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Questions to Answer

This is a very broad topic.
e What is context?
e How do humans use context for recognition?

e How can computers use context for recognition?
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1. Note pages are interleaved with slides. These notes cover some of the

verbal content of the talk.
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What's the problem?

Most object recognition approaches are local.
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Context in Recognition What's the problem?

‘See how much information we threw away? That's context.

N .
Introduction
What's the problem? &
; L o
. . , © What's the problem?
See how much information we threw away? That’s context. = P
“Kowloon”, by * Toshio * on Flickr.com
Context in Recognition
. . ) Q Introduction
What is visual context? &
. P . . . o I—What is visual context?
Approximate definition: any information not directly S
attributable to the foreground object. [Hoiem, 2004]
What can we infer from this definition?
e Context i ded 1. Foreground object = object of interest
ontext1s open-ende 2. Anything can be context, so we have to choose wisely.
e Context is probabilistic 3. Usually context only implies something about the foreground object.
. . 4. Learned assumptions and relationships are how we make use of
e Contextual relationships are learned context
e Context is recursive 5. Elements of a scene can act both as background (context) and

foreground (objects), so that as objects are recognized they can provide
further context to recognize other objects, thus allowing our knowledge
of a scene to reinforce itself.



Context in Recognition

. N l—Introd ction
What is context good for? & -
. 0 LWhat is context good for?
All aspects of recognition: S
(a\}
e Identity: what is it?
e Location: where can I look to find it?
e Relevance: how important is it?
¢ Role: what does it mean?
Focus on the first two.
Context in Recognition » L Dpeofeonte
N Introduction
Types of context &
% I—T es of context
In order of sophistication. S ®
e spatial
e temporal 1. Spatial = relationships in the image or 3D space, such as objects that

e semantic tend to occur together at certain relative scales and positions.
2. Temporal = relationships in time, including knowledge about historical
events and user behavioural patterns.
3. Semantic = Everything else.



Context in Recognition Spatial context

N .
. Introduction
Spatial context &
. L e .
. © Spatial context
In order of sophistication. = F
e neighboring appearance
¢ scene appearance 1. It might help to think of these in terms of absolute and relative

e image location relationships, but that’s mostly a question of frame of reference.
2. Nearby appearance = Localized but still contextual information: faces

e relationships to other objects are usually above bodies.

e scene geometry 3. Scene appearance = the forest is usually green, the city is usually gray.
. Cars are found in the city, not the forest.

e world location 4

. Image location = the sky is almost always towards the top of the image.
o ... 5. Surrounding objects = silverware is found near a plate; a computer is
found on a desk.
6. Geometric location = people are on the sidewalk; this is more reliable
than image location, but also harder to infer.
7. World location = certain objects may be in certain rooms, or certain
landmarks at certain addresses; this is the hardest to infer.
8. Three broad categories: 2D appearance relationships, 2D object
relationships, and 3D scene structure

Context in Recognition Temporal context

Introduction

Temporal context

LTemporal context

2008-03-27

In order of sophistication.
e object tracking

e learning simple temporal-spatial relationships

—_

This area has been explored but is not usually thought of in terms of
action recognition context.

Ex: Face tracking to recover hard-to-detect views

Ex: place recognition combined with model of motion

Ex: abnormal event recognition

Maybe cause-and-effect is semantic context.

e learning cause and effect

Ol W

These build on spatial context.
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. N Llntroduction .
Semantic context & .
. 0 LSe]’nantic context e T RS Y
Everything else! §

e associated text

° general concept associations 1. Ex: Names and Faces in the News

e model of user 2. Ex: semantic hierarchies, semantic distance

d ik led 3. Ex: Amazon book recommendations
¢ domain knowledge 4. Are flowers a symbol of romance (at a wedding) or grief (at a funeral).

cultural knowledge

These build on spatial and temporal context.

Context in Recognition

Introduction

References
L References

Human Use of Context: The Role of Context in Object
Recognition [Oliva and Torralba, 2007]
Spatial Context:
e Contextual Priming for Object Detection [Torralba, 2003]
¢ Unsupervised Learning of Hierarchical Semantics of
Objects (HSOs) [Parikh and Chen, 2007]
e Putting Objects in Perspective [Hoiem et al, 2006]
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1. Main references for this talk, others are included in the appendix.

Temporal Context: Context-based vision system for place
and object recognition [Torralba et al, 2003]
Semantic Context

e Semantic Hierarchies for Visual Object Recognition
[Marszatek and Schmid, 2007]

e Object Boundary Detection in Images using a Semantic
Ontology [Hoogs and Collins, 2006]

¢ Objects in Context [Rabinovich et al, 2007]
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@ Humans Use Context
Context in Recognition Humans Use Context
N
N Humans Use Context
Humans Use Context & ;
1 I_ -
. o) Humans Use Context [Ots nd o, 2507
Studies have shown that humans. .. S
e recognize scenes at a glance.
e represent scenes holistically.
e can recognize degraded images based on context. 1. Scengs can be recognized without eye scanning or using foveal
(detailed) vision
e can be “primed” to recognize objects more quickly. 2. We remember statistical properties of scenes and object groups better

than details
3. Priming = showing picture of related scene first
e recognize objects more easily in certain orientations. We can quickly learn spatial relationships between arbitrary shapes
[Oliva and Torralba, 2007] 5. When recogr?izing letter forms there is eyidence thgt people mentally
rotate them; it takes 2x as long to recognize an up51de-down Lasa
sideways one

predict the location of objects based on context.

b



Example: Disambiguation

Context helps us disambiguate in presence of noise.

[Murphy et al, 2005]
Example: Disambiguation

...or other sources of appearance variation: is square B white?

&

Wikipedia Adelson’s checker shadow illusion
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Context in Recognition

I—Hurnans Use Context

I—Example: Disambiguation

1. The circled objects all have the same appearance.

Context in Recognition
I—Huma_wns Use Context

I—Example: Disambiguation

1. Squares A and B are the same color

Example: Disambiguation
‘Content helpsus disambiguate n presence o noise.

Example: Disambiguation
...or ther soutcesof ppearance variation: s square B white?



Example: Location

Violate assumptions about location:

Can you
find these
Hidden
Pictures?

Highlights: for Children magazine

Example: Location

Violate assumptions about orientation:
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Context in Recognition
I—Hurnans Use Context

I—Example: Location

Context in Recognition
|—Huma_ms Use Context

I—Example: Location

1. It's a puppy (rotated 90 degrees).

Example: Location
Violae assumpions about locaion:

‘Example: Location
‘Violateassumptions about ienttion:




Example: Scale

Violate assumptions about scene geometry:

Unknown source

Outline

© Spatial Context
Contextual Priming

2008-03-27

2008-03-27

Context in Recognition

I—Humans Use Context

I—Example: Scale

1. Ames” Room

Context in Recognition
I—Spat'ial Context
I—Contextual Priming
—Outline

Example: Scale

Violate assumptions about scene geomery:

© spatial Context
Contextual Priming

Outline



Is there a car?

Kerry Kelly 2006, “Beech-Maple Forest on Pierce Stocking Drive”

Where are the cars?

Nebraska State Historical Society, “K Street Facility”

2008-03-27

2008-03-27

Context in Recognition
I—Spatial Context
L—Contextual Priming
|—Is there a car?

1. Iblurred this image so it couldn’t be recognized
2. Color cues still suggest no car

Context in Recognition
I—Spatial Context
I—Contextual Priming
I—Where are the cars?

1. People predict cars between buildings and the street.

Is there a car?

Where are the cars?




Average Images

Different types of scenes have different global appearances.

.'l , e " = f b ,T -,: ‘-

[Oliva and Torralba, 2001]

Average Images

Different objects have different backgrounds.

MIT LabelMe database
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Context in Recognition Average Images

T I s
I—Spatial Context

#

L—Contextual Priming

[rer——"

I—Average Images

1. Scenes, not aligned or scaled: beach, forest, buildings, street.

Context in Recognition o

Different objects have different backgounds.

I—Spat-ial Context
I—Contextual Priming

I—Average Images

1. Objects from the LabelMe database aligned and scaled: face, computer,
fire hydrant.



Average Images

Different object scales have different backgrounds.

[Torralba, 2003]

Context Challenge

How far can you go before running an object detector?

¢ Object detection is hard.

e Chicken-and-egg problem: context recognition needs to be
simpler than object recognition.

e Global scene information is useful.
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Context in Recognition Average Images

[
I—Spatial Context 3

I—Contextual Priming -ﬁu

I—Average Images

1. Faces aligned at three different scales: small, medium, large.

Context in Recognition Context Challenge

e
. s
Spatial Context G T o
e
S

I—Contextual Priming
L—Context Challenge

1. Challenge set by Torralba to motivate Contextual Priming.



Context in Recognition

.. L spatial Context

Contextual Priming [Torralba, 2003] B

e Intuition: holistic image features are predictive of object
identity, location, and scale.

I—Contextual Priming
I—Contextual Priming [Torralba, 2003]
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e Probabilistic model: P(o,x, o|v): the probability of an

. Ly . . 1. Most recognition approaches use only local evidence.
object o0 at position x and scale ¢ given image features v. & bp Y

2. Torralba’s contribution is incorporating contextual evidence.
e Local evidence: P(0,x,c|vy)

e Contextual evidence: P(o0,x, o|vc)

e Bayes’ rule lets us treat these separately:
P(o,x,0|vc) = P(o|x,0,vc)P(x|o, vc)P(o|ve)

e ...and learn them from examples:

P(olve) = Hgan

Context in Recognition

Spatial Context

Context representation L Contextual Priming

I—Context representation

2008-03-27

What background information is relevant?
e Statistics of structural elements
* Spatial organization 1. Previous studies have shown that these properties are relevant for
¢ Color distribution discrimination



Context in Recognition

N .
" s ey N Spatial Context
n 1 .
Sce € g st 8. I—Contextual Priming
x L Dot
= Scene “gist
| I
I
11
1]
I I I T 1. A compromise between bag-of-words and part-based models.
77—~
s e,
Bag of words mode| Spatially organized textures
=1 2N AL T IS N | I
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[Oliva and Torralba, 2007]
Context in Recognition e Algorithm
~ Lo e
. [N Spatial Context e T
Aleorithm ) e
gO t 8. I—Contextual Priming © Bt PO o et st prperis
. . . 2} .
Contextual Priming algorithm: S — Algorithm
@ Sample image at different locations and scales using
oriented Gabor filters ) ) o )
. . . . . . 1. Joseph will cover this algorithm in more detail.
® Reduce dlmensmnahty of this representation using PCA 2. Essentially these same steps are used to learn identity, location, and
® Approximate PDF with a mixture of Gaussians learned scale.

using EM
@ Evaluate PDF to predict object properties



Examples: Identity

plpeople | ve)

- |

pifurniture | v )

0.1
0.1

[Torralba, 2003]

Examples: Location

[Torralba, 2003]
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Context in Recognition Examples: Identity
I—Spat-ial Context

ot 0 5 Yo
sFdErERa

I—Contextual Priming
I—Examples: Identity

1. Images ordered by probability that they contain an object (people
versus chairs)

Context in Recognition Examples: Location

Spatial Context
I—Contextual Priming
I—Examples: Location

1. Locations likely to contain heads



Examples: Scale

Small
[Torralba, 2003]
Using Local and Global Features
[Murphy et al, 2005]
Choose either

e Efficiency: use prediction to direct local search
e Accuracy: use prediction to weight local decisions
Algorithm
@ Train global feature detector similar to [Torralba, 2003].

® Train local feature detector: boosted decision stumps based
on randomly sampled responses to a feature bank.

® Combine local and contextual predictions using learned
weights: P(o = i|vy, ve) oc P(o = i|vp)"P(o = i|vc)

2008-03-27
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Context in Recognition Examples: Scale

[ : :
SEhal Context ﬂuﬁﬂul
Contextual Priming --Huhﬂh
|—Examples: Scale
1. Scale is conditioned on global features and object type (but not object
location)
2. Top row is heads, bottom row cars
Context il’l Recognition Using Local Fnd Gll:)bal Ffamms
" [Murphy et al, 2005]
I—Spat'ial Context iy ot
Rl t———
I—Contextual Priming O = o
I—Using Local and Global Features [Murphy et al, 2005] °Sﬁ;."fms.mff?fi%iwmu:.\"v%“‘ e

1. The real benefit of global context comes in supplementing local
detection.

2. Murphy et al’s global feature model is not identical to Torralba’s but

very similar. It uses steerable pyramids instead of Gabor filters and
mixture density networks instead of gaussian mixtures.

3. Discriminative model does not require that local and contextual

features are independent, but combination weight + is fixed and must
be learned offline.



Context in Recognition DemoMovie

I—Spatial Context

Demo MOVle I—Contextual Priming

Demo movie... L ey

2008-03-27

The movie is not provided with the printable version of the presentation.

Context in Recognition Examples: densty and Location
L gpati

. . . patial Context

Examples: Identity and Location L oo

|—Examples: Identity and Location

2008-03-27

1. The authors did not provide any examples of false positives.

[Murphy et al, 2005]



Results: Identity and Location

keyboard, locaiization

sereenFrontal, iocalization

e
L

o
FEeded el

e

1-presision

(@)

earSide, loealization

s
1-precision

[Murphy et al, 2005]

Contextual Priming: Conclusion

Good
¢ Uses only global features
¢ Clear improvement over local-only approaches
e May be combined with local detectors to improve
efficiency or accuracy
Bad
e Improvement in accuracy is modest
¢ No mutual reinforcement between object and scene
classification
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I—Spat-ial Context

I—Contextual Priming

I—Results: Identity and Location

Context in Recognition

I—Spat'ial Context

I—Contex’rual Priming
I—Contex’cual Priming;:

Conclusion

Results: Identity and Location

\

Contextual Priming: Conclusion

cal-only approaches.
th local detectors to improve

Bad

etueeen object and scene



© Spatial Context

Spatial Hierarchies

What is missing?

Valorem Furniture Plus Corner Office Desk

Outline

Object Relationships
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Context in Recognition
I—Spatial Context
I—Spatial Hierarchies
L outline

Context in Recognition
I—Spat'ial Context
I—Spatial Hierarchies
I—Object Relationships

Outline

© Spatial Context
Spatal Hicrarchics

Object Relationships.




Context in Recognition Object Relationships

‘Objectrelationships are not random.

N g -
. . . [N Spatial Context e
Object Relationships L S cors Wl
0 — —
Object relationships are not random. S " Object Relationships i

(a) person—=person (b) house —> chimney

ﬂD

1. Constellation and part-based models work well for object recognition,

b why not scene understanding?

() car —» parking meter (d) plate — silverware

A il

Extracted from LabelMe data by
[Oliva and Torralba, 2007]

Context in Recognition

Hierarchical Semantics of Objects
ikh and Chen, 2007]

N L .
. . . . Spatial Context
Hierarchical Semantics of Objects S L
] = Spatial Hierarchies
[Parlkh and Chen P 2007] § L Hierarchical Semantics of Objects
N [Parikh and Chen, 2007]
Group objects based on consistency of spatial relationships.
1. Avoids chicken-and-egg problem by organizing features bottom-up.
SCENE 2. Operates on object instances, not categories

3. Completely unsupervised
4. Learns number of objects, object features, and object relationships

simultaneously

desk-area
CHAIR

Compl!{e}'
PHONE /

y

KEYBOARD MONITOR

[Parikh and Chen, 2007]



Algorithm

@ Extract features
@® Establish correspondences between features
® Discard geometrically-inconsistent correspondences

O Calculate correlation between pairs of feature
correspondences

@ Hierarchically cluster features based on correlation
0 Merge nodes with a high geometric consistency

Feature Correspondences

@ Extract features: derivative of Gaussian, SIFT
representation

@® Establish correspondences between features: k-nearest
neighbors

® Measure geometric consistency: use SIFT orientation and
scale of one feature to predict relative location of another

O Use spectral technique (Leodeanu and Hebert, 2005) to
discard features with no geometrically-consistent support

[Parikh and Chen, 2007]
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Context in Recognition
I—Spat'ial Context
I—Spatial Hierarchies
I—Algorithm

1. Details to follow

Context in Recognition
I—Spat'ial Context
I—Spatial Hierarchies

I—Feature Correspondences

1. This step establishes feature correspondences and eliminates
background clutter
2. It’s very reliable, no false correspondences in the author’s tests

Algorithm

e Correspondences




Feature Correlations

@ Calculate correlation between feature locations

Monitor Keyboard Phone Chair

Meonitor

Keyboard

Phone

Chair

[Parikh and Chen, 2007]

Feature Clustering

@ Iteratively divide features into clusters: normalized cuts
® Stop when correlation within cluster has low variance and

high mean

Monitor Keyboard Phone Chair

Menitor

Keyboard

Phone

Chair
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Context in Recognition o e Coreltons
I—Spat'ial Context

I—Spatial Hierarchies

I—Feature Correlations ™

1. Correlation is based on covariance of x and y locations of features
across all images

2. In this chart white is high correlation, and features have been sorted to
show object structure

Context in Recognition Feature Clustering
© iy dide e i s rormld i
. Oyt i e
Spatial Context e
I—Spatial Hierarchies -

I—Feat'ure Clustering -

1. Start with a fully-connected graph of features, weighted by correlation
2. Normalized cuts separate groups of features with low correlation



Context in Recognition Feature Merging

© Change in viewpoint could lead to low correlation

~ L . i e
. [N Spatial Context O e s
Feature Merglng 8. I—Spatial Hierarchies .
R .
@ Change in viewpoint could lead to low correlation S " Feature Merging
between distant features in the same object
® Solution: merge geometrically-consistent leaf nodes. _ _ - .
1. All pairs of clusters are examined. Those with high average geometric
consistency are merged.
i 2. Clusters are merged into the lowest (most specific) level.
_J . 3. This corrects for the fact that the clusters were split prematurely.
[Parikh and Chen, 2007]
Context in Recognition Bample
N L .
a Spatial Context s
Example & Lo T AP | -
= Spatial Hierarchies & 2
080 |—Example
I

[Parikh and Chen, 2007]



Results
1 " S e a e E e ———— o
| I'{,/'f . B Ao
L a
rl ‘ﬁ(”’

oo o o
o N B o

o

—=Without merge
| | —%Withlmerge |
5 10 15 20 25 30
# images used for training

[Parikh and Chen, 2007]

Accuracy of learnt hSO

Application: Context

Spatial relationships between sibling clusters can be learned.

[Parikh and Chen, 2007]
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Context in Recognition

Results

I—Spatial Context g
I—Spatial Hierarchies % v
I—Results g 2{ :m:::o’:legzrge
< Y55 25 30
# images used for training
1. Compared against ground truth for a set of manually-chosen images
Context in Recognition Applicaton: Context
I—Spat'ial Context
I—SPatial Hierarchies o
(. Lo oot
Application: Context

1. For example, we can estimate the relative position of cluster centers of
gravity as mixture of Gaussians.



Application: Context

Learned relationships can act as context.

i detector
- 4 =c

- . + context
test image

refined+ det"

=+ detr

context b‘l:l

[Parikh and Chen, 2007]

Spatial Hierarchies: Conclusion
Good

e Fully unsupervised, works with unlabeled images
e Good performance

Bad
¢ Only learns specific scenes, not general categories
e Limited applications

e Work remains to show effectiveness for object recognition
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Context in Recognition
I—Spat-ial Context
I—Spatial Hierarchies

I—Applicat-ion: Context

Context in Recognition
Spatial Context
I—Spatial Hierarchies
I—Spatial Hierarchies:

Conclusion

Application: Context

Leared relationships can act as context.

Spatial Hierarchies: Conclusion

w effectveness for object recognition



Context in Recognition Outline

~ L .
. [ Spatial Context S
Outline : et
8. I—Scene Geometry S
[l Lo
2 Outline
13
© Spatial Context
Scene Geometry
Context in Recognition Which Blocks are People?
I—Spatial Context 3

Which Blocks are People?

I—Scerle Geometry
L Which Blocks are People?

2008-03-27




Context in Recognition Biederman’s Relations (1981)

N .
. . Spatial Context
Biederman’s Relations (1981) & o=
< Scene Geometry o
& 0 ooy =
Objects in a well-formed scene have stereotypical relationships S " Biederman's Relations (1981)
e Support
* Size 1. The next paper focuses on the first three
e Position
e Interposition

Likelihood of appearance

These properties are mediated by semantics, 3D structure, and
camera position.

Context in Recognition

Spatial Context

Putting Objects in Perspective
[Hoiem et al, 2006]

@ Estimate object locations and sizes using local detector

I—Scene Geometry
I—Putting Objects in Perspective [Hoiem et al, 2006]

2008-03-27

® Estimate support from 3D structure
® Estimate camera properties from detected objects

@ Combine estimations, refine, and repeat



Context in Recognition ObjctSuppert

N .
. [N Spatial Context

Ob]eCt Supp ort 8. I—Scene Geometry
® L
2 Object Support
I3

[Hoiem et al, 2006]
Context in Recognition Surface Esimation
. . N Spatial Context —
Surface Estimation s L L
= Scene Geometry
e L T R R e
. =4 face E
Image Support Vertical Sky g Surface Estimation

~ 1. This is essentially the same algorithm as “Pop-up Photos”, discussed

e Algorithm described in [Hoiem et al, 2007] Recovering
Surface Layout from an Image.

[Hoiem et al, 2006]



Context in Recognition
I—Spatial Context

Camera Properties L Scene Geometry

2008-03-27

|—Camera Properties

Image

Horizon
Position

Camera

Object Image

Camera
Height

Object World
Height

[Hoiem et al, 2006]

Context in Recognition

N L .
. . Spatial Context
Size and Horizon & oo
= Scene Geometry
o
Initial estimate of object size and horizon g '—Size and Horizon

Input Image ‘ Loose Viewpoint Prior

[Hoiem et al, 2006]

Camera Properties

Size and Horizon
Iniial estimate of objectsize and horizon



Context in Recognition

N .
: . Spatial Context
Size and Horizon s L
= Scene Geometry
[ce}
Object size refines horizon estimate g L—Size and Horizon

Object Position/Sizes " Viewpoint

[Hoiem et al, 2006]

Context in Recognition

N L .
. . Spatial Context
Size and Horizon & oo
= Scene Geometry
o
Horizon estimate suggests object sizes g L—Size and Horizon

Object Position/Sizes Viewpoint

[Hoiem et al, 2006]

Size and Horizon
‘Objectsize rfines horizon estimate.

o

Size and Horizon

‘‘‘‘‘‘‘‘



Size and Horizon

Process repeats until convergence

Object Position/Sizes "' Viewpoint

[Hoiem et al, 2006]

Surface versus Viewpoint

P(surfaces)

P(object) P(object | srfaces)
[Hoiem et al, 2006]
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Context in Recognition
I—Spatial Context
I—Scene Geometry
|—Size and Horizon

Context in Recognition
I—Spat'ial Context
I—Scene Geometry

I—Surface versus Viewpoint

Size and Horizon

Process repeats until convergence.

ovect

Surface versus Viewpoint




Surface plus Viewpoint

P(object) P(object | surfaces, viewpoint)

[Hoiem et al, 2006]

Bayesian Network

Viewpoint
]
Local Object i Local Object
Evidence Objects Evidence
S
E 01 011 E
Local Surface Local Surface
Evidence Local Surfaces Evidence
Sl Sn

[Hoiem et al, 2006]
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Context in Recognition Surface plus Viewpoint

S 74 74

I—Scene Geometry e NS

I—Surface plus Viewpoint ﬁ
Context in Recognition Bayesian Network
I—Spat'ial Context
I—Scene Geometry
L Bayesian Network

1. Only most significant dependencies are modeled, to simplify
computation

2. Pearl’s belief propogation algorithm used to find most probable
explanation for the scene



Examples

Car: TP/ FF Initial (Local) Final (Global)
Ped: TP/ FP !

4TP/1FP

Ped Detection

3TP/2FP 4TP/QFP
[Hoiem et al, 2006]

Examples

Car: TP/FF Ped: TP/FP |

Initial: 1 TP / 23 FP Final: 0 TP /10 FP
[Hoiem et al, 2006]
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Context in Recognition
I—Spatial Context
I—Scene Geometry
|—Examples

1. Examples of good results

Context in Recognition
I—Spat'ial Context
I—Scene Geometry
I—Examples

1. If false positives dominate the image, they can force true positives to be
discarded

Examples

Examples




Car Detection

Obj
0.7

ObjGeom
=ee ObView
——ObjGeamView

Detection Rate

Detection Rate

Obj
0.7

ObjGeom
===e ObView
——ObjGeamView

Results

Pedestrian Detection

[ 1 2 3 & 5 B
FF per Image

[Hoiem et al, 2006]

FF per Image

Scene Geometry: Conclusion

Good

e Shows strong improvement over local detectors

e Supplements any local detector

e Looks very promising

Bad

e Fails on unusual scenes

e Surface structure estimation is still weak
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Context in Recognition
I—Spat-ial Context
I—Scene Geometry
I—Results

1. ROC for cars and pedestrians

Results

2. Both viewpoint and surface estimation improve results, and both

combined show significant improvement.

Context in Recognition
Spatial Context
I—Scene Geometry

I—Scene Geometry: Conclusion

Scene Geometry: Conclusion
Good
+ Shows strong improvement aver local detectors
+ Supplements any localdetector

« Fails on un

+ Surface structure estimation is tll weak.



Context in Recognition Outline
. l—Temporal Context
Outline

Place Recognition
I—Outline
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@ Temporal Context
Place Recognition

Context in Recognition Whatis this?
. . Temporal Context
What is this?

Place Recognition
L What s this?

2008-03-27

The Eiffel Tower restaurant in Las Vegas

Karl Barndt “Eiffel Tower” (2007)



Context in Recognition Afew minutes earlier.
. . I—Tem oral Context
A few minutes earlier. .. P *

Place Recognition

I—A few minutes earlier. ..

2008-03-27

vegas-online.de

1. This view makes it clear this is Las Vegas, not Paris
2. History provides access to a broader spatial context

vegas-online.de “Vegas Strip South”

Context in Recognition

" Te 1 Context
Place Recognition Task P o

Place Recognition

e Location is an important type of context L Place Recognition Task

2008-03-27

¢ Single image may be insufficient to establish location

e Can we use historical information to predict location?



Context in Recognition Context Awareness in Wearable

Computing [Starner et al, 1998]

. N Lo 1 Context
Context Awareness in Wearable & LopomlonE
. = Place Recognition
Computlng [Star ner et al , 1998] § L Context Awareness in Wearable Computing

al [Starner et al, 1998]

e Observe players in an indoor paintball-like game

e Very rudimentary global features (3 color samples) 1. Probably the first example of this approach

e Multiple small HMMs combined with statistical bigram 2. Paper is vague on technical details and performance is not great

predict movement between rooms 3. “Patrol” game played at MIT
. 4. Color samples from ahead, nose, and floor
e 84% accuracy at place recognition
e Also experimented with action and object recognition
[Starner et al, 1998]
Context in Recognition e R sy
. o R I_Temporal Context R
Place and Object Recognition & y S
= Place Recognition 5
[Torralba et al , 2003] § L Bk Object Recognition [Torralba et al, 2003] -_||II;§

S .

e More recently: supplement contextual priming with HMM R

to model movement . Extract global features similarly to Contextual Priming

. Global features and history predict location
. Global features and location predict object identity
. Global features, location, and object identity predict object location

B W N =

Previous Location

Steerable

ramid
P Place Recognition

Global
features ’

~ o -
@anal

features

Object location priming

P e PR ED

ask (87) scraen (03) chair (77) postr (63) bookshalf (36) sofa (40) parson(38)



ing Locations
o [Torralba, 2003]. Three features

Context in Recognition

. . [N Temporal Context
MOdehng LocatlonS 8. Place Recognition i e
e Global features similar to [Torralba, 2003]. Three features § L Modeling Locations s
tested: &
e Monochrome filter responses to steerable pyramid with 6
orientations and 4 scales 1. Prototypes and weights could be chosen by EM for better results
¢ Color downsampled 2. There are much better approaches to location recognition (we’ll study
¢ Monochrome downsampled them later)
. . .. 3. But the point of this exercise is to show how much can be done solely
e Choose K prototype views uniformly from training data with global features
e Model location as mixture of K spherical gaussians based
on prototypes
e ¢ and K chosen by cross-validation
e Better approaches possible
Context in Recognition
MO dehn Tlme RI Temporal Context
g 8. Place Recognition g .
o0 P(eQ = g)is ol
HMM used to compute probability distribution over locations: S " Modeling Time
P(Qr = qloie) o< p(or|Qr = q)P(Qr = qlv1:-1)
_ _ / o 1. Lack of training data is always a problem
= p@lQ =9 Z AT, 9)P(Qe-1 = glo1-1) 2. Transition matrix is smoothed with Dirichlet prior so no transition is
q excluded

3. This should help generalize slightly from weak training data

e A(q,q) is transition matrix learned from training data

e p(v|Q; = q) is observation likelihood



Context in Recognition ol

Demo movie.

Demo MOVie l—Temporal Context

Place Recognition

Demo movie... L s e

2008-03-27

The movie is not provided with the printable version of the presentation.

Context in Recognition Example

R Temporal Context
Example ch 9
= Place Recognition
S L
2 Example
I3\
Thustle cormdor [
Theresa office .

200 side SEEE |1 = - e e b e e
Diraper Street [
200 OUE SIEEBT o v

400 Short street |- oo
Draper plaza [+ o] 4

400 plaza b

400 Back street [+
Jason corridor b
elevator J00F7 oo s nnnnmet il n i pTnaT R eI G
office 200/936 |- = =ooovrivm i [

Vision Area 2
P@Q,|v§,)

1. Red line is ground truth

Vision Area 1
kitchen floor 6
elevator 200/6

corridor 6c

corridor 6b

corridor 6a
office 400/628
office 400/627
office 400/625
office 400/611
office 400/610
elevator 400/1
elevator 400/1 |

[Torralba et al, 2003]



Context in Recognition Reslts

~ | =
o Temporal Context S
Results & N i
= Place Recognition
g L Resul
100% — . 10— ; ! : , = esults
1. Median performance computed using leave-one-out cross-validation on
17 sequences
g g 2. Error bars indicate 80% probability region
3 g 3. Non-HMM performance without averaging significantly worse
& £
L N
Recall
Temporal Averaging (10 samples)
[Torralba et al, 2003]
Context in Recognition
N
. .. ~ Temporal Context
Object Recognition & ' y o
< Place Recognition 2N /
. . . i ® Ly - B[l
e Estimate P(O;, q) by counting occurrances in training set S Object Recognition VAL \g
; . o N @ - @ =
e Model P(v¢|O;;, Q; = q) as mixture of gaussians, similar to
P(v:]Qr = q)
\ @
O \e O '
’ t’N() 0t+1_.i

i
o.@ @

[Torralba et al, 2003]




Context in Recognition Results

=

I—Temporal Context

Results

Place Recognition
L Results

2008-03-27

ROC for some object categories

AR {
: : : : machine; |
o 50 w0 0 3 100 0 30 100 O 30 W0 0
[Torralba et al, 2003]

Context in Recognition Way coole than GPS
I—Temporal Context
Place Recognition
I—Way cooler than GPS

2008-03-27

[Torralba et al, 2003]



Context in Recognition Place Recognition: Conclusion

N
ey . Temporal Context
Place Recognition: Conclusion & ; -
= Place Recognition
Good § I—Place Recognition: Conclusion

N

¢ Uses only global features

e Reasonably accurate at predicting location and location

category
e Can be combined with local detectors
Bad
¢ Object identification and localization is not great
e There are much more accurate approaches for location
recognition
Context in Recognition @t
DN g
. N Semantic Context
Outhne gl Semantic Hierarchical Classifier

x Outline
&

@ Semantic Context
Semantic Hierarchical Classifier



What is it?

Humandescent.com “Rabbowlog”
g

Uses of Concept Relationships

Traditional classifiers:
e Require consistent, strong training labels
e Operate “one-against-rest”: scales poorly
e Don't tolerate ambiguity
¢ Only consider one kind of evidence
Semantics can help:
¢ Generalize training labels
e Define a hierarchy for many categories
e Tolerate ambiguity
e Strengthen classifiers by integrating more evidence

2008-03-27

2008-03-27

Context in Recognition

I—Sern:mtic Context
Semantic Hierarchical Classifier
What is it?

1. It's not a rabbit, but it is an animal.
2. Object classifiers should degrade gracefully, like humans.

Context in Recognition
I—Semantic Context
Semantic Hierarchical Classifier
Uses of Concept Relationships

What s it?

Uses of Concept Relationships

ifiers by integrating more evidence



Context in Recognition WordNet

I—Sernantic Context
Semantic Hierarchical Classifier
WordNet

WordNet

2008-03-27

A good source of semantic relationships.
e synonym = same
° antonym = opposite 1. Hypernym detection: if there is a Ford, there is a car
° hypernym / hyponym = class 2. Meronym detection: if there is a car, there is a fender
3. Antonym classification: if this picture is a man, it is not a woman
e holonym / meronym = part
For object recognition we can use:
¢ hypernym and meronym for detection

e antonym for classification

Context in Recognition WordNet

Semantic Context
Semantic Hierarchical Classifier
WordNet

WordNet

Some hypernyms and meronyms

e o G
B 1
led \'ei\ic) @emai @ roof fender\
T T 7S
O ED © & Comon)
Nt
C-)

2008-03-27

motorcycle



Context in ReCOgnition Semantic Hierarchies

[Marszalek and Schmid, 2007]

N .
. . . N Semantic Context
Semantlc HlerarChleS 8 Semantic Hierarchical Classifier
[M arsz a{ek and SChmld, 2007] § Semantic Hierarchies [Marszatek and Schmid, 2007]
I3
Organize classifiers into a cascade based on semantic concepts
)q J;%
6:9\; |]“:‘E‘\ Cll'g;];Sl"
@ wh;led \‘e;licE @en
@ moluj \Tc}]y Carm\n}l\B \ln_]glfale
Context in Recognition 3
N .
. N Semantic Context  bypernymyand
Alg orithm 8 Semantic Hierarchical Classifier e
x Algorithm
@ Use bag-of-words (clustered SIFT features) to represent S

images
® Train an SVM classifier for each hypernymy and

. . 1. Approach reminiscent of classifier cascade used for faces
meronymy relationship

2. Each SVM classifier discriminates only within a category
® To classify: starting from most general label, apply 3. Drawback: it’s possible to choose the wrong path early

classifiers to choose more specific labels



Context in Recognition
I—Semantic Context
Semantic Hierarchical Classifier
Examples

2008-03-27

true positives

1. Note that false positives are still closely related to the query

&
8
bicycle car dog person
Context in Recognition
R 1 t R. I—Semantic Context
esults gl Semantic Hierarchical Classifier
[ce}
Equal Error Rates S Results
e Sections A and B: PASCAL VOC challenge 2006
e Section C: generalization to “window” from VOC labels 1. EER = point where precision equals recall
— 2. OAR is standard one-against-rest classifier
baseline our SH ) 3. AVH is visual hierarchical classifier, obtained through iterative merging
OAR AVH SSH ESH gan of classes with smallest x*
bicycle 79.3% 80.0% 81.4% 82.8% 3.4% 4. SSH uses only hyponymy, ESH uses meronymy also
cat 82.59, 82.57 80.4% 80.4.% 21% 5. OAR and AVH use post-labeling inference for generalization, while
A sheep 82 6% 81.8% 84.1% 84.1% 1L.5% SSH and ESH do generalization automatically
average 82.19% 82.02% | 82.52% 82.53% | 0.34% 6. Gains are fairly small
p | conveyance 89.8% 88.4% 90.4 % 90.4% 0.6%
organism 76.2% 82.1% 87.7% 87.7% | 11.5%

| C [ window [ 62.5%  62.5% - 65.8% | 3.3%




Context in Recognition Semantic Hierarchies: Conclusion

[N 5
Semantic Hierarchies: Conclusion & Lsems"‘en;;ifcnlfixetramhml Classifier
Good % Semantic Hierarchies: Conclusion
¢ Generalizes from weak and inconsistent labels
e Degrades gracefully in cases of ambiguity
e Should scale to large numbers of classes
Bad
e Negligible accuracy increase over traditional classification
¢ Unclear how to improve or extend it
Context in Recognition @t
. & —Semantic Context
Outhne 8: Semantic Segmentation
% I—Ou’cline

@ Semantic Context

Semantic Segmentation



Context in Recognition e

‘Goal: segment an image into objects

S t t P bl R. LSemantic Context
egmen ation rroblem 3 Semantic Segmentation H
: : : = LSe mentation Problem
Goal: segment an image into objects. = & --
[Hoogs ard Collins, 2006]
Context in Recognition e
S t S tati R‘. Semantic Context
emantic cegmentation 3 Semantic Segmentation
[HOOgS and COHlnS , 2006] § L Semantic Segmentation [Hoogs and Collins, 2006]
I3

e Parts of an object are semantically related.
e Semantic relationships can resolve appearance ambiguity.

e Use “semantic distance” to compare features instead of
appearance distance.



Semantic Ontology

Building a semantic appearance model:
@ Start with manually segmented and labeled images
® Segment further based on appearance (mean-shift)
® Compute feature vectors for segments (textons)
O Associate feature vectors with labels in semantic network
©® Compute probability of semantic labels

Semantic Ontology

Augment WordNet with appearance exemplars and
probabilities

carnivore

2008-03-27

2008-03-27

Context in Recognition

I—Sernantic Context
Semantic Segmentation

LSernantic Ontology

Context in Recognition

Semantic Context
Semantic Segmentation

I—Semantic Ontology

Semantic Ontology

Semantic Ontology

Augment WordNet with appearance exemplars and

probabilities




Semantic Distance
e Node probability: «;
e Edge weight: w;; =1 — aj/«;
e Distance:

Di,]' = Z We + Z We

ecpath(i,lca(i,)) ecpath(lca(iyf),j)

musleline mammal

big cat

Semantic Segmentation

Using semantic ontology for segmentation:
@ Segment image based on appearance

@® For each segment, find histogram of labels based on
appearance

@ For each pair of adjacent regions, calculate semantic
distance for all labels

O Merge regions with low overall semantic distance

2008-03-27

2008-03-27

Context in Recognition

I—Sernantic Context
Semantic Segmentation

Semantic Distance

1. o computed from training statistics
2. w penalizes crossing a low-probability (distinctive) node
3. D is weight of shortest path between nodes

Context in Recognition

Semantic Context
Semantic Segmentation

I—Semantic Segmentation

Semantic Distance




Context in Recognition Examples

E 1 R. LSemantic Context
Xa lp €s = Semantic Segmentation
1
o)
S Examples
S
(3%
[Hoogs and Collins, 2006]
Context in Recognition Results
R 1 t R‘. Semantic Context
esults 3 Semantic Segmentation
7
o)
S L Results
S
(3%
1
Ground truth semantic distance =—p=—
Visual distance —p—
Semantic distance —#—
08 Initial segmentation —J—
0.6 J
£
ik
g
o
0.4 o ]
0.2 ]
0
0 02 0.4 0.6 0.8 1

Recall

[Hoogs and Collins, 2006]



Results
UC Berkeley segmentation benchmark:
Method | F-score
Human | 0.79
Ground-truth SD | 0.63
Visual Distance | 0.62
Semantic Distance | 0.59
Initial Segmentation | 0.54
Random | 0.43
e Semantic grouping performs well in theory
e Visual grouping performs well in practice
Why so bad?

e Training data too sparse to capture appearance variation
(average of 34 exemplars per node)

e Semantic model too restricted (no meronymy)

e Same-class object boundaries lost

[Hoogs and Collins, 2006]

e Poor initial segmentation?

2008-03-27

2008-03-27

Context in Recognition

LSemantic Context
Semantic Segmentation

Results

Context in Recognition

Semantic Context
Semantic Segmentation

L Why so bad?

+ Semantic grov

P oy
« Visual grouping performs wellin practice




Segmentation: Conclusion

Context in Recognition S

N . o
. . . . [N Semantic Context :
Semantic Segmentation: Conclusion & Semantic Segmentation ~
Good § Semantic Segmentation: Conclusion E
N
e Interesting approach
e May work well with larger training sets
e May be combined with other approaches
Bad
¢ Poor performance in practice
e Limited application
e Significant inherent limitations (merging similar types of
objects doesn’t always make sense)
Context in Recognition ST
DN g
. N Semantic Context
Outline gl Semantic Agreement
§ I—Ou’cline
N

Semantic Agreement

@ Semantic Context

Semantic Agreement



Context in Recognition Objects In Context

[Rabinovich et al, 2007]

~ L . BT T
. N Semantic Context * Sementationciniprove g et dsife
Ob] ects In Context 3 L—Semantic Agreement E_.
[RabinOViCh et al , 2007] § I—Objects In Context [Rabinovich et al, 2007]
I3
e Semantic constraints can be used to fix bad local labels
* Segmentation can improve bag-of-features classifier 1. Rabinovich has a Google Tech Talk online which covers stable
segmentations and “Objects in Context”
2. Arguably this is a spatial, not semantic technique
3. When co-occurance is learned from training, it is purely spatial
4. When co-occurance is learned from Google, it is semantic
TENNIS % TENNIS
RACKET RACKET
[Rabinovich et al, 2007]
Context in Recognition oo T
N . o Cpii i e
. N Semantic Context o A e e oo el e
Algorlthm S Semantic Agreement B
: ] I—Al orithm /E\\ : 2]
@ Generate stable segmentations S & Er.;@;.f _ z
\E =

® Compute label probabilities for each segment using
bag-of-features classifier

® Adjust probabilities based on learned label co-occurrance
using CRF

Original
Image

[Rabinovich et al, 2007]



Context in Recognition Learning co-occurrance

« From training data-

L . (l?ll I—Semantic Context S
earmng CO-Occurrance 8. T
e From training data % I—Le.alrning co-occurrance
¢ Google Sets (small)
e Google Sets (large)
Context in Recognition @ T
C . E 1 R. I—Semantic Context
O-0Occurrance: xamp es 8. S rrniie Agrsamen
§ I—Co-occurrance: Examples T
= ERL

Google Small Set MSRC training data

building
grass
tree

61518 4 3
1515

“a41
4 4m111
3 1120

[Rabinovich et al, 2007]



BUILDING

BUILDING BUILDING

—
BUILDING BUILDING Flla e

BUILDING

[Rabinovich et al, 2007]

Results

Categorization Accuracy
| NoSeg. | Bseg | Sseg | Google Sets | Training

Caltech || 44.9% | 50.6% | 75.5%

PASCAL || 38.5% | 43.5% | 61.8% 63.4% 74.2%

MSRC 45.0% 58.1% 68.4%

Segmentation improves results
Better segmentation improves results

e Even sparse co-occurrance data improves results
More categories benefit more from contextual information

2008-03-27

2008-03-27

Context in Recognition

I—Semantic Context
Semantic Agreement

Examples

Context in Recognition

I—Semalc'tﬁc Context
Semantic Agreement

I—Results

Results

@y
Noeg.| Beeg | S | GoogleSets | Trining
Tl | i (oo [7on] 1
PASCAL | %, [ 557 [erin | o | 7z
VSRC o
e
i e
e e e
e e e et



Adding Spatial Context
[Galleguillos et al, 2008]

] semantic
context

GRASS

I spatial
context

[Galleguillos et al, 2008]

Spatial Relationships

e Spatial relationships: vertical offset + percentage of
bounding box overlap

e Vector quantized into 4 dimensions

grass

around ISR inside |

cow

jorass|

[Galleguillos et al, 2008]

2008-03-27
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Context in Recognition

I—Semantic Context
Semantic Agreement

I—Adding Spatial Context [Galleguillos et al, 2008]

Context in Recognition
I—Semanﬁc Context
Semantic Agreement

I—Spatial Relationships

Adding Spatial Context
[Galleguillos et al, 2008]

Spatial Relationships.

« Spatial relationships: vertical offset + percentage of
bounding box overlap
« Vector quantized into 4 dimensions




Context in Recognition

E 1 R. LSemantic Context
Xamp €s = Semantic Agreement
o
=] Examples
WATER SKY 13V
AEROPLANE AEROPLANE
GRS GRASS
BIRD BOAT
WATER WATER
[Galleguillos et al, 2008]
Context in Recognition
R 1 t R‘. Semantic Context
esults 3 Semantic Agreement
7
B LResults
S
I3\

Difference in performance between context models

141

13F -F’ASCAL i
12 [ Imsrc | 1

"E R
10F B

9t i

# categories

§
7
6§
5k -
4
3
2

T EH[(.r.....L

-5 4 -3 -2-1 0 1 E 7 & 9 10 11 12 13 14 15
difference (%)

[Galleguillos et al, 2008]
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Examples

Results
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Semantic Agreement: Conclusion
Good
e Prevents “stupid” mislabelings
e Post-processing may improve any labeling method
e Co-occurance data can come from a variety of sources
Bad
e Depends on good co-occurance training data

e Spatial model is weak

Outline

® Conclusion

2008-03-27
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Context in Recognition

I—Sernantic Context
Semantic Agreement

Semantic Agreement: Conclusion

Context in Recognition

Conclusion

I—Outline

Semantic Agreement: Conclusion

+ Depends on good
+ Spatial model is wesk

O Conclusion



Context in Recognition Rt G G

N .
. . Concl
Review: Spatial Context g e
. L i s
o Review: Spatial Context
Context based on static 2D and 3D relationships. S cvie A o
e Contextual Priming: use global image appearance to
predict object properties
e Hierarchical Semantics: cluster features based on
consistent image relationships
¢ Objects in Perspective: use simple geometric constraints
(horizon and object height) to improve local detection
Context in Recognition
. & —Conclusi
Review: Temporal Context g
X . . X . o I—Review: Temporal Context
Context incorporating time dimension. §

¢ Context-based Place Recognition
e Use HMM to model motion and predict location
e Use location to predict presence and location of objects
e Field of “action recognition” provides many other
examples which we will study later.



Context in Recognition Review: Semantic Context

N .
. . Concl
Review: Semantic Context g e
. L i, .
© Review: Semantic Context
All other context. =
e WordNet: source of simple concept relationships
e Semantic Hierarchies: use semantic hierarchy to train a
corresponding hierarchy of detectors
e Boundary Detection using a Semantic Ontology: combine
segments based on semantic similarity
e Objects in Context: enforce semantic agreement between
segment labels
Context in Recognition - Gl
Conclusion §  Conclusion
S
. o L comdisran
e Many kinds of useful context S

Methods are probabilistic

Methods are complementary to local detection

A relatively young field with lots of potential for
exploration and improvement



Discussion Questions

What kinds of context are most useful?

How can we capture the dual foreground /background
roles of objects?

When is it better to ignore context? How can we do this
selectively?

Does context enable new applications for recognition?
Can the approaches discussed be combined? How?

Could we have a single framework for combining all kinds
of local and global detectors?

Every method makes significant simplifying assumptions;
can we avoid this? Does it matter?
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