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Tab. 1 Comparison of experimental results of different models
- %% FLOPs/ ¥ CPU BUSI ISIC2018
#/M G B[] /ms Dsc Un Dsc Un

U-Net!?) 31.04 55.84 4519 0.736 740.023 7 0.646 240.023 2 0.794 540.018 8 0.710 340.021 8
UNet+ -+ 9.16 34.91 5957 0.741 740.022 3 0.600 8+0.028 7 0.888 340.015 2 0.803 6+0.022 9
ResUNet!? 13.04 80.98 6 509 0.644 240.032 3 0.538 0£0.034 0 0.866 34-0.006 1 0.792 640.008 8
MedTL7 1.60 21.24 12 264 0.672 440.038 6 0.568 540.043 8 0.848 740.022 0 0.767 440.027 1
TransFuse'®)  26.17 8.65 1609 0.792 140.016 6 0.707 5£0.021 3 0.889 840.004 4 0.820 240.005 6
UNeX¢H! 1.47 0.58 298 0.760 540.003 7 0.625 0£0.003 9 0.893 240.007 0 0.811 1£0.011 1
MCNet 3.66 1.21 1034 0.793 24+0.010 7 0.708 41+0.012 4 0.896 21+0.004 2 0.829 71+0.005 3
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Tab. 2 Effect of MLP branch and Convolution branch on segmentation performance

BUSI ISIC2018
L
Dsc Un Dsc Un
-MLP 0.756 2+0.019 9 0.665 04+0.024 8 0.891 5+0.014 6 0.822 540.004 1
-CNN 0.789 5£0.018 2 0.704 040.022 4 0.894 6£0.002 4 0.828 440.003 1
MCNet 0.793 210.010 7 0.708 41+0.012 4 0.896 21+0.004 2 0.829 71+0.005 3
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Fig.2 Comparison of segmentation results of different models on BUSI dataset
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I'ig.3 Comparison of segmentation results of different models on [SI1C2018 dataset
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MCNet:a lightweight lesion segmentation network integrating multilayer perceptrons and convolutions

a.b.c

Shen Hualei""*, Shangguan Guoging®, Yuan Chengyu®, Chen Yanhao""*,Liu Dong

(a. School of Computer and Information Engineering; b. Henan Key Laboratory of Educational Artificial Intelligence and
Personalized Learning; c. Big Data for Teaching Resources and Educational Quality Evaluation

Henan Engineering Laboratory, Henan Normal University, Xinxiang 453007, China)

Abstract: To address the shortcomings of existing medical image segmentation networks, such as high computational
demands, significant hardware resource requirements, and slow inference speeds, a lightweight and fast segmentation network
named MCNet is proposed. MCNet adopts an encoder-decoder architecture, utilizing both multilayer perceptron (MLP) and
convolutions to extract and fuse global and local features of medical images, respectively, thereby reducing network parameters
and improving segmentation accuracy. During the encoding stage, convolutional branches and MLP branches are used to extract
multi-scale local and global features. These features are fused via skip connections and passed to the decoder. In the decoding
stage, an attention gating mechanism is employed to enhance feature representation. Experiments were conducted on the BUSI
and ISIC2018 datasets. Compared with state-of-the-art methods, MCNet achieves improvements in Dice similarity coefficient
and mean Intersection over Union of 0.11% and 0.09% on the BUSI dataset, and 0.64% and 0.95% on the ISIC2018 dataset,
respectively. Additionally, MCNet significantly reduces the number of network parameters, decreases the number of floating-
point operations, and shortens CPU inference time.

Keywords: medical image segmentation; deep neural network; multi-layer perceptron(MLP) ; lightweight network
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