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Announcements

ÅToday, Iôll summarize the most important points from the 
lecture.

ü It is an opportunity for you to ask questionsé

ü éor get additional explanations about certain topics.

ü So, please do ask.

ÅTodayôs slides are intended as an index for the lecture.
ü But they are not complete, wonôt be sufficient as only tool.

ü Also look at the exercises ïthey often explain algorithms in detail.

2
B. Leibe
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Repetition

ÅImage Processing Basics

ü Image Formation

ü Linear Filters

ü Edge & Structure Extraction

ÅSegmentation & Grouping

ÅObject Recognition

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

3
B. Leibe

Pinhole camera model

Color sensors

Lenses, focal length, aperture
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Recap: Pinhole Camera

Å(Simple) standard and abstract model today

ü Box with a small hole in it

ü Works in practice

4
B. LeibeSource: Forsyth & Ponce
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Recap: Focus and Depth of Field

ÅDepth of field: distance between image planes where blur 

is tolerable

5
B. Leibe

Thin lens: scene points 

at distinct depths come 

in focus at different 

image planes.

(Real camera lens 

systems have greater 

depth of field.)

Source: Shapiro & Stockman

ñcircles of confusionò
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Recap: Field of View and Focal Length

ÅAs f gets smaller, image 

becomes more wide angle

ü More world points project 

onto the finite image plane

ÅAs f gets larger, image 

becomes more telescopic

ü Smaller part of the world 

projects onto the finite image 

plane

6
B. Leibe from R. Duraiswami
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Recap: Color Sensing in Digital Cameras

7
B. Leibe

Estimate missing compo-
nents from neighboring 
values (demosaicing)

Bayer grid

Source: Steve Seitz
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Repetition

ÅImage Processing Basics

ü Image Formation

ü Linear Filters

ü Edge & Structure Extraction

ÅSegmentation & Grouping

ÅObject Recognition

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

8
B. Leibe

Gaussian Smoothing

Derivative operators

Gaussian/Laplacian pyramid
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Recap: Effect of Filtering

ÅNoise introduces high frequencies. To 

remove them, we want to apply a ñlow-

passò filter.

Å The ideal filter shape in the frequency 

domain would be a box. But this 

transfers to a spatial sinc, which has 

infinite spatial support.

ÅA compact spatial box filter transfers to 

a frequency sinc, which creates 

artifacts.

ÅA Gaussian has compact support in 

both domains. This makes it a 

convenient choice for a low-pass filter.

9
B. Leibe
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Recap: 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

10
B. Leibe Image Source: Forsyth & Ponce
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Recap: Smoothing with a Gaussian

ÅParameter ůis the ñscaleò / ñwidthò / ñspreadò of the 

Gaussian kernel and controls the amount of smoothing.

B. Leibe

for sigma=1:3:10 

h = fspecial (' gaussian ó, fsize , sigma);

out = imfilter ( im , h); 

imshow (out);

pause; 

end

é

Slide credit: Kristen Grauman
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Recap: Resampling with Prior Smoothing

ÅNote: We cannot recover the high frequencies, but we can 

avoid artifacts by smoothing before resampling.
12

B. Leibe Image Source: Forsyth & Ponce

Artifacts!
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Recap: The Gaussian Pyramid

13
B. Leibe

High resolution

Low resolution

2)*( 23 ®= gaussianGG

1G

Image=0G

2)*( 01 ®= gaussianGG

2)*( 12 ®= gaussianGG

2)*( 34 ®= gaussianGG

blur

blur

blur

blur

Source: Irani & Basri
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Recap: Derivatives and Edgesé

14

1st derivative

2nd derivative
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Recap: 2D Edge Detection Filters

Å is the Laplacian operator:

B. Leibe

Laplacian of Gaussian

Gaussian Derivative of Gaussian

Slide credit: Kristen Grauman
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Repetition

ÅImage Processing Basics

ü Image Formation

ü Linear Filters

ü Edge & Structure Extraction

ÅSegmentation & Grouping

ÅObject Recognition

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

16
B. Leibe

Canny edge detector

Hough transform for lines

Hough transform for circles
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Recap: Canny Edge Detector

1. Filter image with derivative of Gaussian 

2. Find magnitude and orientation of gradient

3. Non-maximum suppression:

ü Thin multi-pixel wide ñridgesò down to single pixel width

4. Linking and thresholding (hysteresis):

ü Define two thresholds: low and high

ü Use the high threshold to start edge curves and the low threshold to 

continue them

Å MATLAB:   
>> edge( image,ócannyô);

>> help edge

adapted from D. Lowe, L. Fei-Fei
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Recap: Edges vs. Boundaries

18

Edges useful signal to 

indicate occluding 

boundaries, shape.

Here the raw edge 

output is not so badé

ébut quite often boundaries of interest 

are fragmented, and we have extra 

ñclutterò edge points.
Slide credit: Kristen Grauman
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Recap: Fitting and Hough Transform

19

Given a model of interest, 

we can overcome some of 

the missing and noisy 

edges using fitting 

techniques.  

With voting methods like 

the Hough transform, 

detected points vote on 

possible model parameters.

Slide credit: Kristen Grauman


