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Optimal triangulation is a vectorized representation of image s.
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Stop when no decreasing flip occurred in last round
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Process by rounds edges that may decrease GTV are queued
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Optimization algorithm for GTV

Greedy randomized optimization algorithm

Start Image s, trivial triangulation T of Domain(s)
Process by rounds edges that may decrease GTV are queued

Greedy optimization flip an edge of T if it decreases energy GTV(T,s)
or

Randomized if it does not change GTV(T,s) with a probability 3
Update arcs surrounding a flip are queued for next round

Stop when no decreasing flip occurred in last round

Put nearby arcs in queue
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Importance of both GTV and contour regularization
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Zoomed x16 vs reprojection and learning methods
original reproject. [Getreuer 2011] CNN [Shi et al. 2016] Our approach

total time: 8 ms total time: 218 ms
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total time: 551 ms total time: 8524 ms



Other comparisons

Depixelizing [Kopf Lischinsky] vector magic [vectorMagic10]

time: =~ 500 ms time: =~ 2000 ms

time: ~ 2000 ms
Potrace [Potrace]|

time: & 500 ms
Roussos-Maragos [Roussos-Maragios|

total time : 503 ms time: =~ 5000 ms
Hqax [Stepin| Hq4x(Hg4x) [Stepin] Hgax [Stepin| Hq4x(Hq4x) [Stepin]

2 20
00* 00*

total time : 142 ms total time: 320 ms

total time: 152 ms
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Play yourself: online demonstrators

» Our code with GitHub Repository:
https://github.com/kerautret/GTVimageVect

» Our online demonstration :
https://ipolcore.ipol.im/demo/clientApp/demo.html?id=280

» Other demonstrations of compared works can be reproduced online:

P Convolutional Neural Network for Subpixel Super-Resolution [Shi et al. 2016]
https://ipolcore.ipol.im/demo/clientApp/demo.html?id=77777000078

P Super resolution with HQx Algorithm [Stepin] :
https://ipolcore.ipol.im/demo/clientApp/demo.html?id=77777000079

» Image Interpolation with Geometric Contour Stencils [Getreuer 2011] :
http://demo.ipol.im/demo/g_interpolation_geometric_contour_stencils

P Vector-valued image interpolation by an anisotropic diffusion-projection PDE
[Roussos-Maragios] :
http://demo.ipol.im/demo/g_roussos_diffusion_interpolation

P [Vector Magic Inc] : http://vectormagic.com.

» Depixelizing [Kopf, Lischinsky] and Potrace [Potrace] through Inkscape:
https://inkscape.org/
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Thank you for your attention ?
ARY @guesStions ?
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