e i+ T# SOFTWARE ENGINEERING Vol.27 o2
X E S :2096-1472(2024)02-0031-05 DOI:10.19644/.cnki.issn2096-1472.2024.002.006

E F it UCTransNet )i £ R0E B & o 2R

FOT BRRE WA S LR

(LRKFEFFXRFREEIARFR, LT K& 116023;
QREHFRFRABLRLFHRELEERE, L7 k&

116023)

1426101935@ qq.com; liudan@ dlou.edu.cn

BRI A S RGN XL HEAT 43 BB T LA I PR BB VA #EAE . UCTransNet J&
ffFH Transformer R UNet Hr kBRI AR 1 43 B A, {2 UCTransNet 1 F 5 A0 G 1 18 38 5 800 Z 8% T
UG Y 28 [R5 Q. BE XTI I B0, $2 1 — ety 2 ] b5 30 08 Jl 5 09 T 88 0 pL L OFHd CTransNet H1, 15 5]
CSAM-UCTransNet, ZBERINGR 1 4% 5 B e 2 W] A9 2R . SLae R W], CSANFORNasNet X IfEFE B AR
B9 EIAE BE A T UCTransNet #2271 4.88% ., 5 UNet\AttentionUNet\U%’Jﬁ:‘ﬁi*ﬁ Ll AT 431

W R k20 A R T
KR G E 535 ; UNet (%5 UCTransNet 4% ; 75 1L
RESES. TP THARED:A 4

A Segmentation Model for Marig‘)awoalgae Images Based on

Improve nsNet

Y 4
DOU Yu', CHEN Hongyuan', TAN 20" ,sYUAN Guihong', JIANG Yanbo', LIU Dan"?
b ol

(1.School of Information En, ng, Dalian Ocean University, Dalian 116023, China;
2. Facilities Key Laboratory of Min
X 601096472@ qq.copm

ofiisheries and Education, Dalian Ocean University, Dalian 116023, China)
01460@ 163.com; tanhuachao work@ 163.com; 858774793@ qq.com;
426101935@ qq.com; liudan@ dlou.edu.cn

Abstract: Marine oalgae are the cornerstone of marine ecosystems, and their segmentation and identification
can monitor marine water quality and prevent algal blooms. UCTransNet is a segmentation model that replaces the skip
connection module in UNet with the Transformer module. However, UCTransNet places so much emphasis on the
channel information of images that it ignores the spatial information of images. Aiming at this problem, this paper
proposes a Channel-Space Attention Module (CSAM), and it is added to UCTransNet to obtain CSAM-UCTransNet.
This model strengthens the connection between the encoder and decoder. The experiment shows that CSAM-
UCTransNet improves the segmentation accuracy of marine microalgae samples by 4.88% compared to UCTransNet.
Compared with other segmentation algorithms, such as UNet, Attention-UNet and UNet ++ , the proposed model has
higher segmentation accuracy and better handling of details.
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Fig. 1 UCTransNet model architecture
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Fig. 6 CSAM-UCTransNet network structure
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Fig. 8 Images and labels after segmentation
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Fig. 9 Comparison of segmentation results of various models
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