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Abstract A method for multi-label semantic segmentation is proposed. The proposed method is based on the use
of semantic texton forests, which can compute texton features faster than other method. We adapted the training
algorithm for semantic texton forests to multi-label problems by using label ranking, which is a multi-label learning
task. Our multi-label semantic segmentation method consists of two steps: extracting features from each pixel of
an image by using semantic texton forests that have been adapted to multi-label problems by using label ranking,
and classifying each pixel by using multi-label classifiers that have been trained using label powersets, where sets of
labels are considered as one category. The proposed method can divide regions into not only single label categories
but also multi-label categories. Experimental results for an original dataset including multi-label categories show
that our method has about 70% segmentation accuracy.
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