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Figure 9: Examplesof colorimagesfrom our RoboticVoxelsdataset

5. Conclusion

We proposed a new algorithm for voxel model simplification using predefined camera
views. The algorithm reduces a rigid-body voxel model to a shell voxel model. It keeps
only the voxels that are visible from the required view. We demonstrate the effectiveness
of the proposed algorithm using a case study with a mobile robot and a state-of-the-art
SSZ single-photo 3D reconstruction neural network. We generated a real and a virtual
scene with various objects including a statue. We use a mobile robot equipped with
a single camera to collect real and synthetic data. We train the SSZ model using the
collected data. We developed a dedicated visualization software that implements our
algorithm. The comparison of the visualization performance for the full model and its
reduced version demonstrates that our algorithm allows to increase the performance by
420 times.
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