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TL,DR: End-to-end panoramic video depth estimation with a large-scale RGB-D dataset and geometry-aware spatiotemporal adaptation.

Data scarcity: there is no public large-scale
panoramic RGB-D video benchmark.

Panoramic-perspective domain gap:
ERP-specific spatial distortion
Non-linear temporal dynamics
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Panoramic image-based methods:
good per-frame results, bad temporal

consistency.

Post-processing alignment methods:
computationally expensive and struggles

with dynamic scenes.

Perspective video depth methods:

sub-optimal adaptation suffer from
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Quantitative comparison (avg over all settings)
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Without self-occlusion

With self-occlusion

+ RGB, depth, and camera poses.

+ 50.61 km drone-view roaming. Post-processing alignment-based
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spatiotemporal domain gap.
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Need: training data && panoramic

geometry-aware adaptation

Cube-rectified Temporal Modeling
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PSNI (Progressive Sphere-aware Noise
Initialization strategy):
Anneal noise from planar to spherical.

Adapt to non-uniform ERP density.

CRTM (Cube-rectified Temporal

Modeling module): o | 2 3 >
PVDepth achieves higher accuracy and temporal stability.
An auxiliary cubemap temporal branch. : .
Y P P Ablation study (avg over all settings)

Rectify non-linear temporal dynamics.
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