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Plan:
Å The Mumford-Shah conjecture and our (small) contribution
Å The three ways to segment an image according to Mumford-Shah: some 

algorithms
Å A real image segmentation  problem: manipulating cardboxes
Å Another one : crack detection in walls
Å Discussion (Bayesian formulation)
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ά{ƘƻǊǘ ƭƛǎǘέ  ƻŦ ŀǳǘƘƻǊǎ ǿƘƻ ŘŜŘƛŎŀǘŜŘ ǘƛƳŜ ǘƻ ǘƘŜ aǳƳŦƻǊŘ-Shah conjecture:

Giovanni Alberti, Guy Bouchitté, Gianni Dal Maso, Luigi Ambrosio, Nicola Fusco, John E. Hutchinson, Diego 

Pallara,   Vincenzo Maria Tortorelli,  Giovanni Bellettini, Alessandra Coscia,  Blaise Bourdin, Antonin 

Chambolle, Jean-François Babadjian, Antoine Lemenant,  Alexis Bonnet, Guy David, DorinBucur, Stephan 

Luckhaus, Gilles A. Francfort,  Jean-Jacques Marigo,  EnnioDe Giorgi, Michele Carriero, Antonio Leaci,  

Françoise Dibos, Georges Koepfler,  Jean-Christophe Léger,  Camillo De Lellis, Matteo Focardi, Berardo

Ruffini, RodicaToader, Sergio Solimini, Guido De Philippis, AlessioFigalli, Thierry De Pauw, Didier Smets,  

Stephen Semmes,  Nicola Fusco Matteo Focardi,  BerardoRuffini,  BenoîtMerlet,  Maria Giovanna Mora, 

Massimiliano Morini,  SéverineRigot,  Anthony Siaudeau.  



²Ƙŀǘ ǿŀǎ ŘƻƴŜ ǘƻ ǘŀŎƪƭŜ όŘŜŦƛƴŜΣ ǎƻƭǾŜύ ǘƘŜ άǊŜŀƭέ ƛƳŀƎŜ segmentation 
problem?

The three ways to segment an image according 
to Mumford-Shah: some algorithms



Antoine Lemenant. A selective review on Mumford-Shah minimizers. Bollettino dellôUnioneMatematica

Italiana, Springer Verlag, 2016, 9, pp.69 - 113.
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LSD: a Line Segment 
Detector

Piecewise Affine Image Segmentation Based on Mumford-Shah Functional (4 regions)  G. Facciolo

Algorithm: Koepfler, G., Lopez, C., & Morel, J. M. (1994). A multiscalealgorithmfor image segmentation by variational
method. SIAM journal on numericalanalysis, 31(1), 282-299.
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A jump in time: A real segmentation problem in 
2020: Cardbox detection
(joint work with Sébastien Drouyer)



Cardbox detection

Due to labor shortage, warehouses in Japan need to automate their 
processes.
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Cardbox detection

Due to labor shortage, warehouses in Japan need to automate their 
processes.

Not pre-arranged or 
ordered and can be 
inclined
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Cardbox detection

Most times packages can easily be separated using the 3D map.



Cardbox detection

But not always.



Cardbox detection

But not always.



Cardbox detection

But not always.



Cardbox detection

But not always.



Cardbox detection

Ҧ 5ŜŜǇ ƭŜŀǊƴƛƴƎ

Main idea:

ǒ Use a first segmentation obtained by 3D
ǒ Refine this segmentation using semantic segmentation algorithm on 2D



Cardbox detection

Image
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3D
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Cardbox detection

One «semantic
boundary» is
missing



Cardbox detection

First approach:

Border detection

U-Net



Cardbox ŘŜǘŜŎǘƛƻƴΥ ǳǎƛƴƎ ŀ ά¦-ƴŜǘέ



Lu, Z., Pu, H., Wang, F., Hu, Z., & Wang, L. (2017). The expressive power of neural networks: 

A view from the width. 

Advances in neural information processing systems (pp. 6231-6239).

« All » functionalsare by now approximable by a neural network, provided
enoughexamplesare given. The  only left variationalproblemis the minimization
of the lossfunctionalof the neural network. This losshas two terms: the fidelity
term and a regularizingterm (typicallyL2 norm of the coefficients)



Cardbox detection

First approach:

Border detection

U-Net
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Cardbox detection

Ҧ 5ŜǘŜŎǘƛƻƴ ŀƭƎƻǊƛǘƘƳ ǎƘƻǳƭŘ ōŜ ŀǎ Ǌƻōǳǎǘ ŀǎ ǇƻǎǎƛōƭŜ ǘƻ ŎƘŀƴƎŜǎ ƛƴ ǎŎŀƭŜΣ 
ǊƻǘŀǘƛƻƴΣ ŎƻƴǘǊŀǎǘΣ ƛƭƭǳƳƛƴŀǘƛƻƴΣ ǎƘŀŘƻǿǎΧ

Makingthe learningdata:

ǒ Acquiring and labeling as many images as possible:
ƺ ~ 2000 images
ƺ Limitations: diversity!

ǒ Choosing adequate data augmentation.
ǒ Choosing adequate loss function / neural network structure.
ǒ Adding simulation images for increasing diversity.



Cardbox detection

Unity3D

Texture of cardboxes taken from our existing dataset (+ add changes in the 
future).

Random texture in background.

Random orientation, illumination...
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Cardbox detection

Results on new
environment.
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Crack Detection

(Sébastien Drouyer) 



An "all terrain" crack detector obtained by deep learning on  available databases
Sébastien Drouyer Image Processing on Line, 2020, www.ipol.im
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Discussion: Bayesian
framework?  Calculusof 
Variations?





Discussion 
The «general» functionalgenerallyalsohas a Bayesianinterpretation



Discussion 
The «general» functionaloften has a Bayesianinterpretation
Example: denoising



A. Levin, B. Nadler. CVPR 2011. Natural image denoising: Optimalityand inherentbounds
Zoran, D., & Weiss, Y.   ICCV2011. From learning models of natural image patches to whole 
image restoration.

4-The Bayesiandenoisingparadigmfrom « non-local» to « global»

The Levin and Nadleroptimal « global denoisingalgorithm » uses «all patches of the  world»

79


