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Hyperparameter Selection in Semantic Segmentation and its

Application to the Floor Extraction from Indoor Image

Ryoka Oisar! Kyoxo Supo'® Fumiaki Satol:P)

Abstract: Recognizing the area of the floor with no obstacle at indoor scenes like corridors or rooms is
required for the application of self-driving of wheel chairs. This work aims to recognize the area of an indoor
image into a floor, doors, persons, and obstacles. In recent years, several models of semantic segmentation
for recognition of roads or indoor images that achieve high performance with deep learning approach are pre-
sented, however, they need large training dataset to adapt the arbitrary environment that requires large cost
for annotation. In this paper, we indicate the optimization method of the hyper-parameters of U-Net, one
of the semantic segmentation models, by genetic algorithms (GA). Our experiment shows that the stability
of convergence in training phase is improved with the optimized hyper-parameters, though the accuracy of
segmentation is not largely improved.
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