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Vanishing Point in Manhattan World

projections of parallel lines intersect at a single point
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Applications of Vanishing Point
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Our Problem: VPs Estimation & Line Labeling
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Insight 1: Primal Problem Reformulation

How to represent discrete labels?
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Insight 1: Primal Problem Reformulation

Distance Matrix
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Insight 1: Primal Problem Reformulation
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Our Method: GlobustVP
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Insight 2: QCQP -> Convex Relaxation -> SDP

1) Primal Problem
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Insight 2: QCQP -> Convex Relaxation -> SDP

Relaxe QCQP to Convex Problem



Insight 2: QCQP -> Convex Relaxation -> SDP

Non-convex QCQP
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Insight 2: QCQP -> Convex Relaxation -> SDP
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Insight 2: QCQP -> Convex Relaxation -> SDP
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Ours Method: GlobustVP
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2) SDP Problem

Large SDP problem is
not efficient enough
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Insight 3: Iterative SDP

3) Iterative SDP Problem

Find VPs one by one!
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Insight 3: Iterative SDP

Treat Line and Line as Outliers, find VP1
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Insight 3: Iterative SDP

Treat Line as Outliers, find VP2
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Insight 3: Iterative SDP

Find VP3
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Ours Method: GlobustVP
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Some Qualitative Results
F1-score?

Consistency error 64.29%, 2.19 pix. 85.71%, 1.01 pix. 100%, 0.41 pix.

4 V/awy | A L4

F1-scoret 87.60%, 0.52 pix. 90.08%, 0.45 pix. 100%, 0.01 pix.
Consistency error]
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Synthetic Comparison
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Comparison against Learning-based Method

YUD Dataset
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