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Organization: Exam

A Registration deadline: June 30
A Course ends: July 19

A Examination dated:b.a. (mid August)
A Oral teamexam
A Sign up for a time slot starting from Mid July

A List will be placed on blackboard in front of our
secretary
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Motivation
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Visual Motion Estimation

A Quick geometry recap

A Image filters

A 2D image alignment

A Corner detectors

A Kanadel.ucasTomastracker
A 3D motion estimation
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Angular and linear velocities

A Linear velocityy = (v, v,,v.)" € R?
A Angular velocityw = (w,,w,,w.)" € R?

A Linear and angular velocity together form a
twist ¢ = (v',w')’
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Angular and linear velocities

A Linear velocityy = (v, v,,v.)" € R?
A Angular velocityw = (w,,w,,w.)" € R?

A Now consider a 3D poinp < R of a rigid
body moving with twist¢ = (v",w ')’

P,

z
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Angular and linear velocities

A Linear velocityy = (v, v,,v.)" € R?
A Angular velocityw = (w,,w,,w.)" € R?

A Now consider a 3D poinp < R of a rigid
body moving with twist¢ = (v, w ')’

A What is the velocity at poipt ?

YA

P,

z
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Angular and linear velocities

A Linear velocityy = (v, v,,v.)" € R?
A Angular velocityw = (w,,w,,w.)" € R?

A Now consider a 3D poinp < R of a rigid
body moving with twist¢ = (v, w ')’

AWhat is the velocity ~ at poigt  ?
p(t) = R(t)p(0) + t(t) 4 AP
= exp([w]«t)p(0) + vt o

z
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Angular and linear velocities

A Linear velocityy = (v, v,,v.)" € R?
A Angular velocityw = (w,,w,,w.)" € R?
A Now consider a 3D poinp < R of a rigid
body moving with twist¢ = (v, w ')’
A What is the velocity  at poift ?
p(t) = R(t)p(0) + t(?) A
= exp(|w]xt)p(0) + vt
= (1) = exp((w] H)w]p(0) + v ke
p(0) = [w]xp(0) +v
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Recap: Perspectiverojection

Q

Visual Navigation for Flying Robots 10 Dr. Jirgen Sturm, Computer Vision Group, TUM



Recap: Perspective Projection

_—Ix
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3D to 2D Perspective Projection

A 3D pointp (in the camera frame)
A 2D pointx (on the image plane)
A Pinthole camera model

X=AX=Dp

A Rememberx is homogeneous, need to

normalize
L ox- ("‘E/f)
)z

N
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Camerantrinsics

A So far, 2D point is given in meters on image
plane

A But: we want 2D point be measured in pixels

(as the sensor does)
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Camerantrinsics

A Need to apply some scaling/offset

intrinsics K projection

A Focal length f., f,
A Camera centerc,, ¢,
A Skews
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Image Plane

A Pixel coordinatesx € Q
A Image planeQ ¢ R?

A Example:

ADiscrete casex € [0, W) x [0, H) C N
(default in this course)

A Continuous cas& € [0,1] x [0,1] C R?
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Image Functions

A We can think of an image as a functipnQ — R
A f(x) gives the intensity at positior
A Color images are vectaalued functions
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Image Functions

A Realistically, the image function is only defined
on a rectangle and has finite range

Fl0,W —1] % [0, H —1] = [0, 1]
A Imagecan be representedsa matrix

A Alternativenotations

Fij, f(i,9), f(2,9), f(x),. ..

11 H
often (row,column

often (column,row)
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Digital Images

A Light intensity is sampled by CCD/CMOS sens
on a regular grid

A Electric charge of each cell is quantized and
gamma compressed (for historical reasons)

A CRTs / monitors do the invergg = 1"
A Almost all images are gamma compressed

A Double brightness results only in a 37% highe
Intensity value (!)



Aliasing

A High frequencies in the scene and a small fill
factor on the chip can lead to (visually)
unpleasing effects

A Examples
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Rolling Shutter

A Most CMOS sensors have a rolling shutter
A Rows are read out sequentially

A Sensitive to camera and object motion

A Can we correct for this?

Visual Navigation for Flying Robots 21 Dr. Jirgen Sturm, Computer Vision Group, TUM



Image Filtering

A We want to remove unwanted sources of
variation, and keep the information relevant for
whatever task we need teolve

f(i.7) g(2,7)

> >

A Example tasks:
de-noising, (de)blurring, computing
RSNA Gl UAPSas SR3IS RS
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Linear Filtering

A Each output is a linear combination of all the
Input values

g(i,7) = ng,kz f(k, D)

A In matrix form

I
|
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Spatially Invariant Filtering

A We are often interested in spatially invariant
operations

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l
A Example
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Spatially Invariant Filtering

A We are often interested in spatially invariant
operations

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l
A Example
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Important Filters

A Impulses

A Shifts

A Blur
A Gaussian
A Bilateral filter
A Motion blur

A Edges
A Finite difference filter
A Derivative filter
A Oriented filters
A Gabor filter

A X
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Impulse

g(i,j) = frh=> h(i—k,j—1)f(k1)
k.l

wx
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f(?’a]) g(z’,j)
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Image shift (translation)

g(i,j) = frh=> h(i—k,j—1)f(k1)
k.l

2 pixels
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Image rotation

g(i,j) = frh=> h(i—k,j—1)f(k1)
k.l

Y
f(?’a]) g(z’,j)
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Image rotation

g(i,j) = frh=> h(i—k,j—1)f(k1)
k.l

Image rotationisa linear operator (why?jut not a spatially
invariantoperation (why?)There isno convolution

f(?’a]) g(z’,j)
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Rectangular Filter

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l

A f%}j) g(1,7)
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Rectangular Filter

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l

fG. ) 9(i, §)
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Rectangular Filter

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l

fG. ) 9(i, j)
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Gaussian Blur

A Gaussian distribution

- 1 i° + J°
9o(i,1) = g—5 exp | ——

A Example of resulting kernel

Visual Navigation for Flying Robots 34 Dr. Jirgen Sturm, Computer Vision Group, TUM



Gaussian Blur
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Image Gradient

. . . \9dz 9y ) .
the direction of increasing intensity (steepest

ascend)

A The image gradieny f = (‘” af)T points in

——
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Image Gradient

A The image gradieny f = (gi 3 ' points in

the direction of increasing intensity (steepest
ascend)

Fl T K

= (o) wr-(o) vr-(28)

Visual Navigation for Flying Robots 37 Dr. Jirgen Sturm, Computer Vision Group, TUM



Image Gradient

A Gradient direction (related to edge orientation)

B of Of
f = atan?2 (ayj 8$)

A Gradient magnitude (edge strength)

sl =/ (%) + (%)
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Image Gradient

~

How can we differentiate a digital imageér, v) ,

A Option 1: Reconstruct a continuous image, the
take gradient

A Option 2: Take discrete derivative (finite
difference filter)

A Option 3: Convolve with derived Gaussian
(derivative filter)
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Finite difference

A Firstorder central difference

8f o Nf($+1?y)_f($_1ﬁy)
%(:’Eny)"“" 9

A Corresponding convolution kerne-s[o]

>

X
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Finite difference

A Firstorder central difference (half pixel)

g_i(x’ y) ~ f(x+05,y) — f(x —0.5,y)

A Corresponding convolution kerng=[:

>

X
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Secondorder Derivative

A Differentiate again to get secorarder central
difference

of (x)
0x?

~ flo+1) —2f(x) + fz — 1)

Corresponding convolution kerneg | 2| :
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Example

g(i,j) = fxh="> h(i—k,j—1)f(k1)
k.l
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