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FCT-Net: A zebrafish heart image segmentation network model based

on the parallel fusion of dual branches of CNN and Transformer
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Abstract: To address the issue of insufficient accuracy in medical image segmentation caused by the
blurred contours of zebrafish heart images, a novel network model called FCT-Net (fusion convolution-
transformer network) is proposed. which integrates CNN and Transformer. This model is based on the
classic encoder-decoder architecture and a dual-branch parallel feature fusion module is constructed.
Specifically, the CNN branch is utilized to extract local tissue features. To overcome the limitation of a
single convolutional kernel in covering multi-scale features, a multi-scale feature fusion mechanism is
introduced within the convolutional module, and a multi-receptive field feature pyramid is built to enhance
the representation capability of edge details. The Transformer branch is employed to capture long-range
global contextual dependencies, achieving effective fusion of local features and global semantics.
Experimental results demonstrate that FCT-Net improves the accuracy by 5. 8% compared to the baseline
U-Net model in the task of zebrafish heart image segmentation, effectively enhancing the precision of heart
contour segmentation. With its high-precision zebrafish heart segmentation capability, this model can
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provide relatively reliable algorithmic support for the subsequent drug screening studies based on the

morphological characteristics of the zebrafish heart,

Key words: zebrafish; heart image; CNN; Transformer; multi-scale feature fusion
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