
10/22/2010 

1 

Yasuyuki Matsushita  

Bennett Wilburn  

Moshe Ben -Ezra  

 

Microsoft Research Asia  

 

ICIP 2010 Tutorial  

Introduction of Lecturers  

Yasuyuki Matsushita  
Microsoft Research Asia 

Bennett Wilburn  
Microsoft Research Asia 

Moshe Ben-Ezra 
Microsoft Research Asia 

        

Now and Future  

Expanding the capabilities of 
digital photography  

2-D  3-D  

15M pixels Giga pixels 

Future Imaging  

3 -D Modeling  

Laser Range Scanning 
Bayon Digital Archive Project  

Ikeuchi lab. 

Multi -view stereo 

Structured-light  

Multiview  Stereo  

Middlebury dataset : http:// vision.middlebury.edu/mview/  



10/22/2010 

2 

Multi(48) -view Stereo  

Ground Truth  Reconstruction 
%ÜÙÜÒÈÞÈɯÈÕËɯ/ÖÕÊÌȮɯ/ ,(ɀƕƔ 

Multi(48) -view Stereo  

Ground Truth  Reconstruction 
%ÜÙÜÒÈÞÈɯÈÕËɯ/ÖÕÊÌȮɯ/ ,(ɀƕƔ 

Shape from Intensity  

È Shape and Intensity Image 

È Can we estimate shape from intensity? 

Photometric Stereo  

Photometric Stereo  3 -D Modeling Approaches  

Geometric  approach Photometric approach  

Gross shape 

Detailed shape 
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Photometric Stereo Pipeline  

Imaging  
Surface Normal 

Estimation  
Surface Normal 

Integration  

Scene 

Shape 

Course Outline  

È Image formation (15 mins) 
Á Light & Reflectance 
ÁRadiometric response 

È Lambertian Photometric Stereo (15 mins) 
È Advances in Photometric Stereo (60 mins) 

ÁGeneralized assumptions on 
ĞLighting  
ĞReflectance 

È Break (15 mins) 
È Surface reconstruction (30 mins) 
È Photometric Stereo for Dynamic Scenes (30 mins) 
È Q&A  

Photometric Stereo Pipeline  

Imaging  
Surface Normal 

Estimation  
Surface Normal 

Integration  

Scene 

Shape 

Imaging Process  

 
 
 
 

Lens 

 
 
 
 

Detector 

 
 
 
 
 

Image 

Appearance  

È Geometry + Photometry 

È Better understanding of appearance requires 
better understanding of image formation.  

Diffuse Reflection  

Diffuse reflection  
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Lambertian  Diffuse 

Reflection  

È Reflected light is scattered such that 
the apparent brightness of the surface 
is the same regardless of the viewing 
angle. 

Johann Heinrich Lambert 
(1728ɬ1777) 

Ὅ ▪Ͻ■ 

Specular  Reflection  

È Mirror -like reflection  

È Angle of incidence is the same as the angle of 
reflection (w.r.t . the surface normal) 

iq oq

n
C

BRDF (Bidirectional Reflectance 

Distribution Function)  

( )ooiiBRDF fqfql ,,,

MERL BRDF Database 
Data measured by Matusik  et al., 2003 

4 dimensional function:  

▪ 

— 

‰ 

— 

‰  

For now, ignore reflection  

And Refractioné And Interreflections é 
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And Subsurface Scatteringé Imaging Process  

 
 
 
 

Lens 

 
 
 
 

Detector 

 
 
 
 
 

Image 

Sensor Response  

Irradiance 

O
b

se
rv

a
tio

n
 Radiometric Response Function 

Linearization of images  

Before linearization  After linearization  

Irradiance 

O
b
se

rv
a

tio
n

 

Observation 

Ir
ra

d
ia

n
c
e

 

Inverse Response Function  

Irradiance 

O
b
se

rv
a

tio
n

 Radiometric Response Function Inverse Response Function 

Mitsunaga  & Nayar  

Known exposure ratios for radiometric calibration 
Å A set of aligned images: 

E 1.5E 2E 3E 4E 

Exposure time 

[Mitsunaga ÈÕËɯ-ÈàÈÙɀƝƝȼ 
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Mitsunaga  & Nayar  

T 1.5T 2T 3T 4T 

Exposure time 

Observation 

Irradiance 

A 

B 

C 

D 

E 

A B C D E 

Macbeth Color Checker  

The Gretag-Macbeth Color Checker target  

Known reflectance ratio for radiometric calibration 

Macbeth Color Checker  

Observation 

Irradiance 

A B C D E F 

A 

B 

C 

D 

E 

F 

3.1% 9.0% 19.8% 36.2% 59.1% 90% 

Real -world Sensor Response  

200+ response functions in  
the database of real-world response functions ( DoRF) 

*Courtesy of CAVE lab. (http://www1.cs.columbia.edu/CAVE/projects/rad_cal/rad_cal.php)  

[Grossberg ÈÕËɯ-ÈàÈÙɀƔƗȼ 

Course Outline  

È Image formation (15 mins) 
Á Light & Reflectance 
ÁRadiometric response 

È Lambertian Photometric Stereo (15 mins) 
È Advances in Photometric Stereo (60 mins) 

ÁGeneralized assumptions on 
ĞLighting  
ĞReflectance 

È Break (15 mins) 
È Surface reconstruction (30 mins) 
È Photometric Stereo for Dynamic Scenes (30 mins) 
È Q&A  

Photometric Stereo Pipeline  

Imaging  
Surface Normal 

Estimation  
Surface Normal 

Integration  

Scene 

Shape 



10/22/2010 

7 

Shape from Shading  

È Shape and Intensity Image 

È Can we estimate shape from intensity? 

Surface Normal  

surface normal 

y

z

x

▪ 

Surface normal ▪
ὃ

ὅ
ȟ
ὄ

ὅ
ȟρ ὴȟήȟρ 

Equation of plane 

or 

ὃὼ ὄώ ὅᾀὈ π 

ὃ

ὅ
ὼ
ὄ

ὅ
ώ ᾀ

Ὀ

ὅ
π 

Let ‬ᾀ

‬ὼ

ὃ

ὅ
ὴ 

‬ᾀ

‬ώ

ὄ

ὅ
ή 

Shape from Shading  

Lambertian  case: 

),( yxIImage 

*brightness and surface reflectance are normalized. 

Q: Suppose we know    , 
 can we solve for     ? 

A: In general, No. 

Surface normal 

Lighting  

■ 

■ 

Ὅὼȟώ ▪ẗ■ 

▪ 

▪ 

Reflectance Map  

È +ÌÛɀÚɯÚÈà 1/)1,,( 22 ++= qpqpn

1/)1,,(
22
++= llll qpqpl

( )
( )qpR

qpqp

qqpp
I

ll

ll
i ,

11

1
cos

2222
=

++++

++
=Ö== lnq

n Surface normal 

Lighting  

(unknown)  

(known)  

cone of constant iq

Iso-brightness contour 

Reflectance Map 
(Lambertian) 

iq
■ 

0.1

3.0

0.0

9.0
8.0

( ) 7.0, =qpR

p

q

A90=iq
( )01=++ ll qqpp

( )ll qp ,

iso-brightness 
contour 

                           is maximum when  ( )qpR , ( )( )ll qpqp ,, =

Reflectance Map  

0.1

3.0

0.0

9.0
8.0

( ) 7.0, =qpR

p

q

( )ll qp ,

iso-brightness 
contour 

Reflectance Map  

n Surface normal 

Lighting  

■ 
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Numerical Shape from Shading  

È Ikeuchi  & Horn, 1989 
Á Smoothness constraint 

Á Solves the shape-from -shading from a single image. 

 

nSurface normal      varies smoothly. 

Photometric Stereo  

È With more images under different lightings.  

 

Normal map  Input images 

Photometric Stereo  

n 

l0 

Ȼ2ÐÓÝÌÙɀƜƔȮɯ6ÖÖËÏÈÔɀƜƔȼ 

(Lambertian  objects) 

Ὅ ὲẗὰ 

Photometric Stereo  

n 

l1 
Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ȼ2ÐÓÝÌÙɀƜƔȮɯ6ÖÖËÏÈÔɀƜƔȼ 

Photometric Stereo  

n 
l2 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ȼ2ÐÓÝÌÙɀƜƔȮɯ6ÖÖËÏÈÔɀƜƔȼ 

Photometric Stereo  

n l3 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ȼ2ÐÓÝÌÙɀƜƔȮɯ6ÖÖËÏÈÔɀƜƔȼ 



10/22/2010 

9 

Photometric Stereo  

n 
l4 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ȼ2ÐÓÝÌÙɀƜƔȮɯ6ÖÖËÏÈÔɀƜƔȼ 

Photometric Stereo  

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

Ὅ ὲẗὰ 

ὍȟὍȟὍȟȣȟὍ ὲȟὲȟὲ

ὰ ὰ ὰ
ὰ ὰ ὰ

ὰ ὰ ὰ

ȣ

ὰ
ὰ

ὰ

 

░ ▪ẗ╛ 

▪ ░╛ Least squares solution :  

n observations under n-lightings.  

╛: Pseudo inverse 

Photometric Stereo  

p

q

( )11 ,
SS

qp

( )22 ,
SS

qp

( )33 ,
SS

qp

Photometric Stereo  

Matrix form  

ὴ 

Ὢ 

╘  
ὴ 

σ 

╝ 
Ὢ 

σ ╛ 

╘ ╝╛ 

╝ ╘╛ Least squares solution :  

ὴ: Number of pixels  

Ὢ: Number of images 

Photometric Stereo - Example  

ȱ 

╘  ╝ ╛ 

Known  

╝ ╘╛  

Normal field  

*Data courtesy of Dan Goldman and Steve Seitz. 

Degenerate Case  

È Light sources locate on a plane (co-planar case). 

▪ 

╘  ╝ ╛ 

Not invertible.  
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Diffuse Albedo  

È We have ignored diffuse albedo so far. 

Á╘ ╝╛ 

È Normalizing the surface normal ▪ to 1, we 
obtain diffuse albedo (magnitude of ▪) 

Á” ȿ▪ȿ 

È  Diffuse albedo is a relative value 

Low reflectance 
High light -source intensity 

High reflectance 
Low light -source intensity 

Course Outline  

È Image formation (15 mins) 
Á Light & Reflectance 
ÁRadiometric response 

È Lambertian Photometric Stereo (15 mins) 
È Advances in Photometric Stereo (60 mins) 

ÁGeneralized assumptions on 
ĞLighting  
ĞReflectance 

È Break (15 mins) 
È Surface reconstruction (30 mins) 
È Photometric Stereo for Dynamic Scenes (30 mins) 
È Q&A  

So far, limited toé 

È Lambertian surfaces È Distant point light source 
from a known direction  

 

Diffuse reflection that  
reflects light equally to all directions.  

Photometric Stereo  

Woodham  
Ikeuchi  
Horn  

ÅSurface - Lambertian  
ÅLight - Known distant lighting  

        Generalization of Reflectance 

        Generalization of Light  

General Reflectance  

È We talked about Lambertian surfaces. 

ÁWhat if the surface is non-Lambertian? 

Non-Lambertian diffuse surfaces Glossy surfaces 

Non -Lambertian Photometric Stereo  

È Robust approach 

ÁMore than 3 images for removing non -Lambertian 
effects as outliers. Ȼ"ÖÓÌÔÈÕɯÈÕËɯ)ÈÐÕɀƜƖȮɯBarsky ÈÕËɯ/ÌÛÙÖÜɀƔƗȼ 

╝ ╘╛  
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Robust PCA Approach  

È Traditional solution method  

ÁLeast-Squares solution 

ÁὈ ὔὒ Ą ὔ Ὀὒ   
ĞObservation matrix Ὀᶰᴙ  (m pixels, n images) 

ĞNormal matrix ὔᶰᴙ  

ĞLight matrix ὒɴ ᴙ  

 

D has a low-rank structure.  

Space of Appearance of  

a Lambertian  Scene  

È Appearance of a Lambertian scene under directional 
lightings span a 3-D subspace. The fact is used for 

ÁSolving the photometric stereo problem  

ÁSynthesizing new appearance 

ĞὍ ὥὍ ὥὍ ὥὍ   ὥ ὥ ὥ ρ 

 

Linear combinations of 3 differently illuminated images of the same objects 
yield novel images of the object under new illuminations.  

Ȼ2ÏÈÚÏÜÈɀƝƖȼ 

Robust PCA Approach  

È Low -rank Matrix Structure  
ÁὈ ὔὒ 
Á Rank of D should be at most 3, irrespective to m and n. 

È Modeling corruptions as Sparse Errors 
Á Shadows, specularities breaks the low-rank structure  
ÁModel these corruptions as E 

ÁὈ ὔὒ Ὁ  ! % 

È Formulation  
ÁÍÉÎ

ȟ
ὶὥὲὯὃ ‎Ὁ  s.t. Ὀ ὃ Ὁ 

È Solution via convex programming  
ÁÍÉÎ

ȟ
ὃᶻ ‎Ὁ   s.t.  Ὀ ὃ Ὁ (Candes, Li, Ma, and 

6ÙÐÎÏÛɀƔƝȺ 
 
 
 

Ȼ6ÜɯÌÛɯÈÓȭȮɯ ""5ɀƕƔȼ 

Robust PCA Approach  

Ȼ6ÜɯÌÛɯÈÓȭȮɯ ""5ɀƕƔȼ 

Non -Lambertian Photometric Stereo  

È Robust approach 

È Parametric reflectance model 
Á Hybrid reflectance model [ Nayar ÌÛɯÈÓȭɀƝƔȼ 

Á M-lobed reflectance map [Tagare ÈÕËɯËÌɯ%ÐÎÜÌÐÙÌËÖɀƝƕȼ 

Á Oren-Nayar ËÐÍÍÜÚÌɯÔÖËÌÓɯȻ.ÙÌÕɯÈÕËɯ-ÈàÈÙɀƝƙ] 

Á Torrance-2×ÈÙÙÖÞɯÔÖËÌÓɯÞÐÛÏɯÜÕÒÕÖÞÕɯÓÐÎÏÛÐÕÎɯËÐÙÌÊÛÐÖÕÚɯȻ&ÌÖÎÏÐÈËÌÚɀƔƗȼ 

 Estimation of parameters of reflectance model, as well as surface normals. 

Oren-Nayar model with the varying parameter value.  
„ π corresponds to Lambertian model.  [Oren and -ÈàÈÙɀƝƙ] 

Non -Lambertian Photometric Stereo  

È Robust approach 

È Parametric reflectance model 

È Example-based approach 
Á 4ÚÌɯÖÍɯ1ÌÍÌÙÌÕÊÌɯÖÉÑÌÊÛɯȻ'ÖÙÕɯÈÕËɯ(ÒÌÜÊÏÐɀƜƘȮɯ(ÒÌÜÊÏÐɀƜƛȮɯ

Hertzmann  ÈÕËɯ2ÌÐÛáɀƔƗȮɯ&ÖÓËÔÈÕɯÌÛɯÈÓȭȮƔƙȼ 

Ɂ3ÞÖɯpoints with the same surface orientation  
 reflect the same light toward the ÝÐÌÞÌÙȭɂ 

[Hertzmann  and 2ÌÐÛáɀƔƗȼ 

http://upload.wikimedia.org/wikipedia/commons/1/16/Oren-nayar-vase4.jpg
http://upload.wikimedia.org/wikipedia/en/0/0a/Oren-nayar-sphere.png
http://grail.cs.washington.edu/projects/sam/bottlemesh1.png
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Consensus Photometric Stereo  

È Generalized Reflectance Model 

ÁWorks with various real -world scenes 

Monotonicity  Isotropy  Visibility  

Reflectance 

Azimuth  Shadow 

Ȼ'ÐÎÖɯÌÛɯÈÓȭȮɯ"5/1ɀƕƔȼ 

Monotonicity  

Isotropy  Visibility  

Consensus Approach  

Monotonicity  
 

Visibility  Isotropy  

Intersection of the solution spaces 

Non -Lambertian  scene  

-90 -45 0 45 90

Consensus PS Standard PS 

43 input images 

Incident angle 

Reflectance 
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Consensus PS Standard PS 

Non -Lambertian  scene  

È Error comparison  

Statue Scene  

È With Ambient lighting  

Consensus PS Standard PS 47 input images 

Terracotta Scene  

È Scene taken with an uncalibrated  camera 

Consensus PS Standard PS 

Non-linear response 

46 input images 

Relief Scene  

È Uncalibrated  camera 

È Ambient lighting  

Consensus PS Standard PS 47 input images 

Specular scene  

50 input images  

Consensus PS 

Photometric Stereo  

Woodham  
Ikeuchi  
Horn  

ÅSurface - Lambertian  
ÅLight - Known distant lighting  

        Generalization of Reflectance 

        Generalization of Light  
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Light source  

Known, distant 
point light source  

Unknown  

Nearby 

General 
(non-point light)  

Uncalibrated  Photometric Stereo  

È Photometric stereo with unknown  distant point 
lighting  

È Given three or more images ╘, estimate ╝ and ╛. 

ὴ 

Ὢ 

╘  
ὴ 

σ 

╝ 
Ὢ 

σ ╛ 

ὴ: Number of pixels  

Ὢ: Number of images 

? 

Unknown  

Unknown  

SVD Approach [Hayakawaô94] 

È Singular value decomposition  

╘ ╤ 

ὴ Ὢ ὴ ὴ 

♅ 

╥  

ὴ Ὢ 

Ὢ Ὢ = = ╝ ╛ 

ὴ σ 

σ Ὢ 

╤ᴂ ♅ᴂ ╥ᴂ 

╘ ╤♅╥ᴂ Rank-3 approximation:  

SVD Approach [Hayakawaô94] 

È Rank-3 approximation : ╘ ╤♅╥ᴂ 

 

 
Surface normal ╝ ╤  

Light source       ╛ ╥ 

Is this solution unique?  

No, there are ambiguities. 

Ambiguities in SVD -based Solution  

È For any ═ᶰὋὒσ, ╝z ╝═ is also a solution, 

because ╘ ╝╛ ╝═ ═ ╛ ╝z╛z. 

³ = 

Surface estimate        Ambiguity 

ὥ ὥ ὥ
ὥ ὥ ὥ
ὥ ὥ ὥ

 

Other solution  

Ambiguities in SVD -based Solution  

È What does this mean? 

   ╘ ╝╛ ╝═ ═ ╛ ╝ᶻ╛ᶻ. 

 
There exists a set of solutions  

that produce the identical appearance. 

= = = 

Appearance ╝ᶻ ╛ᶻ 
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Generalized Bas -Relief Ambiguity 

[Belhumeur et al.ô97] 

È In general, the pseudo-normal field ╝z  does not 
have a corresponding surface. 

ÁSubset of the solutions satisfies Integrability constraint 
Ȼ'ÖÙÕɯÈÕËɯ!ÙÖÖÒÚɀƜƚ] (ὤ ὤ ) 

 

ὥ ὥ ὥ
ὥ ὥ ὥ
ὥ ὥ ὥ

 
ρ π π
π ρ π
‘ ’ ‗

 

Linear ambiguity  GBR ambiguity  

È Normal field ▪ὼȟώ ὲȟὲȟὲ  

È Integrability constraint  

Á     ȱɯɯὤ ὤ  

Á ὲ ὲ ὲ ὲ ὲ ὲ ὲ π 

Á

ὲᶻ

ὲᶻ

ὲᶻ

ὥ ὥ ὥ
ὥ ὥ ὥ
ὥ ὥ ὥ

ὲ
ὲ
ὲ

 

Generalized Bas -Relief Ambiguity 

[Belhumeur et al.ô97] 

ὥ ὥ ὥ ὥ π 
ὥ ὥ ὥ ὥ π 
ὥ ὥ ὥ ὥ π 
ὥ ὥ ὥ ὥ π 
ὥ ὥ ὥ ὥ ὥ ὥ ὥ ὥ π 

Algebraic constraints to reduce the freedom. 

GBR Transformations  

Ȼ!ÌÓÏÜÔÌÜÙɯÌÛɯÈÓȭɀƝƛȼ 

Without additional assumptions,  
Shape can be recovered up to GBR transformations. 

Resolving the Ambiguities  

È Linear ambiguity  

 

È 'ÈàÈÒÈÞÈɀÚɯËÐÚÈÔÉÐÎÜÈÛÐÖÕɯÔÌÛÏÖË 
Á 6 pixels where relative surface reflectance is known. 

Á 6 frames where relative light -source intensity is known.  

È E.g., 6 pixels with the constant albedo 

Á▼ὃὃ▼ ρ 

È By solving the linear system, we obtain ὃ. 

È Yuille  ÌÛɯÈÓȭɀƝƝɯ×ÖÐÕÛÌËɯÖÜÛɯÛÏÈÛɯÛÏÐÚɯËÐÚÈÔÉÐÎÜÈÛÐÖÕɯ
method still remains the rotation ambiguity.  

ὃ

ὥ ὥ ὥ
ὥ ὥ ὥ
ὥ ὥ ὥ

 

Resolving GBR ambiguity  

È GBR ambiguity  

 

È Pixels with the same albedo but different surface 
normals should satisfy  

 

 

 

È 4 unknowns:  

È Can be resolved if at least 4 pixels are selected. 

where 

 

[Belhumeur ÌÛɯÈÓȭɀƝƝȼ 

[Yuille  ÌÛɯÈÓȭɀƝƝȼ 

Ἳ░ ὥἶ░) 

Uncalibrated  Lambertian 

photometric stereo  
[Hayakawa 94] 

Specular/diffuse separation  
[Sato & Ikeuchi 94]  

Specular -based Disambiguation  

[Tan et alô07] 

Ping Tan, Satya P. Mallick , Long Quan, David Kriegman , Todd Zickler,  
Isotropy, Reciprocity and the Generalized Bas-Relief Ambiguity Ȯɯ"5/1ɀƔƛ 
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Uncalibrated  Lambertian 

photometric stereo  
[Hayakawa 94; 

Yuille & Snow 97] 

Specular/diffuse separation  
[Sato & Ikeuchi 94]  

Specular -based Disambiguation  

[Tan et alô07] 
Resolving GBR Ambiguity  

È Minimum -Entropy method [ Alldrin  ÌÛɯÈÓȭɀƔƛȼ 

ÁMany objects consist of a set of dominant colors. 

ÁGBR transformation smears the albedo distributions. 

 

Albedo Albedo 

Freq. Freq. 

Finding the GBR transform that minimizes the entropy.  

Minimum -Entropy Method  

È /ÙÐÖÙɯÖÕɯÛÏÌɯÈÓÉÌËÖɯËÐÚÛÙÐÉÜÛÐÖÕɯȻ ÓÓËÙÐÕɀƔƛȼ 

ÁFind the GBR transformation that give sharp peaks 
in albedo distribution.  

N. Alldrin , T. Zickler , and D. Kriegman , "Photometric Stereo 
With Non -Parametric and Spatially-Varying Reflectance", 2008 
Conf. on Comp. Vision and Pattern Recognition (CVPR). 

Self -Calibrating Photometric Stereo  

È Two calibration issues in Photometric Stereo 

Irradiance 

O
b
se

rv
a

tio
n

 

Radiometric calibration  Light direction/intensity  

³ = 

Surface estimate        Ambiguity          True surface 

? 

GBR ambiguity [ Belhumeur ÌÛɯÈÓȭɯȿƝƝȼ 

2ÏÐɯÌÛɯÈÓȭȮɯ"5/1ɀƕƔ 

È Two calibration issues in Photometric Stereo 

Irradiance 

O
b
se

rv
a

tio
n

 

Radiometric calibration  Light direction/intensity  

³ = 

Surface estimate        Ambiguity          True surface 

? 

GBR ambiguity [ Belhumeur ÌÛɯÈÓȭɯȿƝƝȼ 

Can we automate these 
calibration tasks? 

Self -Calibrating Photometric Stereo  

2ÏÐɯÌÛɯÈÓȭȮɯ"5/1ɀƕƔ 

Radiometric 
Calibration  

Light calibration  

Input  Surface 
normal  

Images 

Intensity  

2-D intensity profile  

R 

G 
B 

3-D color profile  

Self -Calibrating Photometric Stereo  
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Color & Intensity Profiles  

ȱ ȱ 

R 

G 
B 

3-D color profile  

Images 

Intensity  

2-D intensity profile  

Radiometric 
Calibration  

Light calibration  

Input  Surface 
normal  

Images 

Intensity  

2-D intensity profile  

R 

G 
B 

3-D color profile  

Self -Calibrating Photometric Stereo  

Radiometric Calibration  

O
b
se

rv
a

tio
n

 

Irradiance 

Response function f

R 

G 

B 

3-D color profile  

Liner response function gives linear 3-D color profiles.  
R:G:B = const. ė Linear profile  

Radiometric Calibration  

O
b
se

rv
a

tio
n

 

Irradiance 

Response function f

R 

G 

B 

3-D color profile  

When non-linear response function, 
R:G:B = const. ė Linear profile  

Radiometric Calibration  

Observation 

Ir
ra

d
ia

n
ce

 

Inverse Response function g

R 

G 

B 

3-D color profile  

Correct inverse response function     should give 
R:G:B = const. ė Linear profile  

g

Find the optimal        that linearizes 3-D color profiles  
*g

Radiometric Calibration  

È Parameterize the inverse response function in a 
polynomial form [Mitsunaga  ÈÕËɯ-ÈàÈÙɀƝƝȼ 

È Estimate coefficients  c  by  

Set of color profiles 

Deviation of g(M) to its fitted line  

╬ ÁÒÇÍÉÎ╬ Ὀ╬Ƞ‫

ᶰ
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Radiometric Calibration  

Color profiles  

Radiometric Calibration  

È 50 profiles are used for estimation 

Radiometric 
Calibration  

Light calibration  

Input  Surface 
normal  

Images 

Intensity  

2-D intensity profile  

R 

G 
B 

3-D color profile  

Self -Calibrating Photometric Stereo  Shape/Light Ambiguity  

È Ambiguity in uncalibrated  photometric stereo 
Á ƗßƗɯÓÐÕÌÈÙɯÈÔÉÐÎÜÐÛàɯȻ'ÈàÈÒÈÞÈɀƝƘȼ 

Ğ#ÐÚÈÔÉÐÎÜÈÛÐÖÕɯÔÌÛÏÖËɯÜ×ɯÛÖɯÈɯÙÖÛÈÛÐÖÕɯÈÔÉÐÎÜÐÛàɯȻ'ÈàÈÒÈÞÈɀƝƘȼ 

Á Generalized bas-relief (GBR) ambiguity [ Belhumeur ÌÛɯÈÓȭɯȿƝƝȼ 

ĞIntegrability  ÊÖÕÚÛÙÈÐÕÛɯȻ'ÖÙÕɯÈÕËɯ!ÙÖÖÒÚɀƜƚȼ 

Á Full disambiguation method [ Yuille  ÌÛɯÈÓȭɀƝƝȼ 

³ = 

Surface estimate        GBR Ambiguity       True surface 

If we can find pixels with the same albedo, but different normals, 
the ambiguity can be resolved. 

Pixel Grouping Approach  

È Appearance profile [ Koppal  ÈÕËɯ-ÈÙÈÚÐÔÏÈÕɀƔƚȼ 
Á Segmentation based on surface orientations. 

Images 

Intensity  

2-D intensity profile  Pixels with similar surface orientations  
yield similar profiles.  

Pixel Grouping  

È K-means clustering of pixels 

È Surface normal grouping using intensity profiles  

È Albedo  grouping using chromaticity      
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Self -Calibrating Photometric 

Stereo Result  

È Test scenes with a linear response camera 

     Owl scene  

     12 images 
           (Courtesy of  

D. Goldman and S. Seitz) 

Angular error  Owl  

Self-calibrating 
Photometric stereo 

mean 10.47 

std. dev. 4.75 

Min -entropy  
 

mean 27.10 

std. dev. 6.08 
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Calibrated Self-calibrating  Min -Entropy  

È Test scenes with a linear response camera 

 

     Cat scene  

     12 images 
           (Courtesy of  

D. Goldman and S. Seitz) 

Angular error  Cat 

Self-calibrating 
photometric stereo 

mean 6.15 

std. dev. 2.83 

Min -entropy  
 

mean 15.82 

std. dev. 6.15 
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Calibrated Self-calibrating  Min -Entropy  

Self -Calibrating Photometric 

Stereo Result  

   Pillow scene  

     15 images 
 

Calibrated Self-calibrating PS Result without  
Radiometric Calibration  
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Angular error  Pillow  

Self-calibrating 
photometric stereo 

mean 5.63 

std. dev. 3.71 

W/o radiometric  
calibration  

mean 16.08 

std. dev. 7.35 

Self -Calibrating Photometric 

Stereo Result  

    Sheep scene  

      12 images 

Angular error  Sheep 

Self-calibrating 
photometric stereo 

mean 7.30 

std. dev. 3.02 

W/o radiometric  
calibration  

mean 20.18 

std. dev. 6.86 

Calibrated Self-calibrating  Result without  
Radiometric Calibration  
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Self -Calibrating Photometric 

Stereo Result  

3D Reconstruction  Light source  

Known, distant 
point light source  

Unknown  

Nearby 

General 
(non-point light)  


