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Abstract: Objective To develop and validate an automated organoid image segmentation approach based on deep learning
for addressing the issues of high misidentification rate, blurred boundary and poor generalization in current organoid
segmentation, thereby facilitating researchers to monitor and analyze organoid growth more efficiently. Methods The
wavelet scattering coefficient matrix and capsule convolution module were integrated into the U-Net architecture to construct
the organoid image segmentation model OrgCapsU-Net which was trained and evaluated on 3 organoid image datasets from
different tissue sources. Results Compared with current mainstream segmentation algorithms, OrgCapsU-Net could better
distinguish organoid and impurity, and lead to smoother segmentation boundaries, achieving superior performance across 4
evaluation metrics on 3 datasets. Conclusion OrgCapsU-Net delivers excellent segmentation performance and can be applied
to organoids from various tissue sources, showing strong potential for applications in the in vifro model establishment, high-
throughput drug screening, and personalized medicine.
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Table 1 Three datasets used in the study
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Figure 1 OrgCapsU-Net architecture
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Figure 2 Example of scattering coefficient matrix
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Figure 3 Basic unit of capsule network
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Figure 4 Visual comparison of the segmentation results
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Table 2 Effects of different configurations on model performance
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Figure 6 Comparison of single organoid morphological distribution

across 3 datasets
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