CS231M Mobile ComputerVision

Announcements

Next Wed team presentations start

Please select the paper you want to present

P2 submission deadline has been postponed to Frid&y 16



CS231M Mobile ComputerVision

Recognition
- Classification

- Detection

- Single instance detection and localization



From low level to high level vision

Feature | ¢ siFT
Description
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Indexing
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Classification or indexing
Is this an image of a bridge?




Image search engines
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http://www.picsearch.com/
http://www.picsearch.com/

Detection

Does this image containkaidge? [where?]




Face detection
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www.nametag WsHEFacialNetworki:com




Human body detection
and gesture recognition
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Single instance detection

Does this image contathe golden gate bridge[where?]
Or which landmark does this image contain?




Visual search and
landmarks recognition
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Visual search and
landmarks recognition
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Facadentifcation
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www.nametagWst© FacialNetworkicom



Fingerprintidentification

2 digitalPersona.




Challenges: illumination

image credit: J. Koenderink



Challenges: scale

" slide credit: Fei-Fei, Fergus & Torralba



Challenges: deformation
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Challenges:
occlusion

M ag I’i'['[e, 1957 slide credit: Fei-Fei, Fergus & Torralba



Challenges: background clutter

Kilmeny Niland. 1995



Challenges: viewpoint variation

MiChelangelo 1475-1564 ‘;._. X .- ‘ S , " slide credit: Fei-Fei, Fergus & Torralba
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Challenges: intr&lass variation




Recognition paradigm

A Representation
A Learning
A recognition



Representation

- Building blocks: Sampling strategies
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Dense, uniformly

Multiple interest operators Randomly

Image credits: F-F. Li, E. Nowak, J. Sivic



Representation

I Appearance only or location and appearance




Learning:. Generativenodels

w NaiveBayeslassifier
¢ CsurkaBray, Dance & Fan, 2004

w Hierarchical Bayesian topic models (@IgSA
and LDA)

¢  Object categorizatiorSivicet al. 2005Sudderthet al. 2005
¢  Natural scene categorization: Heei et al. 2005

w 2D Part based models

Constellation models: Weber et al 2000; Fergus et al 200
Star models: ISM_gibeet al 05)

w 3D part based models:

- multi-aspects: Sun, et al, 2009



Learning: Discriminativenodels

Nearest neighbor

106 examples

Shakhnarovich, Viola, Darrell 2003
Berg, Berg, Malik 2005...

Kanade 1998

Neural networks

LeCun, Bottou,
Bengio, Haffner 1998
Rowley, Baluja,

Decision
trees &
Random
forests

Dietterich 00;
Amit& Geman 97
Criminisi et al. 11

&

Serre, Poggioé

Support Vector Machines
\ O C

Guyon, Vapnik, Heisele,

Latent SVM
Structural SVM
() )

Felzenszwalb 00
Ramanan 03é

Courtesy of Vittorio Ferrari
Slide credit: Kristen Grauman

Boosting

Viola, Jones 2001,
Torralba et al. 2004,
Opelt et all

Slide adapted from Antonio Torralba



Recognition

I Recognition task: classification, detection, etc..




Recognition

| Search strategy: Sliding Windows viola, Jones 2001,
ASimple
A Computational compIeX|ty (x y, S q N of classes)

- BSW by Lampert et al 08
- Also, Alexe, et al 10




Recognition

| Search strategy: Sliding Windows viola, Jones 2001,
ASimple
A Computational compIeX|ty (x y, S q N of classes)
- BSW by Lampert et al 08 el | L I
- Also, Alexe, et al 10

ALocalization
A Objects are not boxes




Recognition

| Search strategy: Sliding Windows viola, Jones 2001,

ASimple

A Computational complexity (x, y, S, g, N of classes)
: \_ : »i":«gm \ SR ~

- BSW by Lampert et al 08
- Also, Alexe, et al 10

A Localization
A Objects are not boxes
A Prone to false positive

Non max suppression:
Canny 086

e .

Desai et al , 2009




Classification or indexing
Is this an image of a bridge?




def i1 ni BoWon of

I Independent features
I histogram representation

codewords dictionary



Representation recognition
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1.Feature detection and description

= «—

Compute
SIFT Normalize
descriptor patch

[ Lowe 69 9]

Detect patches
[ Mi kojaczyk and Schmid o0

[ Mata, Chum, Urban & Paj

[ Sivic & Zisserman, 003]

Slide credit: Josef Sivic



2. Codewords dictionary formation




2. Codewords dictionary formation
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2. Codewords dictionary formation
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vector quantization

E.g., Kmeans, see CS131A



2. Codewords dictionary formation

A Image patch examples of codewords

TEEE elalaii
o)e0)8, EEEE

o

Sivic et al. 2005



3. Bag of word representation

ANearest neighbors assignment
AK-D tree search strategy
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3. Bag of word representation

frequency
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Representation
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Category models
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Recognition
/o

codewords dictionary
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Discriminative models

Nearest neighbor

K

f@“\ “ l_E‘wi

106 examples

Berg, Berg, Malik 2005...

Shakhnarovich, Viola, Darrell 2003

C3: f. maps 16@10x10
C1- feature maps S4:1 maps 16@5%5

é

LeCun, Bottou, Bengio, Haffner 1998
Rowley, Baluja, Kanade 1998

Support Vector Machines
Q Qj

Guyon, Vapnik, Heisele,
Serre, Poggioé

Latent SVM
Structural SVM
() )

Felzenszwalb 00
Ramanan 03é

Courtesy of Vittorio Ferrari
Slide credit: Kristen Grauman

Boosting

Viola, Jones 2001,
Torralba et al. 2004,
Opelt et all

Slide adapted from Antonio Torralba




Major drawback of BOW models

Donot capture spati .



Spatial Pyramid Matching

Classtreet



Spatial Pyramid Matching

- K. Grauman and T. Darrell 2005
- S. Lazebnik et al, 2006
- D. Nister et al. 2006,

Class 1



Caltech 101

Fei-Fei et al. (2004)
http://www.vision.caltech.edu/Image Datasets/Caltechl0l/Caltechl0l.html




] 3

mean recognition rate per class
S

Caltech 101

—4=Zhang, Berg, Maire & Malik (CVPRO6) | :
=+ Lazebnik, Schmid & Ponce (CVPR06) |
= Berg (thesls 06)
Mutch & Lowe (CVPROE)
=4=Grauman & Darrell (tech report 06)
= Berg, Berg & Malik (CVPROS5)
-+-Wang, Zhang & Fel-Fel (CVPRO0G6)
=+=Holub, Welllng & Perona (ICCV05)
Serre, Wolf & Pogglo (CVPRO05)
® Fel-Fel, Fergus & Perona (GMBV04)
* 88D baseline ;
| | | | | | |
0 5 10 15 20 25 30 35 40 45 50
number of training examples per class




Major drawback of BOW models

A52y Qi OF LI dzNB 'a Ll GAl f

A As the number of images/classes to model
Increases, the dictionary size also

Increases
A Computational cost of increasing the size of
the vocabulary becomes very high!



Vocabulary tree

Scalable Recognition with a Vocabulary TieavidNistérand HenrikStewénius 2006

A Feature vectors are hierarchically clustered in intovagy
tree ¢ also called vocabulary tree

A Computationatost in the hierarchical approach is
logarithmic inthe number of leaf nodes

A Vocabularies of millions (1076) cbdewordscan be
supported
A Individual words can be made more discriminative
A Only 10 x 6 comparisons for quantizing each descriptor



T> T

Vocabulary tree

Scalable Recognition with a Vocabulary TieavidNistérand HenrikStewénius 2006

First, an initial kmeans process is run on the training data, defirkigustercenters.

The training data is then partitioned into k groups, where each group consists of the descriptor ve
closest to a particular cluster center

The same process is then recursively applied to each group of descriptor vectors, recursively defi
guantization cells by splitting each quantization cell into k new parts



Vocabulary tree

With 40,000 images in the database, the retrieval is stillreal-t i meé (i n 2



Detection

Does this image containkaidge? [where?]




Model-baseddetection

1. Slide a window Iin image

I E.g., choose position, scale
orientation

2. Compare it with a
model/template
I Compute similarity to an

example object or to a
summary representation

3. Compute a score for each
comparison and compute
non-max suppression to
remove weak scores

Exemplar Model/template



HoG= Histogram of Oriented Gradients

A[ A1S {LC¢X 0dziX
I Sampled on a dense, regular grid around the object

I Gradients are contrast normalized in overlapping
blocks
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In OPEN CV: struct CV_EXPORTS HOGDescriptor

Navneet Dalal and Bill Triggs, Histograms of Oriented Gradients for Human Detection, CVPRO05



DPM=Deformable part model

A LikeHOG templated dzi X

I Use a stasstructured partbased model made of:

ARoot filter (similar tdDalatTrigg3
A Set of parts and an associated deformation model
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Felzenszwalket al.,Discriminatively Trained Deformable Part Models,
http://people.cs.uchicago.edu/~pff/latent/



http://people.cs.uchicago.edu/~pff/latent/

Object Detection

Deformable Part Models (DPM) Convolutional Neural Network (CNN)

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

CNN:LeCunBottou, Bengiq Haffner1998
Deep CNN KrizhevskySutskeverHinton 2012

SparseletSong et al. 2012 PR :
Multi-Component modelGuet al. 2012 R-CNN:Girshick J. Donahue, T. Darrell, J. Malik 2014

DPM:FelzenszwallGirshick McAllester Ramanar2010

Boosting 3D ObjectDetection

, , ALM:Yu & Savarese, 2012
Vila-Jones Detection2001 3D°PM: Pepiket al 2012

Regionlet Wang et al 2013 RGBBECPMCLin et a013




Beyond sliding windows

Selective Search:

Selective SearctBandeet al 2011
segDPMFidler Mottaghi, Yuille Urtasun2013



Single instance detection

A Does this image contathe golden gate bridgg[where?]
A Or which landmark does this image contain?




Recognizing single instances

-Representation
- Detectors and descriptors

-Modellearning & Recognition
- Hypothesiggeneration

- Model verification



Representation
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Recognition

Goal:given a query image |, match objects in the image
against a collection of learnt object models
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Recognition

Goal:given a query image atch objects in the image
against a collection of learnt object models

AMatch featuresbetween query image | anobject model
AGenerate hypothesis with a few matches

A Verifyhypothesis with all the remaining matches

A Select hypothesis with lowest fittirgrror




Recognition

A Which model to use?
A How generate hypotheses?
A How to verify these hypotheses

Detecting planar objects
Detecting arbitrary objects and estimate camera/objec
D0Sse

o T




Recognizing single instances

Goal: given a query image |, identify object

MOC

MoO

e

e

In the image |
. collection of points on a planar surface

model




Recognizing single instances

Goal: given a query image |, identify object
model in the image |

query

Challenges:

A View point changes

A lllumination changes

A Features from background

model



Recognizing single instances

A Findmatches between fAimodel 0 points e

query

model




Recognizing single instances

A Findmatches between fAimodel 0 points e
A Using N matches to fit homographic transformation (hypothesis generation)

A If matches and selected model are correct, the fitting error is small
(verification)

query

Verification: The hypothesis generates high
fitting error

model



Recognizing single instances

A Findmatches between fAimodel 0 points e
A Using N matches to fit homographic transformation (hypothesis generation)

A If matches and selected model are correct, the fitting error is small
(verification)

query

Verification: The hypothesis generates low

fitting error model




Recognizing single instances

A Findmatches between fAimodel 0 points e
A Using N matches to fit homographic transformation (hypothesis generation)

A If matches and selected model are correct, the fitting error is small
(verification)

query

Iterate and retain hypothesis
generates lowest fitting error

model




Recognizing single instances

A Findmatches between fAimodel 0 points e
A Using N matches to fit homographic transformation (hypothesis generation)

A If matches and selected model are correct, the fitting error is small
(verification)

query

How to implement this?
RANSAC!

model



Line fitting
with outliers

Sample set = set of points in 2D

Algorithm:

1. Select random sample of minimum required size to fit model [?] =[2]
2. Compute a putative model from sample set

3. Compute the set of inliers to this model from whole data set

Repeat 1-3 until model with the most inliers over all samples is found



Line fitting
with outliers

Sample set = set of points in 2D

Algorithm:

1. Select random sample of minimum required size to fit model [?] =[2]
2. Compute a putative model from sample set

3. Compute the set of inliers to this model from whole data set

Repeat 1-3 until model with the most inliers over all samples is found



Line fitting
with outliers

Algorithm:

1. Select random sample of minimum required size to fit model [?]
2. Compute a putative model from sample set

3. Compute the set of inliers to this model from whole data set
Repeat 1-3 until model with the most inliers over all samples is found



Recognizing single instances

Goal: given a query image |, identify object

MOC

MoO

e

e

In the image |
. collection of 3D points with descriptors

model




Recognizing single instances

Goal: given a query image |, identify object
model in the image |

Model: collection of 3D points with descriptors
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Recognition

Class: toy house #3

1. Find matches between model and test image features



Recognition

Class: toy house #3

M=K [RT]

1. Find matches between model and test image features

2. Generate hypothesis:
ACom pute transformation M from N matches (N=2; affine camera; key points with scale and rotation)
AGenerate hypothesis of object location and pose w.r.t. camera



Recognition

Class: toy house #3

M=K [RT]

1. Find matches between model and test image features

2. Generate hypothesis:
ACompute transformation M from N matches
AGenerate hypothesis of object location and pose w.r.t. camera

3. Model verification
AUse M to project other 3D model features into test image
ACompute residual = D(projections, measurements)



Recognition

Class: toy house #3

M=K [RT]

4 . Repeat steps 2 and 3 unti |

5. Repeat steps 1-4 for different object instances

6. M and C corresponding to min residual return the estimated
object pose and object instance



Largescale visuadearch

Courtesy of Grauman and Fergus



