Computer Science and Application &R} 25 M, 2025, 15(4), 57-63 Hans X
Published Online April 2025 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.154077

ETGNNHE BN U-NetZ2 L /735

X H&
JARTNE R S G Re, TR M

Wk H . 20254F2 4280 FHER: 20254F3H27H; AT HM: 20254F4H3H

R

PR BRI E ) A FE S W ANG T SO R O 77 T A AR . E TR E NS N RAREX — I A T
WEARRRB, BN RENNESERR—MEF RSN E. HEEHRRAENLHFTKE
gk, FlanALEREFEMAKNEINE. AT HRRRIXERE, ZHEREERTE
Tt BIENU-Ne R R TT L. ETRMMBSHAR, ZMITET LIRRM AR . N, SR04
& TREERMSNEE, URERRLERRTERE. A XERAMENEE NSRRI R R
Hik, FHENRHIE RN ZRPATILAIER. R, ASOE T BETHETERRSER. KRERR
B, HEEAERBUEMAUROCE R LML T B sost i 75

X in
AERE, #HEE, MERWEER, YMEIMESH

A Surrogate-Assisted U-Net Architecture
Evolutionary Approach Based on GNN

Runjia Wu

School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou Guangdong

Received: Feb. 28", 2025; accepted: Mar. 27%, 2025; published: Apr. 3¢, 2025

Abstract

Retinal vascular sections play an important role in diagnosing and treatment of disease conditions.
The technology based on recognition neural networks has made many breakthroughs in this field,
but designing the optimal network structure is a challenging problem. Neural structure search faces
challenges in real-world programs, such as too much search space and too long learning time. To
effectively address these issues, this data demonstrates a U-Net architecture search method based
on advanced algorithms. Unlike adding network parameters, this method can improve network
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performance. Meanwhile, this architecture combines surrogate models and evolutionary algorithms
to reduce computational costs during the search process. This article uses neural networks as an
alternative model to enhance mutation algorithms and performs matching measures by drawing
common objects. Meanwhile, this article accelerates the convergence speed of genetic computing
methods. The experimental results show that the algorithm still outperforms state-of-the-art meth-
ods in key indicators such as sensitivity and AUROC.
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Figure 1. Algorithm architecture diagram
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