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Object-oriented semantic mapping for indoor environments based on

instance segmentation with deep learning
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Abstract: To enhance the fidelity of the object-oriented semantic maps of domestic service robots, this paper
proposed an improved semantic map building method. The method performed instance segmentation on the images
with a deep learning method and instructed a geometric relationship-based clustering method to segment objects
from the point clouds. The clustering results not only preserved the semantic information identified by the deep
learning method, but also described geometric boundaries of objects more precisely. To solve the problem of the
lack of reliability for object labels in existing approaches, this paper also proposed a semantic map optimization
process. It merged instances which had close distances, high overlapping rates, and similar label scores.
Meanwhile, it removed false objects. The experimental results show that the proposed method can improve the
quality of the map built by the system in terms of the accuracy of the boundaries and the number of instances.
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Fig. 1 The working process of the map building system
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Fig. 6 Effects of the geometric characteristic of the object boundaries on the supervoxel segmentation step
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Fig. 7 Effects of map optimizing process on the

number of the mapped instances
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Fig. 8 Effects of the interval of map optimizing process

on the number of the mapped instances
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Table 2 Effects of map optimizing process on the number

of the mapped instances of typical categories
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Fig. 9 The variation of the number of the mapped instances with optimizing process at different intervals
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