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What happens in two views
3 degrees of freedom

2 measurements
2 measurements



All of Camera Geometry

• From the picture
• two views of a point give four measurements of three DOF
• this means 
• correspondence is constrained
• if we have enough points and enough pix we can recover
• points
• cameras



Two views of the same 3D scene, because:
• You have two

• Eyes
• Cameras

• OR the camera moves



Consider two views of the same 3D scene
• What constraints must hold 

between two projections of the 
same 3D point?



Consider two views of the same 3D scene
• Given a 2D point in one view, 

where can we find the 
corresponding point in the 
other view?



Consider two views of the same 3D scene
• Given only 2D correspondences, 

how can we calibrate the two 
cameras, i.e., estimate their 
relative position and orientation 
and the intrinsic parameters?



Consider two views of the same 3D scene
• Key idea: we want to answer 

all these questions without 
explicit 3D reasoning, by 
considering the projections of 
camera centers and visual 
rays into the other view



𝑶 𝑶′

• Suppose we have two cameras with centers 𝑶, 𝑶′
• The baseline is the line connecting the origins 

Epipolar geometry setup



𝑶 𝑶′

Epipolar geometry setup

• Epipoles 𝒆, 𝒆′ are where the baseline intersects the image planes, 
or projections of the other camera in each view

𝒆 𝒆′



• Consider a point 𝑿, which projects to 𝒙 and 𝒙′

Epipolar geometry setup

𝑶 𝑶′

𝒙 𝒙′

𝑿

𝒆 𝒆′



• The plane formed by 𝑿, 𝑶, and 𝑶′ is called an epipolar plane
• There is a family of planes passing through 𝑶 and 𝑶′ 

Epipolar geometry setup

𝑶 𝑶′

𝒙 𝒙′

𝑿

𝒆 𝒆′



• Epipolar lines connect the epipoles to the projections of 𝑿
• Equivalently, they are intersections of the epipolar plane with the 

image planes – thus, they come in matching pairs

Epipolar geometry setup

𝑶 𝑶′

𝒙 𝒙′

𝑿

𝒆 𝒆′



Epipolar plane

Epipolar geometry setup: Summary

𝑶 𝑶′

𝒙 𝒙′

𝑿

𝒆 𝒆′Baseline

Epipoles

Epipolar lines



Example configuration: Converging cameras

• Epipoles are finite, may be visible in the image

𝑶 𝑶′𝒆 𝒆′



Example configuration: Converging cameras



Example configuration: Motion parallel to image plane

• Where are the epipoles and what do the epipolar lines look like?
𝑶 𝑶′



Example configuration: Motion parallel to image plane

𝒆 𝒆′

• Epipoles infinitely far away, epipolar lines parallel
𝑶 𝑶′



Example configuration: Motion parallel to image plane



• Epipole is “focus of expansion” 
and coincides with the principal 
point of the camera

• Epipolar lines go out from 
principal point

𝑶

𝑶′

𝒆′

𝒆

Example configuration: Motion perpendicular to image plane



Example configuration: Motion perpendicular to image plane



Example configuration: Motion perpendicular to image plane



Epipoles (resp. epipolar lines)

• Informative on their own

Epipole and epipolar lines in camera 1 - where is camera 2?
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Epipolar constraint

𝑶

𝒙

• Suppose we observe a single point 𝒙 in one image



• Where can we find the 𝒙′ corresponding to 𝒙 in the other image?

Epipolar constraint

𝑶 𝑶′

𝒙

𝒆 𝒆′



Epipolar constraint

𝑶 𝑶′

𝒙

𝒆 𝒆′
• Where can we find the 𝒙′ corresponding to 𝒙 in the other image?
• Along the epipolar line corresponding to 𝒙 (projection of visual 

ray connecting 𝑶 with 𝒙 into the second image plane)



Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′

• Similarly, all points in the left image corresponding to 𝒙′ have 
to lie along the epipolar line corresponding to 𝒙′



• Potential matches for 𝒙 have to lie on the matching epipolar line 𝒍′
• Potential matches for 𝒙′ have to lie on the matching epipolar line 𝒍

Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′𝒙

𝒍′𝒍



Epipolar constraint: Example



• Whenever two points 𝒙 and 𝒙′ lie on matching epipolar lines 𝒍 and 𝒍′, 
the visual rays corresponding to them meet in space, i.e., 𝒙 and 𝒙′ 
could be projections of the same 3D point 𝑿 

Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′𝒙

𝒍′𝒍

𝑿



• Remember: in general, two rays do not meet in space!

Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′𝒙



• X, x, x’, O, O’ are coplanar
• Know O, O’

• Choose x – This yields the plane and so l’ and x’ lies on l’
• So there is some vector function f(x; O, O’) such that
• f(x; O, O’)^T x’=0

Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′𝒙

𝒍′𝒍

𝑿



• Caveat: if 𝒙 and 𝒙′ satisfy the epipolar constraint, this doesn’t mean 
they have to be projections of the same 3D point

Epipolar constraint

𝑶 𝑶′𝒆 𝒆′

𝒙′𝒙

𝒍′𝒍

𝑿′ 𝑿



Outline
• Motivation
• Epipolar geometry setup
• Epipolar constraint
• Essential matrix



Math of the epipolar constraint: Calibrated case

• Assume the intrinsic and extrinsic parameters of the cameras are known, 
world coordinate system is set to that of the first camera 

• Then the projection matrices are given by 𝑲[𝑰	|	𝟎]	and 𝑲′[𝑹	|	𝒕]
• We can pre-multiply the projection matrices (and the image points) by 

the inverse calibration matrices to get normalized image coordinates:
𝒙!"#$ = 𝑲%𝟏𝒙'()*+ ≅ 𝑰	 𝟎]𝑿,       𝒙′!"#$ = 𝑲,%𝟏𝒙'()*+

, ≅ 𝑹	 𝒕]𝑿

𝒙 𝒙′

𝑿

𝒕
𝑹



Math of the epipolar constraint: Calibrated case

• We have 𝒙! ≅ 𝑹𝒙+ 𝒕
• This means the three vectors 𝒙!, 𝑹𝒙, and 𝒕 are linearly dependent
• This constraint can be written using the triple product 

𝒙! + 𝒕× 𝑹𝒙 = 0

𝒙 𝒙0

𝑿

𝑰	 𝟎] 𝒙
1 𝑹	 𝒕] 𝒙

1
= 𝑹𝒙 + 𝒕𝒕

𝑹

𝒙!"#$ ≅ 𝑰	 𝟎]𝑿 𝒙′!"#$ ≅ 𝑹	 𝒕]𝑿= (𝒙, 1)1



Math of the epipolar constraint: Calibrated case

𝒙 𝒙0

𝑿 = (𝒙, 1)1

𝒕
𝑹

Recall: 𝒂×𝒃 =
0 −𝑎" 𝑎#
𝑎" 0 −𝑎$
−𝑎# 𝑎$ 0

𝑏$
𝑏#
𝑏"

= [𝒂×]𝒃

𝒙! + 𝒕× 𝑹𝒙 = 0 𝒙!&[𝒕×]𝑹𝒙 = 0

𝑰	 𝟎] 𝒙
1 𝑹	 𝒕] 𝒙

1
= 𝑹𝒙 + 𝒕



Math of the epipolar constraint: Calibrated case

𝒙! + 𝒕× 𝑹𝒙 = 0

𝒙 𝒙0

𝑿 = (𝒙, 1)1

𝒕
𝑹

𝒙!&[𝒕×]𝑹𝒙 = 0

Essential Matrix

𝒙!&𝑬𝒙 = 0

𝑰	 𝟎] 𝒙
1 𝑹	 𝒕] 𝒙

1
= 𝑹𝒙 + 𝒕

H. C. Longuet-Higgins. A computer algorithm for reconstructing a scene from two projections. 
Nature 293 (5828): 133–135, September 1981

https://cseweb.ucsd.edu/classes/fa01/cse291/hclh/SceneReconstruction.pdf


The essential matrix

𝒙 𝒙0

𝑿

𝒙!&𝑬𝒙 = 0

𝑥,, 𝑦,, 1
𝑒-- 𝑒-. 𝑒-/
𝑒.- 𝑒.. 𝑒./
𝑒/- 𝑒/. 𝑒//

𝑥
𝑦
1

= 0



The essential matrix: Properties

𝒙 𝒙0

𝑿

𝒙!&𝑬𝒙 = 0

• 𝑬𝒙 is the epipolar line associated with 𝒙 (𝒍′ = 𝑬𝒙)

𝒍0

Recall: a line is given by 𝑎𝑥	 + 	𝑏𝑦	 + 	𝑐	 = 	0 or 𝒍𝑻𝒙 = 0 
where 𝒍	 = 	 (𝑎, 𝑏, 𝑐)& and 𝒙	 = 	 (𝑥, 𝑦, 1)& 



The essential matrix: Properties

𝒙 𝒙0

𝑿

• 𝑬𝒙 is the epipolar line associated with 𝒙 (𝒍′ = 𝑬𝒙)
• 𝑬&𝒙′ is the epipolar line associated with 𝒙′ (𝒍 = 𝑬&𝒙′)
• 𝑬𝒆 = 𝟎   and   𝑬𝑇𝒆′ = 𝟎
• 𝑬 is singular (rank two) and has five degrees of freedom

𝒙!&𝑬𝒙 = 0

𝒍
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Epipolar constraint: Uncalibrated case

• The calibration matrices 𝑲 and 𝑲′ of the two cameras are unknown
• We can write the epipolar constraint in terms of unknown normalized 

coordinates:
𝒙()*+!& 𝑬𝒙()*+ = 0, 

where 𝒙()*+ = 𝑲,𝟏𝒙, 𝒙′()*+ = 𝑲!,𝟏𝒙′

𝒙 𝒙0

𝑿



Epipolar constraint: Uncalibrated case

𝒙()*+!& 𝑬𝒙()*+ = 0

𝒙 𝒙0

𝑿

𝒙!&𝑭𝒙 = 0, where 𝑭 = 𝑲′,&𝑬𝑲,$

𝒙()*+ = 𝑲,𝟏𝒙

𝒙′()*+ = 𝑲!,𝟏𝒙′
Fundamental Matrix

Faugeras et al., (1992), Hartley (1992)

https://en.wikipedia.org/wiki/Fundamental_matrix_(computer_vision)


The fundamental matrix

𝒙 𝒙0

𝑿

𝒙!&𝑭𝒙 = 0

𝒍 𝒍′

𝑥,, 𝑦,, 1
𝑓-- 𝑓-. 𝑓-/
𝑓.- 𝑓.. 𝑓./
𝑓/- 𝑓/. 𝑓//

𝑥
𝑦
1

= 0



The fundamental matrix: Properties

𝒙 𝒙0

𝑿

𝒙!&𝑭𝒙 = 0

• 𝑭𝒙 is the epipolar line associated with 𝒙 (𝒍′ = 𝑭𝒙)
• 𝑭&𝒙′ is the epipolar line associated with 𝒙′ (𝒍 = 𝑭&𝒙′)
• 𝑭𝒆 = 𝟎   and   𝑭𝑇𝒆′ = 𝟎
• 𝑭 is singular (rank two) and has seven degrees of freedom

𝒍 𝒍′



The fundamental matrix: Properties

𝒙 𝒙0

𝑿

𝒙!&𝑭𝒙 = 0

• 𝑭 is singular (rank two) and has seven degrees of freedom
• Why singular?

– F maps any point on one side to a line in through epipole on other
» NOT to a general line
» So 2DOF pt -> 1DOF family of lines

𝒍 𝒍′
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Estimating the fundamental matrix
• Given: correspondences 𝒙 = (𝑥, 𝑦, 1)& and 𝒙! = (𝑥′, 𝑦′, 1)&



Estimating the fundamental matrix
• Given: correspondences 𝒙 = (𝑥, 𝑦, 1)& and 𝒙! = (𝑥′, 𝑦′, 1)&

• Constraint: 𝒙′𝑻𝑭𝒙 = 0

𝑥,, 𝑦,, 1
𝑓-- 𝑓-. 𝑓-/
𝑓.- 𝑓.. 𝑓./
𝑓/- 𝑓/. 𝑓//

𝑥
𝑦
1

= 0 𝑥,𝑥, 𝑥,𝑦, 𝑥′, 𝑦,𝑥, 𝑦,𝑦, 𝑦′, 𝑥, 𝑦, 1

𝑓--
𝑓-.
𝑓-/
𝑓.-
𝑓..
𝑓./
𝑓/-
𝑓/.
𝑓//

= 0



The eight point algorithm

⋮
𝑥!𝑥 𝑥!𝑦 𝑥′ 𝑦!𝑥 𝑦!𝑦 𝑦′ 𝑥 𝑦 1

⋮

𝑓$$
𝑓$#
𝑓$"
𝑓#$
𝑓##
𝑓#"
𝑓"$
𝑓"#
𝑓""

= 𝟎

• Homogeneous least squares to find 𝒇:

arg min
𝒇 /$

𝑼𝒇 #
# Eigenvector of 𝑼𝑻𝑼 with 

smallest eigenvalue

𝑼



Enforcing rank-2 constraint
• We know 𝑭 needs to be singular/rank 2. How do we force it to 

be singular?
• Solution: take SVD of the initial estimate and throw out the 

smallest singular value

𝑭898: = 𝑼𝚺𝑽1

𝚺 =
𝜎; 0 0
0 𝜎< 0
0 0 𝜎=

𝑭 = 𝑼𝜮′𝑽1

𝚺′ =
𝜎; 0 0
0 𝜎< 0
0 0 0



Enforcing rank-2 constraint

Initial 𝑭 estimate Rank-2 estimate



Normalized eight point algorithm

⋮
𝑥!𝑥 𝑥!𝑦 𝑥′ 𝑦!𝑥 𝑦!𝑦 𝑦′ 𝑥 𝑦 1

⋮

𝑓$$
𝑓$#
𝑓$"
𝑓#$
𝑓##
𝑓#"
𝑓"$
𝑓"#
𝑓""

= 𝟎

• Recall that 𝑥, 𝑦, 𝑥′, 𝑦′	are pixel coordinates. What might be the 
order of magnitude of each column of 𝑼?

• This causes numerical instability!

𝑼

100 100 10/ 100 100 10/ 10/ 10/ 1



The normalized eight-point algorithm
• In each image, center the set of points at the origin, and scale 

it so the mean squared distance between the origin and the 
points is 2 pixels

• Use the eight-point algorithm to compute 𝑭 from the 
normalized points

• Enforce the rank-2 constraint 
• Transform fundamental matrix back to original units: if 𝑻 and 
𝑻′ are the normalizing transformations in the two images, 
then the fundamental matrix in original coordinates is 𝑻′𝑇𝑭𝑻

R. Hartley. In defense of the eight-point algorithm. TPAMI 1997

https://www.cse.unr.edu/~bebis/CS485/Handouts/hartley.pdf
https://www.cse.unr.edu/~bebis/CS485/Handouts/hartley.pdf
https://www.cse.unr.edu/~bebis/CS485/Handouts/hartley.pdf


• Linear estimation minimizes the sum of squared algebraic 
distances between points 𝒙0! and epipolar lines 𝑭𝒙𝑖 (or points 
𝒙𝑖 and epipolar lines 𝑭&𝒙0!):

N
0
𝒙0!&𝑭𝒙𝑖

#

• Nonlinear approach: minimize sum of squared geometric 
distances 

N
0
dist(𝒙0!, 𝑭𝒙𝑖)# + dist(𝒙𝑖, 𝑭&𝒙0!)#

Nonlinear estimation

xi

FT !xi Fxi

!xi



Comparison of estimation algorithms

8-point Normalized 8-point Nonlinear least squares

Av. Dist. 1 2.33 pixels 0.92 pixel 0.86 pixel

Av. Dist. 2 2.18 pixels 0.85 pixel 0.80 pixel



Seven-point algorithm
• Set up least squares system with seven pairs of matches and 

solve for null space (two vectors) using SVD 
• Solve for polynomial equation to get coefficients of linear 

combination of null space vectors that satisfies det(𝑭) = 0

Source: e.g., M. Pollefeys tutorial (2000)

http://cmp.felk.cvut.cz/cmp/courses/dzo/resources/tutorial-pollefeys-eccv/node57.html


From epipolar geometry to camera calibration

• Estimating the fundamental matrix is known as “weak 
calibration”

• If we know the calibration matrices of the two cameras, we 
can estimate the essential matrix: 𝑬	 = 	𝑲′𝑇𝑭𝑲

• The essential matrix gives us the relative rotation and 
translation between the cameras, or their extrinsic parameters

• Alternatively, if the calibration matrices are known (or in 
practice, if good initial guesses of the intrinsics are available), 
the five-point algorithm can be used to estimate relative 
camera pose

D. Nister. An efficient solution to the five-point relative pose problem. IEEE Trans. PAMI, 2004

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.129.1518&rep=rep1&type=pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.129.1518&rep=rep1&type=pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.129.1518&rep=rep1&type=pdf


The Fundamental Matrix Song

http://danielwedge.com/fmatrix/

http://danielwedge.com/fmatrix/
http://danielwedge.com/fmatrix/
http://danielwedge.com/fmatrix/
http://danielwedge.com/fmatrix/
http://danielwedge.com/fmatrix/


Monocular visual odometry
• A calibrated camera 

• views a static scene, 
• moves, 
• views again

• Q: how did it move?
• We care, because this allows us to recover movement from single cameras
• We should be able to tell

• Recall epipoles etc are quite informative about movement



Visual odometry
• Use eight point algorithm, recover fundamental matrix
• Recall:

• But we know calibration, which yields essential matrix

• Q: what can we get out of essential matrix?

F = kC�T
L RSC�1

R

<latexit sha1_base64="GoQu+YqiIvl3hTb/UMlwUOZnBWQ=">AAACB3icbZDLSsNAFIZP6q3WW9SlIINFcFUS8bYRiiK4rNIbtKFMptN26GQSZiZCCdm58VXcuFDEra/gzrdx2mahrT8MfPznHM6c3484U9pxvq3cwuLS8kp+tbC2vrG5ZW/v1FUYS0JrJOShbPpYUc4ErWmmOW1GkuLA57ThD6/H9cYDlYqFoqpHEfUC3BesxwjWxurY+0mbYI5u0sshQlOuphncp6hjF52SMxGaBzeDImSqdOyvdjckcUCFJhwr1XKdSHsJlpoRTtNCO1Y0wmSI+7RlUOCAKi+Z3JGiQ+N0US+U5gmNJu7viQQHSo0C33QGWA/UbG1s/ldrxbp34SVMRLGmgkwX9WKOdIjGoaAuk5RoPjKAiWTmr4gMsMREm+gKJgR39uR5qB+X3LPS6d1JsXyVxZGHPTiAI3DhHMpwCxWoAYFHeIZXeLOerBfr3fqYtuasbGYX/sj6/AGZ75fg</latexit>

E = kT R



Visual odometry, II

<latexit sha1_base64="GoQu+YqiIvl3hTb/UMlwUOZnBWQ=">AAACB3icbZDLSsNAFIZP6q3WW9SlIINFcFUS8bYRiiK4rNIbtKFMptN26GQSZiZCCdm58VXcuFDEra/gzrdx2mahrT8MfPznHM6c3484U9pxvq3cwuLS8kp+tbC2vrG5ZW/v1FUYS0JrJOShbPpYUc4ErWmmOW1GkuLA57ThD6/H9cYDlYqFoqpHEfUC3BesxwjWxurY+0mbYI5u0sshQlOuphncp6hjF52SMxGaBzeDImSqdOyvdjckcUCFJhwr1XKdSHsJlpoRTtNCO1Y0wmSI+7RlUOCAKi+Z3JGiQ+N0US+U5gmNJu7viQQHSo0C33QGWA/UbG1s/ldrxbp34SVMRLGmgkwX9WKOdIjGoaAuk5RoPjKAiWTmr4gMsMREm+gKJgR39uR5qB+X3LPS6d1JsXyVxZGHPTiAI3DhHMpwCxWoAYFHeIZXeLOerBfr3fqYtuasbGYX/sj6/AGZ75fg</latexit>

E = kT R

Antisymmetric

RotationUnknown constant



Visual odometry, III
• Recall singular value decomposition

Orthonormal

Diagonal matrix
Of non-negative singular
values



Visual odometry, IV

• Notice

• So that

<latexit sha1_base64="oZrFKPd3SvD/F8Zt3VCl0MUO6E4=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQyK4DGCeUCyhNnJbDJkdnad6RXCkp/w4kERr/6ON//GSbIHTSxoKKq66e4KEikMuu63s7S8srq2Xtgobm5t7+yW9vYbJk4143UWy1i3Amq4FIrXUaDkrURzGgWSN4PhzcRvPnFtRKwecJRwP6J9JULBKFqplXUYleR23C2V3Yo7BVkkXk7KkKPWLX11ejFLI66QSWpM23MT9DOqUTDJx8VOanhC2ZD2edtSRSNu/Gx675gcW6VHwljbUkim6u+JjEbGjKLAdkYUB2bem4j/ee0Uwys/EypJkSs2WxSmkmBMJs+TntCcoRxZQpkW9lbCBlRThjaiog3Bm395kTROK95F5fz+rFy9zuMowCEcwQl4cAlVuIMa1IGBhGd4hTfn0Xlx3p2PWeuSk88cwB84nz+qL4+9</latexit>

E
<latexit sha1_base64="zYN8pRlSYpmuS+UJFLuV+PEEwKM=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUnE17IogssqfUEby2Q6aYdOJmFmIpaQX3HjQhG3/og7/8Zpm4VWD1zu4Zx7mTvHjzlT2nG+rMLS8srqWnG9tLG5tb1j75ZbKkokoU0S8Uh2fKwoZ4I2NdOcdmJJcehz2vbHV1O//UClYpFo6ElMvRAPBQsYwdpIfbuc9gjm6Dqb97vsvtG3K07VmQH9JW5OKpCj3rc/e4OIJCEVmnCsVNd1Yu2lWGpGOM1KvUTRGJMxHtKuoQKHVHnp7PYMHRplgIJImhIazdSfGykOlZqEvpkMsR6pRW8q/ud1Ex1ceCkTcaKpIPOHgoQjHaFpEGjAJCWaTwzBRDJzKyIjLDHRJq6SCcFd/PJf0jquumfV09uTSu0yj6MI+3AAR+DCOdTgBurQBAKP8AQv8Gpl1rP1Zr3PRwtWvrMHv2B9fANNWZP6</latexit>

ERTand have the same singular values

Singular values(      ) = singular values(   )
<latexit sha1_base64="oZrFKPd3SvD/F8Zt3VCl0MUO6E4=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQyK4DGCeUCyhNnJbDJkdnad6RXCkp/w4kERr/6ON//GSbIHTSxoKKq66e4KEikMuu63s7S8srq2Xtgobm5t7+yW9vYbJk4143UWy1i3Amq4FIrXUaDkrURzGgWSN4PhzcRvPnFtRKwecJRwP6J9JULBKFqplXUYleR23C2V3Yo7BVkkXk7KkKPWLX11ejFLI66QSWpM23MT9DOqUTDJx8VOanhC2ZD2edtSRSNu/Gx675gcW6VHwljbUkim6u+JjEbGjKLAdkYUB2bem4j/ee0Uwys/EypJkSs2WxSmkmBMJs+TntCcoRxZQpkW9lbCBlRThjaiog3Bm395kTROK95F5fz+rFy9zuMowCEcwQl4cAlVuIMa1IGBhGd4hTfn0Xlx3p2PWeuSk88cwB84nz+qL4+9</latexit>

E
<latexit sha1_base64="4tzydaYTdekSenZ+GI4VH93qwFw=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68RghL0iWMDvpTYbMzq4zs0JY8hNePCji1d/x5t84SfagiQUNRVU33V1BIrg2rvvtrKyurW9sFraK2zu7e/ulg8OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkZ3U7/1hErzWNbNOEE/ogPJQ86osVI76zIqSH3SK5XdijsDWSZeTsqQo9YrfXX7MUsjlIYJqnXHcxPjZ1QZzgROit1UY0LZiA6wY6mkEWo/m907IadW6ZMwVrakITP190RGI63HUWA7I2qGetGbiv95ndSEN37GZZIalGy+KEwFMTGZPk/6XCEzYmwJZYrbWwkbUkWZsREVbQje4svLpHle8a4qlw8X5eptHkcBjuEEzsCDa6jCPdSgAQwEPMMrvDmPzovz7nzMW1ecfOYI/sD5/AHA+o/M</latexit>

T

<latexit sha1_base64="GoQu+YqiIvl3hTb/UMlwUOZnBWQ=">AAACB3icbZDLSsNAFIZP6q3WW9SlIINFcFUS8bYRiiK4rNIbtKFMptN26GQSZiZCCdm58VXcuFDEra/gzrdx2mahrT8MfPznHM6c3484U9pxvq3cwuLS8kp+tbC2vrG5ZW/v1FUYS0JrJOShbPpYUc4ErWmmOW1GkuLA57ThD6/H9cYDlYqFoqpHEfUC3BesxwjWxurY+0mbYI5u0sshQlOuphncp6hjF52SMxGaBzeDImSqdOyvdjckcUCFJhwr1XKdSHsJlpoRTtNCO1Y0wmSI+7RlUOCAKi+Z3JGiQ+N0US+U5gmNJu7viQQHSo0C33QGWA/UbG1s/ldrxbp34SVMRLGmgkwX9WKOdIjGoaAuk5RoPjKAiWTmr4gMsMREm+gKJgR39uR5qB+X3LPS6d1JsXyVxZGHPTiAI3DhHMpwCxWoAYFHeIZXeLOerBfr3fqYtuasbGYX/sj6/AGZ75fg</latexit>

E = kT R



Visual odometry, V
Check

Write

<latexit sha1_base64="NnT4r5zu3RJ0e41MogFlhtaCZbo="></latexit>

singular values(T ) =

0

@
s 0 0
0 s 0
0 0 0

1

A

<latexit sha1_base64="4O4uLcGiNQQIYeChmU8qlybM89A=">AAACGHicbVDLSgMxFL1TX7W+qi7dBIvgqs6Ir41QlILLin1BW4dMmmlDMw+SjFCG+Qw3/oobF4q47c6/MdPpQlsPBM49515u7nFCzqQyzW8jt7S8srqWXy9sbG5t7xR395oyiAShDRLwQLQdLClnPm0opjhth4Jiz+G05YxuU7/1RIVkgV9X45D2PDzwmcsIVlqyiydxl2COGokdVxPUfWADD09ppjeTx3paXmdlNbGLJbNsToEWiTUjJZihZhcn3X5AIo/6inAsZccyQ9WLsVCMcJoUupGkISYjPKAdTX3sUdmLp4cl6EgrfeQGQj9foan6eyLGnpRjz9GdHlZDOe+l4n9eJ1LuVS9mfhgp6pNskRtxpAKUpoT6TFCi+FgTTATTf0VkiAUmSmdZ0CFY8ycvkuZp2boon9+flSo3szjycACHcAwWXEIF7qAGDSDwDK/wDh/Gi/FmfBpfWWvOmM3swx8Ykx/uxZ+3</latexit>

UE⌃EVT
E = E



Visual odometry, VI

• Write

• Check

<latexit sha1_base64="4KSaehon4APgkLYS1tWmtB0hae8="></latexit>

W =

0

@
0 �1 0
1 0 0
0 0 1

1

A

<latexit sha1_base64="VKsPaXb5bYpPwfxg7va83lPl9/s=">AAACFnicbVDLSsNAFJ3UV62vqEs3g0VwY0nE17IoBZcVm7bQxDCZTtqhkwczE6GEfIUbf8WNC0Xcijv/xmkaRFsPDBzOOZc793gxo0IaxpdWWlhcWl4pr1bW1jc2t/TtnbaIEo6JhSMW8a6HBGE0JJakkpFuzAkKPEY63uhq4nfuCRc0CltyHBMnQIOQ+hQjqSRXP0ptjBi0MjdtZBDat3QQoJxPjU72E2jctVy9atSMHHCemAWpggJNV/+0+xFOAhJKzJAQPdOIpZMiLilmJKvYiSAxwiM0ID1FQxQQ4aT5WRk8UEof+hFXL5QwV39PpCgQYhx4KhkgORSz3kT8z+sl0r9wUhrGiSQhni7yEwZlBCcdwT7lBEs2VgRhTtVfIR4ijrBUTVZUCebsyfOkfVwzz2qnNyfV+mVRRxnsgX1wCExwDurgGjSBBTB4AE/gBbxqj9qz9qa9T6MlrZjZBX+gfXwD8S6enw==</latexit>

UE⌃EWUT
E

<latexit sha1_base64="yvRLWKwK+ONOJj9xouCQK4Z1R9Y=">AAACEHicbVDLSsNAFJ3UV62vqEs3g0V0Y0nE17IoBZcVmrbQpmEynbRDJ5MwMxFKyCe48VfcuFDErUt3/o3TpgttPTBw7jn3cuceP2ZUKsv6NgpLyyura8X10sbm1vaOubvXlFEiMHFwxCLR9pEkjHLiKKoYaceCoNBnpOWPbid+64EISSPeUOOYuCEacBpQjJSWPPM47WLEoJN5aS2DMK9aWS89tbO8aGZerdfwzLJVsaaAi8SekTKYoe6ZX91+hJOQcIUZkrJjW7FyUyQUxYxkpW4iSYzwCA1IR1OOQiLddHpQBo+00odBJPTjCk7V3xMpCqUch77uDJEaynlvIv7ndRIVXLsp5XGiCMf5oiBhUEVwkg7sU0GwYmNNEBZU/xXiIRIIK51hSYdgz5+8SJpnFfuycnF/Xq7ezOIoggNwCE6ADa5AFdyBOnAABo/gGbyCN+PJeDHejY+8tWDMZvbBHxifPy3FnA8=</latexit>

UEW�1VT
E

is antisymmetric

is a rotation



Visual odometry, VII
So we can recover

   Rotation exactly

   Translation up to scale

From an essential matrix


