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[Abstract] The recognition of capillary non-perfusion areas in fundus fluorescein angiography(FFA) images is
crucial for the early diagnosis and treatment of diabetic retinopathy. However, due to interference from retinal exudates,
the accurate detection of CNP in fundus fluorography images using the traditional LadderNet model is limited. In order
to address these issues and achieve intelligent non-perfusion areas segmentation in fundus vessels while reducing the
labor cost associated with manual interpretation by doctors, an intelligent segmentation model for fundus fluorography
based on Enhance LadderNet is proposed. Firstly, the convolution module in the traditional LadderNet is replaced by the
Vgg module. This modification enhances the feature extraction ability of the convolution layer through parameter sharing
and sparse interaction between convolutional layers, thereby improving network generalization and efficiency. Secondly,

an attention mechanism is incorporated into the intelligent model. This mechanism enables the model to focus more on
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important features and regions within the images, reducing overfitting and enhancing feature expression. Finally, ablation

experiments using real data from a collaborative hospital is conducted, to evaluate the performance of the Enhanced

LadderNet model compared to the traditional LadderNet and other models. The results of these experiments demonstrate

the proposed model significantly improvs the accuracy of segmenting capillary non-perfusin areas.
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Tab.1 Results of the Enhance LadderNet experiment

R Acc/% Se/% Sp/% F1
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LadderNetpro 84.87 66.32 87.98 56.74
Enhance LadderNet 85.01 67.70 88.00 56.83




(EWBesr TR ) 2025 455 46 B2 1] EFRBSHE 15

HEL AR ER 1 s, MR 1ATH, &
SC Bt #2 1) Enhance LadderNet #5 %I 1 Acc il Sp 43
Wl 85.01% . 88%, 43 il Lt % 4t 1) LadderNet #5
TIFETE T 10.94% F1 13.27%, #HHFE 1 g HAbAR
AL SORMA W R, X TIAT Veg Bk
Y LadderNetpro 57, H: Acc il Sp #8 b5 kb H A5
AUA BB AT, LB LadderNetpro #5781 Hhfin A f)
Vg B RESE T HIMERE

#£ LadderNetpro BRI I ATE R IHLEI, FE47
B B T X S0, LadderNet CBAMV2

) 4% i 48 b5 & T LadderNet CBAMVI, I
Enhance LadderNet # A 7£ Fl LadderNet CBAMV2
LN TR A W) | AN =Wk i P NS @8 R = WAL i
v HE % (reduction_ratio ) FAIESEIEAT T AH N (5K
5. Y4 reduction_ratio 437 4. 8. 16 B}, SLEGZL
BNk 2 r7n, Y4 reduction_ratio A 8 B, SCEGAL
Rl HbEZ ) Enhance LadderNet £5 7 17 ££
reduction_ratio 24 8,

SEE P ) CNP 2rEIBCR AN 4 Brzs . X Lad-
derNet, LadderNetpro il Enhance LadderNet #47%%

®2 CERNNBIGER LRI

Tab.2 Comparison of attention mechanism reduction ratios

reduction_ratio Acc/% Se/% Sp/% F1
4 81.18 70.47 83.06 52.84
8 85.01 67.70 88.00 56.83
16 84.04 67.90 86.88 56.02

(a) FFA

(b) Label

(c¢) LadderNet (d) LadderNetpro

(e ) Enhance (f) ResUNet

LadderNet

(g) UNetVgg

El4 CNP HEBHR
Fig.4 CNP segmentation rendering

BT, &I Enhance LadderNet B ) CNP [X 35,

RO
2 e

BERS R R R BE 2 > FEA T 9O LI 7 JOE i X
BRI RIBTFE PR L, A SR A7 I REA i
TR MR JEEAL I € i 5 o 1 XA BE 201 Rl

A SCHE LadderNet )35 BB H B iy Vg Rib It
AR P, $2iH T Enhance LadderNet 5%

Vg M AT LUl BUZ 2 1038 i3 SHOL s sC
)RR E AR ERE T, A BT S R EE
AR ZRIERIE . FRIZMBBUZ 0T L2 ) 2] EE
FRGUFIE, W2 B FUZ T LI 24 ) B 5 0



e 16+

(EYEETRRAEE) 2025 4F55 46 B 1] EFEESHE

FRIE, JFE % BA TSRz ALBE ) RS, AL
T8 2 T A S 56 & P AT HE Y Enhance LadderNet #5754 (1)
CNP [X 38 43 E) 5 S A T LadderNet, LadderNetpro
N GAERY , 25 1, AR T B RS EUREL
P e 7 K %2, R F Enhance LadderNet £ 7 52 B
T CNP XBUHY A gk, 75— R L TR
PN TR, HEBNGYT G 7 5Tmk, S CNP
PR PR B TR R B . AT, SR PR B
BAGHEEA TGS, Aokl SRR /ERT
FRCE Z B MRS I a2, CNP XS A 3
For SR AT BB B — 204 T

SE
[11  YANG S T, ZHANG J Y, CHEN L L. The cells involved in the

pathological process of diabetic retinopathy[J]. Biomedicine & Phar-
macotherapy, 2020, 132: 110818.

[2] LOPATIN T, KO M, BROWN E, ef al. Normative percentile ranking
best reveals sensorimotor impairments of postural sway in type 2
diabetes[J]. Research Methods in Medicine & Health Sciences,
2024, 0(0): 1-7.

[31 ANTROPOLI A, ARRIGO A, LA FRANCA L, et al. Peripheral and
central capillary non-perfusion in diabetic retinopathy: an updated
overview[J]. Frontiers in Medicine, 2023, 10: 1125062.

[4] *FFE, KA, FFF . RARACEYLE LG EMR AT KRR
T AT [J]. BRARFEFR, 2022, 25 (15) : 176-179.
DENG Ying, CHEN Xi, LI Yuping, Value analysis of fundus
fluorescein angiography in screening diabetic retinopathy[J]. Diabetes
New World, 2022,25(15):176-179.

[5] SIVASWAMY J, AGARWAL A, CHAWLA M, et al. Extraction
of capillary non-perfusion from fundus fluorescein angiogram[C]//
Biomedical Engineering Systems & Technologies, International Joint
Conference, Biostec, Funchal, Madeira, Portugal, January, Revised
Selected Papers. Funchal:DBLP, 2008:28-31.

[6] KWONG M T, ZHENG Y, MACCORMICK 1 J, et al. Automated

segmentation of capillary non-perfusion (CNP) regions in fundus

(7

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

fluorescein angiograms (FA) using a texture-based approach[J]. Inves-
tigative Ophthalmology & Visual Science, 2012, 53(14): 4082-4082.
BUCHANAN C R, TRUCCO E. Contextual detection of diabetic
pathology in wide-field retinal angiograms[C]//Proceedings of the 30th
Annual International Conference of the IEEE Engineering in Medicine
and Biology Society. Vancouver:IEEE,2008: 5437-5440.

NUNEZ D O RIO J M, SEN P, RASHEED R, et al. Deep learning-
based segmentation and quantification of retinal capillary non-
perfusion on ultra-wide-field retinal fluorescein angiography[J]. Jour-
nal of Clinical Medicine, 2020, 9(8): 2537.

XIANG D, YAN S, GUAN Y, et al. Semi-supervised dual stream
segmentation network for fundus lesion segmentation[J]. IEEE
Transactions on Medical Imaging, 2022, 42(3): 713-725.

FF . B HEBRR ALY BB A RBE RS E 7 &R D]
AAR: B FARKF, 2023,

LI Ping. Research on high-resolution fundus fluorescein angiography
image generation and leakage segmentation methods[D]. Chengdu:
University od Electronic Science and Technology of China, 2023.
DING L, BAWANY M H, KURIYAN A E, ef al. A novel deep learning
pipeline for retinal vessel detection in fluorescein angiography[J].
IEEE Transactions on Image Processing, 2020, 29: 6561-6573.
VALIZADEH A, JAFARZADEH GHOUSHCHI S, RANJBARZADEH
R, et al. Presentation of a segmentation method for a diabetic
retinopathy patient’s fundus region detection using a convolutional
neural network[J]. Computational Intelligence and Neuroscience,
2021,2021: 1-14.

WANG Z, LIN L, WU J, et al. Multi-task learning based ocular disease
discrimination and FAZ segmentation utilizing OCTA images[C]// 43rd
Annual International Conference of the IEEE Engineering in Medicine
& Biology Society (EMBC). Mexico: IEEE, 2021: 2790-2793.

REED J, BAIN S, KANAMARLAPUDI V. A review of current trends
with type 2 diabetes epidemiology, aetiology, pathogenesis, treatments
and future perspectives[J]. Diabetes, Metabolic Syndrome and Obe-
sity, 2021, 14 : 3567-3602.

ZUO C, QIAN J, FENG S, et al. Deep learning in optical metrology: a
review[J]. Light(Science & Applications), 2022, 11(4): 466-519.





