
3D Vision: Calibration, Stereo

CS194: Intro to Computer Vision and Comp. Photo
Angjoo Kanazawa, UC Berkeley, Fall 2022

A lot of slides 
from Noah 
Snavely + 
Shree Nayar’s YT 
series: First 
principals of 
Computer Vision



Midterm

• 11/16 Wednesday!!

• Content: up to 11/9 lecture 
(the previous Wed)

• 11/9: Project 5 is due



Final Project

Easy path: Pre-canned
- Group of 1 : 2 projects
- Group of 2 : 3 projects

Grad students: Your own project
- 1 page Proposal with pictures due 11/11



Breaking out of 2D
…now we are ready to break out of 2D

And enter the real world!



Enough of images!

We want more of the 
plenoptic function

We want real 3D scene
walk-throughs:

Camera rotation
Camera translation

on to 3D…



3D is super cool!

https://rd.nytimes.com/projects/reconstructing-journalistic-scenes-in-3d

https://rd.nytimes.com/projects/reconstructing-journalistic-scenes-in-3d


3D is super cool!

@organiccomputer@capturingreality

https://www.instagram.com/organiccomputer/


NeRF in the wild (will get to in few more lectures)

NeRF in the Wild, Martin-Brualla, Radwan et al. CVPR 2021 



Not just about 3D reconstruction

[The Chemical Brothers - Wide Open ft. Beck, MV]

blottermedia



3D for video editing

blottermedia @blottermedia



My Research

Single-View 3D Human Mesh Recovery

[Bogo∗, Kanazawa∗, Lassner, Gehler, Romero, Black ECCV ’16]



In everyday photos

Kanazawa, Black, Jacobs, Malik. CVPR 2018



Kanazawa, Zhang, and Felsen et al. CVPR 2019

Or from Video



In more detail

Pixel-Aligned Implicit Function for High-Resolution Clothed Human Digitization, 
Saito, Huang, Natsume, Morishima, Kanazawa, Li, ICCV 2019



Teaching robots how to dance from watching YouTube

Video Policy
Peng, Kanazawa, Malik, Abbeel, Levine 

“SFV: Reinforcement Learning of Physical Skills from Videos”, SIGGRAPH Asia 2018



Reconstructing Animals with Human Input

Zuffi, Kanazawa, Black, “Lions and Tigers and Bears: Capturing Non-Rigid, 3D, Articulated Shape from Images”, CVPR 2018



Zuffi, Kanazawa, Black, “Lions and Tigers and Bears: Capturing 
Non-Rigid, 3D, Articulated Shape from Images”, CVPR 2018

Print it!!
[Kanazawa*, Tulsiani*, Efros, Malik, ECCV 2018]



Flying into an image

Infinite Nature: Perpetual View Generation of Natural Scenes from a Single Image, 
ICCV 2021



Matthew Tancik*, Ethan Weber*, Evonne Ng*, Ruilong Li, Brent Yi, 
Terrance Wang, Alexander Kristoffersen, Jake Austin, Kamyar Salahi, 

Abhik Ahuja, David McAllister, Angjoo Kanazawa

Matt EvonneEthan

+10 additional Github
contributors







Enough of images!

We want more of the 
plenoptic function

We want real 3D scene
walk-throughs:

Camera rotation
Camera translation

Can we do it from a single 
photograph?

so on to 3D…



Why multiple views?
• Structure and depth are inherently ambiguous from 

single views.

Optical center

P1
P2

P1’=P2’



Why multiple views?
• Structure and depth are inherently ambiguous from 

single views.

Images from Lana Lazebnik



Possible 3D Interpretations

Original Image

Same 2D Projection

Camera

Infinite

Fundamental Scale Ambiguity of 2D à 3D

Tiny object, 
close to camera

Huge object, 
far from camera



Need to different camera center
synthetic PP

PP1

PP2

i.e. unless you see two views 
from a different camera center,  
everything can be explained by 
a: plane!!!



Multi-view geometry problems
• Structure: What is the 3D coordinate of a point that can 

be seen in multiple images? 

Camera 3
R3,t3 Slide credit: 

Noah Snavely

?

Camera 1
Camera 2R1,t1 R2,t2



Multi-view geometry problems
• Correspondence: Given a point in one of the images, 

where are the corresponding points in the other images?

Camera 3
R3,t3

Camera 1
Camera 2R1,t1 R2,t2 Slide credit: 

Noah Snavely



Multi-view geometry problems
• Motion: Given a set of corresponding points in two or 

more images, what is the relative camera parameters 
between the images?

Camera 1
Camera 2 Camera 3

R1,t1 R2,t2 R3,t3? ? ? Slide credit: 
Noah Snavely



Multi-view geometry problems
• Structure, Motion
• Correspondences

Camera 3
R3,t3 Slide credit: 

Noah Snavely

Camera 1
Camera 2R1,t1 R2,t2

🐓 & 🥚!!



Today
• Two camera system = Stereo

• Calibrating the cameras

• Estimating depth from correspondences



Estimating depth with stereo

• Stereo: shape from “motion” between two views
• We’ll need to consider:

• 1. Camera pose (“calibration”)
• 2. Image point correspondences 

scene point

optical 
center

image plane



Two cameras, simultaneous 
views

Single moving camera and 
static scene

Stereo vision



Cameras in world coordinate frame
We only have images and pixels

To go from pixels to 3D location in the world, we 
need to know two things about the camera: 

1. Position of the camera with respect to the 
world (extrinsics)

2. How the camera maps a point in the world to 
image (intrinsics)



Problem setup
There is a world coordinate frame and camera looking 

at the world 

How can we model the geometry of a camera?

“The World”

Camera

x

y

z

v

w

u

o

COP

Three important coordinate systems:
1. World coordinates
2. Camera coordinates
3. Image coordinates

(x, y, z)

Slide credit: Noah Snavely



Coordinate frames + Transforms

World coordinates Camera coordinates Image coordinates

Figure credit: Peter Hedman

Extrinsics (R, T)

Orientation + Location of 
the camera in the World

Intrinsics (K)

How the camera maps a 
point in 3D to image



Camera: Specifics

f

x’i

y’i

Image 
Plane

z’w

y’w

x’w
Xc

z’c

y’c

x’c

pinhole

XwP

xi

Slide inspired by Shree Nayar

Image Coordinates
<latexit sha1_base64="Di4UcbFkaSMjxqkparpkF3Lopr4=">AAACI3icbVDLSgNBEJyN7/UV9ehlMAiewq4EFUEIevEYwSRCNoTZSW8cMju7zPRKwpJ/8eKvePGgiBcP/ouTB+KrYJiiqpvurjCVwqDnvTuFufmFxaXlFXd1bX1js7i13TBJpjnUeSITfRMyA1IoqKNACTepBhaHEpph/2LsN+9AG5Goaxym0I5ZT4lIcIZW6hRPA4QBhlE+GHUEPaNBCD2h8jBmqMVg5A6sGgTucPoFoLpfXqdY8sreBPQv8WekRGaodYqvQTfhWQwKuWTGtHwvxXbONAouYeQGmYGU8T7rQctSxWIw7Xxy44juW6VLo0Tbp5BO1O8dOYuNGcahrbT73Zrf3lj8z2tlGJ20c6HSDEHx6aAokxQTOg6MdoUGjnJoCeNa2F0pv2WacbSxujYE//fJf0njsOwflStXlVL1fBbHMtkle+SA+OSYVMklqZE64eSePJJn8uI8OE/Oq/M2LS04s54d8gPOxydbCKS3</latexit>

xi =


xi

yi

�
Camera Coordinates

<latexit sha1_base64="YHjYLAQz/FCOehR1mveQPS0e8yQ=">AAACJ3icbVDLSsNAFJ34Nr6qLt0MFsFVSUTUjSK6cVnB1kJTwmR6UwcnkzBzI62hf+PGX3EjqIgu/ROnD8TXgWEO59zLvfdEmRQGPe/dmZicmp6ZnZt3FxaXlldKq2t1k+aaQ42nMtWNiBmQQkENBUpoZBpYEkm4jK5PB/7lDWgjUnWBvQxaCesoEQvO0Eph6ShA6GIUF41+yOkhDSLoCFVECUMtun23a9UgcHuj7zbkbgCq/eWHpbJX8Yagf4k/JmUyRjUsPQXtlOcJKOSSGdP0vQxbBdMouIS+G+QGMsavWQealiqWgGkVwzv7dMsqbRqn2j6FdKh+7yhYYkwviWyl3e/K/PYG4n9eM8f4oFUIleUIio8GxbmkmNJBaLQtNHCUPUsY18LuSvkV04yjjda1Ifi/T/5L6jsVf6+ye75bPj4ZxzFHNsgm2SY+2SfH5IxUSY1wckceyDN5ce6dR+fVeRuVTjjjnnXyA87HJ951pfM=</latexit>

Xc =
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4
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zc
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World Coordinates
<latexit sha1_base64="Ayc03OcO2T+T5N55INZlUZIp7No=">AAACJ3icbVDLSsNAFJ34Nr6qLt0MFsFVSUTUjSK6calgtdCUMJne1MHJJMzc2NbQv3Hjr7gRVESX/onTB+LrwDCHc+7l3nuiTAqDnvfujI1PTE5Nz8y6c/MLi0ul5ZULk+aaQ5WnMtW1iBmQQkEVBUqoZRpYEkm4jK6P+/7lDWgjUnWO3QwaCWspEQvO0Eph6SBA6GAUF7Ve2Kb7NIigJVQRJQy16PTcjlWDwO0Ov9uw7Qagml9+WCp7FW8A+pf4I1ImI5yGpaegmfI8AYVcMmPqvpdho2AaBZfQc4PcQMb4NWtB3VLFEjCNYnBnj25YpUnjVNunkA7U7x0FS4zpJpGttPtdmd9eX/zPq+cY7zUKobIcQfHhoDiXFFPaD402hQaOsmsJ41rYXSm/YppxtNG6NgT/98l/ycVWxd+pbJ9tlw+PRnHMkDWyTjaJT3bJITkhp6RKOLkjD+SZvDj3zqPz6rwNS8ecUc8q+QHn4xNgmKZD</latexit>
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2

4
xw
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zw

3
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Coordinate 
Transformation

(3D to 3D)

Perspective 
Projection
(3D to 2D)



Perspective Projection

f

Image 
Plane

Xc

pinhole

P

xi

Image Coordinates

<latexit sha1_base64="Di4UcbFkaSMjxqkparpkF3Lopr4=">AAACI3icbVDLSgNBEJyN7/UV9ehlMAiewq4EFUEIevEYwSRCNoTZSW8cMju7zPRKwpJ/8eKvePGgiBcP/ouTB+KrYJiiqpvurjCVwqDnvTuFufmFxaXlFXd1bX1js7i13TBJpjnUeSITfRMyA1IoqKNACTepBhaHEpph/2LsN+9AG5Goaxym0I5ZT4lIcIZW6hRPA4QBhlE+GHUEPaNBCD2h8jBmqMVg5A6sGgTucPoFoLpfXqdY8sreBPQv8WekRGaodYqvQTfhWQwKuWTGtHwvxXbONAouYeQGmYGU8T7rQctSxWIw7Xxy44juW6VLo0Tbp5BO1O8dOYuNGcahrbT73Zrf3lj8z2tlGJ20c6HSDEHx6aAokxQTOg6MdoUGjnJoCeNa2F0pv2WacbSxujYE//fJf0njsOwflStXlVL1fBbHMtkle+SA+OSYVMklqZE64eSePJJn8uI8OE/Oq/M2LS04s54d8gPOxydbCKS3</latexit>
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Camera Coordinates
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<latexit sha1_base64="heI+HV6/Al9BBjvs5zFSYoVUa+U=">AAACIXicbVDLSgMxFL1TX3V8jbp0EywFV2VGRLsRim5cVrAPaIeSSTNtaOZBkhHrML/ixl9x40KR7sSfMW1H0NYDCSfn3MvNPV7MmVS2/WkUVlbX1jeKm+bW9s7unrV/0JRRIghtkIhHou1hSTkLaUMxxWk7FhQHHqctb3Q99Vv3VEgWhXdqHFM3wIOQ+YxgpaWeVS13fYFJ+tBjWepn6BL9vEmWPurL1I5W/UW9Z5Xsij0DWiZOTkqQo96zJt1+RJKAhopwLGXHsWPlplgoRjjNzG4iaYzJCA9oR9MQB1S66WzDDJW10kd+JPQJFZqpvztSHEg5DjxdGWA1lIveVPzP6yTKr7opC+NE0ZDMB/kJRypC07hQnwlKFB9rgolg+q+IDLFOQulQTR2Cs7jyMmmeVpzzytntWal2lcdRhCM4hhNw4AJqcAN1aACBJ3iBN3g3no1X48OYzEsLRt5zCH9gfH0DFnCkHQ==</latexit>

xi = f
xc

zc



Image Plane to Image Sensor Mapping

1. Account for pixel density (pixel/mm) & aspect ratio by scalars:                

2.  Usually the top left corner is the origin. But in the image plane, the 
origin is where the optical axis pierces the plane! Need to shift by:

<latexit sha1_base64="JUe2fjRyvyFD/Q/g8NtVxEyeLNE=">AAACKnicbVBNS8MwGE7n15xfVY9egmMgCKOVoV6EqRePE9wHrKOkWbqFpWlJUuks+z1e/CtedlCGV3+I6daDbr6Q8OR5npc37+NFjEplWTOjsLa+sblV3C7t7O7tH5iHRy0ZxgKTJg5ZKDoekoRRTpqKKkY6kSAo8Bhpe6P7TG8/EyFpyJ/UOCK9AA049SlGSlOueVuJXQpvoINYNERuAn3o+ALhNHHxJH3RFzyHoZuUlmyJfi4E1yxbVWtecBXYOSiDvBquOXX6IY4DwhVmSMqubUWqlyKhKGZkUnJiSSKER2hAuhpyFBDZS+erTmBFM33oh0IfruCc/d2RokDKceBpZ4DUUC5rGfmf1o2Vf91LKY9iRTheDPJjBlUIs9xgnwqCFRtrgLCg+q8QD5FOSul0sxDs5ZVXQeuial9Wa4+1cv0uj6MITsApOAM2uAJ18AAaoAkweAXv4AN8Gm/G1JgZXwtrwch7jsGfMr5/APVnpSM=</latexit>

ui = ↵xxi + ox
<latexit sha1_base64="3AOXbtsQSoo5bCglNtvgU8oFHmk="></latexit>

= ↵xf
xc

zc
+ ox

<latexit sha1_base64="XXAsF1l7Yabq930UJknOOOF8Yco="></latexit>

[mx,my]
<latexit sha1_base64="MnJmmAbXnwU+e7DHTHxkNKfhKbc="></latexit>mxxi,myyi

<latexit sha1_base64="IyZVqHoqv34JVpOCXWjrqAjhbPo="></latexit>

(ox, oy)

<latexit sha1_base64="NT+cN/3vJd2PSp5attghZme8Dl4="></latexit>

vi = fy
yc
zc

+ oy
<latexit sha1_base64="OG6bySSRaLTCe3UsbvCbr1bFQCw="></latexit>

ui = fx
xc

zc
+ ox

Pixel Coordinates:

<latexit sha1_base64="uJhtmzTsutmoWllylm+5ZghxiGI="></latexit>

[fx, fy] = [mxf,myf ]where



With homogeneous coordinates

<latexit sha1_base64="Ar+RgUnQrqpeJLdmjZsjTr99Woc="></latexit>2
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<latexit sha1_base64="NT+cN/3vJd2PSp5attghZme8Dl4="></latexit>

vi = fy
yc
zc

+ oy
<latexit sha1_base64="OG6bySSRaLTCe3UsbvCbr1bFQCw="></latexit>

ui = fx
xc

zc
+ ox

Perspective projection + Transformation to Pixel Coordinates:

Intrinsic Matrix



Camera Transformation (3D-to-3D)

<latexit sha1_base64="ueTRQPW991wMgdeOCPU9iFTVnAA="></latexit>2
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Camera Coordinates
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World Coordinates
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Coordinate 
Transformation

Extrinsic 
Matrix

Xc

pinhole
XwP



Putting it all together
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Slide inspired by Shree Nayar

Image Coordinates
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Camera Coordinates
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World Coordinates
<latexit sha1_base64="Ayc03OcO2T+T5N55INZlUZIp7No=">AAACJ3icbVDLSsNAFJ34Nr6qLt0MFsFVSUTUjSK6calgtdCUMJne1MHJJMzc2NbQv3Hjr7gRVESX/onTB+LrwDCHc+7l3nuiTAqDnvfujI1PTE5Nz8y6c/MLi0ul5ZULk+aaQ5WnMtW1iBmQQkEVBUqoZRpYEkm4jK6P+/7lDWgjUnWO3QwaCWspEQvO0Eph6SBA6GAUF7Ve2Kb7NIigJVQRJQy16PTcjlWDwO0Ov9uw7Qagml9+WCp7FW8A+pf4I1ImI5yGpaegmfI8AYVcMmPqvpdho2AaBZfQc4PcQMb4NWtB3VLFEjCNYnBnj25YpUnjVNunkA7U7x0FS4zpJpGttPtdmd9eX/zPq+cY7zUKobIcQfHhoDiXFFPaD402hQaOsmsJ41rYXSm/YppxtNG6NgT/98l/ycVWxd+pbJ9tlw+PRnHMkDWyTjaJT3bJITkhp6RKOLkjD+SZvDj3zqPz6rwNS8ecUc8q+QHn4xNgmKZD</latexit>
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Projection Matrix
<latexit sha1_base64="PptsmnJl0F5u2q9Nc6HGaOtinYc="></latexit>2
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3 x 4 Projection matrix
Count the Degrees of Freedom:For completeness, we need to 

add skew (this is 0 unless pixels 
are shaped like 
rhombi/parallelograms)

<latexit sha1_base64 ="C1l+9UkHbdCt9faXlH8ZqyKYcoM="></latexit>

K =

2

4
fx s ox 0
0 fy oy 0
0 0 1 0

3

5 11 unknowns (up to scale)

Intrinsics: 4 + 1 (skew)
Extrinsic: 3 + 3 = 6



Fundamental Scale Ambiguity

scale by some factor S

Camera

Reconstruction is only possible up to global scale
Scaling the world & camera doesn’t change the 
projection
Unless you know something metric about the scene

e.g. surfboard is 2.1m

Camera



How to calibrate the camera?
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If we know the points in 3D we can estimate the camera!!



Step 1: With a known 3D object

1. Take a picture of an object with known 3D 
geometry

Slide from Shree Nayar

2. Identify correspondences

y’w
x’w



How do we calibrate a camera?
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Method: Set up a linear system

• Solve for m’s entries using linear least squares
Ax=0 form
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Similar to how you 
solved for 
homography!



Can we factorize M back to K [R | T]?
• Yes. 
• Why? because K and R have a very special 

form:

• QR decomposition
• Practically, use camera calibration packages 

(there is a good one in OpenCV)

<latexit sha1_base64="SejqVDV2wZj/IB0qj39QLvnA/Vk="></latexit>
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<latexit sha1_base64="GyH/tqG0SAQ78BXIG92oFHkn1rM="></latexit>2
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Now that our cameras are 
calibrated, can we find the 
3D scene point of a pixel?



You know we can’t, but we know it’ll be… 

z’c

y’c

x’c

on the ray!

Image Plane

Camera coord frame

(u,v)

Ray

Slide credit: Shree Nayar

<latexit sha1_base64="9GqwBEUPAqFPavPaCrIHyRiv3qY="></latexit>

u = fx
xc

zc
+ ox

<latexit sha1_base64="0hRcwOspYvYCDTbUM20MMzSahEc="></latexit>

v = fy
yc
zc

+ oy

3D to 2D:
(point)

2D to 3D:
(ray)

Back projection

<latexit sha1_base64="P60xYGNvOxRk4+MnjvL2ZlD0lYg="></latexit>

x =
z

fx
(u�ox)

<latexit sha1_base64="YnCN1tNv5YdoNAuh5WsWpgCdXLk="></latexit>

y =
z

fy
(v�oy)

<latexit sha1_base64="xxJG7lF7OMoPa2KjYiKA7tS6hGU="></latexit>

z > 0



Simple Stereo Setup

Key Idea: difference in corresponding points to understand shape

• Assume parallel optical axes
• Two cameras are calibrated
• Find relative depth

Slide credit: Noah Snavely



Triangulation using two cameras



Triangulation using two cameras



Triangulation using two cameras



We are equipped with binocular vision. 
Let’s try!



Solving for Depth in Simple Stereo

f

X

ul ur

B

z?

disparity
(how much 
corrsp. pixels 
move)

Do we have enough to know what is Z?

Yes, similar triangles!

<latexit sha1_base64="P09xX9QXZWh1y/wHIr1HChGg5qU="></latexit>

d1
<latexit sha1_base64="tMOUPa8VKKTC13CsL3ILLvPTw6o="></latexit>

d2

Base of         : 
<latexit sha1_base64="5lsbtcDN1wLc+PZAXx+uRRXhdo0="></latexit>

B � (d1 + d2)

<latexit sha1_base64="1j0z16Txf0HVRx/Xa/M4jfG0kgU="></latexit>

= B � (ul � ur)
<latexit sha1_base64="1j0z16Txf0HVRx/Xa/M4jfG0kgU="></latexit>

= B � (ul � ur)

<latexit sha1_base64="tMOUPa8VKKTC13CsL3ILLvPTw6o="></latexit>

d2
<latexit sha1_base64="P09xX9QXZWh1y/wHIr1HChGg5qU="></latexit>

d1
<latexit sha1_base64="1j0z16Txf0HVRx/Xa/M4jfG0kgU="></latexit>

= B � (ul � ur)
in image 

coordinates:

<latexit sha1_base64="AypJALtA6h3sVLMH9k2rP+HZ0dM="></latexit>

B � (ul � ur)

z � f
=

B

z
<latexit sha1_base64="mtrCoNCTgK8U3sXau0u213xDHMk="></latexit>

z =
fB

ul � ur



Try with your hands!



Depth is inversely proportional to 
disparity

0

∞

depth disparity

Max disparity 

0

disparity

<latexit sha1_base64="mtrCoNCTgK8U3sXau0u213xDHMk="></latexit>

z =
fB

ul � ur

<latexit sha1_base64="jdxxd8WBKpx+duYSL3tXTgZ+2H4="></latexit>

z / 1

ul � ur
=

1

d

what is the disparity of the closer point?
what is the disparity of the far away point? 

Disparity gives you the depth information!



Try again

1. Setup so your fingers are on the 
same line of sight from one eye

2. Now look in the other eye
They move!

Relative displacement is higher as 
the relative distance grows

== Parallax



50 cm

5 px

f = 10 mm

optical 
center



Parallax

Parallax    = from ancient Greek parállaxis
= Para (side by side) + allássō, (to alter)
= Change in position from different view point

Two eyes give you parallax, you can also move to see more 
parallax = “Motion Parallax”

parallax!



Why you need translation to 
see parallax i.e. relative depth



Why you need translation to 
see parallax i.e. relative depth





Where is the corresponding point 
going to be? 

Hint



epipolar
lines

Epipolar Line

(x1, y1) (x2, y1)

x1 –x2 = the disparity of pixel (x1, y1)

Two images captured by a purely horizontal translating camera
(rectified stereo pair)



Your basic stereo algorithm

For every epipolar line:

For each pixel in the left image
• compare with every pixel on same epipolar line in right image
• pick pixel with minimum match cost

Improvement:  match windows, + clearly lots of matching strategies

Slide credit: Noah Snavely



Your basic stereo algorithm



Correspondence problem

Source: Andrew Zisserman



Intensity profiles

Source: Andrew Zisserman



Correspondence problem

Source: Andrew Zisserman

Neighborhood of corresponding points are  similar 
in intensity patterns.



Normalized cross correlation

Source: Andrew Zisserman



Correlation-based window matching

Source: Andrew Zisserman



Dense correspondence search

For each epipolar line
For each pixel / window in the left image

• compare with every pixel / window on same epipolar line in right image

• pick position with minimum match cost (e.g., SSD, correlation)

Adapted from Li Zhang Grauman



Textureless regions

Source: Andrew Zisserman

Textureless regions are 
non-distinct; high 
ambiguity for matches.

Grauman



Effect of window size

Source: Andrew Zisserman Grauman



Effect of window size

W = 3 W = 20

Figures from Li Zhang

Want window large enough to have sufficient intensity 
variation, yet small enough to contain only pixels with about 
the same disparity.

Grauman



Issues with Stereo

• Surface must have non-repetitive texture

• Foreshortening effect makes matching a challenge

Slide Credit: Shree Nayar



Stereo Results

Ground truthScene

– Data from University of Tsukuba



Results with Window Search

Window-based matching
(best window size)

Ground truth



Better methods exist...

Energy Minimization
Boykov et al., Fast Approximate Energy Minimization via Graph Cuts, 

International Conference on Computer Vision, September 1999.

Ground truth

http://www.cs.cornell.edu/rdz/Papers/BVZ-iccv99.pdf


Summary

• With a simple stereo system, how much pixels 
move, or “disparity” give information about 
the depth

• Correspondences to measure the pixel 
disparity



Next: Uncalibrated Stereo

• Assume intrinsics are known (fx, fy, ox, oy)

• From two arbitrary views

Slide Credit: Shree Nayar


