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Paper

RomniStereo: Recurrent Omnidirectional Stereo Matching

Hualie Jiang, Rui Xu, Minglang Tan and Wenjie Jiang
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Problem Statement

Omnidirectional Stereo Matching

• Depth sensing

Rig of 4 fisheye cameras

• Wide baseline

• FoV > 180◦
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International Conference on Robotics and Automation (ICRA), 2019

OmniMVS: End-to-End Learning for Omnidirectional Stereo Matching
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Previous Work

RAFT: Recurrent All-Pairs Field Transforms for Optical Flow
Zachary Teed and Jia Deng
Princeton University, New Jersey, United States
European Computer Vision Association (ECVA), 2020

RAFT-Stereo: Multilevel Recurrent Field Transforms for Stereo Matching
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International Conference on 3D Vision (3DV), 2021
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Previous Work
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SweepNet
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SweepNet - Camera Calibration
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SweepNet - Spherical Sweeping
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SweepNet - Flowchart
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SweepNet - Architecture
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SweepNet - Results
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SweepNet - Core Idea and Limitations

• Introduced spherical sweeping

• At each depth hypothesis, pairs of spherical images are compared using a 2D CNN
that scores the matching cost

• Network ignores spatial smoothness of neighboring pixels’ depth

• No learning-based depth regression
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OmniMVS - The end-to-end approach

• Integrates spherical sweeping into an end-to-end
deep stereo pipeline

• Instead of predicting costs per sweep
independently, constructs a full spherical cost
volume and processes it with a 3D CNN
exploiting spatial and depth consistency

• Learns to regress continuous depth rather than
picking the minimum cost

14 / 30



OmniMVS - Flowchart
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OmniMVS - Architecture
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OmniMVS - Results
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RAFT

• Estimate 2D motion vectors between two consecutive images (optical flow)

• Compute correlations between all pixel pairs (dense 4D cost volume)
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RAFT - Flowchart
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RAFT - Results
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RAFT-Stereo

• RAFT assumes temporal consistency; stereo has geometric consistency

• Adapt the recurrent update framework from 2D optical flow to 1D stereo disparity

• Redesig the correlation computation and update rules to exploit the epipolar
constraint

• Introduces a multi-level recurrent framework: estimates disparity at coarse resolution,
refines iteratively at higher resolutions
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RAFT-Stereo - Flowchart
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RAFT-Stereo - Results
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RomniStereo

• Proposes an opposite adaptive weighting scheme that transforms the output of
spherical sweeping into the inputs required by the recurrent update network

• Bridge between OmniMVS and RAFT-Stereo

• Avoid heavy 3D encoder-decoder cost-volume regularisation
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RomniStereo - Flowchart

25 / 30



RomniStereo - Opposite adaptive weighting

• Multi-Layered Perceptron (MLP) with sigmoid activation

• Grid Embedding: Concatenate the the normalized spherical grid coordinates
Gi (θ, ϕ, n) to the feature volumes input to the MLP.
That is, input to MLP = [Sa, Sb,G ] at each location.

• The weighting allows the network to learn which camera view offers better feature
information at each spherical cell (depending on occlusion, coverage, view-angle,
etc.)

• Smooth blending avoids harsh seams or visible switching artifacts
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RomniStereo - Qualitative Comparison
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RomniStereo - Quantitative Comparison
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RomniStereo - Quantitative Comparison
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