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Abstract

In recent years, deep learning-based convolutional neural
networks have made significant progress, especially in the
field of medical image segmentation. However, factors such
as uniform layer design, insufficient utilization of multi-scale
information, and increased model complexity due to the
large number of parameters have limited the performance
of these methods in complex situations. In addition, data
security and privacy are major challenges in medical data
processing. In this study, an improved convolutional
encoder-decoder model is introduced that uses strategies
to optimize the extracted features and reduce the number
of parameters. By employing basic information preservation
mechanisms and dense attention modules, this model
improves the ability to extract multi-level information and
offers greater security and efficiency as an optimal option
for use in a federated learning structure. Evaluation of the
proposed model on the ClinicDB-CVC dataset shows that
this method provides better performance in terms of
intersection mean criteria on alliance and Dice coefficient
compared to other state-of-the-art meth.
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Figure 3: Deep segmentation network with feature compression
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Table 1: Comparison of the proposed model with several prominent models on the Cvc-CliniC-DB dataset
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