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Radiance et pixels
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http://farbspiel-photo.com/wp-content/uploads/2011/02/lutetia-parisiorum-hdr-before-and-after-001.jpg


Source4

http://farbspiel-photo.com/wp-content/uploads/2011/02/lutetia-parisiorum-hdr-before-and-after-001.jpg


Plage dynamique
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Le monde possède une (très) haute plage dynamique!
Plage dynamique : valeurs de radiance possibles
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Et la caméra? Le monde possède une (très) haute plage dynamique!
Plage dynamique : valeurs de radiance possibles

42 quoi ? photons ?

pixel = 42
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Quelques définitions
ra·di·ance | ˈrādēəns |

Flux énergétique émis, ou reçu, en un point d’une 
surface, et dans une direction donnée par unité 
d’angle solide. 

Elle s’exprime en W/m2/sr.

Source: wikipédia

flux énergétique 
puissance d'un rayonnement électromagnétique
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https://fr.wikipedia.org/wiki/Luminance_%C3%A9nerg%C3%A9tique


Quelques définitions
ir·ra·di·ance | iˈrādēəns |

Flux énergétique perçue par une surface, par unité 
d’aire. 

Elle s’exprime en W/m2.

flux énergétique 
puissance d'un rayonnement électromagnétique
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Radiance et irradiance

<latexit sha1_base64="TJgOb62sKlmQEpz70svN2TfCnS0="></latexit>

E(x) =

Z

⌦
L(x, ✓,�) cos ✓d⌦

ir·ra·di·ance | iˈrādēəns |

Flux énergétique perçue par une surface, par unité 
d’aire. 

Elle s’exprime en W/m2.

L’irradiance est donc l’intégrale de la radiance 
(calculée sur un hémisphère) 

perçue par une surface.

ra·di·ance | ˈrādēəns |

Flux énergétique émis, ou reçu, en un point d’une 
surface, et dans une direction donnée par unité 
d’angle solide. 

Elle s’exprime en W/m2/sr.
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Et la caméra? Le monde possède une (très) haute plage dynamique!
Plage dynamique : valeurs de radiance possibles

42 quoi ? photons ? W/m2/sr ?

pixel = 42
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Dans une caméra…

Images : DanneP, Scarlet Rain, Image credit, Tjwikcom, wikipedia

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage pixel

<latexit sha1_base64="qKYt7K27BaF+cWjp5ZM8oAxlsVc="></latexit>

irradiance / radiance
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http://scarlet-rain.deviantart.com/art/Camera-Shutter-Vector-107122946
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0CAUQjhxqFQoTCOXLt5zjgMgCFU97kgodq4oIBQ&url=http://cpn.canon-europe.com/content/education/infobank/capturing_the_image/ccd_and_cmos_sensors.do&psig=AFQjCNHaTt2gG6hDqFVL8dSe3GzB2bKEqw&ust=1442672108185316
https://en.wikipedia.org/wiki/Analog-to-digital_converter#/media/File:ADC_Symbol.svg
https://en.wikipedia.org/wiki/Human_eye


Dans une caméra…

Images : DanneP, Scarlet Rain, Image credit, Tjwikcom, wikipedia

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage pixel

<latexit sha1_base64="qKYt7K27BaF+cWjp5ZM8oAxlsVc="></latexit>

irradiance / radiance

Plus précisément, pour une lentille mince : 

E : irradiance au capteur 
L : radiance émise 

d : diamètre de la lentille  
z : profondeur  

α: angle à l’axe optique

<latexit sha1_base64="v8tYJ9+CgpXzXceroSqHujdLn0Y="></latexit>

E =

 
⇡

4

✓
d

z

◆2

cos4 ↵

!
L

La plupart des lentilles « modernes » rendent ce 
rapport à peu près constant sur le plan du capteur!
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Dans une caméra…

Images : DanneP, Scarlet Rain, Image credit, Tjwikcom, wikipedia

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage pixel

<latexit sha1_base64="qKYt7K27BaF+cWjp5ZM8oAxlsVc="></latexit>

irradiance / radiance
<latexit sha1_base64="kq/tQVHCsvW1Zhe8u+JzPtvo4uQ="></latexit>

pixel / radiance⇥�t
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Relation entre pixels et radiance

• Pour une caméra « linéaire » 

• Plus l’exposition (∆t) est longue, plus l’image est claire 

• Ou encore

<latexit sha1_base64="kq/tQVHCsvW1Zhe8u+JzPtvo4uQ="></latexit>

pixel / radiance⇥�t

En pratique, les caméras ont également une 
fonction de réponse non-linéaire…  

on y reviendra.

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t
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Images à haute plage dynamique

GIF-4105/7105 Photographie Algorithmique 
Jean-François Lalonde

Capturer la radiance

Merci à P. Debevec et A. Efros!15



Relation entre pixels et radiance

• Pour une caméra « linéaire » 

• Plus l’exposition (∆t) est longue, plus l’image est claire 

• Ou encore

<latexit sha1_base64="kq/tQVHCsvW1Zhe8u+JzPtvo4uQ="></latexit>

pixel / radiance⇥�t

En pratique, les caméras ont également une 
fonction de réponse non-linéaire…  

on y reviendra.

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t
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Exposition longue

Image

0 255

Monde

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t
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Exposition courte

Image

Monde

Plage dynamique10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Faible plage dynamique

0 255
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Radiance à partir des pixels?

Image

Monde

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Capturer plusieurs expositions!

<latexit sha1_base64="ytI/aGiDoZRXCkeduMQYIUWwsdw="></latexit>

�t1
<latexit sha1_base64="qDRw7S1vlCd0x6SqEdZlhjGLoQE="></latexit>

�t2
<latexit sha1_base64="n6BJOqAVhoW7h/9UAwIOLW+3+fI="></latexit>

�t3
<latexit sha1_base64="rBE3TXUfBElV1XUQdi9BaRdKTt4="></latexit>

�t4

0 255
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Radiance à partir des pixels?

Image

Monde

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Capturer plusieurs expositions!

Iradiance =
NX

i=1

Ii
�ti

0 255
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Radiance à partir des pixels?

Image

0 255

Monde

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

<latexit sha1_base64="ytI/aGiDoZRXCkeduMQYIUWwsdw="></latexit>

�t1
<latexit sha1_base64="qDRw7S1vlCd0x6SqEdZlhjGLoQE="></latexit>

�t2
<latexit sha1_base64="n6BJOqAVhoW7h/9UAwIOLW+3+fI="></latexit>

�t3
<latexit sha1_base64="rBE3TXUfBElV1XUQdi9BaRdKTt4="></latexit>

�t4

Iradiance =
NX

i=1

Ii
�ti

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage pixel

Attention : non-linéarité!
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Radiance à partir des pixels?

0 255

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Iradiance =
NX

i=1

Ii
�ti

Iradiance =
NX

i=1

Ii
�ti
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Radiance à partir des pixels?

0 255

Plage dynamique

Faible plage dynamique

10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Iradiance =
NX

i=1

Ii
�ti

Iradiance =
NX

i=1

Ii
�ti

<latexit sha1_base64="Xbt7NYH8yiD1namuTK9SKnd82og="></latexit>wi

<latexit sha1_base64="Xbt7NYH8yiD1namuTK9SKnd82og="></latexit>wi

<latexit sha1_base64="/L1N6EOqN/dJ0U5gxA+lB1GWqYQ="></latexit>

NX

i=1

wi

<latexit sha1_base64="ZcYCopefuLOyvf6pwjP0TADveNM="></latexit>

Ii

Comment varier l’exposition?
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Rappel!
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Varier l’exposition

• 3 choix : 
1. Vitesse de l’obturateur (shutter speed) 

2. Ouverture (f-number) 

3. ISO

25



Images à plusieurs expositionsHabituellement, on diminue la lumière d’un facteur 2 
ex: ¼, 1/8, 1/15, 1/30, 1/60, 1/125, 1/250, 1/500, 1/1000 s

26



Images à plusieurs expositions
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Images à haute plage dynamique

GIF-4105/7105 Photographie Algorithmique 
Jean-François Lalonde

Caméra non-linéaire

Merci à P. Debevec et A. Efros!28



Relation entre pixels et radiance

• Pour une caméra « linéaire » 

• Plus l’exposition (∆t) est longue, plus l’image est claire 

• Ou encore

<latexit sha1_base64="kq/tQVHCsvW1Zhe8u+JzPtvo4uQ="></latexit>

pixel / radiance⇥�t

En pratique, les caméras ont également une 
fonction de réponse non-linéaire…  

on y reviendra.

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

On y revient maintenant!
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Dans une caméra…

Images : DanneP, Scarlet Rain, Image credit, Tjwikcom, wikipedia

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage valeur 

RAW

Rappel!
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Dans une caméra…

Images : DanneP, Scarlet Rain, Image credit, Tjwikcom, wikipedia

Lentille

radiance

Z
Obturateur CCD A/D

irradiance 
au capteur irradiance voltage valeur 

RAW

Fonction 
non-linéaire

Pixel
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Dans une caméra…

Fonction 
non-linéaire

Pixel

Pourquoi la fonction non-linéaire?

a)

b)

Laquelle de ces deux images illustre une 
augmentation constante d’intensité?

Source : John Novak32

http://blog.johnnovak.net/2016/09/21/what-every-coder-should-know-about-gamma/


Dans une caméra…

Fonction 
non-linéaire

Pixel

a)

b)

Laquelle de ces deux images illustre une 
augmentation constante d’intensité?

Augmentation constante d’intensité émise

Augmentation constante d’intensité perçue

Source : John Novak

Pourquoi la fonction non-linéaire?

33

http://blog.johnnovak.net/2016/09/21/what-every-coder-should-know-about-gamma/


Système visuel humain

Log-luminance

Ré
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e

1

0
0 2 4 6-2-4-6
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Adaptation : l’oeil n’est pas un photomètre!

Phares allumés, nuit

Phares allumés, jour
Log-luminance

Ré
po

ns
e

1

0
0 2 4 6-2-4-6
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Images à haute plage dynamique

GIF-4105/7105 Photographie Algorithmique 
Jean-François Lalonde

Calibrage radiométrique manuel

Merci à P. Debevec et A. Efros!36



Calibrage

• Géométrique 
• Relation entre les coordonnées en pixel et les points dans le monde 

• Photométrique 
• Relation entre les valeurs d’intensité des pixels et la radiance du monde
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Dans une caméra…

Fonction 
non-linéaire

Pixel

Pourquoi la fonction non-linéaire?

a)

b)

Laquelle de ces deux images illustre une 
augmentation constante d’intensité?

Augmentation constante d’intensité émise

Augmentation constante d’intensité perçue

Source : John Novak

Rappel!
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Dans une caméra…

Fonction 
non-linéaire

Pixel

Source : John Novak

• Comment estimer cette fonction? 
• Première option : utiliser une cible de calibrage 

radiométrique

39
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Calibrage radiométrique
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Calibrage radiométrique
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Calibrage radiométrique
Captured
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Calibrage radiométrique
Captured
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Augmentation constante d’intensité émise Augmentation constante d’intensité perçue

PHYSIQUE PERCEPTION
43



Dans une caméra…

Fonction 
non-linéaire

Pixel

Source : John Novak

• Comment estimer cette fonction? 
• Première option 

• utiliser une cible de calibrage radiométrique 

• Seconde option 
• l’estimer automatiquement à partir des images 

• article de P. Debevec (SIGGRAPH 1997)
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Images à haute plage dynamique

GIF-4105/7105 Photographie Algorithmique 
Jean-François Lalonde

Calibrage radiométrique automatique

Merci à P. Debevec et A. Efros!45



Dans une caméra…

Fonction 
non-linéaire

Pixel

Source : John Novak

• Comment estimer cette fonction? 
• Première option 

• utiliser une cible de calibrage radiométrique 

• Seconde option 
• l’estimer automatiquement à partir des images 

• article de P. Debevec (SIGGRAPH 1997)
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Algorithme Série d’images

• 3

• 1

• 2

Δt = 1 sec

• 3

• 1

• 2

Δt = 1/16 sec

• 3

• 1

• 2

Δt = 4 sec

• 3

• 1

• 2

Δt = 1/64 sec

• 3

• 1

• 2

Δt = 1/4 sec

<latexit sha1_base64="OdCdBuqy+X6yzsLSz2TiviHYzUY="></latexit>

z = f(radiance⇥�t)
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Algorithme Série d’images

• 3

• 1

• 2

Δt = 1 sec

• 3

• 1

• 2

Δt = 1/16 sec

• 3

• 1

• 2

Δt = 4 sec

• 3

• 1

• 2

Δt = 1/64 sec

• 3

• 1

• 2

Δt = 1/4 sec

<latexit sha1_base64="ZjDZ/RLIJMSrYcgKZjgEaOMvLnc=">AAACD3icbVDJSgNBEO2JW4xb1KOXxmDwFGZEEj0IQS8eI5gFMiH0dCqmtWehu0YShvyBF3/FiwdFvHr15t/YWcQlPih4vFdFVT0vkkKjbX9Yqbn5hcWl9HJmZXVtfSO7uVXTYaw4VHkoQ9XwmAYpAqiiQAmNSAHzPQl17+Zs5NdvQWkRBpc4iKDls6tAdAVnaKR2Nn9N8yfURehjIowHQ+q6GfEtRqIPctjO5uyCPQadJc6U5MgUlXb23e2EPPYhQC6Z1k3HjrCVMIWCSxhm3FhDxPiN2dg0NGA+6FYy/mdI94zSod1QmQqQjtWfEwnztR74nun0Gfb0X28k/uc1Y+wetRIRRDFCwCeLurGkGNJROLQjFHCUA0MYV8LcSnmPKcbRRJgZh1CyneOiQ2fJVwi1g4JTLDgXh7ny6TSONNkhu2SfOKREyuScVEiVcHJHHsgTebburUfrxXqdtKas6cw2+QXr7RM+pJvE</latexit>

j = image

i = pixel

<latexit sha1_base64="+gkEMdXCfAL+ETBj/uhYHf4PSCY="></latexit>

zij = f(radiancei ⇥�tj)
<latexit sha1_base64="LB6HjhPA7tEan0u0bk6rS+2Sfuk="></latexit>

f�1(zij) = radiancei ⇥�tj
<latexit sha1_base64="0Hif/qN7tXmDZrgoJZecMOKryXs="></latexit>

g(zij) = log radiancei + log�tj

48



<latexit sha1_base64="ZjDZ/RLIJMSrYcgKZjgEaOMvLnc=">AAACD3icbVDJSgNBEO2JW4xb1KOXxmDwFGZEEj0IQS8eI5gFMiH0dCqmtWehu0YShvyBF3/FiwdFvHr15t/YWcQlPih4vFdFVT0vkkKjbX9Yqbn5hcWl9HJmZXVtfSO7uVXTYaw4VHkoQ9XwmAYpAqiiQAmNSAHzPQl17+Zs5NdvQWkRBpc4iKDls6tAdAVnaKR2Nn9N8yfURehjIowHQ+q6GfEtRqIPctjO5uyCPQadJc6U5MgUlXb23e2EPPYhQC6Z1k3HjrCVMIWCSxhm3FhDxPiN2dg0NGA+6FYy/mdI94zSod1QmQqQjtWfEwnztR74nun0Gfb0X28k/uc1Y+wetRIRRDFCwCeLurGkGNJROLQjFHCUA0MYV8LcSnmPKcbRRJgZh1CyneOiQ2fJVwi1g4JTLDgXh7ny6TSONNkhu2SfOKREyuScVEiVcHJHHsgTebburUfrxXqdtKas6cw2+QXr7RM+pJvE</latexit>

j = image

i = pixel

Quels sont les connus/inconnus?

Astuce : discrétiser la fonction g()

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2 <latexit sha1_base64="0Hif/qN7tXmDZrgoJZecMOKryXs="></latexit>

g(zij) = log radiancei + log�tj
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<latexit sha1_base64="UFzIZJFFOTUlOHBFAqm7aF+0cGU=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKGj0IAS85JmAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xslmBTUWNBRV3XR3ebHgStv2p5VbWV1b38hvFra2d3b3ivsHLRUlkmGTRSKSHY8qFDzEpuZaYCeWSANPYNsb38799gNKxaPwTk9idAM6DLnPGdVGatz0iyW7bKcgy8TJSAky1PvFj94gYkmAoWaCKtV17Fi7Uyo1ZwJnhV6iMKZsTIfYNTSkASp3mh46IydGGRA/kqZCTVL158SUBkpNAs90BlSP1F9vLv7ndRPtX7lTHsaJxpAtFvmJIDoi86/JgEtkWkwMoUxycythIyop0yabQhpCxXauLx2yTL5DaJ2VnYuy3TgvVWtZHHk4gmM4BQcqUIUa1KEJDBAe4RlerHvryXq13hatOSubOYRfsN6/AK1pjRA=</latexit>=

<latexit sha1_base64="6pYBtcH8w179F6RnvX3+JLs9p3w=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkpSpNVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStNq/XJcrtg1OwNaJ05OKpCjMy5/jCYBiQSVhnCs9dCxQ+PGWBlGOF2WRpGmISZzPKXDhEosqHbj7NYlukiUCfIDlZQ0KFN/TsRYaL0QXtIpsJnpv14q/ucNI+NfuzGTYWSoJKtFfsSRCVD6OJowRYnhi4RgolhyKyIzrDAxSTylLISm7dw0HLROvkPo1WtOo+bcXVVa7TyOIpzBOVTBgSa0oA0d6AKBGTzCM7xYwnqyXq23VWvBymdO4Res9y8kyo3d</latexit>

g(2)

<latexit sha1_base64="/240T7DlRT2OtKnuK9qxls75JpU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkoipdVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStOqfTkuV+yanQGtEycnFcjRGZc/RpOARIJKQzjWeujYoXFjrAwjnC5Lo0jTEJM5ntJhQiUWVLtxdusSXSTKBPmBSkoalKk/J2IstF4IL+kU2Mz0Xy8V//OGkfGv3ZjJMDJUktUiP+LIBCh9HE2YosTwRUIwUSy5FZEZVpiYJJ5SFkLTdm4aDlon3yH0rmpOo+bc1Sutdh5HEc7gHKrgQBNa0IYOdIHADB7hGV4sYT1Zr9bbqrVg5TOn8AvW+xchwI3b</latexit>

g(0)
<latexit sha1_base64="/LSmfkzrYKznLSjNOwJpWhpgdJo=">AAAB63icbVBNSwMxEJ31s9avqkcvwSLUS9mItHoreOmxgv2AdinZNNuGJtklyQpl6V/w4kERr/4hb/4bt9sV1Ppg4PHeDDPz/EhwY13301lb39jc2i7sFHf39g8OS0fHHRPGmrI2DUWoez4xTHDF2pZbwXqRZkT6gnX96e3C7z4wbXio7u0sYp4kY8UDToldSOMKvhiWym7VzYBWCc5JGXK0hqWPwSiksWTKUkGM6WM3sl5CtOVUsHlxEBsWETolY9ZPqSKSGS/Jbp2j81QZoSDUaSmLMvXnREKkMTPpp52S2In56y3E/7x+bINrL+Eqii1TdLkoiAWyIVo8jkZcM2rFLCWEap7eiuiEaEJtGk8xC6Hu4psaRqvkO4TOZRXXqvjuqtxo5nEU4BTOoAIY6tCAJrSgDRQm8AjP8OJI58l5dd6WrWtOPnMCv+C8fwEjRY3c</latexit>

g(1)

<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit>...
<latexit sha1_base64="CRehf+0zzoyFgrq6+x7YrinACZs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBahXkoittVbwUuPFewHtKFstpt27WY37G6EEvofvHhQxKv/x5v/xjSNoNYHA4/3ZpiZ54WcaWPbn1ZubX1jcyu/XdjZ3ds/KB4edbSMFKFtIrlUPQ9rypmgbcMMp71QURx4nHa96c3C7z5QpZkUd2YWUjfAY8F8RrBJpM64fFGtng+LJbtip0CrxMlICTK0hsWPwUiSKKDCEI617jt2aNwYK8MIp/PCINI0xGSKx7SfUIEDqt04vXaOzhJlhHypkhIGperPiRgHWs8CL+kMsJnov95C/M/rR8a/cmMmwshQQZaL/IgjI9HidTRiihLDZwnBRLHkVkQmWGFikoAKaQh127muOWiVfIfQuag4tYpze1lqNLM48nACp1AGB+rQgCa0oA0E7uERnuHFktaT9Wq9LVtzVjZzDL9gvX8BEXiOWw==</latexit>

g(255)

<latexit sha1_base64="sPIPMmk2ZaZ/R84mdeN33TSxkWU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkqi0uqt4KXHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5JGUOuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u0flA+PujqIFKEdEvBA9T2sKWeSdgwznPZDRbHwOO15s9vU7z1QpVkg7808pK7AE8l8RrBJpUn18nxUrtg1OwNaJU5OKpCjPSp/DMcBiQSVhnCs9cCxQ+PGWBlGOF2UhpGmISYzPKGDhEosqHbj7NYFOkuUMfIDlZQ0KFN/TsRYaD0XXtIpsJnqv14q/ucNIuNfuzGTYWSoJMtFfsSRCVD6OBozRYnh84RgolhyKyJTrDAxSTylLISG7dzUHbRKvkPoXtSces25u6o0W3kcRTiBU6iCAw1oQgva0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y718mT43e</latexit>

g(3)

<latexit sha1_base64="6pYBtcH8w179F6RnvX3+JLs9p3w=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkpSpNVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStNq/XJcrtg1OwNaJ05OKpCjMy5/jCYBiQSVhnCs9dCxQ+PGWBlGOF2WRpGmISZzPKXDhEosqHbj7NYlukiUCfIDlZQ0KFN/TsRYaL0QXtIpsJnpv14q/ucNI+NfuzGTYWSoJKtFfsSRCVD6OJowRYnhi4RgolhyKyIzrDAxSTylLISm7dw0HLROvkPo1WtOo+bcXVVa7TyOIpzBOVTBgSa0oA0d6AKBGTzCM7xYwnqyXq23VWvBymdO4Res9y8kyo3d</latexit>

g(2)
<latexit sha1_base64="/240T7DlRT2OtKnuK9qxls75JpU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkoipdVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStOqfTkuV+yanQGtEycnFcjRGZc/RpOARIJKQzjWeujYoXFjrAwjnC5Lo0jTEJM5ntJhQiUWVLtxdusSXSTKBPmBSkoalKk/J2IstF4IL+kU2Mz0Xy8V//OGkfGv3ZjJMDJUktUiP+LIBCh9HE2YosTwRUIwUSy5FZEZVpiYJJ5SFkLTdm4aDlon3yH0rmpOo+bc1Sutdh5HEc7gHKrgQBNa0IYOdIHADB7hGV4sYT1Zr9bbqrVg5TOn8AvW+xchwI3b</latexit>

g(0)
<latexit sha1_base64="/LSmfkzrYKznLSjNOwJpWhpgdJo=">AAAB63icbVBNSwMxEJ31s9avqkcvwSLUS9mItHoreOmxgv2AdinZNNuGJtklyQpl6V/w4kERr/4hb/4bt9sV1Ppg4PHeDDPz/EhwY13301lb39jc2i7sFHf39g8OS0fHHRPGmrI2DUWoez4xTHDF2pZbwXqRZkT6gnX96e3C7z4wbXio7u0sYp4kY8UDToldSOMKvhiWym7VzYBWCc5JGXK0hqWPwSiksWTKUkGM6WM3sl5CtOVUsHlxEBsWETolY9ZPqSKSGS/Jbp2j81QZoSDUaSmLMvXnREKkMTPpp52S2In56y3E/7x+bINrL+Eqii1TdLkoiAWyIVo8jkZcM2rFLCWEap7eiuiEaEJtGk8xC6Hu4psaRqvkO4TOZRXXqvjuqtxo5nEU4BTOoAIY6tCAJrSgDRQm8AjP8OJI58l5dd6WrWtOPnMCv+C8fwEjRY3c</latexit>

g(1)
<latexit sha1_base64="CRehf+0zzoyFgrq6+x7YrinACZs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBahXkoittVbwUuPFewHtKFstpt27WY37G6EEvofvHhQxKv/x5v/xjSNoNYHA4/3ZpiZ54WcaWPbn1ZubX1jcyu/XdjZ3ds/KB4edbSMFKFtIrlUPQ9rypmgbcMMp71QURx4nHa96c3C7z5QpZkUd2YWUjfAY8F8RrBJpM64fFGtng+LJbtip0CrxMlICTK0hsWPwUiSKKDCEI617jt2aNwYK8MIp/PCINI0xGSKx7SfUIEDqt04vXaOzhJlhHypkhIGperPiRgHWs8CL+kMsJnov95C/M/rR8a/cmMmwshQQZaL/IgjI9HidTRiihLDZwnBRLHkVkQmWGFikoAKaQh127muOWiVfIfQuag4tYpze1lqNLM48nACp1AGB+rQgCa0oA0E7uERnuHFktaT9Wq9LVtzVjZzDL9gvX8BEXiOWw==</latexit>

g(255)
<latexit sha1_base64="sPIPMmk2ZaZ/R84mdeN33TSxkWU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkqi0uqt4KXHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5JGUOuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u0flA+PujqIFKEdEvBA9T2sKWeSdgwznPZDRbHwOO15s9vU7z1QpVkg7808pK7AE8l8RrBJpUn18nxUrtg1OwNaJU5OKpCjPSp/DMcBiQSVhnCs9cCxQ+PGWBlGOF2UhpGmISYzPKGDhEosqHbj7NYFOkuUMfIDlZQ0KFN/TsRYaD0XXtIpsJnqv14q/ucNIuNfuzGTYWSoJMtFfsSRCVD6OBozRYnh84RgolhyKyJTrDAxSTylLISG7dzUHbRKvkPoXtSces25u6o0W3kcRTiBU6iCAw1oQgva0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y718mT43e</latexit>

g(3) <latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit> . . .

<latexit sha1_base64="ZjDZ/RLIJMSrYcgKZjgEaOMvLnc=">AAACD3icbVDJSgNBEO2JW4xb1KOXxmDwFGZEEj0IQS8eI5gFMiH0dCqmtWehu0YShvyBF3/FiwdFvHr15t/YWcQlPih4vFdFVT0vkkKjbX9Yqbn5hcWl9HJmZXVtfSO7uVXTYaw4VHkoQ9XwmAYpAqiiQAmNSAHzPQl17+Zs5NdvQWkRBpc4iKDls6tAdAVnaKR2Nn9N8yfURehjIowHQ+q6GfEtRqIPctjO5uyCPQadJc6U5MgUlXb23e2EPPYhQC6Z1k3HjrCVMIWCSxhm3FhDxPiN2dg0NGA+6FYy/mdI94zSod1QmQqQjtWfEwnztR74nun0Gfb0X28k/uc1Y+wetRIRRDFCwCeLurGkGNJROLQjFHCUA0MYV8LcSnmPKcbRRJgZh1CyneOiQ2fJVwi1g4JTLDgXh7ny6TSONNkhu2SfOKREyuScVEiVcHJHHsgTebburUfrxXqdtKas6cw2+QXr7RM+pJvE</latexit>

j = image

i = pixel

<latexit sha1_base64="oAEcVSwt3PUTs4BrZr3/HxMuBOo=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4Kpsird4KXnqsaD+gXUo2zbah2eySZIWy9Cd48aCIV3+RN/+N6XYFtT4YeLw3w8w8PxZcG9f9dNbWNza3tgs7xd29/YPD0tFxR0eJoqxNIxGpnk80E1yytuFGsF6sGAl9wbr+9Gbhdx+Y0jyS92YWMy8kY8kDTomx0p0aVoelsltxM6BVgnNShhytYeljMIpoEjJpqCBa97EbGy8lynAq2Lw4SDSLCZ2SMetbKknItJdmp87RuVVGKIiULWlQpv6cSEmo9Sz0bWdIzET/9Rbif14/McGVl3IZJ4ZJulwUJAKZCC3+RiOuGDViZgmhittbEZ0QRaix6RSzEOouvq5htEq+Q+hUK7hWwbeX5UYzj6MAp3AGF4ChDg1oQgvaQGEMj/AML45wnpxX523ZuubkMyfwC877FyVSjew=</latexit>r2

<latexit sha1_base64="9BgyOElVT6yHnaoWfl3sxLlR3vo=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9kVafVW8NKTVLS20C4lm2bb0GyyJFmhLP0JXjwo4tVf5M1/Y7pdQa0PBh7vzTAzL4g508Z1P53Cyura+kZxs7S1vbO7V94/uNcyUYS2ieRSdQOsKWeCtg0znHZjRXEUcNoJJldzv/NAlWZS3JlpTP0IjwQLGcHGSrdqcD0oV9yqmwEtEy8nFcjRGpQ/+kNJkogKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepQJHVPtpduoMnVhliEKpbAmDMvXnRIojradRYDsjbMb6rzcX//N6iQkv/JSJODFUkMWiMOHISDT/Gw2ZosTwqSWYKGZvRWSMFSbGplPKQqi73mXNQ8vkO4T7s6pXq3o355VGM4+jCEdwDKfgQR0a0IQWtIHACB7hGV4c7jw5r87borXg5DOH8AvO+xdPwo4I</latexit>rN

<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit>...

<latexit sha1_base64="oAEcVSwt3PUTs4BrZr3/HxMuBOo=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4Kpsird4KXnqsaD+gXUo2zbah2eySZIWy9Cd48aCIV3+RN/+N6XYFtT4YeLw3w8w8PxZcG9f9dNbWNza3tgs7xd29/YPD0tFxR0eJoqxNIxGpnk80E1yytuFGsF6sGAl9wbr+9Gbhdx+Y0jyS92YWMy8kY8kDTomx0p0aVoelsltxM6BVgnNShhytYeljMIpoEjJpqCBa97EbGy8lynAq2Lw4SDSLCZ2SMetbKknItJdmp87RuVVGKIiULWlQpv6cSEmo9Sz0bWdIzET/9Rbif14/McGVl3IZJ4ZJulwUJAKZCC3+RiOuGDViZgmhittbEZ0QRaix6RSzEOouvq5htEq+Q+hUK7hWwbeX5UYzj6MAp3AGF4ChDg1oQgvaQGEMj/AML45wnpxX523ZuubkMyfwC877FyVSjew=</latexit>r2
<latexit sha1_base64="9BgyOElVT6yHnaoWfl3sxLlR3vo=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9kVafVW8NKTVLS20C4lm2bb0GyyJFmhLP0JXjwo4tVf5M1/Y7pdQa0PBh7vzTAzL4g508Z1P53Cyura+kZxs7S1vbO7V94/uNcyUYS2ieRSdQOsKWeCtg0znHZjRXEUcNoJJldzv/NAlWZS3JlpTP0IjwQLGcHGSrdqcD0oV9yqmwEtEy8nFcjRGpQ/+kNJkogKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepQJHVPtpduoMnVhliEKpbAmDMvXnRIojradRYDsjbMb6rzcX//N6iQkv/JSJODFUkMWiMOHISDT/Gw2ZosTwqSWYKGZvRWSMFSbGplPKQqi73mXNQ8vkO4T7s6pXq3o355VGM4+jCEdwDKfgQR0a0IQWtIHACB7hGV4c7jw5r87borXg5DOH8AvO+xdPwo4I</latexit>rN<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit> . . .

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2

• 3

• 1

• 2 <latexit sha1_base64="0Hif/qN7tXmDZrgoJZecMOKryXs="></latexit>

g(zij) = log radiancei + log�tj
<latexit sha1_base64="AdGLB+HTPRENBLsW/maqITfCKSg="></latexit>

g(zij) = ri + tj

<latexit sha1_base64="nJlGkuD/NkPueZXo3mX4EYbEllI=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdeOygn1gG8pkOmmHTiZhZiKU0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKOz2LqBvgsWA+I1gb6X4QYD3x/ORyPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/Zt2fV5lVeRxEO4QhOwIEGNOEGWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXyMiRLw==</latexit>

A
<latexit sha1_base64="HeoRmGSE6dbzpu6Z3VubcjhVt8g=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdOOygn1gG8pkOmmHTiZhZiKW0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKWz2LqBvgsWA+I1gb6W4QYD3x/ORhPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/ZN2fV5mVeRxEO4QhOwIEGNOEaWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXHGqRZg==</latexit>x

<latexit sha1_base64="RckKS7vtBwyofX4x2Zn6jks34Gg=">AAAB8XicbVDLSsNAFL2pr1pfUZduBovgqiQire6KblxWsA9sQ5lMJ+3QySTMTIQS+hduXCji1r9x5984SSOo9cDA4Zx7uWeOH3OmtON8WqWV1bX1jfJmZWt7Z3fP3j/oqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXmd+94FKxSJxp2cx9UI8FixgBGsj3Q9CrCd+kPrzoV11ak4OtEzcglShQGtofwxGEUlCKjThWKm+68TaS7HUjHA6rwwSRWNMpnhM+4YKHFLlpXniOToxyggFkTRPaJSrPzdSHCo1C30zmSVUf71M/M/rJzq48FIm4kRTQRaHgoQjHaHs+2jEJCWazwzBRDKTFZEJlphoU1IlL6HhuJd1Fy2T7xI6ZzW3XnNuz6vNq6KOMhzBMZyCCw1owg20oA0EBDzCM7xYynqyXq23xWjJKnYO4Res9y/67ZFQ</latexit>

b
<latexit sha1_base64="zdebSZ7dHjQllPlVKuAUjGvyHHE=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4KhuVVm9FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9jul1BrQ8GHu/NMDPPjwXXxnU/naXlldW19cJGcXNre2e3tLff0lGiKGvSSESq4xPNBJesabgRrBMrRkJfsLY/vp757QemNI/kvZnEzAvJUPKAU2KsdKf6Z/1S2a24GdAiwTkpQ45Gv/TRG0Q0CZk0VBCtu9iNjZcSZTgVbFrsJZrFhI7JkHUtlSRk2kuzU6fo2CoDFETKljQoU39OpCTUehL6tjMkZqT/ejPxP6+bmODCS7mME8MknS8KEoFMhGZ/owFXjBoxsYRQxe2tiI6IItTYdIpZCDUXX1YxWiTfIbROK7hawbfn5fpVHkcBDuEITgBDDepwAw1oAoUhPMIzvDjCeXJenbd565KTzxzALzjvXyUIjec=</latexit>r3

<latexit sha1_base64="sZl5J53EnvP0aYttxZpKy6K0uHE=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mItHoreOmxov2AdinZNNuGZrNLkhXK0p/gxYMiXv1F3vw3ptsV1Ppg4PHeDDPz/FhwbVz30ymsrW9sbhW3Szu7e/sH5cOjjo4SRVmbRiJSPZ9oJrhkbcONYL1YMRL6gnX96c3C7z4wpXkk780sZl5IxpIHnBJjpTs1xMNyxa26GdAqwTmpQI7WsPwxGEU0CZk0VBCt+9iNjZcSZTgVbF4aJJrFhE7JmPUtlSRk2kuzU+fozCojFETKljQoU39OpCTUehb6tjMkZqL/egvxP6+fmODKS7mME8MkXS4KEoFMhBZ/oxFXjBoxs4RQxe2tiE6IItTYdEpZCHUXX9cwWiXfIXQuqrhWxbeXlUYzj6MIJ3AK54ChDg1oQgvaQGEMj/AML45wnpxX523ZWnDymWP4Bef9CyPOjes=</latexit>r1

<latexit sha1_base64="sZl5J53EnvP0aYttxZpKy6K0uHE=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mItHoreOmxov2AdinZNNuGZrNLkhXK0p/gxYMiXv1F3vw3ptsV1Ppg4PHeDDPz/FhwbVz30ymsrW9sbhW3Szu7e/sH5cOjjo4SRVmbRiJSPZ9oJrhkbcONYL1YMRL6gnX96c3C7z4wpXkk780sZl5IxpIHnBJjpTs1xMNyxa26GdAqwTmpQI7WsPwxGEU0CZk0VBCt+9iNjZcSZTgVbF4aJJrFhE7JmPUtlSRk2kuzU+fozCojFETKljQoU39OpCTUehb6tjMkZqL/egvxP6+fmODKS7mME8MkXS4KEoFMhBZ/oxFXjBoxs4RQxe2tiE6IItTYdEpZCHUXX9cwWiXfIXQuqrhWxbeXlUYzj6MIJ3AK54ChDg1oQgvaQGEMj/AML45wnpxX523ZWnDymWP4Bef9CyPOjes=</latexit>r1
<latexit sha1_base64="zdebSZ7dHjQllPlVKuAUjGvyHHE=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4KhuVVm9FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9jul1BrQ8GHu/NMDPPjwXXxnU/naXlldW19cJGcXNre2e3tLff0lGiKGvSSESq4xPNBJesabgRrBMrRkJfsLY/vp757QemNI/kvZnEzAvJUPKAU2KsdKf6Z/1S2a24GdAiwTkpQ45Gv/TRG0Q0CZk0VBCtu9iNjZcSZTgVbFrsJZrFhI7JkHUtlSRk2kuzU6fo2CoDFETKljQoU39OpCTUehL6tjMkZqT/ejPxP6+bmODCS7mME8MknS8KEoFMhGZ/owFXjBoxsYRQxe2tiI6IItTYdIpZCDUXX1YxWiTfIbROK7hawbfn5fpVHkcBDuEITgBDDepwAw1oAoUhPMIzvDjCeXJenbd565KTzxzALzjvXyUIjec=</latexit>r3
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Comment trouver x

• Nous avons un système d’équations linéaires de la forme 
 
 
 
où A est « sous-contraint »  
(car on peut ajouter n’importe quelle constante à x!) 

• En python, on peut le résoudre avec la fonction 
 
 
qui trouve le x qui minimise

<latexit sha1_base64="nJlGkuD/NkPueZXo3mX4EYbEllI=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdeOygn1gG8pkOmmHTiZhZiKU0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKOz2LqBvgsWA+I1gb6X4QYD3x/ORyPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/Zt2fV5lVeRxEO4QhOwIEGNOEGWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXyMiRLw==</latexit>

A <latexit sha1_base64="HeoRmGSE6dbzpu6Z3VubcjhVt8g=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdOOygn1gG8pkOmmHTiZhZiKW0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKWz2LqBvgsWA+I1gb6W4QYD3x/ORhPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/ZN2fV5mVeRxEO4QhOwIEGNOEaWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXHGqRZg==</latexit>x
<latexit sha1_base64="RckKS7vtBwyofX4x2Zn6jks34Gg=">AAAB8XicbVDLSsNAFL2pr1pfUZduBovgqiQire6KblxWsA9sQ5lMJ+3QySTMTIQS+hduXCji1r9x5984SSOo9cDA4Zx7uWeOH3OmtON8WqWV1bX1jfJmZWt7Z3fP3j/oqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXmd+94FKxSJxp2cx9UI8FixgBGsj3Q9CrCd+kPrzoV11ak4OtEzcglShQGtofwxGEUlCKjThWKm+68TaS7HUjHA6rwwSRWNMpnhM+4YKHFLlpXniOToxyggFkTRPaJSrPzdSHCo1C30zmSVUf71M/M/rJzq48FIm4kRTQRaHgoQjHaHs+2jEJCWazwzBRDKTFZEJlphoU1IlL6HhuJd1Fy2T7xI6ZzW3XnNuz6vNq6KOMhzBMZyCCw1owg20oA0EBDzCM7xYynqyXq23xWjJKnYO4Res9y/67ZFQ</latexit>

b<latexit sha1_base64="RZ2jKX8KDXT989wKMyv0XTJMbBo=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKJHoQAl48JmIekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xslmBTUWNBRV3XR3ebHgStv2p5VbWV1b38hvFra2d3b3ivsHLRUlkmGTRSKSHY8qFDzEpuZaYCeWSANPYNsbX8/99gNKxaPwTk9idAM6DLnPGdVGalz1iyW7bKcgy8TJSAky1PvFj94gYkmAoWaCKtV17Fi7Uyo1ZwJnhV6iMKZsTIfYNTSkASp3mh46IydGGRA/kqZCTVL158SUBkpNAs90BlSP1F9vLv7ndRPtX7hTHsaJxpAtFvmJIDoi86/JgEtkWkwMoUxycythIyop0yabQhpC1XYuKw5ZJt8htM7KTqVsN85LtdssjjwcwTGcggNVqMEN1KEJDBAe4RlerHvryXq13hatOSubOYRfsN6/ALC/jRs=</latexit>=

from scipy import linalg 
x = linalg.lstsq(A, b)

<latexit sha1_base64="xfD0JYM7AxHxSVhVCUqLzQNhut8=">AAACEXicbZC7TsMwFIadcivlFmBksaiQulAlFWphK2JhLIhepDaKHNdprToX2Q6iSvIKLLwKCwMIsbKx8TYkaYqA8kuWPv/nHPn4t3xGhdS0T6WwtLyyulZcL21sbm3vqLt7HeEFHJM29pjHexYShFGXtCWVjPR8TpBjMdK1JhdpvXtLuKCeeyOnPjEcNHKpTTGSiWWqlSgaOEiOLTs8j+Ec72J4/H2x4igya6Za1qpaJrgIeg5lkKtlqh+DoYcDh7gSMyREX9d8aYSIS4oZiUuDQBAf4QkakX6CLnKIMMLsRzE8SpwhtD2eHFfCzP05ESJHiKljJZ3pluJvLTX/q/UDaZ8aIXX9QBIXzx6yAwalB9N44JBygiWbJoAwp8muEI8RR1gmIZayEBqaflbX4SLMQ+jUqnq9ql2dlJvXeRxFcAAOQQXooAGa4BK0QBtgcA8ewTN4UR6UJ+VVeZu1FpR8Zh/8kvL+BR1ynhA=</latexit>

||Ax� b||2

Rappel!
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Comment trouver x
<latexit sha1_base64="nJlGkuD/NkPueZXo3mX4EYbEllI=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdeOygn1gG8pkOmmHTiZhZiKU0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Dr1uw9UKhaKOz2LqBvgsWA+I1gb6X4QYD3x/ORyPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/Zt2fV5lVeRxEO4QhOwIEGNOEGWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXyMiRLw==</latexit>

A <latexit sha1_base64="HeoRmGSE6dbzpu6Z3VubcjhVt8g=">AAAB8XicbVDLSsNAFL2pr1ofrbp0M1gEVyURaXVXdOOygn1gG8pkOmmHTiZhZiKW0L9w40IRt/6NO//GSRpBrQcGDufcyz1zvIgzpW370yqsrK6tbxQ3S1vbO7vlyt5+R4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9Cr1u/dUKhaKWz2LqBvgsWA+I1gb6W4QYD3x/ORhPqxU7ZqdAS0TJydVyNEaVj4Go5DEARWacKxU37Ej7SZYakY4nZcGsaIRJlM8pn1DBQ6ocpMs8RwdG2WE/FCaJzTK1J8bCQ6UmgWemUwTqr9eKv7n9WPtn7sJE1GsqSCLQ37MkQ5R+n00YpISzWeGYCKZyYrIBEtMtCmplJXQsJ2LuoOWyXcJndOaU6/ZN2fV5mVeRxEO4QhOwIEGNOEaWtAGAgIe4RleLGU9Wa/W22K0YOU7B/AL1vsXHGqRZg==</latexit>x
<latexit sha1_base64="RckKS7vtBwyofX4x2Zn6jks34Gg=">AAAB8XicbVDLSsNAFL2pr1pfUZduBovgqiQire6KblxWsA9sQ5lMJ+3QySTMTIQS+hduXCji1r9x5984SSOo9cDA4Zx7uWeOH3OmtON8WqWV1bX1jfJmZWt7Z3fP3j/oqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXmd+94FKxSJxp2cx9UI8FixgBGsj3Q9CrCd+kPrzoV11ak4OtEzcglShQGtofwxGEUlCKjThWKm+68TaS7HUjHA6rwwSRWNMpnhM+4YKHFLlpXniOToxyggFkTRPaJSrPzdSHCo1C30zmSVUf71M/M/rJzq48FIm4kRTQRaHgoQjHaHs+2jEJCWazwzBRDKTFZEJlphoU1IlL6HhuJd1Fy2T7xI6ZzW3XnNuz6vNq6KOMhzBMZyCCw1owg20oA0EBDzCM7xYynqyXq23xWjJKnYO4Res9y/67ZFQ</latexit>

b<latexit sha1_base64="RZ2jKX8KDXT989wKMyv0XTJMbBo=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKJHoQAl48JmIekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xslmBTUWNBRV3XR3ebHgStv2p5VbWV1b38hvFra2d3b3ivsHLRUlkmGTRSKSHY8qFDzEpuZaYCeWSANPYNsbX8/99gNKxaPwTk9idAM6DLnPGdVGalz1iyW7bKcgy8TJSAky1PvFj94gYkmAoWaCKtV17Fi7Uyo1ZwJnhV6iMKZsTIfYNTSkASp3mh46IydGGRA/kqZCTVL158SUBkpNAs90BlSP1F9vLv7ndRPtX7hTHsaJxpAtFvmJIDoi86/JgEtkWkwMoUxycythIyop0yabQhpC1XYuKw5ZJt8htM7KTqVsN85LtdssjjwcwTGcggNVqMEN1KEJDBAe4RlerHvryXq13hatOSubOYRfsN6/ALC/jRs=</latexit>=
Autre façon de l’écrire :

<latexit sha1_base64="UB5dLBYN4/dGdqWkTgugHwta0FY="></latexit>

argmin
g,r

X

i2pixels

X

j2images

(ri + tj � g(zij))
2 + �

255X

z=0

g00(z)2

Quel est le problème? Que faire si, par exemple, aucun pixel ne possède la valeur 35?
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Comment trouver x

<latexit sha1_base64="UB5dLBYN4/dGdqWkTgugHwta0FY="></latexit>

argmin
g,r

X

i2pixels

X

j2images

(ri + tj � g(zij))
2 + �

255X

z=0

g00(z)2
<latexit sha1_base64="UB5dLBYN4/dGdqWkTgugHwta0FY="></latexit>

argmin
g,r

X

i2pixels

X

j2images

(ri + tj � g(zij))
2 + �

255X

z=0

g00(z)2

Contrainte : courbe doit être lisse
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<latexit sha1_base64="UFzIZJFFOTUlOHBFAqm7aF+0cGU=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKGj0IAS85JmAekCxhdtKbjJl9MDMrhJAv8OJBEa9+kjf/xslmBTUWNBRV3XR3ebHgStv2p5VbWV1b38hvFra2d3b3ivsHLRUlkmGTRSKSHY8qFDzEpuZaYCeWSANPYNsb38799gNKxaPwTk9idAM6DLnPGdVGatz0iyW7bKcgy8TJSAky1PvFj94gYkmAoWaCKtV17Fi7Uyo1ZwJnhV6iMKZsTIfYNTSkASp3mh46IydGGRA/kqZCTVL158SUBkpNAs90BlSP1F9vLv7ndRPtX7lTHsaJxpAtFvmJIDoi86/JgEtkWkwMoUxycythIyop0yabQhpCxXauLx2yTL5DaJ2VnYuy3TgvVWtZHHk4gmM4BQcqUIUa1KEJDBAe4RlerHvryXq13hatOSubOYRfsN6/AK1pjRA=</latexit>=

<latexit sha1_base64="6pYBtcH8w179F6RnvX3+JLs9p3w=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkpSpNVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStNq/XJcrtg1OwNaJ05OKpCjMy5/jCYBiQSVhnCs9dCxQ+PGWBlGOF2WRpGmISZzPKXDhEosqHbj7NYlukiUCfIDlZQ0KFN/TsRYaL0QXtIpsJnpv14q/ucNI+NfuzGTYWSoJKtFfsSRCVD6OJowRYnhi4RgolhyKyIzrDAxSTylLISm7dw0HLROvkPo1WtOo+bcXVVa7TyOIpzBOVTBgSa0oA0d6AKBGTzCM7xYwnqyXq23VWvBymdO4Res9y8kyo3d</latexit>

g(2)
<latexit sha1_base64="/240T7DlRT2OtKnuK9qxls75JpU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkoipdVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStOqfTkuV+yanQGtEycnFcjRGZc/RpOARIJKQzjWeujYoXFjrAwjnC5Lo0jTEJM5ntJhQiUWVLtxdusSXSTKBPmBSkoalKk/J2IstF4IL+kU2Mz0Xy8V//OGkfGv3ZjJMDJUktUiP+LIBCh9HE2YosTwRUIwUSy5FZEZVpiYJJ5SFkLTdm4aDlon3yH0rmpOo+bc1Sutdh5HEc7gHKrgQBNa0IYOdIHADB7hGV4sYT1Zr9bbqrVg5TOn8AvW+xchwI3b</latexit>

g(0)
<latexit sha1_base64="/LSmfkzrYKznLSjNOwJpWhpgdJo=">AAAB63icbVBNSwMxEJ31s9avqkcvwSLUS9mItHoreOmxgv2AdinZNNuGJtklyQpl6V/w4kERr/4hb/4bt9sV1Ppg4PHeDDPz/EhwY13301lb39jc2i7sFHf39g8OS0fHHRPGmrI2DUWoez4xTHDF2pZbwXqRZkT6gnX96e3C7z4wbXio7u0sYp4kY8UDToldSOMKvhiWym7VzYBWCc5JGXK0hqWPwSiksWTKUkGM6WM3sl5CtOVUsHlxEBsWETolY9ZPqSKSGS/Jbp2j81QZoSDUaSmLMvXnREKkMTPpp52S2In56y3E/7x+bINrL+Eqii1TdLkoiAWyIVo8jkZcM2rFLCWEap7eiuiEaEJtGk8xC6Hu4psaRqvkO4TOZRXXqvjuqtxo5nEU4BTOoAIY6tCAJrSgDRQm8AjP8OJI58l5dd6WrWtOPnMCv+C8fwEjRY3c</latexit>

g(1)
<latexit sha1_base64="CRehf+0zzoyFgrq6+x7YrinACZs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBahXkoittVbwUuPFewHtKFstpt27WY37G6EEvofvHhQxKv/x5v/xjSNoNYHA4/3ZpiZ54WcaWPbn1ZubX1jcyu/XdjZ3ds/KB4edbSMFKFtIrlUPQ9rypmgbcMMp71QURx4nHa96c3C7z5QpZkUd2YWUjfAY8F8RrBJpM64fFGtng+LJbtip0CrxMlICTK0hsWPwUiSKKDCEI617jt2aNwYK8MIp/PCINI0xGSKx7SfUIEDqt04vXaOzhJlhHypkhIGperPiRgHWs8CL+kMsJnov95C/M/rR8a/cmMmwshQQZaL/IgjI9HidTRiihLDZwnBRLHkVkQmWGFikoAKaQh127muOWiVfIfQuag4tYpze1lqNLM48nACp1AGB+rQgCa0oA0E7uERnuHFktaT9Wq9LVtzVjZzDL9gvX8BEXiOWw==</latexit>

g(255)
<latexit sha1_base64="sPIPMmk2ZaZ/R84mdeN33TSxkWU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkqi0uqt4KXHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5JGUOuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u0flA+PujqIFKEdEvBA9T2sKWeSdgwznPZDRbHwOO15s9vU7z1QpVkg7808pK7AE8l8RrBJpUn18nxUrtg1OwNaJU5OKpCjPSp/DMcBiQSVhnCs9cCxQ+PGWBlGOF2UhpGmISYzPKGDhEosqHbj7NYFOkuUMfIDlZQ0KFN/TsRYaD0XXtIpsJnqv14q/ucNIuNfuzGTYWSoJMtFfsSRCVD6OBozRYnh84RgolhyKyJTrDAxSTylLISG7dzUHbRKvkPoXtSces25u6o0W3kcRTiBU6iCAw1oQgva0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y718mT43e</latexit>

g(3) <latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit> . . .

<latexit sha1_base64="UB5dLBYN4/dGdqWkTgugHwta0FY="></latexit>

argmin
g,r

X

i2pixels

X

j2images

(ri + tj � g(zij))
2 + �

255X

z=0

g00(z)2Contrainte : courbe doit être lisse

<latexit sha1_base64="6pYBtcH8w179F6RnvX3+JLs9p3w=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkpSpNVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStNq/XJcrtg1OwNaJ05OKpCjMy5/jCYBiQSVhnCs9dCxQ+PGWBlGOF2WRpGmISZzPKXDhEosqHbj7NYlukiUCfIDlZQ0KFN/TsRYaL0QXtIpsJnpv14q/ucNI+NfuzGTYWSoJKtFfsSRCVD6OJowRYnhi4RgolhyKyIzrDAxSTylLISm7dw0HLROvkPo1WtOo+bcXVVa7TyOIpzBOVTBgSa0oA0d6AKBGTzCM7xYwnqyXq23VWvBymdO4Res9y8kyo3d</latexit>

g(2)

<latexit sha1_base64="/240T7DlRT2OtKnuK9qxls75JpU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkoipdVbwUuPFewHtKFstpt26e4m7G6EEvoXvHhQxKt/yJv/xiSNoNYHA4/3ZpiZ54WcaWPbn1ZhY3Nre6e4W9rbPzg8Kh+f9HQQKUK7JOCBGnhYU84k7RpmOB2EimLhcdr35rep33+gSrNA3ptFSF2Bp5L5jGCTStOqfTkuV+yanQGtEycnFcjRGZc/RpOARIJKQzjWeujYoXFjrAwjnC5Lo0jTEJM5ntJhQiUWVLtxdusSXSTKBPmBSkoalKk/J2IstF4IL+kU2Mz0Xy8V//OGkfGv3ZjJMDJUktUiP+LIBCh9HE2YosTwRUIwUSy5FZEZVpiYJJ5SFkLTdm4aDlon3yH0rmpOo+bc1Sutdh5HEc7gHKrgQBNa0IYOdIHADB7hGV4sYT1Zr9bbqrVg5TOn8AvW+xchwI3b</latexit>

g(0)
<latexit sha1_base64="/LSmfkzrYKznLSjNOwJpWhpgdJo=">AAAB63icbVBNSwMxEJ31s9avqkcvwSLUS9mItHoreOmxgv2AdinZNNuGJtklyQpl6V/w4kERr/4hb/4bt9sV1Ppg4PHeDDPz/EhwY13301lb39jc2i7sFHf39g8OS0fHHRPGmrI2DUWoez4xTHDF2pZbwXqRZkT6gnX96e3C7z4wbXio7u0sYp4kY8UDToldSOMKvhiWym7VzYBWCc5JGXK0hqWPwSiksWTKUkGM6WM3sl5CtOVUsHlxEBsWETolY9ZPqSKSGS/Jbp2j81QZoSDUaSmLMvXnREKkMTPpp52S2In56y3E/7x+bINrL+Eqii1TdLkoiAWyIVo8jkZcM2rFLCWEap7eiuiEaEJtGk8xC6Hu4psaRqvkO4TOZRXXqvjuqtxo5nEU4BTOoAIY6tCAJrSgDRQm8AjP8OJI58l5dd6WrWtOPnMCv+C8fwEjRY3c</latexit>

g(1)

<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit>...
<latexit sha1_base64="CRehf+0zzoyFgrq6+x7YrinACZs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBahXkoittVbwUuPFewHtKFstpt27WY37G6EEvofvHhQxKv/x5v/xjSNoNYHA4/3ZpiZ54WcaWPbn1ZubX1jcyu/XdjZ3ds/KB4edbSMFKFtIrlUPQ9rypmgbcMMp71QURx4nHa96c3C7z5QpZkUd2YWUjfAY8F8RrBJpM64fFGtng+LJbtip0CrxMlICTK0hsWPwUiSKKDCEI617jt2aNwYK8MIp/PCINI0xGSKx7SfUIEDqt04vXaOzhJlhHypkhIGperPiRgHWs8CL+kMsJnov95C/M/rR8a/cmMmwshQQZaL/IgjI9HidTRiihLDZwnBRLHkVkQmWGFikoAKaQh127muOWiVfIfQuag4tYpze1lqNLM48nACp1AGB+rQgCa0oA0E7uERnuHFktaT9Wq9LVtzVjZzDL9gvX8BEXiOWw==</latexit>

g(255)

<latexit sha1_base64="sPIPMmk2ZaZ/R84mdeN33TSxkWU=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBahXkqi0uqt4KXHCvYD2lA22027dHcTdjdCCf0LXjwo4tU/5M1/Y5JGUOuDgcd7M8zM80LOtLHtT6uwtr6xuVXcLu3s7u0flA+PujqIFKEdEvBA9T2sKWeSdgwznPZDRbHwOO15s9vU7z1QpVkg7808pK7AE8l8RrBJpUn18nxUrtg1OwNaJU5OKpCjPSp/DMcBiQSVhnCs9cCxQ+PGWBlGOF2UhpGmISYzPKGDhEosqHbj7NYFOkuUMfIDlZQ0KFN/TsRYaD0XXtIpsJnqv14q/ucNIuNfuzGTYWSoJMtFfsSRCVD6OBozRYnh84RgolhyKyJTrDAxSTylLISG7dzUHbRKvkPoXtSces25u6o0W3kcRTiBU6iCAw1oQgva0AECU3iEZ3ixhPVkvVpvy9aClc8cwy9Y718mT43e</latexit>

g(3)

<latexit sha1_base64="oAEcVSwt3PUTs4BrZr3/HxMuBOo=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4Kpsird4KXnqsaD+gXUo2zbah2eySZIWy9Cd48aCIV3+RN/+N6XYFtT4YeLw3w8w8PxZcG9f9dNbWNza3tgs7xd29/YPD0tFxR0eJoqxNIxGpnk80E1yytuFGsF6sGAl9wbr+9Gbhdx+Y0jyS92YWMy8kY8kDTomx0p0aVoelsltxM6BVgnNShhytYeljMIpoEjJpqCBa97EbGy8lynAq2Lw4SDSLCZ2SMetbKknItJdmp87RuVVGKIiULWlQpv6cSEmo9Sz0bWdIzET/9Rbif14/McGVl3IZJ4ZJulwUJAKZCC3+RiOuGDViZgmhittbEZ0QRaix6RSzEOouvq5htEq+Q+hUK7hWwbeX5UYzj6MAp3AGF4ChDg1oQgvaQGEMj/AML45wnpxX523ZuubkMyfwC877FyVSjew=</latexit>r2

<latexit sha1_base64="9BgyOElVT6yHnaoWfl3sxLlR3vo=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9kVafVW8NKTVLS20C4lm2bb0GyyJFmhLP0JXjwo4tVf5M1/Y7pdQa0PBh7vzTAzL4g508Z1P53Cyura+kZxs7S1vbO7V94/uNcyUYS2ieRSdQOsKWeCtg0znHZjRXEUcNoJJldzv/NAlWZS3JlpTP0IjwQLGcHGSrdqcD0oV9yqmwEtEy8nFcjRGpQ/+kNJkogKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepQJHVPtpduoMnVhliEKpbAmDMvXnRIojradRYDsjbMb6rzcX//N6iQkv/JSJODFUkMWiMOHISDT/Gw2ZosTwqSWYKGZvRWSMFSbGplPKQqi73mXNQ8vkO4T7s6pXq3o355VGM4+jCEdwDKfgQR0a0IQWtIHACB7hGV4c7jw5r87borXg5DOH8AvO+xdPwo4I</latexit>rN

<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit>...

<latexit sha1_base64="oAEcVSwt3PUTs4BrZr3/HxMuBOo=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4Kpsird4KXnqsaD+gXUo2zbah2eySZIWy9Cd48aCIV3+RN/+N6XYFtT4YeLw3w8w8PxZcG9f9dNbWNza3tgs7xd29/YPD0tFxR0eJoqxNIxGpnk80E1yytuFGsF6sGAl9wbr+9Gbhdx+Y0jyS92YWMy8kY8kDTomx0p0aVoelsltxM6BVgnNShhytYeljMIpoEjJpqCBa97EbGy8lynAq2Lw4SDSLCZ2SMetbKknItJdmp87RuVVGKIiULWlQpv6cSEmo9Sz0bWdIzET/9Rbif14/McGVl3IZJ4ZJulwUJAKZCC3+RiOuGDViZgmhittbEZ0QRaix6RSzEOouvq5htEq+Q+hUK7hWwbeX5UYzj6MAp3AGF4ChDg1oQgvaQGEMj/AML45wnpxX523ZuubkMyfwC877FyVSjew=</latexit>r2
<latexit sha1_base64="9BgyOElVT6yHnaoWfl3sxLlR3vo=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9kVafVW8NKTVLS20C4lm2bb0GyyJFmhLP0JXjwo4tVf5M1/Y7pdQa0PBh7vzTAzL4g508Z1P53Cyura+kZxs7S1vbO7V94/uNcyUYS2ieRSdQOsKWeCtg0znHZjRXEUcNoJJldzv/NAlWZS3JlpTP0IjwQLGcHGSrdqcD0oV9yqmwEtEy8nFcjRGpQ/+kNJkogKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepQJHVPtpduoMnVhliEKpbAmDMvXnRIojradRYDsjbMb6rzcX//N6iQkv/JSJODFUkMWiMOHISDT/Gw2ZosTwqSWYKGZvRWSMFSbGplPKQqi73mXNQ8vkO4T7s6pXq3o355VGM4+jCEdwDKfgQR0a0IQWtIHACB7hGV4c7jw5r87borXg5DOH8AvO+xdPwo4I</latexit>rN<latexit sha1_base64="mHRtn0KicXWjDliL71hNlZ2P2tw=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJ4Krsird4KXnqsYD+gXUo2m21js8mSZAul9D948aCIV/+PN/+N6XYFtT4YeLw3w8y8IOFMG9f9dNbWNza3tgs7xd29/YPD0tFxW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3y78zoQqzaS4N9OE+jEeChYxgo2V2v1JKI0elMpuxc2AVomXkzLkaA5KH/1QkjSmwhCOte55bmL8GVaGEU7nxX6qaYLJGA9pz1KBY6r9WXbtHJ1bJUSRVLaEQZn6c2KGY62ncWA7Y2xG+q+3EP/zeqmJrv0ZE0lqqCDLRVHKkZFo8ToKmaLE8KklmChmb0VkhBUmxgZUzEKoud5N1UOr5DuE9mXFq1a8u6tyvZHHUYBTOIML8KAGdWhAE1pA4AEe4RleHOk8Oa/O27J1zclnTuAXnPcv7LGPkw==</latexit> . . .

<latexit sha1_base64="zdebSZ7dHjQllPlVKuAUjGvyHHE=">AAAB6nicbVBNSwMxEJ31s9avqkcvwSJ4KhuVVm9FLx4r2g9ol5JNs21oNrskWaEs/QlePCji1V/kzX9jul1BrQ8GHu/NMDPPjwXXxnU/naXlldW19cJGcXNre2e3tLff0lGiKGvSSESq4xPNBJesabgRrBMrRkJfsLY/vp757QemNI/kvZnEzAvJUPKAU2KsdKf6Z/1S2a24GdAiwTkpQ45Gv/TRG0Q0CZk0VBCtu9iNjZcSZTgVbFrsJZrFhI7JkHUtlSRk2kuzU6fo2CoDFETKljQoU39OpCTUehL6tjMkZqT/ejPxP6+bmODCS7mME8MknS8KEoFMhGZ/owFXjBoxsYRQxe2tiI6IItTYdIpZCDUXX1YxWiTfIbROK7hawbfn5fpVHkcBDuEITgBDDepwAw1oAoUhPMIzvDjCeXJenbd565KTzxzALzjvXyUIjec=</latexit>r3

<latexit sha1_base64="sZl5J53EnvP0aYttxZpKy6K0uHE=">AAAB6nicbVBNSwMxEJ2tX7V+VT16CRbBU9mItHoreOmxov2AdinZNNuGZrNLkhXK0p/gxYMiXv1F3vw3ptsV1Ppg4PHeDDPz/FhwbVz30ymsrW9sbhW3Szu7e/sH5cOjjo4SRVmbRiJSPZ9oJrhkbcONYL1YMRL6gnX96c3C7z4wpXkk780sZl5IxpIHnBJjpTs1xMNyxa26GdAqwTmpQI7WsPwxGEU0CZk0VBCt+9iNjZcSZTgVbF4aJJrFhE7JmPUtlSRk2kuzU+fozCojFETKljQoU39OpCTUehb6tjMkZqL/egvxP6+fmODKS7mME8MkXS4KEoFMhBZ/oxFXjBoxs4RQxe2tiE6IItTYdEpZCHUXX9cwWiXfIXQuqrhWxbeXlUYzj6MIJ3AK54ChDg1oQgvaQGEMj/AML45wnpxX523ZWnDymWP4Bef9CyPOjes=</latexit>r1
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Résultats: couleur
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Rouge Vert

RGBBleu
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Math

• Notons la (log-)fonction inverse discrétisée : g(z) 
• Pour chaque pixel i dans une image j, nous avons : 

 

• Système d’équations linéaires sur-contraint : 
 
 

• Permet d’estimer la radiance et la fonction de caméra simultanément!
approximation des données courbe lisse

X

i2pixels

X

j2images

(ri + tj � g(zij))
2 + �

255X

z=0

g00(z)2

<latexit sha1_base64="0Hif/qN7tXmDZrgoJZecMOKryXs="></latexit>

g(zij) = log radiancei + log�tj
<latexit sha1_base64="AdGLB+HTPRENBLsW/maqITfCKSg="></latexit>

g(zij) = ri + tj
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Images à haute plage dynamique

GIF-4105/7105 Photographie Algorithmique 
Jean-François Lalonde

Reproduction tonale

Merci à P. Debevec et A. Efros!58



Radiance

Et maintenant?
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Reproduction tonale

Image

Monde

Plage dynamique10-6 106

<latexit sha1_base64="qyrigJR56lQhHdLh8CsdY3nANjM="></latexit>

radiance / pixel

�t

Faible plage dynamique

0 255

Comment faire?
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Rappel!
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Opérateur global

• Déterminer une courbe qui : 
• Ramène le contenu du signal HDR dans une plage qui convient à un écran 

ou un projecteur 

• N’augmente pas les parties sombres 

• Donc: 
• Asymptote à 255 

• Dérivée = 1 à 0
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Idée 1 : opérateur global (Reinhard et al.)

• Solution simple : utiliser une transformée non-linéaire

world

world
display L

L
L

+
=
1
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Non-linéaire

Reinhard En fonction des pixels 
les plus sombres64



Idée 2 : utiliser le filtre bilatéral

filtre bilatéral
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Filtre bilatéral : deux filtres gaussiens!

pondération spatialenormalisation

F[I]p =
1

Wp ∑
q∈S

Gσs
( | |p − q | | )Gσr

( | Ip − Iq | )Iq

pondération en intensité

I

mais pas sur le même domaine!

Rappel!
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Idée 2 : filtre bilatéral

filtre bilatéral
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Idée 2 : filtre bilatéral
image originale image filtrée (base) détails = img / base
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Idée 2 : filtre bilatéral
image originale image filtrée (compressée) détails = img / base
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Idée 2 : filtre bilatéral
image originale image filtrée (compressée) détails = img / baseimage compressée
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Idée 3 : utiliser les gradients

(a) (b) (c) (d) (e) (f)

Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:

2
(

∂ 2I
∂x2

− ∂Gx
∂x

)
+2

(
∂ 2I
∂y2

−
∂Gy
∂y

)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Signal HDR
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Idée 3 : utiliser les gradients

(a) (b) (c) (d) (e) (f)

Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:

2
(

∂ 2I
∂x2

− ∂Gx
∂x

)
+2

(
∂ 2I
∂y2

−
∂Gy
∂y

)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Signal HDR Log-signal HDR
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Idée 3 : utiliser les gradients

(a) (b) (c) (d) (e) (f)

Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:

2
(

∂ 2I
∂x2

− ∂Gx
∂x

)
+2

(
∂ 2I
∂y2

−
∂Gy
∂y

)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Signal HDR Log-signal HDR Dérivée du log-signal
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Idée 3 : utiliser les gradients

(a) (b) (c) (d) (e) (f)

Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:

2
(

∂ 2I
∂x2

− ∂Gx
∂x

)
+2

(
∂ 2I
∂y2

−
∂Gy
∂y

)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Signal HDR Dérivée du log-signal(a) (b) (c) (d) (e) (f)

Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:
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)
+2

(
∂ 2I
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−
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)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Gradients atténués!

Log-signal HDR
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Idée 3 : utiliser les gradients
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Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:
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∂x2

− ∂Gx
∂x

)
+2

(
∂ 2I
∂y2

−
∂Gy
∂y

)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel
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Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
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dy
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= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:
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)
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−
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)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel

Gradients atténués!
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Figure 3: (a) An HDR scanline with dynamic range of 2415:1. (b) H(x) = log(scanline). (c) The derivatives H′(x). (d) Attenuated derivatives
G(x); (e) Reconstructed signal I(x) (as defined in eq. 1); (f) An LDR scanline exp(I(x)): the new dynamic range is 7.5:1. Note that each plot
uses a different scale for its vertical axis in order to show details, except (c) and (d) that use the same vertical axis scaling in order to show
the amount of attenuation applied on the derivatives.

We can now reconstruct a reduced dynamic range function I (up
to an additive constantC) by integrating the compressed derivatives:

I(x) =C+
∫ x

0
G(t) dt. (1)

Finally, we exponentiate in order to return to luminances. The entire
process is illustrated in Figure 3.
In order to extend the above approach to 2D HDR functions

H(x,y) we manipulate the gradients ∇H, instead of the derivatives.
Again, in order to avoid introducing spatial distortions into the im-
age, we change only the magnitudes of the gradients, while keeping
their directions unchanged. Thus, similarly to the 1D case, we com-
pute

G(x,y) = ∇H(x,y) Φ(x,y).

Unlike the 1D case we cannot simply obtain a compressed dynamic
range image by integrating G, since it is not necessarily integrable.
In other words, there might not exist an image I such that G = ∇I!
In fact, the gradient of a potential function (such as a 2D image)
must be a conservative field [Harris and Stocker 1998]. In other
words, the gradient ∇I = (∂ I/∂x,∂ I/∂y) must satisfy

∂ 2I
∂x∂y =

∂ 2I
∂y∂x ,

which is rarely the case for our G.
One possible solution to this problem is to orthogonally project

G onto a finite set of orthonormal basis functions spanning the set of
integrable vector fields, such as the Fourier basis functions [Frankot
and Chellappa 1988]. In our method we employ a more direct and
more efficient approach: search the space of all 2D potential func-
tions for a function I whose gradient is the closest to G in the least-
squares sense. In other words, I should minimize the integral

∫∫
F(∇I,G) dx dy, (2)

where F(∇I,G) = ‖∇I−G‖2 =
(

∂ I
∂x −Gx

)2
+

(
∂ I
∂y −Gy

)2
.

According to the Variational Principle, a function I that mini-
mizes the integral in (2) must satisfy the Euler-Lagrange equation

∂F
∂ I − d

dx
∂F
∂ Ix

− d
dy

∂F
∂ Iy

= 0,

which is a partial differential equation in I. Substituting F we obtain
the following equation:
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∂x

)
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−
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)
= 0.

Dividing by 2 and rearranging terms, we obtain the well-known
Poisson equation

∇2I = divG (3)

Figure 4: Gradient attenuation factors used to compress the Bel-
gium House HDR radiance map (Figure 2). Darker shades indicate
smaller scale factors (stronger attenuation).

where ∇2 is the Laplacian operator ∇2I = ∂ 2I
∂x2 + ∂ 2I

∂y2 and divG is the

divergence of the vector fieldG, defined as divG= ∂Gx
∂x + ∂Gy

∂y . This
is a linear partial differential equation, whose numerical solution is
described in Section 5.

4 Gradient attenuation function
As explained in the previous section, our method achieves HDR
compression by attenuating the magnitudes of the HDR image gra-
dients by a factor of Φ(x,y) at each pixel. We would like the at-
tenuation to be progressive, shrinking gradients of large magnitude
more than small ones.
Real-world images contain edges at multiple scales. Conse-

quently, in order to reliably detect all of the significant inten-
sity transitions we must employ a multi-resolution edge detection
scheme. However, we cannot simply attenuate each gradient at the
resolution where it was detected. This could result in halo artifacts
around strong edges, as mentioned in Section 2. Our solution is to
propagate the desired attenuation from the level it was detected at
to the full resolution image. Thus, all gradient manipulations occur
at a single resolution level, and no halo artifacts arise.
We begin by constructing a Gaussian pyramid H0,H1, . . . ,Hd ,

where H0 is the full resolution HDR image and Hd is the coarsest
level in the pyramid. d is chosen such that the width and the height
of Hd are at least 32. At each level k we compute the gradients
using central differences:

∇Hk =
(
Hk(x+1,y)−Hk(x−1,y)

2k+1
,
Hk(x,y+1)−Hk(x,y−1)

2k+1

)
.

At each level k a scaling factor ϕk(x,y) is determined for each pixel
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Rappel!
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Perceptuel (Reinhard et al.) Filtre bilatéral (Durand et Dorsey) Gradients (Fattal et al.)
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Source78

https://www.reddit.com/r/shittyHDR/comments/1qmlg4/what_makes_hdr_good_vs_bad/


Mais n’en mettez pas trop!

Source79

https://www.reddit.com/r/shittyHDR/comments/1qmlg4/what_makes_hdr_good_vs_bad/


Luminance HDR

• Visualiser HDR 
• Expérimenter avec opérateurs de 

reproduction tonale
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Mode HDR?

Source81

https://thebetterparent.com/blog/wp-content/uploads/2018/06/iphone-hdr-photography.jpg


Mode HDR?

Source82

https://thebetterparent.com/blog/wp-content/uploads/2018/06/iphone-hdr-photography.jpg

