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Camera Calibration
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The idea is to snap
images at different
depths and get a
lot of  2D-3D  point
correspondences.

x1, y1, z1, u1, v1
x2, y2, z1, u2, v2
.
.
xn, yn, zn, un, vn

Then solve a system
of equations to get
camera parameters.



Camera Parameters
A camera is described by several parameters

Å Translation T of the optical center from the origin of world coords

Å Rotation R of the image plane

Å focal length f, principal point (x c, y c), pixel size (sx, sy)

Å blue parameters are called ¬extrinsics,ºred are ¬intrinsicsº

Å The definitions of these parameters are not completely standardized

ï especially intrinsicsðvaries from one book to another

Projection equation

Å The projection matrix models the cumulative effect of all parameters

Å Useful to decompose into a series of operations

projectionintrinsics rotation translation

identity matrix

3

[tx, ty, tz]T



Stereo
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!Ƴƻǳƴǘ ƻŦ ƘƻǊƛȊƻƴǘŀƭ ƳƻǾŜƳŜƴǘ ƛǎ Χ

ΧƛƴǾŜǊǎŜƭȅ ǇǊƻǇƻǊǘƛƻƴŀƭ ǘƻ ǘƘŜ ŘƛǎǘŀƴŎŜ ŦǊƻƳ ǘƘŜ ŎŀƳŜǊŀ
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Depth from Stereo

ÅDƻŀƭΥ ǊŜŎƻǾŜǊ ŘŜǇǘƘ ōȅ ŦƛƴŘƛƴƎ ƛƳŀƎŜ ŎƻƻǊŘƛƴŀǘŜ ȄΩ 
that corresponds to x
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Depth from disparity
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Disparity is inversely proportional to depth.
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See Chapter 12 
of Shapiro and 
Stockman Text.



Depth from Stereo
ÅDƻŀƭΥ ǊŜŎƻǾŜǊ ŘŜǇǘƘ ōȅ ŦƛƴŘƛƴƎ ƛƳŀƎŜ ŎƻƻǊŘƛƴŀǘŜ ȄΩ ǘƘŀǘ 

corresponds to x

ÅSub-Problems

1. Calibration: How do we recover the relation of the cameras (if 
not already known)?

2. /ƻǊǊŜǎǇƻƴŘŜƴŎŜΥ Iƻǿ Řƻ ǿŜ ǎŜŀǊŎƘ ŦƻǊ ǘƘŜ ƳŀǘŎƘƛƴƎ Ǉƻƛƴǘ ȄΩΚ

X

x

x'
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Correspondence Problem

ÅWe have two images taken from cameras with different 
intrinsic and extrinsic parameters

ÅHow do we match a point in the first image to a point in the 
second?  How can we constrain our search?

x ?
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Potential matches for x have to lie on the corresponding line ƭΩ.

Potential matches for ȄΩhave to lie on the corresponding line l.

Key idea: Epipolarconstraint

x xô

X

xô

X

xô

X
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ωEpipolarPlaneςplane containing baseline (1D family)

ωEpipoles
= intersections of baseline with image planes 
= projections of the other camera center

ωBaselineςline connecting the two camera centers

Epipolargeometry: notation
X

x xô
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ωEpipolarLines- intersections of epipolarplane with image
planes (always come in corresponding pairs)

Epipolargeometry: notation
X

x xô

ωEpipolarPlaneςplane containing baseline (1D family)

ωEpipoles
= intersections of baseline with image planes 
= projections of the other camera center

ωBaselineςline connecting the two camera centers
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Example: Converging cameras
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Example: Motion parallel to image 
plane
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X

x xô

Epipolar constraint: Calibrated case

ω Assume that the intrinsic and extrinsic parameters of the cameras are 
known

ω We can multiply the projection matrix of each camera (and the image 
points) by the inverse of the calibration matrix to get normalized
image coordinates

ω We can also set the global coordinate system to the coordinate 
system of the first camera. Then the projection matrices of the two 
cameras can be written as [I | 0] and [R | t]
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Simplified Matrices for the 2 Cameras
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= (R | T)



X

x xô = Rx+t

Epipolarconstraint: Calibrated case

R

t

The vectors Rx, t, and xôare coplanar 

= (x,1)T
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Essential Matrix E
(Longuet-Higgins, 1981)

Epipolarconstraint: Calibrated case

0])([ =³Ö¡ xRtx RtExEx
T ][with0 ³==¡

X

x xô

The vectors Rx, t, and xôare coplanar 19



X

x xô

Epipolar constraint: Calibrated case

ωE xis the epipolarline associated with x (l' = E x)
ωETx' is the epipolarline associated with x' (l = ETx')
ωE e = 0   and   ETe' = 0
ωEis singular (rank two)
ωEhas five degrees of freedom 

0])([ =³Ö¡ xRtx RtExEx
T ][with0 ³==¡
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aƻǾƛƴƎ ƻƴ ǘƻ ǎǘŜǊŜƻΧ
Fuse a calibrated binocular stereo pair to 
produce a depth image

image 1 image 2

Dense depth map

Many of these slides adapted from 
Steve Seitz and Lana Lazebnik
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Stereo image rectification

ωReprojectimage planes 
onto a common plane 
parallel to the line 
between camera centers

ωPixel motion is horizontal 
after this transformation

ωTwo homographies(3x3 
transform), one for each 
input image reprojection

ü C. Loop and Z. Zhang. Computing 
Rectifying Homographiesfor Stereo 
Vision. IEEE Conf. Computer Vision 
and Pattern Recognition, 1999.
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http://research.microsoft.com/~zhang/Papers/TR99-21.pdf


Example
Unrectified

Rectified
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Matching cost

disparity

Left Right

scanline

ωSlide a window along the right scanline and 
compare contents of that window with the 
reference window in the left image

ωMatching cost: SSD, SAD, or normalized correlation

24



Left Right

scanline

Correspondence search

Norm. corr 25



Results with window search

Window-based matching Ground truth

Data
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Using more than two images

Multi-View Stereo for Community Photo Collections

M. Goesele, N. Snavely, B. Curless, H. Hoppe, S. Seitz

Proceedings of ICCV 2007, 
27

http://grail.cs.washington.edu/projects/mvscpc/download/Goesele-2007-MVS.pdf
http://iccv2007.rutgers.edu/


ÅñDigital copyò of real object

ÅAllows us to

ïInspect details of object

ïMeasure properties

ïReproduce in different material

ÅMany applications

ïCultural heritage preservation 

ïComputer games and movies

ïCity modelling

ïE-commerce

3D model



Applications: cultural heritage

SCULPTEUR European project



Applications: art

Domain Series Domain VIII Crouching
1999 Mild steel bar81 x 59 x 63 cm 

Block Works Precipitate III 2004 
Mild steel blocks80 x 46 x 66 cm 



Applications: structure engineering

BODY / SPACE / FRAME, Antony Gormley, Lelystad, Holland 



SCULPTEUR European project

medical, industrial and cultural heritage indexation

? ?

? ? ?
?

? ?
?

Applications: 3D indexation



1186 fragments

Applications: archaeology
ωάŦƻǊƳŀ ǳǊōƛǎ ǊƻƳŀŜέ ǇǊƻƧŜŎǘ

Fragments of the City: Stanford's Digital Forma Urbis RomaeProject
David Koller, Jennifer Trimble, Tina Najbjerg, Natasha Gelfand, Marc Levoy
Proc. Third Williams Symposium 
on Classical Architecture, 
Journal of Roman Archaeology 
supplement, 2006.



Applications: large scale modelling

[Pollefeys08][Furukawa10]

[Goesele07][Cornelis08]



Applications: Medicine



Scanning technologies

ÅLaser scanner, coordinate measuring machine

ïVery accurate

ïVery Expensive

ïComplicated to use

Minolta

ConturaCMMάaƛŎƘŜƭŀƴƎŜƭƻέ ǇǊƻƧŜŎǘ



Medical Scanning System



¢ƘŜ ά¦ǎέ 5ŀǘŀ {Ŝǘ όǎǳōǎŜǘύ



3d shape from photographs

ñEstimate a 3d shape that would generate the 
input photographs given the same material, 

viewpoints and illuminationò

material illumination

viewpoint

geometry image

?



Photometric Stereo

ÅEstimate the surface normalsof a given scene 
given multiple 2D images taken from the same 
viewpoint, but under different lighting conditions.

ÅBasic photometric stereo required a Lambertian
reflectance model:

I = rn˜ v

where I is pixel intensity, n is the normal, v is the 
lighting direction, and ris diffuse albedo constant, 
which is a reflection coefficient.



Basic Photometric Stereo



Basic Photometric Stereo



Basic Photometric Stereo

ÅKlight sources

ÅLead to K images R1(p,q), ...,RK(p,q) each from 
just one of the light sources being on

ÅFor any (p,q), we get K intensities I1,...IK
ÅLeads to a set of linear equations of the form

Ik = rn¶vk

ÅSolving leads to a surface normal map.



Photometric Stereo

Inputs

3D normals



Photograph based 3d reconstruction is:

Ppractical

P fast

Pnon-intrusive

P low cost

PEasily deployable outdoors

Oñlowò accuracy

OResults depend on material properties

3d shape from photographs



Reconstruction
ωGeneric problem formulation: given several 

images of the same object or scene, 
compute a representation of its 3D shape



Reconstruction
ωGeneric problem formulation: given several images of 

the same object or scene, compute a representation of 
its 3D shape

ωάLƳŀƎŜǎ ƻŦ ǘƘŜ ǎŀƳŜ ƻōƧŜŎǘ ƻǊ ǎŎŜƴŜέ
ïArbitrary number of images (from two to thousands)
ïArbitrary camera positions (camera network or video 

sequence)
ïCalibration may be initially unknown 

ωάwŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ о5 ǎƘŀǇŜέ
ïDepth maps
ïMeshes
ïPoint clouds
ïPatch clouds
ïVolumetric models
ïLayered models



I1 I2 I10

Multiple-baseline stereo

M. Okutomi and T. Kanade, ά! aǳƭǘƛǇƭŜ-.ŀǎŜƭƛƴŜ {ǘŜǊŜƻ {ȅǎǘŜƳΣέIEEE Trans. on Pattern 
Analysis and Machine Intelligence,  15(4):353-363 (1993). 

http://www.ri.cmu.edu/pub_files/pub2/okutomi_m_1993_1/okutomi_m_1993_1.pdf


Reconstruction from silhouettes

ÅCan be computed robustly

ÅCan be computed efficiently

- =

background 

+ 

foreground

background foreground 



Reconstruction from Silhouettes

Binary Images

ωThe case of binary images: a voxel is photo-
consistent ƛŦ ƛǘ ƭƛŜǎ ƛƴǎƛŘŜ ǘƘŜ ƻōƧŜŎǘΩǎ 
silhouette in all views



Reconstruction from Silhouettes

Binary Images

Finding the silhouette-consistent shape (visual hull):  

ωBackprojecteach silhouette

ω Intersect backprojectedvolumes

ωThe case of binary images: a voxel is photo-
consistent ƛŦ ƛǘ ƭƛŜǎ ƛƴǎƛŘŜ ǘƘŜ ƻōƧŜŎǘΩǎ 
silhouettein all views

voxel space



Calibrated Image Acquisition

Calibrated Turntable
360° rotation (21 images)

Selected Dinosaur Images

Selected Flower Images



Space Carving in General

ÅSpace Carving Algorithm

Image 1 Image N

ΧΦΦΦ

ω Initialize to a volume V containing the true scene

ωChoose a voxelon the outside of the volume

ωCarve if not photo-ŎƻƴǎƛǎǘŜƴǘ όƛƴǎƛŘŜ ƻōƧŜŎǘΩǎ ǎƛƭƘƻǳŜǘǘŜύ

ωProject to visible input images

K. N. Kutulakosand S. M. Seitz, A Theory of Shape by Space Carving, ICCV1999

http://www.cs.washington.edu/homes/seitz/papers/kutu-ijcv00.pdf


Our 4-camera light-striping stereo 
system

projector

rotation

table

cameras

3D

object

(now deceased)



Calibration Object

The idea is to snap

images at different

depths and get a

lot of  2D-3D  point

correspondences.











image plane

depth map(u,v,d)

OUTSIDE
one of many cubes

in virtual 3D cube space

3D space is made up of many cubes.

(x,y,z)

(



















More: Space Carving Results:  African Violet

Input Image (1 of 45) Reconstruction

ReconstructionReconstruction Source: S. Seitz



More: Space Carving Results:  Hand

Input Image
(1 of 100) 

Views of Reconstruction



Stereo from community photo collections
ω¦Ǉ ǘƻ ƴƻǿΣ ǿŜΩǾŜ ŀƭǿŀȅǎ ŀǎǎǳƳŜŘ ǘƘŀǘ ŎŀƳŜǊŀ ŎŀƭƛōǊŀǘƛƻƴ ƛǎ 

known

ωFor photos taken from the Internet, we need structure from 
motion techniques to reconstruct both camera positions and 
3D points.





Head Reconstruction from Uncalibrated Internet Photos

Å Input: Internet photosin different posesandexpressions

ÅOutput: 3D model of the head

work of
Shu Liang




