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[Abstract]

Accurate medical image segmentation requires large-scale annotated data; however, the high cost of expert labeling and
presence of negative samples (i.e., images without lesions) in clinical datasets pose challenges for conventional supervised
approaches. In particular, deterministic architectures, such as U-Net, tend to generate pattern-specific outputs even for negative
inputs, leading to training instability and overfitting in imbalanced settings. To address this, we propose BT-VAE, a two-stage
framework that integrates the self-supervised Barlow Twins method into a Variational Autoencoder (VAE). In the pre-training
stage, the VAE encoder learns orientation-invariant and redundancy-reduced latent representations using rotation-based augmented
views without labels. In the fine-tuning stage, the pretrained encoder predicts segmentation masks using limited labeled data.
Barlow Twins—based pretraining reduces channel-wise redundancy, enabling generalizable feature learning, while the probabilistic
latent space of VAE captures uncertainty in negative samples, reducing false positives. Experiments on the COVID-19 CT and
Brachial Plexus ultrasound datasets showed that the proposed method achieves superior segmentation performance compared to
baseline models, particularly in the presence of negative data.
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Fig. 1. Overall training framework of the proposed BT-VAE. The overall architecture combining Barlow Twins-based

pretraining and VAE-based learning
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Segmentation Performance by Model and Metric
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