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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
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Recap: Hough Transform

ÅHow can we use this to find the most likely parameters 

(m,b) for the most prominent line in the image space?

ü Let each edge point in image space vote for a set of possible 

parameters in Hough space

ü Accumulate votes in discrete set of bins; parameters with the most 

votes indicate line in image space.

20

x

y

m

b

Image space Hough (parameter) space

Slide credit: Steve Seitz

b = ïx1m + y1

(x0, y0)

(x1, y1)

m1

b1

y = m1x + b1
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Recap: Hough Transf. Polar Parametrization

ÅUsual (m,b) parameter space problematic: can take on 

infinite values, undefined for vertical lines.

ÅPoint in image space 

Ý sinusoid segment in 

Hough space

21

dyx =- qq sincos

[0,0]

d

q

x

y

: perpendicular distance 

from line to origin

: angle the perpendicular 

makes with the x-axis

d

q

Slide credit: Steve Seitz
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Recap: Hough Transform for Circles

ÅCircle: center (a,b) and radius r

ÅFor an unknown radius r, unknown gradient direction

22

Hough spaceImage space

b

r

a

222 )()( rbyax ii =-+-

Slide credit: Kristen Grauman
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Recap: Generalized Hough Transform

ÅWhat if want to detect arbitrary shapes defined by boundary 

points and a reference point?

23

Image space

x a

p1

ɗ

p2

ɗ

At each boundary point, 

compute displacement vector: 

r = aïpi.

For a given model shape: 

store these vectors in a table 

indexed by gradient 

orientation ɗ.

D.H. Ballard, Generalizing the Hough Transform to Detect Arbitrary Shapes, 1980.

Slide credit: Kristen Grauman
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Repetition

ÅImage Processing Basics

ÅSegmentation & Grouping

ü Segmentation and Grouping

ü Segmentation as Energy Minimization

ÅObject Recognition

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

24
B. Leibe

K-Means & EM clustering

Mean-shift clustering

Gestalt factors
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Recap: Gestalt Theory

ÅGestalt: whole or group

ü Whole is greater than sum of its parts

ü Relationships among parts can yield new properties/features

ÅPsychologists identified series of factors that predispose set 

of elements to be grouped (by human visual system)

25
B. Leibe

Untersuchungen zur Lehre von der Gestalt,

Psychologische Forschung, Vol. 4, pp. 301-350, 1923

http://psy.ed.asu.edu/~classics/Wertheimer/Forms/forms.htm

ñI stand at the window and see a house, trees, sky. 

Theoretically I might say there were 327 brightnesses

and nuances of colour. Do I have "327"? No. I have sky, 

house, and trees.ò

Max Wertheimer
(1880-1943)
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Recap: Gestalt Factors

Å These factors make intuitive sense, but are very difficult to translate 

into algorithms.
26

B. Leibe Image source: Forsyth & Ponce
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Recap: Image Segmentation

ÅGoal: identify groups of pixels that go together

27
B. LeibeSlide credit: Steve Seitz, Kristen Grauman
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Recap: K-Means Clustering

ÅBasic idea: randomly initialize the k cluster centers, and 

iterate between the two following steps

1. Randomly initialize the cluster centers, c1, ..., cK

2. Given cluster centers, determine points in each cluster

ï For each point p, find the closest ci.  Put p into cluster i

3. Given points in each cluster, solve for ci

ï Set ci to be the mean of points in cluster i

4. If ci have changed, repeat Step 2

Å Properties
ü Will always converge to some solution

ü Can be a ñlocal minimumò

ï Does not always find the global minimum of objective function:

28
B. LeibeSlide credit: Steve Seitz
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Recap: Expectation Maximization (EM)

Å Goal

ü Find blob parameters ɗthat maximize the likelihood function:

Å Approach:

1. E-step:  given current guess of blobs, compute ownership of each point

2. M-step:  given ownership probabilities, update blobs to maximize 

likelihood function

3. Repeat until convergence
29

B. LeibeSlide credit: Steve Seitz
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Recap: Mean-Shift Algorithm

Å Iterative Mode Search
1. Initialize random seed, and window W

2. Calculate center of gravity (the ñmeanò) of W:

3. Shift the search window to the mean

4. Repeat Step 2 until convergence
30

B. LeibeSlide credit: Steve Seitz

http://psy.ed.asu.edu/~classics/Wertheimer/Forms/forms.htm
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Recap: Mean-Shift Clustering

ÅCluster: all data points in the attraction basin of a mode

ÅAttraction basin: the region for which all trajectories lead to 

the same mode

31
B. LeibeSlide by Y. Ukrainitz & B. Sarel
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Recap: Mean-Shift Segmentation

Å Find features (color, gradients, texture, etc)

Å Initialize windows at individual pixel locations

Å Perform mean shift for each window until convergence

Å Merge windows that end up near the same ñpeakò or mode

32
B. LeibeSlide credit: Svetlana Lazebnik
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Repetition

ÅImage Processing Basics

ÅSegmentation & Grouping

ü Segmentation and Grouping

ü Segmentation as Energy Minimization

ÅObject Recognition

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

33
B. Leibe

( , )i ix yj

( , )i jx xy

Markov Random Fields

pqw

n-links

s

t
a cut)(tDp

)(sDp

Graph cuts
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Recap: MRFs for Image Segmentation

ÅMRF formulation

34
Pair-wise Terms MAP SolutionUnary likelihoodData (D)

Slide adapted from Phil Torr

Unary

potentials

Pairwise potentials

Á(x i ; yi )

Ã(x i ; x j )

Ý Minimize the energy
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Recap: Energy Formulation

ÅEnergy function

ÅUnary potentials Á

ü Encode local information about the given pixel/patch

ü How likely is a pixel/patch to belong to a certain class

(e.g. foreground/background)?

ÅPairwise potentials Ã

ü Encode neighborhood information

ü How different is a pixel/patchôs label from that of its neighbor? 

(e.g. based on intensity/color/texture difference, edges)
35

B. Leibe

Pairwise

potentials

Unary

potentials

Á(x i ; yi )

Ã(x i ; x j )
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Recap: How to Set the Potentials? 

ÅUnary potentials

ü E.g. color model, modeled with a Mixture of Gaussians

Ý Learn color distributions for each label

36
B. Leibe

Á(x i ; yi ; µÁ) = log
X

k

µÁ(x i ; k)p(kjx i )N (yi ; ¹yk ; § k )

Á(xp = 1; yp)

Á(xp = 0; yp)

yp y
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Recap: How to Set the Potentials?

ÅPairwise potentials

ü Potts Model

ïSimplest discontinuity preserving model.

ïDiscontinuities between any pair of labels are penalized equally.

ïUseful when labels are unordered or number of labels is small.

ü Extension: ñContrast sensitive Potts modelò

where

Ý Discourages label changes except in places where there is also a 

large change in the observations.
37
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( )22 /b= -i javg y y
2

( ) i jy y

ijg y e
b- -

=

Ã(xi ; xj ; µÃ ) = µÃ±(xi 6= xj )

Ã(xi ; xj ; gi j (y);µÃ) = µÃgi j (y)±(xi 6= xj )
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Recap: Graph-Cuts Energy Minimization

ÅSolve an equivalent graph cut problem

1. Introduce extra nodes: source and sink

2. Weight connections to source/sink (t-links)

by Á(x i = s) and Á(x i = t), respectively.

3. Weight connections between nodes (n-links)

by Ã(x i, x j ).

4. Find the minimum cost cut that separates

source from sink.

Ý Solution is equivalent to minimum of the energy.

Ås-t Mincut can be solved efficiently

ü Dual to the well-known max flow problem

ü Very efficient algorithms available for regular

grid graphs (1-2 MPixels/s)

ü Globally optimal result for 2-class problems
38

pqw
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Recap: When Can s-t Graph Cuts Be Applied?

Ås-t graph cuts can only globally minimize binary energies 

that are submodular. 

ÅSubmodularity is the discrete equivalent to convexity.

ü Implies that every local energy minimum is a global minimum.

Ý Solution will be globally optimal.

39
B. Leibe

ää
Í

+=
Npq

qp

p

pp LLELELE ),()()(

},{ tsLpÍt-links n-links

E(L) can be minimized 

by s-t graph cuts
),(),(),(),( stEtsEttEssE +¢+Ú

Submodularity (ñconvexityò)

[Boros & Hummer, 2002, Kolmogorov & Zabih, 2004]
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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

First Applications Take Up Shapeé

40

Binary

Segmen-

tation

Simple shape recognitionSkin color detection

Circle 

detection

Line

detection

Image 

recognition

Image Source: http://www.flickr.com/photos/angelsk/2806412807/
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Repetition

ÅImage Processing Basics

ÅSegmentation & Grouping

ÅObject Recognition

ü Sliding Window based Object Detection

ÅLocal Features & Matching

ÅDeep Learning

Å3D Reconstruction

41
B. Leibe

Car/non-car 

Classifier

Sliding window principle

Boosting SVM

Fac

es

Non-faces

Train cascade of 

classifiers with 

AdaBoost

Selected features, 

thresholds, and 
weights

New image

Viola-Jones face detectorHOG detector P
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Recap: Sliding-Window Object Detection

ÅIf object may be in a cluttered scene, slide a window around 

looking for it.

ÅEssentially, this is a brute-force approach with many local 

decisions.

42
B. Leibe

Car/non-car 

Classifier

Slide credit: Kristen Grauman
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Recap: Gradient-based Representations

ÅConsider edges, contours, and (oriented) intensity gradients

ÅSummarize local distribution of gradients with histogram

ü Locally orderless: offers invariance to small shifts and rotations

ü Contrast-normalization: try to correct for variable illumination

43
B. LeibeSlide credit: Kristen Grauman

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

Classifier Construction: Many Choicesé

44

Nearest Neighbor

Berg, Berg, Malik 2005,

Chum, Zisserman 2007,

Boiman, Shechtman, Irani 2008, é

Neural networks

LeCun, Bottou, Bengio, Haffner 1998

Rowley, Baluja, Kanade 1998

é

Vapnik, Schölkopf 1995, 

Papageorgiou, Poggio ó01,

Dalal, Triggs 2005,

Vedaldi, Zisserman 2012

B. Leibe

Boosting

Viola, Jones 2001, 

Torralba et al. 2004, 

Opelt et al. 2006,

Benenson 2012, é

Slide adapted from Kristen Grauman

Support Vector Machines Randomized Forests

Amit, Geman 1997,

Breiman 2001,

Lepetit, Fua 2006,

Gall, Lempitsky 2009,é
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Recap: Support Vector Machines (SVMs)

45
B. Leibe

ÅDiscriminative classifier 

based on optimal 

separating hyperplane

(i.e. line for 2D case)

ÅMaximize the margin 

between the positive and 

negative training 

examples

Slide credit: Kristen Grauman
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Recap: Non-Linear SVMs

ÅGeneral idea: The original input space can be mapped to 

some higher-dimensional feature space where the training 

set is separable:

46

ū:  xŸ ű(x)

Slide from Andrew Mooreôs tutorial: http://www.autonlab.org/tutorials/svm.html
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Recap: HOG Descriptor Processing Chain

ÅSVM Classification

ü Typically using a linear SVM

47

Image Window

Object/Non-object

Linear SVM

Collect HOGs over 

detection window

Contrast normalize over 

overlapping spatial cells

Weighted vote in spatial & 

orientation cells

Compute gradients

Gamma compression

Slide adapted from Navneet Dalal
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Recap: Non-Maximum Suppression

48
B. Leibe

Image source: Navneet Dalal, PhD Thesis

x

y

s

http://www.autonlab.org/tutorials/svm.html

