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Analysis of the Effectiveness of Generative Adversarial Networks
and Data Augmentation Techniques for Enhancing Nuclei
Segmentation Performance in Pathological Images
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Abstract

Pathological images constitute a significant category within medical imaging. With the advent of deep learning techniques,
particularly models for nuclei segmentation, the application scope of these methods has expanded to encompass pathological
images. Numerous highly effective nuclei segmentation models have emerged. However, the scarcity of pathological image datasets
poses a challenge. Addressing this, data augmentation becomes pivotal to bolster the performance of nuclei segmentation within
such datasets. This study employs a mask2image model to generate synthetic images, subsequently utilized to train an image2mask
model. Incorporating diverse data augmentation techniques, we evaluate the efficacy of synthetic images and analyze the impact of
various augmentation methods on segmentation performance.
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