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Abstract

Accurate lesion segmentation based on deep learning requires selecting loss functions that align with both the image type and
model characteristics. In this study, we conducted repeated experiments with 12 deep learning models on six medical imaging
datasets (skin, endoscopy, ultrasound), comparing 10 pixel-based loss functions. Although no single loss function was universally
accurate across all datasets and models, compound loss functions demonstrated generally superior accuracy compared to individual
loss functions. Notably, when performance was evaluated based on Dice accuracy ranking, the IoUFocal loss function (a
combination of IoU and Focal losses) achieved the highest overall score across both datasets and models. Furthermore,
visualization analysis indicated that loss functions with higher accuracy tended to reduce prediction noise in non-lesion areas. This
comprehensive comparative study is expected to provide valuable guidelines for researchers in selecting loss functions optimized for
their specific datasets and models.
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Fig. 1. Six types of lesion segmentation datasets
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Fig. 2. Comparison of accuracy performance of loss functions
(A) Comparison of overall accuracy performance for 10 loss functions. Dark blue bars denote composite loss functions,
while light blue bars denote simple loss functions. (B) Dice performance comparison by dataset. (C) Dice performance
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