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I] Classical Image Processing Problems
       → detection
       → segmentation 
       → denoising (image restoration)

II] Mapping Problems
       → synthetics CT
       → synthetics SHG/TPFE

III] Inverse problems
        → Multi-layer design
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Segmentation : delineation of objects in images
     → pre-processing step
     → get objects features
     → quantification on measurements

I m a g e  P r o c e s s i n g  –  D e t e c t i o n / S e g m e n t a t i o n / Q u a n t i f i c a t i o n

medical images (MRI, Laser images….)

→ Organs
→ laser damage

→cells..
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Segmentation : delineation of objects in images
     → pre-processing step
     → get objects features
     → quantification on measurements

I m a g e  P r o c e s s i n g  –  D e t e c t i o n / S e g m e n t a t i o n / Q u a n t i f i c a t i o n

=> Standard AI task
   → two examples of our work
          + bounding box for damages detection/quantification 
           + segmentation of muscle in MRI for fat fraction quantification



I m a g e  P r o c e s s i n g  –  D e t e c t i o n / S e g m e n t a t i o n / Q u a n t i f i c a t i o n

3 steps algorithm
   - empty images detection
   - reflection site detection
   - damage segmentation and bounding box 
estimation

GOAL :  find bounding box of 
damages to estimate their sizes



I m a g e  P r o c e s s i n g  –  D e t e c t i o n / S e g m e n t a t i o n / Q u a n t i f i c a t i o n

=> Precision 95,4 %

11620 sub-images of 51 × 51 pixels:
   - training set     : 7000 images
   - validation set  : 2100 images
   

4 layers CNN



I m a g e  P r o c e s s i n g  –  D e t e c t i o n / S e g m e n t a t i o n / Q u a n t i f i c a t i o n

Damage segmentation : U-Net
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Bounding box 
estimation :
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I m a g e  P r o c e s s i n g  -  D e n o i s i n g

1.5 T           0.35 T

Low Field MRI : poor SNR
    => Need image restoration or denoising algo. 

Tries using denoising auto-encoder



I m a g e  P r o c e s s i n g  -  C l a s s i f i c a t i o n

IEEE Transactions on Medical Imaging, 2021, 40 (1), pp.81-92. ?10.1109/TMI.2020.3022591?. ?hal-
03627176?

 PET images 
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IEEE Transactions on Medical Imaging, 2021, 40 (1), pp.81-92. ?10.1109/TMI.2020.3022591?. ?hal-
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I m a g e  P r o c e s s i n g  -  C l a s s i f i c a t i o n



I m a g e  P r o c e s s i n g  

Partial conclusion :
    - image processing problems are common in optics labs
    - AI in the broadest sense addresses these problems
    - deep learning is mature enough to handle a large number of image 
processing problems
     - main challenges : datasets, comparison

     - where is Physics ?
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of something-else

Physical Quantities 
of interest

Quantification
metricsproxy

Virtual
Physical Quantities 

of Interest

Two examples:
  - synthetics CT
  - synthetics SHG/TPFE



CT scan : dose computation MRI : target delineation

Registration

M a p p i n g  –  S y n t h e t i c s  C T

Radiotherapy
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CT scan : dose computation MRI : target delineation

Registration

Radiotherapy

MRLinac

Synthetics CT generation ?

M a p p i n g  –  S y n t h e t i c s  C T
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An efficient deep learning segmentation scheme for cervical collagen and 
elastin quantification in Mueller matrix polarimetry microscopic images 
Nelson Gary, Vinh Nguyen Du Le, Julien Wojak, Mouloud Adel, Jessica Ramella-Roman, and Anabela Da Silva 

• Op t i ca l  m od a l i t i es   i dea l l y  s u i t e d   t o   
mo n i t o r   t he   g row t h  and  remod e l i ng  
p roc es s   i n   t h e   c e r v i x :  s en s i t i v e  t o  t he  
mo lec u la r  c on t en t  o f  t he  t i s s ues ,  non -
i nv a s i v e  &n on - i on i z i n g

• Mu el l e r  Mat r i x  ( MM )  imag i ng  s en s i t i ve  t o  
t i s s ue  c ompos i t i o n  an d  s t r uc t u r e ,  non  
c on t ac t ,  c an  be  w id e  f i e l d  bu t  l ow  
s ens i t i v i t y  t o  e la s t i n

• Non  l i n ear  m i c ros c op y  t e c hn i que s  (S ec ond  
Ha rmon i c  G ene ra t i on  (S HG) ,  Two  P ho t on  
Ex c i t a t i o n   F lu o res c e nc e  (T P FE ) )  :  h i gh l y  
s ens i t i v e  b u t  i n v a s i v e

M a p p i n g  –  S y n t h e t i c s  S H G / T P F E
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elastin quantification in Mueller matrix polarimetry microscopic images 
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An efficient deep learning segmentation scheme for cervical collagen and 
elastin quantification in Mueller matrix polarimetry microscopic images 
Nelson Gary, Vinh Nguyen Du Le, Julien Wojak, Mouloud Adel, Jessica Ramella-Roman, and Anabela Da Silva 

But :
   → too few examples to generalize
   → data augmentation issues
   

M a p p i n g  –  S y n t h e t i c s  T P F E



Partial conclusion :
    - Mapping problems are seen as image to image mapping 
    - Main challenges : datasets, comparison
    - Physics is in the target but not in the model

M a p p i n g  –  



I] Classical Image Processing Problems
       → detection
       → segmentation 
       → denoising (image restoration)
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Multilayer optical thin film

Direct model
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Multilayer optical thin film

Direct model

Inverse problem ?



I n v e r s e  P r o b l e m s  –  m u l t i - l a y e r  d e s i g n

Predictor-designer Networks

Direct model

retro-propagate to modify the design



I n v e r s e  P r o b l e m s  –  m u l t i - l a y e r  d e s i g n

Predictor-Designer Networks: results



Partial conclusion :
    - Inverse problem is addressed using neural networks
    - Physics of the direct model is approximate by NN
    - Inversion gives promising preliminary results

    - main challenges : PINNS

I n v e r s e  P r o b l e m s  –  m u l t i - l a y e r  d e s i g n



C o n c l u s i o n

- AI for image processing largely used

- AI approximation ability => approximate models in Physics

- collect datasets is still challenging

- Need to informed NN by Physics (PINNS) especially for inverse 
problems 
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