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Organizational Remarks

3
B. Leibe

ÅPresenting today

ü István Sárándi (sarandi@vision.rwth-aachen.de)

ÅNo lecture tomorrow

ü Next lecture: Tue, 23.04.

mailto:sarandi@vision.rwth-aachen.de
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Course Outline

ÅImage Processing Basics

ü Image Formation

ü Linear Filters

ü Edge & Structure Extraction

ü Color

ÅSegmentation

ÅLocal Features & Matching

ÅObject Recognition and Categorization

ÅDeep Learning

Å3D Reconstruction

4
B. Leibe
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Motivation

ÅNoise reduction/image restoration

ÅStructure extraction

5
B. Leibe
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Topics of This Lecture

ÅLinear filters

ü What are they? How are they applied?

ü Application: smoothing

ü Gaussian filter

ü What does it mean to filter an image?

ÅNonlinear Filters

ü Median filter

ÅMulti-Scale representations

ü How to properly rescale an image?

ÅFilters as templates

ü Correlation as template matching

6
B. Leibe

I

gx
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Common Types of Noise

ÅSalt & pepper noise

ü Random occurrences of 

black and white pixels

ÅImpulse noise

ü Random occurrences of 

white pixels

ÅGaussian noise

ü Variations in intensity drawn

from a Gaussian (ñNormalò) 

distribution.

ÅBasic Assumption

ü Noise is i.i.d. (independent &

identically distributed) 
7

B. Leibe Source: Steve Seitz
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Gaussian Noise

8
B. Leibe

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

>> output = im + noise;

Image Source: Martial HebertSlide credit: Kristen Grauman
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First Attempt at a Solution

ÅAssumptions: 

ü Expect pixels to be like their neighbors

ü Expect noise processes to be independent from pixel to pixel

(ñi.i.d. = independent, identically distributedò)

ÅLetôs try to replace each pixel with an average of all the 
values in its neighborhoodé

9
B. LeibeSlide credit: Kristen Grauman
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Moving Average in 2D

10
B. Leibe Source: S. Seitz
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Moving Average in 2D

11
B. Leibe
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Source: S. Seitz
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Moving Average in 2D

12
B. Leibe
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Moving Average in 2D

13
B. Leibe Source: S. Seitz
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Moving Average in 2D

14
B. Leibe Source: S. Seitz
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Moving Average in 2D

0 10 20 30 30 30 20 10

0 20 40 60 60 60 40 20

0 30 60 90 90 90 60 30

0 30 50 80 80 90 60 30
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0 20 30 50 50 60 40 20

10 20 30 30 30 30 20 10

10 10 10 0 0 0 0 0

15
B. Leibe Source: S. Seitz
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Correlation Filtering

ÅSay the averaging window size is 2k+1 ³2k+1:

ÅNow generalize to allow different weights depending on  

neighboring pixelôs relative position:

16
B. Leibe

Loop over all pixels in neighborhood 

around  image pixel F[i,j]

Attribute uniform 

weight to each pixel

Non-uniform weights

Slide credit: Kristen Grauman
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Correlation Filtering

ÅThis is called cross-correlation, denoted

ÅFiltering an image

ü Replace each pixel by a 

weighted combination of 

its neighbors.

ü The filter ñkernelò or ñmaskò 

is the prescription for the 

weights in the linear 

combination.

17
B. LeibeSlide credit: Kristen Grauman
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Convolution

ÅConvolution: 

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

ü Then apply cross-correlation

18
B. Leibe

Notation for 

convolution 

operator

F

(0,0)

(N,N)

H
4

1 2

3

H
4

12

3

Slide credit: Kristen Grauman
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Correlation vs. Convolution

ÅCorrelation

ÅConvolution

ÅNote

ü If H[-u,-v] = H[u,v], then correlation ¹convolution.
19

B. LeibeSlide credit: Kristen Grauman

Note the difference!

Matlab:
conv2

Matlab:
filter2 

imfilter
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Shift Invariant Linear System

ÅShift invariant: 

ü 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.

ÅLinear: 

ü Superposition: hÁ(f 1 + f 2) = (hÁf 1) +  (hÁf 2)

ü Scaling: hÁ(kf ) = k(hÁf )

20
B. LeibeSlide credit: Kristen Grauman
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Properties of Convolution

ÅLinear & shift invariant

ÅCommutative: f Ág = g Áf

ÅAssociative: (f Ág)Áh = f Á(g Áh)

ü Often apply several filters in sequence:    (((aÁb1) Áb2) Áb3)

ü This is equivalent to applying one filter:   aÁ(b1Áb2Áb3)

ÅIdentity: f Áe = f

ü for unit impulse e = [é, 0, 0, 1, 0, 0,é]. 

ÅDifferentiation:

21
B. LeibeSlide credit: Kristen Grauman
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Averaging Filter

ÅWhat values belong in the kernel H[u,v] for the moving 

average example?

22
B. Leibe

0 10 20 30 30
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=
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111

ñbox filterò

?

Slide credit: Kristen Grauman
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Smoothing by Averaging

23
B. Leibe

depicts box filter: 

white = high value, black = low value

Original Filtered

Slide credit: Kristen Grauman Image Source: Forsyth & Ponce

ñRingingò artifacts!
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Original Filtered

Image Source: Forsyth & Ponce

Smoothing with a Gaussian

24
B. Leibe
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Original Filtered

Image Source: Forsyth & Ponce

Smoothing with a Gaussian ïComparison

25
B. Leibe
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Gaussian Smoothing

ÅGaussian kernel

ÅRotationally symmetric

ÅWeights nearby pixels more

than distant ones

ü This makes sense as 

óprobabilisticô inference 

about the signal

ÅA Gaussian gives a good model 

of a fuzzy blob

26
B. Leibe Image Source: Forsyth & Ponce
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Gaussian Smoothing

ÅWhat parameters matter here?

ÅVariances2 of Gaussian

ü Determines extent of smoothing

27
B. LeibeSlide credit: Kristen Grauman

ů= 2 with 30³30 
kernel

ů= 5 with 30³30 
kernel
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Gaussian Smoothing

ÅWhat parameters matter here?

ÅSize of kernel or mask

ü Gaussian function has infinite support, but discrete filters use finite 

kernels

ü Rule of thumb: set filter half-width to about 3ů!
28

B. Leibe

ů= 5 with 10³10 
kernel

ů= 5 with 30³30 
kernel

Slide credit: Kristen Grauman
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Gaussian Smoothing in Matlab

29
B. Leibe

>> hsize = 10;

>> sigma = 5;

>> h = fspecial (ógaussian ô hsize , sigma);

>> mesh(h);

>> imagesc (h);

>> outim = imfilter ( im , h);

>> imshow ( outim );

outim
Slide credit: Kristen Grauman
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Effect of Smoothing

30
B. Leibe

More noise Ą

W
id

e
r s

m
o

o
th
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 k
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rn
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l Ą

Slide credit: Kristen Grauman Image Source: Forsyth & Ponce
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Effect of Smoothing

31
B. Leibe

More noise Ą
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Slide credit: Kristen Grauman Image Source: Forsyth & Ponce



P
e
rc

e
p

tu
a
l 

a
n

d
 S

e
n

s
o

ry
 A

u
g

m
e

n
te

d
 C

o
m

p
u

ti
n

g
C
o
m
p
u
t
e
r
 
V
i
s
i
o
n
 
S
u
m
m
e
r
1
9

Efficient Implementation

ÅBoth, the BOX filter and the Gaussian filter are separable:

ü First convolve each row with a 1D filter

ü Then convolve each column with a 1D filter

ÅRemember:

ü Convolution is linear ïassociative and commutative

32
B. Leibe

I

gx

Iô
gy

Slide credit: Bernt Schiele
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Filtering: Boundary Issues

ÅWhat is the size of the output?

ÅMATLAB: filter2(g,f, shape )

ü shape= ófullô: output size is sum of sizes of f and g

ü shape= ósameô: output size is same as f

ü shape= óvalidô: output size is difference of sizes of f and g

33
B. Leibe

f

gg

gg

full

f

gg

gg

same

f

gg

gg

valid

Slide credit: Svetlana Lazebnik
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

34
B. Leibe Source: S. Marschner
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

35
B. Leibe Source: S. Marschner
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around

ïCopy edge
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around

ïCopy edge
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around

ïCopy edge
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Filtering: Boundary Issues

ÅHow should the filter behave near the image boundary?

ü The filter window falls off the edge of the image

ü Need to extrapolate

ü Methods:

ïClip filter (black)

ïWrap around

ïCopy edge

ïReflect across edge
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