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Extracting image features for estimating depth information in static image
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Human is thought to learn to extract image features as important cues for depth estimation in the developmental process.
In this paper, we make a hypothesis that pictorial depth cues are acquired so that disparities can be predicted well and
make a model that extracts features appropriate for depth estimation from static images. The experiments with simulation
and real environments show high correlation between estimated and real disparities.
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Fig. 1 Overview of the learning
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Fig.3 Simulation environment
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Fig. 4 Input images and estimated depth maps in simulation
environment
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Fig.5 Examples of important image features
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Fig. 6 Input images and estimated depth maps in simulation
environment
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Fig. 7 Examples of important image features
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