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Abstract: The health status of fundus vessels is of great significance to the study of various ophthalmic diseases. In

order to help clinical medical pergo

vessels, this paper proposes as
images are preprocessed,b
used to replace U-net

of gradient descent metho

jagnose diseases by analyzing the morphological structure images of fundus micro-
f fundus vessels segmentation based on Encoder-Decoder structure of U-net. First,
el training, and the Leaky ReLU (Leaky Rectified Linear Unit) activation function is
ring model training, avoiding neuron death. Meanwhile, Adam optimizer is used instead

; to optimize the learning strategy. Finally, the Mean Intersection over Union of the vessel

segmentation is calculated and evaluated. Experimental results show that the average accuracy of the optimized model can
reach 93.29%, which is 3.26% higher than the original algorithm.

Keywords: fundus vessels segmentation; Encoder-Decoder structure; Leaky ReLU; Adam optimizer
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2 E{&7i4bIE(Image preprocessing)
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Fig.1 Original image and preprocessed image

3 U-netM4&4EAY(U-net network model)
3.1 MLkLEH
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2500 4y i i 4 B AN AL SE Y 73 2K 248 2 T R FERT B, 2RI
fRD % 2 L oRAEDT B, I ROHT K BRI R, R ERZ R
AES R RHESEAT DR 2 . TR )2 SR IR R Y — LU 7] B2

FRIE, HmibB. Bies, WEEdERRES M E
B — S RAN R AR, BRERIEHERE g A 45 h RIS AR AR (R B
SIABIX R 0 g gs b, S FORAESR AL T B 2R R I 2 (6]
S5EE. XEERNERET N REMAES, HEHER
SrEIRRAEE REEZZRIME R, B n] DA B SRS 200 4 5
R, U—netiy M2 25 K2R,
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3.2 U-netii#
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FERRY, BIASCR FAReLU Y — A FhLeaky ReLUNAUE
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Fig.3 Leaky ReLU function image
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3.3 REMEILRRIEE
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3.4 FEMEERR

B S H 3 P38 52 BOX AN R AR SR PR AG i 43
BYERERE, A Ho(Intersection over Union, IoU)ZERHEI
B SRR B — A T S5 R A B R E R RS HER W
fl, ToUMIHHHELAXI T

JoU =TP (TP + FP+ FN) (4)

Kb, TPRIRIEFIRBINIERMER NI FPRRE RIS

NIERMBREANEG FNFRBRIEN AR BR . R
JEEEVTREAMISIoU, FITRENR-FY%, TRAK
LU

1 & .
MioU =3 Lt
DD I )
i=0 i=0
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° k+1;FN+FP+TP ©6)
4 FLGHERH4H(Experimental results and
analysis)
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Fig.4 Training loss curve
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T RAEAS SCHR Y R SR TE IR R LS o ) B2 B AL
P, SLIGERL T SFCN K U—net Bk Frxt b, RIMAHT
AR A BRI 7 BIRCR T L
F1 ZFEENHER
Tab.1 Test results of three algorithms

Jitk YIZE4MIoU/ % R EMIoU/ %
FCN 92.46 87.34
U—net 95.16 90.03

AR 96.83 93.29
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Fig.5 Visualization of segmentation results
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5 Z5ig(Conclusion)
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