19 8l # ik 43 #1455 F1 40 B8 ME . LT
U-Net 3542 FF 5. 17 M A /3 S F 5. 87 DA r LML T
CRU-Net 43 5 $& 7t 3. 06 4~ H 43 &0 Al 4. 22 4> F 43 45 [ B
SAM-Retina fj MCC #§ #7 # {i T* U-Net #1 CRU-Net Hi 7,
Bk 4> BIA5 R0 PR #th 253 mlan i 7 (b) Fn il 7 (o) i, Al
PLF B2 5 A7 5 T SAM-Retina 19 3 ## ik PR il £ [
FEKE CRU-Net il U-Net 93 # )k PR 123 Hl , SAM-Retina
Bk > B4R A AUC BMEAH H U-Net #2717 11, 61 A~ E 4>
B LM CRU-Net 4274 T 5. 35 AN 40 &L Ik 23 310 25 52 /4
AUC A% T U-Net #l CRU-Net 43 B3R TF T 11.47 N H
Iy 5. 22 N YA

F 3 WK G AT U-Net, CRU-Net fl SAM-Retina i1 BE X Ht
Table 3 Performance comparison of U-Net, CRU-Net,and SAM-Retina using dual-modal image as input
%
1 % A F1 Mcc Sensitivity Precision Accuracy Specificity
U-Net 78.18+0.66 77.35+0.69 78.45+1.60 78.00+1.88 98.36+0.07 99.13+0.11
3 fik CRU-Net 80.29+0.81 79.63+0.83 81.01+1.40 79.98+2.49 98.52+0.09 99.20+0.13
SAM-Retina 83.35%0.19 82.7940.20 80.8510. 49 86.0810.36 98.7940.01 99.4940.02
U-Net 79.22+0.56 78.51+0.60 84.5740.90 74.58+0.70 98.27+0.05 98.83+0.04
## A CRU-Net 80.87+0.56 80.19+0.56 83.14+1.16 79.02+1.17. 98.47+0.06 99.09+0. 10
SAM-Retina 85.09%0.19 84.50%0.20 85.48%0.39 84.76%0. 21 98.8410. 01 99.3840. 01
090 AT : N
=P, 10 ] 10 =
085 | == SAM-Retina = T [
= 08 =~ 08 s
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Visual comparison of metrics for various models under dual-modal images input

# 4 SAM-Retina £ RGB MU BHR T (4 fig %t He
Table 4 Performance comparison of SAM-Retina in RGB and

dual-modal images

%)

*® 4% 1% F1 Precision Accuracy
. RGB 82.68+0.13 84.96+1.04 98. 7440, 02

ik
WA A 83.3510.19 86.081+0.36 98.79+0. 01
i RGB 84.69+0.14 84.04+0.41 98.80+0.01
! WA A 85.0910.19 84.7610. 21 98.841+0.01
3.4.2 HRF %%

BT 25 AL SAM-Retina 455 % {1 43 %) ¥ 6 . [7] B 72
HRF 4542 F#EATX S5, IR 511 7 TW-GAN B[y 2
FF4y 245 RAEATAT I, T HRF 3R 4t H A RGB E1{% .
PR b A 52 46 BT 1) DI 5 R BF A 35 7 3 RGB & ik 47,
8 Ca) Ay it N MR JES PRI A5 o JFG BT AR A0 475 R S IR 75 5 18T 8 ()
Sk B DR T O X 69 72 R o R RS R, FE R AR R A
MLBE. 43515 EL A AEXT o SAM-Retina & # ik (14 43 %1 o 1 2
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Fig. 8 Visualization results of segmentation for each model on HRF dataset
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Table 5 Performance comparison of U-Net,CRU-Net, TW-GAN,and SAM-Retina on HRF dataset
%
H* % BR F1 Mcc Sensitivity Precision Accuracy Specificity
U-Net 71.40 70.76 72.77 71.14 98.18 99.07
g CRU-Net 73.89 73.37 78.46 70.74 98. 28 98.98
2 TW-GAN 72.48 72.04 72.07 74.54 98. 30 99. 23
SAM-Retina 75.78 75.37 75.89 77.02 98.50 99.29
U-Net 75.75 75.06 75.82 76.76 98.11 99.08
& 5 CRU-Net 74.33 73.72 77.36 73.00 97.94 98. 84
e i TW-GAN 77.25 76.68 76.99 78.78 98. 24 99.17
SAM-Retina 79. 14 78.59 77.90 81.38 98. 41 99.30
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Visualized comparison of model performance on HRF dataset
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Fig. 10 Visualized segmentation results comparison of SAM

and SAM-Retina

# 6 SAM 45 SAM-Retina % RGB B4 /Y P REXS 1L
Table6  Performance comparison of SAM and SAM-Retina on RGB image
%)
1 4% A F1 Mcc Sensitivity Precision Accuracy Specificity
SAMC(1 point) 7.16 —0.03 93. 64 3.72 9.07 5.78
2 fik SAM(3 point) 7.48 0 93.50 3.90 9.84 6. 44
SAM-Retina 82.53 81.9 81.20 83.99 98.72 99. 40
SAMC(1 point) 7.20 0 94. 04 3.74 9.23 5.92
# Ik SAMC(3 point) 7.52 0.03 94. 64 3.92 9.16 5.69
SAM-Retina 84.58 83.96 84. 60 84.58 98. 80 99.37
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Table 7 Performance comparison of SAM-Retina under different prompt inputs

%)

* % #r F1 Mcce Sensitivity Precision Accuracy Specificity

1 point 80.24+1.66 80.19+1.29 72.16+3.70 90.69+1.96 98.68+0.07 99.71+0.08

- None 80.31+1.08 80.17+0.77 72.99+1.84 89.69+2.98 98.67+0.04 99.66+0.13

JK

static t

SWHCPIOMPL g3 3540.19  82.7940.20  80.8520.49  86.080.36 98.7920.01 99,490, 02

embedding

1 point 82.00+1.86 81.67+1.56 76.71+5.66 88.57+3.35 98.70+0.07 99.58+0.16

1 None 82.60£0.59 82.0540.49 80.31£4.07 85.36+3.85 98.68+0.05 99.42+0. 20
static t

SEHCPIOMPT g5 0904£0.19  84.50:£0.20  85.4840.39  84.76:20.21  98.84:40.01  99.38%0.01

embedding
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Jik ST A 5 e 1 B Bk 25 R F1 BT R T 0.6 DA
SHIKN F1 BT RET 0,18 AN E A, Bk, iSRS A 41

B 2 T K S AR 451 2% B AR AR T 1] TORE S Ak 4
h K

# 8  SAM-Retina X 451 2% R 44 (14 1 il X L 52 56

Table 8 Ablation comparison experiment on the loss function for SAM-Retina

[€79)

* % A F1 Mcc Sensitivity Precision Accuracy Specificity
HEDHBRRLA#H . 82.7540.34  81.2440.36  79.54+0.71 84.62+0.93  98.62+0.05 99.41-+0.03

2 Jk iR R R 83.11+£0.21  81.9540.24  80.82+0.48 85.63£0.73  98.63%0.02  99.46+0.02
SAM-Retina #i % & # 83.3510.19 82.7940.20 80.85%0. 49 86.0810.36 98.7940.01 99.4940.02
HEDHRRLA# . 84.9140.20 84.3240.23  84.37+0.38 84.69+0.32  98.7940.01  99.37-+0.01

il M iR R R 84.78+£0.21  84.2440.25 84.27+0.75 84.12£0.54  98.63%0.02  99.32+0.02
SAM-Retina i % # # 85.0910.19 84.50+0.20 85.4810.39 84.7610.21 98.8410.01 99.3840.01
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