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Disease Segmentation Using a Robust Method for Unclear Boundaries in Training with Annotations Including Boundary Errors

Takuya GOTO, Hiroki NAKANO, Hajime ASAMA and Atsushi YAMASHITA

The predictive performance of segmentation highly depends on the quality of annotations. However, in case of medical

images, it is difficult to annotate precise region of disease since they have variety of shapes and ambiguous boundaries. Im-

proving segmentation performance of models trained with rough annotation will make it easier to create training data. This

paper proposes a novel method to improve auto tumor segmentation from computed tomography (CT) images using noisy
annotations. The proposed method uses pre-training to detect rough tumor regions and fine-tuning to refine the roughly

detected regions. In order to refine roughly detected regions, Active Contours Dice (ACD) Loss is introduced in fine-

tuning. In our experiments using simulated rough annotations, the proposed method improves segmentation performance.
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Fig. 1 Samples of input slices (a) and annotations of tumor (b)
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Fig. 2 Training process of proposed method
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Table 1 Quality of training dataset
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Table 2 Results of an experiment

Method Dice ToU
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