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Convolutional Neural Network
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Abstract The automatic segmentation of glands and polyps is the foundation for the diagnosis of artificial intelligence-
assisted colorectal adenocarcinoma. However, the size and shape of segmentation targets in medical images vary
considerably, and the automatic segmentation approach based on a convolutional neural network has thus run into a
hindrance. Therefore, a dual branch network (LG UNet) combining convolutional neural network and self attention is
proposed to improve the accuracy of segmentation. First, the Local UNet branch was developed based on U-Net, and the
convolutional neural network’s benefits were employed to elucidate the segmentation target’s local information.
Subsequently, the segmentation details were optimized using the Transformer’s learning ability of global dependencies in
the Global Transformer branch. Finally, during the encoding process, feature maps of the Local and Global branches were
merged by a cross-fusion module to complement their benefits. The two test subsets of Glas and findings of LG UNet were
93.62% and 88.44% for Test A and 88.17% and 80.49% for Test B, employing the Dice coefficient and intersection
and union (IOU) coefficient as the primary examination indexes. Furthermore, the Dice and IOU coefficients in the polyp
segmentation dataset Kvasir-SEG were 85.63% and 77.82% , respectively. The experimental findings demonstrate that
LG UNet exhibits better performance efficiency in gland and polyp segmentation by combining the benefits of the
Transformer and convolutional neural network.
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Table 1 Results of ablation experiment
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Table 2 Double channel and single channel output results are

compared
Dice 10U
Model

Test A Test B Test A Test B
U-Net -2 0. 8826 0. 8269 0.7934 0.7216
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LG UNet -2 0.9362 0. 8844 0. 8817 0. 8049
LG UNet -1 0.9100 0.8663 0. 8380 0.7858
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Table 3 Comparison results with other algorithms on Glas dataset

Dice 10U
Model
Test A TestB Mean Test A TestB Mean
U-Net  0.8826 0.8269 0.8547 0.7934 0.7216 0.7575

ResUNet  0.8940 0.8459 0.8699 0.8146 0.7461 0.7803

KiU-Net"™ 0.8898 0.8527 0.8712 0.8065 0.7565 0.7815
MedT  0.8674 0.8051 0.8362 0.7711 0.6889 0.7300

Rota-Net™' 0.919 0.849 0.884

U-Node™ 0.8930 0.8420 0.8675

LG UNet 0.9362 0.8844 0.9103 0.8817 0.8049 0. 8433

K4 Kvasir-SEG $fa 4 L5 H A Sk 590 L 25 2R
Table 4 Comparison results with other algorithms on

Kvasir-SEG dataset

Model Dice 10U
ode
Test A Test A
U-Net 0.8110 0.7250
KiU-Net'™” 0.7724 0. 6689
ResUNet 0. 8306 0.7477
ResUNet+ + 0. 8508 0.7699
ColonSegNet " 0. 8206
MedT 0. 8039 0.7116
LG UNet 0. 8563 0.7782

KiU-Net ™"t & — A4 X4 3 M 4%, l— > KiU-Net
43 S H—~ U-Net 43 32 41 A%, Hod KiU-Net 43 52 75 4 i
i B SN R B SRR SR T B UCRRAE i A B
i R FE A MU B R 5 U-Net (9 28 72 1F 45 A1
JZ . Rota-Net™ & Glas B¥i % & H 5 e BUS (1) 5 b 4%
Heo OB A T 4 A8 A ) DI 25 2 80 F dE AT I 45, 15 31
B HE S5 a2 3T o o3 A X454 W 45 4 Glas $X
i Kvasir-SEG B 5 F1 NoMuSeg B35 4 (1) I i 5
B S bR A SR EAT TR R, S S R 4 TR R A
e A2 301 1) — R A A R d A 10 1 — B R X 1Y)
bR
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Fig. 4 Comparison of output results of each network
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Table 5 Comparisons on other data sets

ClinicDB NoMuSeg
Model
Dice 10U Dice 10U
U-Net 0.7926 0.7115 0.7930 0.7188
LG UNet 0. 8607 0.7946 0.8317 0.7126
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