Hierarchical Co-Segmentation of Building Facades
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Previous approaches for facade structure learning analyse each facade in isolation, and depend T I e
on user interaction or ground-truth labelings, e.g. boxes or pixelwise annotations. Ur:"i"l‘
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1. Augment the input images with their semantic labeling [1]; = S i WA

2. Utilize co-segmentation |2| to create consistent axis-aligned segmentations;
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3. Create hierarchical decompositions as high-level structural representations of facades.

Our method captures essential structural information, useful for facade retrieval or virtual facade
synthesis with induced shape grammars.
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4. Hierarchy creation

: @ Peak detection with binary search

e Keep n best segments

e Perform the co-segmentation recursively
for each of the detected clusters
(e.g. all floors, all shops...)

2. Co-segmentation

Pairwise Multlway :jgfﬁg e Problem: number of elements for
= L B[ co-segmentation increases dramatically
(20 facades -> 80 floors -> 400 windows)

e Solution: segment synchronization
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— Data support averaging

— Representative creation
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e Maximize the score function by finding the optimal:
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— Integrality constraints (relaxed for y variables)

Results

Facade retrieval Grammar induction

Cumulative Match Characteristics

1 - e Transforming hierarchies into procedural split rules of the form

e Retrieval evaluated on the il 1
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e Our tree distance measure provides top results

e Performance increases by using deeper hierarchies
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