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Organizational Remarks

A Presenting today
o Istvan Sarandi (sarandi@vision.rwth-aachen.de)

A No lecture tomorrow

o Next lecture: Tue, 23.04.

Course Schedule

Date Title Content Material
Tue, 2019-04-09 |Introduction |Why vision? Applications, Challenges, Image 6on1
Formation fullpage
Mon, 2019-04-15 |Image Linear Filters, Gaussian Smoothing, Multi-scale |6on1
Processing| |Representations fullpage
Tue, 2019-04-16 no class
Mon, 2019-04-22 no class (Easter Monday)
Tue, 2019-04-23  |Image Image Derivatives, Edge detection, Canny
Processing Il

B. Leibe
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Course Outline

A Image Processing Basics
« Image Formation
« Linear Filters
s Edge & Structure Extraction
« Color

A Segmentation

A Local Features & Matching

A Object Recognition and Categorization
A Deep Learning

A 3D Reconstruction

B. Leibe
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Motivation

A Noise reduction/image restoration
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Topics of This Lecture

A Linear filters
« What are they? How are they applied?
« Application: smoothing
« Gaussian filter
« What does it mean to filter an image?

A Nonlinear Filters
o Median filter

A Multi-Scale representations
s How to properly rescale an image?

A Filters as templates
« Correlation as template matching

B. Leibe
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Common Types of Noise

A salt & pepper noise

« Random occurrences of
black and white pixels
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A Impulse noise

«  Random occurrences of
white pixels
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A Gaussian noise

« Variations in intensity drawn
from a Gaussi ag
distribution.

Vi si

A Basic Assumption

« Noise is i.i.d. (independent &  S==iEy AANSAES R
identically distributed) Impulse noise Gaussian noise
B. Leibe
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Gaussian Noise

Ideal Image  Noise process Gaussian i.i.d. (“white") noise:
fxy)= f(z,y) + n(z,y) n(z,y) ~N(u, o)

>> noise = randn(size(im)).*sigma;

>> output = im + noise; 8
Slide credit: Kristen Grauman B. Leibe Image Source: Martial Hebert



First Attempt at a Solution

A Assumptions:
« Expect pixels to be like their neighbors

19

- s EXpect noise processes to be independent from pixel to pixel

= (At .1 .d. = 1T ndependent, 1 dentic

=

W ALet 6s try to replace each p
values i n i1ts neighborhoode
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Slide credit: Kristen Grauman B. Leibe



Moving Average in 2D
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Flz, y] Glz, y.
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Moving Average in 2D

Flz, y]

B. Leibe

15
Source: S. Seitz



RWTH
Correlation Filtering

A Say the averaging window size IS 2k+1 3 2k+1:

(@)

—

8 Glijl= Z Z u, j + ]

2 ?

= (Qk ‘|‘ 1) u——k v——L

S v o\ v J

u:) Attribute uniform Loop over all pixels in neighborhood
weight to each pixel around image pixel F[i,]]
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A Now generalize to allow different weights depending on
nei ghbori ng pi xel 60s relati v,

Gli, j] = Z Z Hlu,v]F[i + u, 5 + v]

u=—kv=—k

J

Y
Non-uniform weights

Comput er
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Slide credit: Kristen Grauman B. Leibe



RWNTH
Correlation Filtering

k k
Gli,j1= >_ Y Hlu,v]F[i+ u,j+ v]

(@)}
u u=—kv=-—k
@
& !
A A This is called cross-correlation, denoted G = H ® F
0p)
- A Filtering an image
» s Replace each pixel by a 1 2| |(0,0)
_ weighted combination of H
= its neighbors. 3 4
. The filter fikernel o F ko

IS the prescription for the
weights in the linear
combination.

(N.N)

Comput er
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Convolution

A Convolution:

« Flip the filter in both dimensions (bottom to top, right to left)

s Then apply cross-correlation

Gli, 7] = Z Z Hlu,v]F[i —u,j — v]

u=—kv=—%k

G=H«F

T Z
Notation for

convolution
operator

Slide credit: Kristen Grauman B. Leibe

(0,0)

(N.N)
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Correlation vs. Convolution

A Correlation

o I o Matlab:
= . . . filter2

. Gli, j] = Z Z Hlu,v]F[i + u, j + v] imfilter

o n=—kov=-—%k T

=

: G=HQF

" Note the differencel

o A Convolution

" i i i’ Matlab:
- Gli, 5] = Z Z Hlu, v]Fli —u, j — v] conv2
> u=—kv=-—=%k

T G=HxF

= A Note

v « If H[-u,-v] = H[u,V], then correlation * convolution.

Slide credit: Kristen Grauman B. Leibe
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Shift Invariant Linear System

A shift invariant:

« Operator behaves the same everywhere, i.e. the value of the output
depends on the pattern in the image neighborhood, not the position
of the neighborhood.

A Linear:
. Superposition: h A(f,+f,) = (h Af,))+ (hAf))
«  Scaling: h A(kf) = k(h Af)

. 20
Slide credit: Kristen Grauman B. Leibe
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Properties of Convolution

A Linear & shift invariant
A Commutative: fAgQg = gAf

A Associative: (f Ag) Ah =fA(g Ah)
. Often apply several filters in sequence: (((aAb,) Ab,) Ab,)
. This is equivalent to applying one filter: a A (b, Ab, Ab,)

A Identity: fAe =f

s forunitimpulsee =[€,0,0,1,0,0, é].

A Differentiation: 4 (f*g) = of * g

ox ox

Slide credit: Kristen Grauman B. Leibe
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RWNTH
Averaging Filter "

A What values belong in the kernel H[u,\] for the moving

= average example?

: Flz oy ®  Hluwo = Glz,y]
E [ — |
(/3) 1 11111 0 |10/ 20 30!Iil!
- —[1]2]1

- 111

> Aibox fllltlelrd
3 G=HQF

O

Slide credit: Kristen Grauman B. Leibe
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Smoothing by Averaging

depicts box filter:
white = high value, black = low value
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Original Filtered
ARIi ngingo artifacts!
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Slide credit: Kristen Grauman B. Leibe Image Source: Forsyth & Ponce
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B. Leibe Image Source: Forsyth & Ponce
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Smoothing with a Gaussian i Comparison

19

Summer

c
o
7
>

Original Filtered

Comput er

25

B. Leibe Image Source: Forsyth & Ponce



Gaussian Smoothing

A Gaussian kernel

- 1 @2ty
. (7 = e 20

g ° 27’(—0-2

# A Rotationally symmetric

0p)

A Weights nearby pixels more
than distant ones

o This makes sense as
Oprobabilisticdo infe
about the signal
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A A Gaussian gives a good model
of a fuzzy blob

Comput er
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B. Leibe Image Source: Forsyth & Ponce
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Gaussian Smoothing

A What parameters matter here?

A Variance s2 of Gaussian

« Determines extent of smoothing

0= 2with 30330
kernel

Slide credit: Kristen Grauman

B. Leibe

Effectof o

U= 5with 30® 30

kernel

27
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Gaussian Smoothing

A What parameters matter here?

A size of kernel or mask

s Gaussian function has infinite support, but discrete filters use finite
kernels

x 107

[}

[}

L]
L}

L L L
) S S — |
L} L} 1 1
L L]

0= 5with 103 10 0= 5with 30330
kernel kernel

: Rule of thumb: set filter half-width to about 30!

Slide credit: Kristen Grauman B. Leibe
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Gaussian Smoothing in Matlab

>> hsize =10;

il >> sigma = 5;
>>h= fspecial ( @aussian 0 hsize , sigma);
(0]
£
£
B >> mesh(h); —
= >> imagesc (h); E
(@]
W >> outim = imfilter  (im, h);
< >> imshow ( outim );

Comput er

outim 29

Slide credit: Kristen Grauman B. Leibe
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Effect of Smoothing

More noise A
0=0.05 a=0.1

Summer

c
o
7

>

Y |awiay buiyioows Japipn

Comput er

_ 30
Slide credit: Kristen Grauman B. Leibe Image Source: Forsyth & Ponce
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Effect of Smoothing

More noise A
0=0.05 a=0.1

B o

L =* smoothing
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Slide credit: Kristen Grauman B. Leibe Image Source: Forsyth & Ponce




RWNTH
Efficient Implementation

A Both, the BOX filter and the Gaussian filter are separable:
« First convolve each row with a 1D filter
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v

O«
exp(—x~ /(207)) |

1

g(x)= \/EO'

a Then convolve each column with a 1D filter

Summer

1 9y g
- —v? /(207 I
g(y) ﬂanp( y 1(207))
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A Remember:
o Convolution is linear i associative and commutative

ga:*gy*lzgx*(gy*l) — (g:c*gy)*I

Comput er

Slide credit: Bernt Schiele B. Leibe



Filtering: Boundary Issues

A What is the size of the output?

(@)
A MATLAB: filter2(g,f, shape )
o . shape= o6full 6: output size is sum
E « shape= O0samedod out put size I s sam
" « shape= ovalido6é: output size i1 s di
§ ____________ full ] same valid
=g 9
” 9 g
- 9 g
>
= f f f
(<))
O l
c 9 0 g g
o [ 9
O
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Slide credit: Svetlana Lazebnik B. Leibe
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
« The filter window falls off the edge of the image

s Need to extrapolate

s Methods:
I Clip filter (black)
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
« The filter window falls off the edge of the image
s Need to extrapolate

s Methods:
I Clip filter (black)
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RWTH
Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
a The filter window falls off the edge of the image
s Need to extrapolate

s Methods:
I Clip filter (black)
I Wrap around
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
« The filter window falls off the edge of the image
s Need to extrapolate

« Methods: o~
I Clip filter (black)
I Wrap around
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
« The filter window falls off the edge of the image
s Need to extrapolate

« Methods: -~
I Clip filter (black)
I Wrap around
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
a The filter window falls off the edge of the image
s Need to extrapolate

s Methods:
I Clip filter (black)
I Wrap around
I Copy edge
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
a The filter window falls off the edge of the image
s Need to extrapolate

s Methods: i - B
I Clip filter (black) l

I Wrap around
I Copy edge
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
« The filter window falls off the edge of the image
s Need to extrapolate

s Methods: " Fr—— B
I Clip filter (black) ' “

I Wrap around
I Copy edge
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Filtering: Boundary Issues

A How should the filter behave near the Image boundary?
a The filter window falls off the edge of the image
s Need to extrapolate

« Methods: - F— 3
I Clip filter (black) ' —

I Wrap around
I Copy edge
I Reflect across edge
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