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Image understanding

We see Computer sees
Slide credit S. Narasimhan

Å«To see means to know what is where by looking»

ïDavid Marr, Vision, 1982
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Image understanding

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html
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Åoutdoors
Åurban
Åstreet
ÅBeijing, China

slide credit: Fei-Fei, Fergus & Torralba
Slide 4

ÅScene interpretation

Image understanding

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html
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Building

Flag

Slide 5

Bus

Face

Text

Bus

slide credit: Fei-Fei, Fergus & Torralba

Image understanding

ÅObject detection

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html
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Inclined

Moving

Mao

slide credit: Fei-Fei, Fergus & Torralba 

Moving

Slide 6

Blue

Image understanding

ÅExtracting details about the objects

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html
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Point of observation

Figures © Stephen E. Palmer, 2002

3D world 2D image

What do we lose in perspective projection?
ÅAngles

ÅDistances and lengths

ÅDimensionality reduction

Why is image understanding difficult?
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ÅVariability: interclass variability of appearance

Why is image understanding difficult?
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Michelangelo 1475-1564

slide credit: Fei-Fei, Fergus & Torralba

ÅVariability: different viewpoints

Why is image understanding difficult?
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image credit: J. Koenderink

ÅVariability: different lighting

Why is image understanding difficult?
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Xu, Beihong 1943 Slide credit: Fei-Fei, Fergus & Torralba

ÅVariability: deformations and occlusions

Why is image understanding difficult?
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Reducing variability by using local cues
ÅMotivation: stitching panoramas
ÅFind distinctive points

ÅFind an alignment that matches these points
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Reducing variability by using local cues
ÅMotivation: stereo matching
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Slide creit: S. Lazebnik

Reducing variability by using local cues
ÅMotivation:  image retrieval object detection 
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ÅLocal features and descriptors

ÅFeature detectors

ïHarris-Laplace

ïLoG

ïDoG

ïDense sampling

ÅDescriptors

ïSIFT

ïShape context

ïHOG

ïPixel comparison

Learning local models from local cues
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ÅCombining different descriptors
Learning local models from local cues
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Learning methods:

Å SVM

Å Boosting

Å Random Forests

Å éé

Learned model

Output of 

the model

Unseen data 

instance

ÅLearning models from the data
Learning local models from local cues

Data
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Å 'Local' has been the 
dominant paradigm in 
computer vision till the 
2000s

ÅWorks notoriously well for 
detection of rigid objects, e. 
g. faces 
[Viola, Jones, 2001], 

[Dalal, Triggs, 2005]

ÅExample: object detection using sliding window
Learning local models from local cues
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True 

Detection

True 

Detections

Missed
Missed

False 

Detections

Local Detector: [Dalal-Triggs 2005]

Å[ŜǘΩǎ ƘŀǾŜ ŀ ŎƭƻǎŜǊ ƭƻƻƪ ŀǘ ǘƘŜ ǊŜǎǳƭǘǎ
Learning local models from local cues

Slide credit: Alyosha Efros
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ÅWhat the detector sees
Learning local models from local cues

Slide credit: Alyosha Efros
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Slide credit: Fei-Fei, Fergus & Torralba

ÅLocal ambiguity
Learning local models from local cues
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2

1

ÅThe role of context
Learning local models from local cues

Slide credit: Fei-Fei, Fergus & Torralba
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ÅThe role of context
Learning local models from local cues

Slide credit: Fei-Fei, Fergus & Torralba
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Constraints of the world

24

ÅSimilar appearance of 
similar objects

ÅLimited number of allowed 
deformations of the 
objects in 3d

ÅDepth orderingand 
occlusions

ÅRules of perspective 
projection

ÅΧΦ

Chaotic world

Structured world

ÅThe world is structured,not everything is possible

Local cues

Global 

constraints
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Constraints of the world
ÅLimited set of allowed deformations for the objects

Dali, 1931
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Magritte, 1957 

slide credit: Fei-Fei, Fergus & Torralba 

Constraints of the world
ÅOcclusions
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Constraints of the world
ÅDepth ordering
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Constraints of the world
ÅRules of perspective geometry
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ÅThe idea of graphical models

ÅExamples: 

ïLimiting the set of allowed 
deformations

ïOcclusion constraint

ïDepth ordering constraint

ïModeling the rules of 
perspective geometry

Expressing constraints 
with graphical models

ÅOutline of the talk
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ÅThe idea of graphical models

ÅExamples: 

ïLimiting the set of allowed 
deformations

ïOcclusion constraint

ïDepth ordering constraint

ïModeling the rules of 
perspective geometry

Expressing constraints 
with graphical models

ÅOutline of the talk
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ÅGraphical representation of probability distributions

ÅGraph-based algorithms for calculation and computation

ÅCapture both local cues and global constraints by modeling 
dependencies between random variables

ÅGraphical models

Expressing constraints 
with graphical models

Picture credit: C. Bishop
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ÅEach node corresponds to a random 
variable

ÅDependent variablesare connected 
with edges

ÅClique - fully connected set of nodes in 
the graph

ÅMaximal clique- a clique that is not a 
subset of any other cliques

p(x1, x4| x2, x3) = 

= p(x1| x2, x3) p(x4| x2, x3)

Graphical models
ÅGraph representation

Picture credit: C. Bishop
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Joint distributionof all random variables can be written as a 
product of nonnegative potentials defined on maximal 
cliques:

1
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Graphical models
ÅJoint distribution and potentials
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Maximum a-posteriori (MAP) inference- find the values of 
all variables in the graphical model that maximize the joint 
probability

argmin ( )C C

C

E X= äEnergy function: E(X) = logP(x) =

Graphical models
ÅMAP-inference and energy function

x1 = 1 x2 = 0

x3 = 1 x4 = 1

MAP-inference= energy minimization
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ÅMany computationally efficient methods for inference in 
graphical models have been developed:
ïgraph cuts
ïTRW
ïbelief propagation
ïexpectation propagation
ïMCMC
ïΧΦ

ÅAll these methods have limitations and can be used to 
minimize energy functions of specific forms Ą the art is to 
find tradeofbetween flexibility and tractability 

Graphical models
ÅMethods for MAP-inference
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ÅThe idea of graphical models

ÅExamples: 

ïLimiting the set of allowed 
deformations

ïOcclusion constraint

ïDepth ordering constraint

ïModeling the rules of 
perspective geometry

Expressing constraints 
with graphical models

ÅOutline of the talk
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ÅLimiting the set of allowed deformations

ÅModel should be flexible enough, but constrain the 
allowed deformations of an object

Expressing constraints 
with graphical models
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ÅPictorial structures model

ÅPictorial structures strike a good 
balance between flexibility and 
tractability

[Fischler& Elschlager73], 
[Felzenshwalb& Huttenlocher00]

Limiting the set of allowed deformations
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ÅEach vertex corresponds to a part 
of a person: óHeadô, óTorsoô, 
óLegsô, ôArmsô

ÅEdges form a tree

ÅPerson detector - for each vertex 
find a corresponding position from 
the set of valid positions 

ÅPictorial structures model

Limiting the set of allowed deformations
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ÅPose estimation

ÅPedestrian detection

Limiting the set of allowed deformations
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ÅThe idea of graphical models

ÅExamples: 

ïLimiting the set of allowed 
deformations

ïOcclusion constraint

ïDepth ordering constraint

ïModeling the rules of 
perspective geometry

Expressing constraints 
with graphical models

ÅOutline of the talk
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ÅOcclusions and self occlusions make the task of 
object detection even harder

ÅOcclusions

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10

Expressing constraints 
with graphical models
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Occlusion constraint
ÅLocal model

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10

Model from [Gall & Lempitsky, CVPR09]
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Image patches

Hypotheses of the position of 

the center of an object

Occlusion constraint
ÅEach image pixel belong to no at most one object

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10
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1

2

3

yςlabelling of 
hypotheses, 
binary variables:

y =1, if the object 
is present,

y = 0, otherwise

xςlabelling of 
image patches, 

xi = index of 

hypothesis,

if the patch votes 
for hypothesis,

xi = 0, if the patch 
votes for 
background

Occlusion constraint

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10

ÅModeling the occlusion constraint
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1

2

3

x2=1
x3=1

x4=2

x5=2

x6=2

x7=0

x8=2

x1=1

y1=1 y2 =1

y3=0

Key idea : joint MAP-inference in x and y
Joint work with Victor Lempitsky and PushmeetKohli, CVPR10

ÅModeling the occlusion constraint

yςlabelling of 
hypotheses, 
binary variables:

y =1, if the object 
is present,

y = 0, otherwise

xςlabelling of 
image patches, 

xi = index of 

hypothesis,

if the patch votes 
for hypothesis,

xi = 0, if the patch 
votes for 
background

Occlusion constraint
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Å If labeling of y is fixed, the values of xi

are independent

ÅSo we can maximize x out first and 
perform inference overy
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Image patches

Hypotheses 
for the 
position of 
object center

Occlusion constraint
ÅGraphical model

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10

1
0

1
0
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White= correct detection
Green = missing object
Red= false positive

Using occlusion constraintWithout occlusion constraint

Code available online!!!

Occlusion constraint
ÅComparison

Joint work with Victor Lempitsky and PushmeetKohli, CVPR10


