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» discretized PDE matrices on unstructured grids can be interpreted as weighted
graph matrices (with the graph edges corresponding to the grid edges)

* this analogy opens the door to applying ideas from multilevel numerical methods for
PDEs on unstructured grids to graph problems

* in the context of AMG, this was first done by Brandt and co-workers [1,2,3], for
problems in image segmentation [1,2] and in clustering and manifold detection [3]

 AMG coarsening, interpolation, and variational coarse operator definition can be
applied directly to graph problems, to create hierarchical overlapping groupings of
graph nodes (nested image segments or graph clusters) and detect salient groupings

* in [4], we extend the ‘Segmentation by weighted aggregation’ algorithm of [1,2,3] to
handle sequences of images and to employ a scale-invariant saliency measure, and
apply it to microscope movies of cell division; we also consider satellite images here
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The SWA algorithm from [1,2,3] introduces: In [4] we add:

* rescale coarse weights based on average * scale-invariant saliency measure:
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* detect salient segments in upward stage using i Wil = Al

saliency measure, and sharpen segment « 3D segmentation for images stacked in time
boundaries
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