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What is Visual Odometry (VO) ?

VO is the process of incrementally estimating the pose of the vehicle by
examining the changes that motion induces on the images of its onboard
cameras

input output

.........................................................

Image sequence (or video stream)
from one or more cameras attached to a moving vehicle RO1 le ) Ri
to, Ly, b

Camera trajectory (3D structure is a plus):

—
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Assumptions

Sufficient illumination in the environment

c:

o Dominance of static scene over moving objects

c:

Enough texture to allow apparent motion to be extracted

o Sufficient scene overlap between consecutive frames

Is any of these scenes good for VO? Why?
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Why VO ?

o Contrary to wheel odometry, VO is not affected by wheel slip in
uneven terrain or other adverse conditions.

1 More accurate trajectory estimates compared
to wheel odometry
(rel ative position error

i VO can be used as a complement to
A wheel odometry
A GPS
A inertial measurement units (IMUS)
A laser odometry

;- RTK GPS
T .'k’— Visual Odometry

z(m)
=)

1 In GPS -denied environments, A0 L
such as underwater and aerial,

VO has utmost importance

0
-80 U -60 40 x(m)

-80
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Working Principle

\

R, t

/
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VO Flow Chart

1 VO computes the camera path incrementally (pose after pose)

Image sequence

Feature detection

Feature matching (tracking)

Motion estimation

2D-2D 3D-3D 3D-2D

Local optimization
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VO Drift

» The errors introduced by each new frame-to-frame
motion accumulate over time

~ This generates a drift of the
estimated trajectory from the real path

The uncertainty of the camera pose at C, is a combination of
the uncertainty at C,_, (black solid ellipse) and the uncertainty
of the transformation T}, ,_, (gray dashed ellipse)
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VO or Structure from Motion (SFM) ? (1/2)

o SFM is more general than VO and tackles the problem of 3D reconstruction of
both the structure and camera poses from unordered image sets

o The final structure and camera poses are typically refined with an offline
optimization (i.e., bundle adjustment), whose computation time grows with the
number of images

This video can be seen at

Reconstruction from 3 million images from Flickr.com
Cluster of 250 computers, 24 hours of computation!
Paper: ABuil ding Rome in a Dayo, | CCVbO
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http://youtu.be/kxtQqYLRaSQ
http://youtu.be/kxtQqYLRaSQ

VO or Structure from Motion (SFM) ? (2/2)

o VO is a particular case of SFM

1 VO focuses on estimating the 3D motion of the camera
sequentially (as a new frame arrives) and in real time .

o Bundle adjustment canbeused ( but 1 toés optional)
local estimate of the trajectory

o Terminology: sometimes SFM is used as a synonym of VO
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VO vs. Visual SLAM (1/2)

# The goal of SLAM in general is to obtain a global, consistent estimate of
the robot path. This is done through identifying loop closures. When a
loop closure is detected, this information is used to reduce the drift in both
the map and camera path (global bundle adjustment).

» Conversely, VO aims at recovering the path incrementally, pose after
pose, and potentially optimizing only over the last m poses path
(windowed bundle adjustment)

\aps with 1505 feature:
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S e B M ; e
P : / : -
G RN [ S a0
e : ; KR : : : :
- Lo H ;
= : !
,,,,,,, e T e R AR
PG S IRECS

Before loop closing After loop closing

| mage courtesy of Clemente et al. RSS607
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VO vs. Visual SLAM (2/2)

o VO only aims to the  |ocal consistency of the
trajectory

i« SLAM aims to the global consistency of the

trajectory and of the map

o

i VO canbeusedasa building block of SLAM

Visual odometry
t VO is SLAM before closing the loop!

i The choice between VO andV  -SLAM depends on
the tradeoff between performance and
consistency, and simplicity in implementation.

o VO trades off consistency for real -time
performance, without the need to keep track of
all the previous history of the camera.

Visual SLAM
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Outline

o Brief history of VO

o Problem formulation

1 Camera modeling and calibration

1 Motion estimation

1 Robust estimation

u  Error propagation

o Camera -pose optimization (bundle adjustment)

i Discussion
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Brief history of VO

1996: The term VO was coined by Srinivasan to define motion orientation
in honey bees.

1980: First known stereo VO real-time implementation on a robot by Moraveck
PhD thesis (NASA/JPL) for Mars rovers using a sliding camera. Moravec invented a
predecessor of Harris detector, known as Moravec detector

1980 to 2000: The VO research was dominated by NASA/JPL in preparation of
2004 Mars mission (see papers from Matthies, Olson, etc. From JPL)

2004: VO used on a robot on another planet: Mars rovers Spirit and Opportunity

2004. VO was revived in the academic environment
by Nister «Visual Odometry» paper.
The term VO became popular.




Outline

o Brief history of VO

o Problem formulation

1 Camera modeling and calibration

1 Motion estimation

1 Robust estimation

u  Error propagation

o Camera -pose optimization (bundle adjustment)

i Discussion
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Problem Formulation

» An agent is moving through an environment and taking images with a
rigidly-attached camera system at discrete times k

~ In case of a monocular system, the set of images taken at times k is
denoted by

lon = o, o) In}

~ In case of a stereo system, there are a left and a right image at
every time instant, denoted by

Il,O:n = {11,01 LN Il,n}*
Ir,O:n = {Ir,OJ ey Ir,n}

~ In case of a stereo system, without loss of generality, the coordinate
system of the left camera can be used as the origin
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Problem Formulation

» TWO camera positions at adjacent time instants k — 1 and k are related
by the rigid body transformation

Ry w1 Crp-
Tk:!kgl k,x{,1

> The set Ty., = {T4, ..., T,} contains all subsequent motions all subsequent
motions.

~ Finally, the set of camera poses
Con = {Co, ..., Cp} cOntains the
transformations of the camera
with respect to the initial
coordinate frame at k =0
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Problem Formulation

» The current pose C,, can be computed by concatenating all the
transformations Ty, k = 1...n, and, therefore,

Cp = Cp1Ty

with C, being the camera pose at the instant k = 0, which can be set
arbitrarily by the user
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Problem Formulation

» The main task in VO is to compute the relative transformations T
from the images I, and I,_; and then to concatenate the
transformations to recover the full trajectory C,.,, of the camera.

» This means that VO recovers the path incrementally, pose after
pose.

> An iterative refinement over last m poses can be performed after
this step to obtain a more accurate estimate of the local trajectory.

m — poses windowed bundle adjustment
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Outline

o Brief history of VO

o Problem formulation

1 Camera modeling and calibration

1 Motion estimation
1 Robust estimation
u  Error propagation
o Camera -pose optimization (bundle adjustment)

i Discussion

Copyright of Davide Scaramuzza - davide.scaramuzza@ieee.org - https://sites.google.com/site/scarabotix/



Thin Lens Model
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Thin Lens Model
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The Pin-Hole Approximation

y
\ 4
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The Pin-Hole Approximation

\ @ P
- cl—~a |

e

Single effective viewpoint

Image plane
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Omnidirectional Camera Model

® X

Single effective viewpoint

Image plane
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Equivalence between Perspective and Omnidirectional Model

[G
)
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Equivalence between Perspective and Omnidirectional Model
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Equivalence between Perspective and Omnidirectional Model:
The Spherical Model

o Always possible after the camera has been calibrated!
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Equivalence between Perspective and Omnidirectional
Model: The Spherical Model

1 For convenience, points are projected on the unit sphere. Why?

o In the perspective case, is it better to use the perspective or the
spherical model?

Points Rays

|l mage courtesy of Micusik & Pajdla, ACCVO0O0/4
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Outline

o Brief history of VO
i Problem formulation

1 Camera modeling and calibration

o Motion estimation

1 Robust estimation
u  Error propagation
o Camera -pose optimization (bundle adjustment)

i Discussion

Image sequence

Feature detection

Feature matching

Motion estimation

2D-2D

3D-3D

3D-2D

Local optimization
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Motion Estimation

» Motion estimation is the core computation step performed for
every image in a VO system

» It computes the camera motion T, between the previous and the
current image:

Ry -1 trx-
Tk:[kgl k,l{l]

» By concatenation of all these single movements, the full trajectory
of the camera can be recovered

v
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Appearance-based or Featured-based ?

There are two main approaches to compute the relative motion T,

» Appearance-based methods use the intensity information of all the
pixels in the two input images

» Feature-based methods only use salient and repeatable features
extracted (or tracked) across the images

Makadia et al. «Correspondence-f r ee structure from motioneé, |1JCV6O07 ) )
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Appearance-based or Featured-based ?

i Global methods are less accurate than feature -based methods and
are computationally more expensive.

1 Feature -based methods require the ability to match (or track)
robustly features across frames but are faster and more accurate
than global methods. Therefore, most VO implementations are
feature based.

Image courtesy of Makadiaetal. , | JCV&07
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Motion estimation

Motion Estimation

Depending on whether the feature correspondences f;_; and f; are
specified in 2D or 3D, there are three different cases:

» 2D-to-2D: both f;,_; and f;, are specified in 2D image coordinates

» 3D-to-3D: both f;,_; and f;, are specified in 3D To do this, it is
necessary to triangulate 3D points at each time instant, for
instance, by using a stereo camera system

> 3D-to-2D: f;,_; are specified in 3D and f; are their corresponding
2D reprojections on the image I,
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2 D -to -2 D Motion estimation
2D-2D | 3D-3D | 3D-2D

Motion from Image Feature Correspondences

Both "Q and "Q are specified in 2D
The minimal -case solution involves  5-point correspondences

The solution is found by determining the transformation that
minimizes the reprojection error of the triangulated points in each image

T = Mokt tek=1] = e min ¥ 1 ph — g(X7. G|
0 1 X', ik

Cy
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3 D -to -3 D Motion estimation

Motion from 3D-3D Point COI'I'eSpondences 2D-2D | 3D-3D | 3D-2D

Both "Q and "Q are specified in 3D

To do this, it is necessary to triangulate 3D points (e.g. use a stereo
camera)

The minimal -case solution involves 3 non -collinear correspondences

The solution is found by determining the aligning transformation that
minimizes the 3D -3D distance

R _ t _ . ~ ~
Tk=[ ket kot argnﬁn;||x,z—nxz_ln

1
>0
F‘— — Z
i I [
2
Y1
X1 \ e X2

Ty
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3 D -to -3 D Motion estimation

Motion from 3D-3D Point COI'I'eSpondences 2D-2D | 3D-3D | 3D-2D

Both "Q and "Q are specified in 3D

To do this, it is necessary to triangulate 3D points (e.g. use a stereo
camera)

The minimal -case solution involves 3 non -collinear correspondences

The solution is found by determining the aligning transformation that
minimizes the 3D -3D distance

_ |Rik-1 Tig-1]| _ arg min X —T.X!
Tk—[ 0 1 |= ng;”k Xl
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3D-to-2D

Motion estimation

2D-2D 3D-3D

3D-2D

Motion from 3D Structure and Image Correspondences

"Q is specified in 3D and
This problem is known as

n points)

The minimal

‘Qin 2D
camera resection

- case solution involves 3 correspondences

The solution is found by determining the transformation that
minimizes the reprojection error

Rpp_q4 t
Tk:[ k,(l)(l k,

| = argmin}® 1o} — i 1P
Cd

or PnP (perspective from
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3D-to-2D

Motion from 3D Structure and Image Correspondences

Motion estimation

2D-2D

3D-3D

3D-2D

In the monocular case, the 3D structure needs to be triangulated
‘O and 'O )andthen
a third view (e.g.,

from two adjacent camera views (e.g.,
matched to 2D image features in
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2 D -to -2 D Motion estimation
2D-2D | 3D-3D | 3D-2D

Motion from Image Feature Correspondences

Both "Q and "Q are specified in 2D
The minimal -case solution involves 5  -point correspondences

The solution is found by determining the transformation that
minimizes the reprojection error of the triangulated points in each image

Ry k-1 trk-1 : i i )
T, = ’ ’ = are min —o(X'.C
o= e ng’Ckr_Xj;Hpk g(X". Gyl
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2D-to-2D
Motion from Image Feature Correspondences

\_'

Ry k—1 k-
Tk:[kgl k,11c1]=?
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2D-2D

3D-3D

3D-2D




2D-to-2D
Motion from Image Feature Correspondences

Ry k—1 k-
Tk:[kgl k,11c1 _»
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2D-2D

3D-3D

3D-2D




2 D -to -2 D Motion estimation

. 2D-2D 3D-3D 3D-2D
Epipolar Geometry

oo
—_€,u —
P =Yy P2 = &Y2y

P1, Py, T are coplanar: 6z | 6z,

p, @3 p,')=0 Y p, @3 (Rp))=0

Y pi[t.Rp, =0 Y [p; Ep,=0 Epipolar constraint ]

l E=[t]: R essential matrix I
Copyright of Davide Scaramuzza - . . = : . : /site/scarabotix/




2 D -to -2 D Motion estimation

. 2D-2D 3D-3D 3D-2D
Epipolar Geometry
€42 €%, 2
P = Sylﬂ P, = gyzg Image coordinates on the Unit sphere
gz 4 &z, 4

p; Ep,=0 Epipolar constraint

. : 0 —t, t
E=[t. R Essential matrix £z
[t]«=| t; 0 —t,

& The Essential Matrix can be computed directly from the image coordinates
(using SVD).
At least 5 points needed! [Kruppa, 1913]. The more points, the better!
The Essential Matrix can be decomposed into R and t (again using SVD)
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2 D -to -2 D Motion estimation

Computing the Essential Matrix 2D-2D | 3D-3D | 3D-2D

» The Essential matrix can be computed from 5 point correspondences
using [Nister’2003] algorithm (5-point algorithm)

~ The 5-p algorithm has become the standard for 2D-to-2D motion
estimation, however, its implementation is not straightforward

~ A simple and straightforward solution for n > 8 noncoplanar points is
the Longuet-Higgins’ 8-p algorithm, which is summarized here:

X1 X2
» Letp, = [Jﬁ y D2 = [yz be the coordinates one feature correspondence
Z1 Z2

> E=1€21 €32 €33

€31 €32 €33

€11 €12 313]

911]
€33

P2T5P1 =0 = [x1X2 ¥1X2 21X X1Y2 V1Y2 Z1Y2 X1Z3 Y1Z3 Z1Z2]E =0
which can be solved with SVD
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2 D -tO '2 D Motion estimation

2D-2D

3D-3D

3D-2D

Algorithm

Algorithm 1: VO from 2D-to-2D correspondeces

I Capture new frame I,

2 Extract and match features between /| and I,

3 Compute essential matrix for image pair I;_ . I}

4 Decompose essential matrix into R; and #;, and form 7}
5 Compute relative scale and rescale #; accordingly

6 Concatenate transformation by computing C;, = C; T}
7 Repeat from 1

How do we compute the relative scale between [, _,,[;,_;, and [, ?
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2 D -tO '2 D Motion estimation

Relative Scale Computation

e

2D-2D 3D-3D 3D-2D

The absolute scale of the translation cannot be computed from
two images.

However, it is possible to compute relative scales for the
subsequent transformations.

One way of doing this is to triangulate 3D points X;_; and X; from
two subsequent image pairs. From corresponding 3D points, the
relative distances between any combination of two 3D points can
be computed.

The proper scale can then be determined from the distance ratio r
between a point pair in X;,_; and a pairin X,

[ X1 — Xe—1,]
HXk,f_Xk,jH

r —

For robustness, the scale ratios for many point pairs are

computed and the mean (or in presence of outliers the median) is
used
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Motion Estimation: Summary

Type of Monocular Stereo
correspondences

2D- 2D X X
3D-3D X
3D-2D X X
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Triangulation and Keyframe Selection

1 Some of the previous motion estimation methods require
triangulation of 3D points

o Triangulated 3D points are determined by intersecting
backprojected rays from 2D image correspondences of at least
two image frames

o In reality, they never intersect due to
A image noise,
A camera model and calibration errors,
A and feature matching uncertainty

u The point at minimal distance from all intersecting rays can be
taken as an estimate of the 3D point position
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Triangulation and Keyframe Selection

o When frames are taken at nearby positions compared to the scene
distance, 3D points will exibit large uncertainty

i Therefore, 3D -3D motion estimation methods will drift much
more quickly than 3D -2D and 2D -2D methods

a In fact, the uncertainty introduced by triangulation affects the motion
estimation. In fact, in the 3D -to -3D case the 3D position error is
minimized, while in the 3D -to-2D and 2D -to-2D cases is the image
reprojection error

¢ o
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Triangulation and Keyframe Selection

o One way to avoid this consists of skipping frames until the average
uncertainty of the 3D points decreases below a certain threshold. The
selected frames are called keyframes

1 Keyframe selection is a very important step in VO and should always
be done before updating the motion

¢ X X
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Summary Considerations

i Inthe Stereo vision case, 3D - 2D method exhibits less drift than
3D -3D method

1 Stereo vision has the advantage over monocular vision that both
motion and structure are computed in the absolute scale. It also
exhibits less drift.

o When the distance to the scene is much larger than the stereo
baseline, stereo VO degenerates into monocular VO

1 Keyframes should be selected carefully to reduce drift

1 Regardless of the chosen motion computation method, local
bundle adjustment (over the last m frames) should be always
performed to compute a more accurate estimate of the trajectory.
After bundle adjustment, the effects of the motion
estimation method are much more alleviated (as long as the
initialization is close to the solution)
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Outline

o Brief history of VO
o Problem formulation
1 Camera modeling and calibration

o Motion estimation

i Robust estimation

u  Error propagation
o Camera -pose optimization (bundle adjustment)

i Discussion

Image sequence

Feature detection

Feature matching

Motion estimation

2D-2D

3D-3D

3D-2D

Local optimization
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Robust Estimation

1 Matched points are usually contaminated by outliers, that IS, wrong
data associations

i Possible causes of outliers are

Ve

A image noise,
A occlusions,

A blur,

A changes in view point and illumination for
which the mathematical model of the
feature detector or descriptor does not
account for

u For the camera motion to be
estimated accurately, outliers must be
removed

i This is the task of Robust Estimation
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y (meters)

Influence of Outliers on Motion Estimation

U Error at the loop closure: 6.5 m
U Error in orientation: 5 deg
U Trajectory length: 400 m

sl 0 "Beforé'rembving the outliers
| N\ === Aiter removing the outliers
0 20 40 60 80 100 120 140
x (meters)
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RANSAC Example: Line Extraction

e . ® » .o
e s -
oo
e °
® e e
® .4 * ..
® ® ....s . ”
LY ®
o o o ™
* %
e ® °
° °
o?® . .
® e °
'Y - .
™
&
... P ®
'Y
P *
°
* ™ » *
°

Copyright of Davide Scaramuzza - davide.scaramuzza@ieee.org - https://sites.google.com/site/scarabotix/



RANSAC Example: Line Extraction

A Select sample of 2

. °e points at random
L J ® P
s
e ®
5} L ®
® 4 * ..
° @ ..‘.$ ® -
8 s ®
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L 4 [ ]
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RANSAC Example: Line Extraction

A Select sample of 2
points at random

A Calculate model
parameters that fit the
data in the sample
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RANSAC Example: Line Extraction
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RANSAC Example: Line Extraction

A Select sample of 2
points at random

A Calculate model
parameters that fit the
data in the sample

A Calculate error
function for each data
point

A Select data that
support current
hypothesis
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RANSAC Example: Line Extraction

A Select sample of 2
points at random

A Calculate model
parameters that fit the
data in the sample

A Calculate error
function for each data
point

A Select data that
support current
hypothesis

A Repeat sampling
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RANSAC Example: Line Extraction
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A Select sample of 2
points at random

A Calculate model
parameters that fit the
data in the sample

A Calculate error
function for each data
point

A Select data that
support current
hypothesis

A Repeat sampling
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RANSAC Example: Line Extraction

ALL -INLIER SAMPLE
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RANSAC [Fishler & Bolles, 1981]

Has been established as the standard method for motion estimation

In the presence of outliers




RANSAC [Fishler & Bolles, 1981]

Has been established as the standard method for motion estimation

In the presence of outliers

. Randomly select a minimal set of point
correspondences

. Compute motion and count inliers

. Repeat from 1



RANSAC [Fishler & Bolles, 1981]

Has been established as the standard method for motion estimation

In the presence of outliers

. Randomly select a minimal set of
point correspondences

. Compute motion and count inliers

3. Repeat N times

The number of iterations needed
grows exponentially with the
outliers

~ 1000 iterations!

- J




RANSAC Algorithm

Algorithm 1: RANSAC

1) Initial: let A be a set of N feature correspondences

2) repeat

2.1) Randomly select a sample of s points from A

2.2) Fit a model to these points

2.3) Compute the distance of all other points to this model
2.4) Construct the inlier set (i.e. count the number of points
whose distance from the model < d)

2.5) Store these inliers

2.6) until maximum number of iterations reached

3) The set with the maximum number of inliers 1s chosen as
a solution to the problem

4) Estimate the model using all the inliers
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How many iterations of RANSAC ?

» The number of iterations N that is necessary to guarantee that a
correct solution is found can be computed by

N = 109~ p)
log(1- (1- &)°)

~ s is the number of points from which the model can be instantiated
~ &£ is the percentage of outliers in the data
» p is the requested probability of success

> Example: p =99%, s=5, e=50% = N = 145
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How many iterations of RANSAC ?

» RANSAC is an iterative method and is non deterministicin that it
exhibits a different solution on different runs; however, the
solution tends to be stable when the number of iterations grows

~ For the sake of robustness, in many practical implementations N is
usually multiplied by a factor of 10

» More advanced implementations of RANSAC estimate the fraction
of inliers adaptively, iteration after iteration (like in your exercise
today)
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RANSAC iterations

» N is exponential in the number of data points s necessary to estimate
the model

» Therefore, there is a high interest in using a minimal
parameterization of the model

Number ot points (s): 8 7 6 5 4 2 1
Number of iterations (NV): 1177 587 292 145 71 16 7

Number of RANSAC iterations
1000 ‘ . . .

—p— Histogram voting
800 —©6— 1-point
—&— 2-point
—&#— 5-point

600 -

400 -

Num. of iterations

200 -

0 10 20 30 40 50 60 70 80 90
Copyright of | Fraction of outliers (num. outliers)/(num. points) (%) ym/site/scarabotix/



What is the minimum number of points to estimate motion ?

To estimate the motion of a calibrated camera in 6 DoF,
we need 5 points
[Kruppa, 1913]

Why ?
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What is the minimum number of points to estimate motion ?

|l n 6 DoF we woul d neec

e but t hhe scal e I s uUun

é and therefiar®pome onl y
| Poo1 nt RANSACO, NI ster

General rule:

Minimum number of points = N oo - 1
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What is the minimum number of points to estimate motion ?

The-Pobnt RANSACO typically nee

To reduce the number iterations, we should use a smaller number of points ( -

|s this possible?

Yes, if we exploit motion constraints
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What is the minimum number of points to estimate motion ?

\\ 77 \\

e, u, o => 3DoF

Can we use an even smaller number of points?

Yes, if we exploit the vetmnfeolonomicconstraints
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Exploiting Vehicle’s Non-Holonomic Constraints ?

i Wheeled vehicles follow locally circular motion about the Instantaneous Center
of Rotation (ICR)

L _ ‘
' I X ICR
yr [0V | i

R\CR |

Example of Ackerman steering principle



Exploiting Vehicle’s Non-Holonomic Constraints ?

i Wheeled vehicles follow locally circular motion about the Instantaneous Center
of Rotation (ICR)

LS - .
- I X 3 ™ ICR
7 l0v | ’

Example of Ackerman steering principle Locally circular motion

U = d/2 => only 2 parameterd, () need to be estimated

and therefore only 1 point is needed

This is the smallest parameterization possible and results in
the most efficient algorithm for removing outliers

D. Scaramuzza. 1-Point-RANSAC Structure from Motion for Vehicle-Mounted Cameras by Exploiting Non-holonomic
Constraints. International Journal of Computer Vision, Volume 95, Issue 1, 2011

D. Scaramuzza. Performance Evaluation of 1-Point-RANSAC Visual Odometry. Journal of Field Robotics, Vol. 28, issue 5, 2011



1-Point RANSAC algorithm

Car = N

[ ] - L

[ ] L] Lo
T T

Mum. of points
[ ]
o ]
Lo |
T

—

Compute d for
every point 0
correspondence

1001

The most efficient algorithm for
removing outliers, up to 800 Hz

1-Point RANSAC is ONLY used to find the inliers.

Motion is then estimated from them in 6DOF




Comparison of RANSAC algorithms
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Our proposed method
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This video can be seen at
http://lyoutu.be/t7TUKWZtU|CE
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http://youtu.be/t7uKWZtUjCE
http://youtu.be/t7uKWZtUjCE
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Comparison between visual odometry and ground truth
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Considerations about RANSAC

Is it really better to use minimal sets in RANSAC?
o If one is concerned with certain speed requirements , YES

1 However, might not be a good choice if the image
correspondences are very noisy: in this case, the motion
estimated from a minimal set wil be inaccurate and will exhibit
fewer inliers when tested on all other points

u Therefore, when the computational time is not a real concern and
one deals with very noisy features, usinganon -minimal set
may be better than using a minimal set
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Outline

o Brief history of VO

o Problem formulation

1 Camera modeling and calibration
o Motion estimation

i Robust estimation

u  Error propagation

o Camera -pose optimization (bundle adjustment)

i Discussion

Image sequence

Feature detection

Feature matching

Motion estimation

2D-2D

3D-3D

3D-2D

Local optimization
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The uncertainty of the camera pose 0 is a combination of the
uncertainty at 0 (black -solid ellipse) and the uncertainty of the
transformation Y (gray dashed ellipse)

~r

60 Q0 hY

The combined covariance X IS

X 0
0 Xix—
T T
= Jz X Jz = X r—1J7
G =198 TG HRk—1T,
The camera -pose uncertainty is always Increasing when concatenating

transformations . Thus, it is important to keep the uncertainties of the

individual transformations small
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