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Indoor Space Recognition using Super-pixel and DNN
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ABSTRACT

In this paper, we propose an indoor-space recognition using DNN and super-pixel. In order to recognize the indoor space from the
image, segmentfation process is required for dividing an image Super-pixel is performed algorithm which can be divided into
appropriate sizes. In order fo recognize each segment, features are extracted using a proposed method. Extracted features are learned
using DNN, and each segment is recognized using the DNN model. Experimental results show the performance comparison between
the proposed method and existing algorithms.
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(Figure 1) Overall process
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(Figure 2) Example of Background recognition
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(Figure 3) Example of pixel relation measurement
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(Table 1) Super-pixel psudo-code
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(Table 2) Feature extraction using Super-pixel
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