Bag of Words

BIL719— Computer Vision
Pinar Duygulu
Hacettepe University



Revisit Texture

* Texture depicts spatially repeating patterns
 Many natural phenomena are textures

radishes yogurt

Alyosha Efros, CMU



Texton Discrimination (Julesz)
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Human vision is sensitive to the difference of some types of elements and

appears to be “numb” on other types of differences.

Alyosha Efros, CMU



Search Experiment |
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The subject is told to detect a target element in a number of background elements.
In this example, the detection time is independent of the number of background elements.

Alyosha Efros, CMU



Search Experiment |l
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In this example, the detection time is proportional to the number of background elements,
And thus suggests that the subject is doing element-by-element scrutiny.

Alyosha Efros, CMU



Heuristic (Axiom) |

Julesz then conjectured the following axiom:

Human vision operates in two distinct modes:
1. Preattentive vision

parallel, instantaneous (~700--200ms), without scrutiny,
independent of the number of patterns, covering a large visual field.

2. Attentive vision
serial search by focal attention in 50ms steps limited to small aperture.

Then what are the basic elements?

Alyosha Efros, CMU



Heuristic (Axiom) Il

Julesz's second heuristic answers this question:
Textons are the fundamental elements in preattentive vision, including

1. Elongated blobs

rectangles, ellipses, line segments with attributes
color, orientation, width, length, flicker rate.

2. Terminators
ends of line segments.
3. Crossings of line segments.

But it is worth noting that Julesz’s conclusions are largely based by ensemble of
artificial texture patterns. It was infeasible to synthesize natural textures for

controlled experiments at that time.

Alyosha Efros, CMU



Bag of words

I\ / =
IN/ = IN/= IN/-
IN/ = IN/= IN/=-
IN/ = IN/= I\N/~-

Torralba, MIT



Bag of words &
spatial pyramid matching

Grauman & Darell,
S. Lazebnik, et al, CVPR 2006
Torralba, MIT



Histogram Intersection

Histogram

intersection A (H(X), H(Y))




Histogram based distances

Given two histograms: hl, h2, such that sum(h1)=sum(h2)=1

e Euclidean
D(h1, h2) = sum ((h1l—h2).72)

* Histogram intersection
D(h1, h2) = 1-sum (min (h1, h2))

. X2
D(h1, h2) = sum((h1-h2).72 ./ (h1+h2))

(using Matlab notation)
Torralba, MIT



Capturing the “essence” of texture

 We don’t want an actual texture realization, we
want a texture invariant

 What are the tools for capturing statistical
properties of some signal?

Alyosha Efros, CMU



Multi-scale filter decomposition

Filter bank

Alyosha Efros, CMU



Filter response histograms

Alyosha Efros, CMU



Textons (Malik et al, 1JCV 2001)

* K-means on vectors of filter responses
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Textons (cont.)




Modelling I — Learning the Texton Dictionary

Textons learnt from
other textures

Texton
Dictionary

Liultiple, unregistered Filtet responses
images of the same
texture

Varma, M. and Zisserman, A., [JCV 2005



Modelling IT — Multiple Models Per Texture

Filter respotises

Varma, M. and Zisserman, A., [JCV 2005



Textons
best match

# occurences
in image

universal textons

%2 = 417 x 103
# occurences
in image
label = beach universal textons

Walker, Malik, 2004
Torralba, MIT



Revisit Keypoint Matching

1. Find a set of
distinctive key-
points

2. Define a region
around each
keypoint

—3 Extract and
normalize the
region content

Ja fB
o 4. Compute a local
il [ﬂlﬂ:mm]]_ — [ﬂ]ﬂm]]]ﬂ_ descriptor from the
e o normalized region
“Npixels d(fA9fB)<T

5. Match local
descriptors

K. Grauman, B. Leibe
Hayes, Brown



Finding the objects (overview)

Match interest points from input image to database image

Matched points vote for rough position/orientation/scale of
object

Find triplets of position/orientation/scale that have at least
three votes

Compute affine registration and matches using iterative least
squares with outlier check

Report object if there are at least T matched points

Hayes, Brown



Matching Keypoints

 Want to match keypoints between:
1. Queryimage
2. Stored image containing the object

* Given descriptor x,, find two nearest
neighbors x,, x, with distances d,, d,

* x, matches x, if d,/d, < 0.8

— This gets rid of 90% false matches, 5% of true
matches in Lowe’s study

Hayes, Brown



Simple idea
See how many keypoints Lots of

are close to keypoints in
each other image

Few or No
Matches

But this will be really, really slow!

Hayes, Brown



Indexing local features

* Each patch / region has a descriptor, which is a point
in some high-dimensional feature space (e.g., SIFT)
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<>D Descriptor’s
feature space

Kristen Grauman



Indexing local features

 When we see close points in feature space, we have
similar descriptors, which indicates similar local content.
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Database images

W@

Descriptor’s Query image

feature space

Easily can have millions of features
tO SearCh! Kristen Graun



Indexing local features:
inverted file index

| Index

“Along I-75," From Datrod b
Flerida; inside back cover
“Diriwe 1-95," Fram Bostan 1o
Flosida; inaide back cover
1524 Spanish Trall Roadway;
1071 - 102,104
511 Tealhe Infonmalion; 83
A1A (Barrier i) - |-35 Access; B
AMA (and CAAY; B3
Ak Nalicnad Office; B0
Abbdeviatians,
Colored 25 mile Maps; cowar
Exit Sarvices; 196
Travelague: 85
Alriea 177
Agricullural Inspection Sine; 126
Ah-Tah-Thi-Ei Masaum; 180
Air Conditioning, First; 112
Alabama; 134
Alachua; 152
Courty; 131
Alatia Fivar, 143
Alapaha, Name; 126
Alfred B Maclay Gardans; 106
Alligaicr Alley; 154-185
Alligater Farm, S1 Augusting; 169
Alligater Bole (dedinilicn); 157
Alligaicr, Bupddy; 155
Alligaicns 100,135, 138,147,166
Anasiasia laland; 570
Anhaica; 108- 100,146
Apilachicota River: 112
Appleton Mus of Arl: 136
Agjuifer; 102
Aralbian Mignts; 94
Art Musoum, Ringling; 147
Aruba Beach Cale; 183
Aucila River Project; 106
Baboock- Weh WHA; 151
Bahia Mar Marina; 184
Bakar Counly; 98
Barefoot Mallman; 182
Barge Canal; 137
Bae Line Expy; 80
Balz Culied Mafiz 83
Barnard Caslro: 136
Big °I*; 165
Big Cypeass: 165,156
Big Fool Monstar; 105
Billlg Swamp Saforl; 160
Blackwator Reoar SP; 117
Biug Argels

Butterfty Canter, MolGsm: 134
CAM (soa ARA)
COC, Thi; 111, 113,115,135, 142
Ca &Zan; 147
Calopsahaiches Rhear; 152
larna; 150
Canavaral Nabnl Seashane; 173
Cannon Creek Airpark; 130
Canopy Foad; 106,160
Cope Canoveral 174
Casfllo Zan Marcoa; 165
Cave Diving: 131
Gayo Gosta, Nama; 150
Coladration; 53
Chailatbe Courity; 149
Charotte Harbor 150
Chautauqua; 116
Chiplay; 114
Marma: 115
Choctawalches, Mamma; 115
Circus Musaum, Ringling; 147
Citrus; 88,57, 130,136, 140,180
CityPlace, YW Palm Beach: 160
City Maps,
Ft Laudardale Expays; 184106
Jadsanille; 163
Kissimmes Expwys: 152183
htlami Expressways: 194-195
Oelands Exprassesys: 162.193
Pansacola; 26
Takzhassas, 191
Tampa-51. Petersburg; 63
21, Augsuting: 191
Cindl Wiar: 100,108,127 138,141
Clamnwater Maring Aquarkum; 187
Colliar County; 154
Collier, Barron; 152
Colenial Spanian Ouarers: 168
Cohambin County: 101,128
Coquinm Building Matorial; 165
Corkscrew Swamp, Mame; 154
Cowbays, 95
Crab Trap 1I; 144
Coracker, Flodida; 88,95 132
Crogsatown Expy: 11,55,88.143
Cuban Bread; 184
Dade Batilafiahd; 140
Dady, Maj. France: 130-140,161
Diania Beach Husricans: 184
Canbel Boone, Flakda Walk: 117
Daytona Beach; 172173
Dux Laned; 87

Driving Lanes; 85
Durval County; 163
Eau Galis; 175
Eddizan, Thomas; 152
Eqlin AFB: 116118
Eight Reale; 176
Ellsnion; 144-145
Emanuel Poind Wreck; 120
Emangency Caliooes; 53
Epiphytes: 142.148,157,159
Ezcambia Bay; 118
Bariclpe (1-90); 119
Gounty; 120
Estore; 153
Evarnglade 90,95, 138-140,154-160
Draining of; 156,181
Wikdiita WA 160
Wondar Gandens; 154
Falling Watars 5F; 115
Fantasy od Flight; 95
Fayar Deploms SP; 171
Fires, Farast: 168
Fireg, Frascribed ; 148
Flsherman's VElage; 151
Flaghar County; 111
Flagler, Heary; 97,165,167,171
Florida Aguacheme: 166
Flarida,
12,000 yoars ags; 187
Cawarn SF; 114
Mag of all Exprossways; 2-3
Mus of Matural History: 134
Matiorl Comatany ; 141
Parl of Alrica; 177
Fiatorm; 187
Sheiffs Boys Camp,; 126
Sparts Hall of Farme; 130
Sun 'n Fun Musaum: 97
Suprams Couwd; 107
Florida’s Turnpike (FTR), 178,189
25 mike Siip Maps: 66
Administration; 1898
Coin System; 190
Exil Services; 188
HEFT; 76,161,180
Highory; 189
Mamas; 184
Service Plazas; 100
Spur SR8 TE
Ticket System; 1590
ToE Plaras; 150
Ferd, Henry; 152

For text documents,
an efficient way to
find all pages on
which a word occurs
is to use an index...

We want to find all
images in which a
feature occurs.

To use this idea, we’ll
need to map our
features to “visual
words”.

Kristen Grauman



Visual words

* Map high-dimensional descriptors to tokens/words by
guantizing the feature space

* Quantize via
clustering, let cluster
centers be the
prototype “words”

'V

Word #2

il

 Determine which
/6 word to assign to
Descriptor’s feature

<>D/ each new image
space

region by finding the
closest cluster
center.

Kristen Grauman
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Inverted file index

y Image #1

W E
)
o
e 7 1,2
0N
“té' Image #2 g 3
0
S
a 9

10

Image #3
91 2

Database images are loaded into the index mapping
words to image numbers

Kristen Grauman



Inverted file iIndex

* New query image is mapped to indices of database
Images that share a word.

Kristen Grauman



Analogy to documents

China is forecasting a trade surplus of $90bn
(E51bn) to $100bn this year, a threefold increase
on 2004's $32bn. The Commerce Ministry said

-~ -
o .

I,.--"i-"" sensory, brain, W rise in im China, trade,
.l"rf visual, perception, '\ ‘;“hritnha‘?g surplus, commerce,
retinal, cerebral cortex, || deliber
eye, cell, optical '

exports, imports, US,
yuan, bank, domestic,

nerve, image

trade freely. However, Beijing has made
that it will take its time and tread carefull
allowing the yuan to rise further in value.

ICCV 2005 short course, L. Fei-Fei



Object

Bag of ‘words’

Alyosha Efros, CMU




‘“II“II\\
‘!l

%!




learning recognition

codewords dictionary
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1.Feature detection and representation

Alyosha Efros, CMU



Feature detection

* Sliding Window
— Leung et al, 1999
— Viola et al, 1999
— Renninger et al 2002

Alyosha Efros, CMU



Feature detection

* Sliding Window

— Leung et al, 1999 ===ty 121 101 T

— Viola et al, 1999 JdEEF I

— Renninger et al 2002 Bl |-

* Regular grid B
— Vogel et al. 2003 NN —

— Fei-Fei et al. 2005 HEERERL
HEEERSE

BEEEEE—-

el | ol e

Alyosha Efros, CMU



Feature detection

e Sliding Window

— Leung et al, 1999

— Viola et al, 1999

— Renninger et al 2002
* Regular grid

— Vogel et al. 2003

— Fei-Fei et al. 2005

* Interest point detector
— Csurka et al. 2004
— Fei-Fei et al. 2005
— Sivic et al. 2005
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Feature detection

Sliding Window

— Leungetal, 1999

— Viola et al, 1999

— Renninger et al 2002
Regular grid

— Vogel et al. 2003

— Fei-Fei et al. 2005

Interest point detector
— Csurka et al. 2004

— Fei-Fei et al. 2005

— Sivic et al. 2005

Other methods

— Random sampling (Ullman et al. 2002)

— Segmentation based patches
* Barnard et al. 2003, Russell et al 2006, etc.)

Alyosha Efros, CMU



Feature Representation

Visual words, aka textons, aka keypoints:
K-means clustered pieces of the image

* Various Representations:
— Filter bank responses
— Image Patches
— SIFT descriptors

All encode more-or-less the same thing...

Alyosha Efros, CMU



Interest Point Features

Compute SIFT
descriptor Normalize patch

[Lowe’99]

Detect patches
[Mikojaczyk and Schmid '02]

[Matas et al. '02]
[Sivic et al. '03]

Slide credit: Josef Sivic



Interest Point Features
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Patch Features
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Alyosha Efros, CMU



dictionary formation
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Clustering (usually k-means)
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Vector quantization

Slide credit: Josef Sivic



Clustered Image Patches
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Image patch examples of codewords

Sivic et al. 2005



Visual synonyms and polysemy

*S:s 1 =

A Rl

Visual Polysemy. Single visual word occurring on different (but locally similar) parts
on different object categories.

y u- o B < Eii-‘?-

‘--"-{-f:‘

Visual Synonyms. Two different visual words representing a similar part of an
object (wheel of a motorbike).

Alyosha Efros, CMU



Image representation

frequency

FLONERLS A

codewords

Alyosha Efros, CMU



Bags of visual words

* Summarize entire image
based on its distribution
(histogram) of word
occurrences.

* Analogous to bag of words
representation commonly
used for documents.

Nir & -
3 Eum@ r&/‘ ™

Alyosha Efros, CMU



Comparing bags of words

* Rank frames by normalized scalar product between their
(possibly weighted) occurrence counts---nearest neighbor

search for similar images.

18 1 4] 51 1 0] (d q)
t AH wim{d4) = g Mg
TrTes Trwe = i di(@) * q(i)

) JEa @+ S

- for vocabulary of V words

Kristen Grauman



Vocabulary size

Results for recognition task wil

— 80 _ - =\=\-|‘ - 6347 images

X

3 70|

g Branching

g factors

S 60 — 8

s /[ 16

*%0k 100k 1|v| 10M sl e Ly
p—g | , | !

Nr of Leaf Nodes s = --‘

Influence on performance, sparsity Nister & Stewenius, CVPR 2006

Kristen Grauman



Can we be more accurate?

So far, we treat each image as containing a

“bag of words”, with no spgletmiQrmation
Which matches

better?

I Hays, Brown

el




Can we be more accurate?

So far, we treat each image as containing a
“bag of words”, with no spatial information

Real objects have consistent geometry

Hays, Brown



Spatial Verification

Query

DB image with high Bow ——— _
similarity DB image with high Bow
similarity

Both image pairs have many visual words in common.

Slide credit: Ondrej Chum



Spatial Verification

Query

DB image with high Bow ——— _
similarity DB image with high Bow
similarity

Only some of the matches are mutually consistent

Slide credit: Ondrej Chum



What else can we borrow from text
retrieval?

| Index

“Along 175" From Daebroi bo
Fleaica; inside back cover
“Drive 195," Fram Boslon 1o
Flomida; inaide back cover
Vit Spanish Tral Roadway;
101 102,104
511 Tralhc Informalion; 83
A1A (Barrier isl) - |-55 Access; BE
AlA (and CARY, B3
A Madicaad OHfica; BR
Abbdeviations,
Cosored 25 mile Maps; covar
Exil Sarvices; 196
Travelogue: 85
Alrica; 177
Agriculiural Inspaction Sine; 126
Ah-Tah:Thi-Ki Fhesaurn; 180
Air Conditioring, First; 112
Alahama; 124
Alachua; 152
County; 131
Alatia Fioar, 143
Alapaha, Name; 136
Alfred B Maclay Gardans; 106
Alligator Alley. 154155
Alligater Farm, S1 Augusting; 169
Alligater Hole (dedinition); 157
Alligator, Buddy; 155
Adligaions; 100, 135,138,147, 156
Anastasia laland; 170
Anhalza; 108-108.146
Apalachicola River; 112
Appleton Mus ol Arl: 138
Aduifer; 102
Aripian Mights; 94
At Musoum, Ringing; 147
Aruba Besch Cale; 183
Aucilla River Project; 108
Baboock-Aeh WA 151
Bahia Mar Marioa; 184
Bakar County; 38
Barafoot Mallman; 182
Barge Canal; 157
Bae Ling Expy; 80
Balz Culied Mali: 83
Bernard Casire: 136
Big *I*; 185
Big Cypeess; 155,158
Big Fool Manster; 105

Butherity Center, MoGiEre; 134
CAA (sea AL}
COC, This 111,112,115,135,142
Ca d'Zan; 147
Calopsahaiches Rivar; 152
ame; 150
Canavera] Nabnl Seashang; 173
Cannon Creek Airpark; 130
Canopy Road; 106,160
Cape Canawiral 174
Casflle 2an Marcos: 1658
Cave Diving; 131
Gy Goste, Nama; 150
Calebration; 93
Charathe Counby; 148
Charbothe Harbor, 150
Chautauqua; 116
Chiplery; 114
Mame, 115
Choctawsiches, Nasmsa; 115
Circus Muspum, Ringling; 147
Citrus; 88,57 130,136,140, 180
CityPlace, YW Palm Beach: 180
City Maps,
Fl Lauderdale Expwys; 1894-1506
Jacksanwitle; 163
Kissimmes Expwys: 182-153
Miami Expressways: 194-195
Ovlands Expressways: 152193
Pangacola; 25
Telahasses; 191
Tampi 51, Petersbung; 63
21, Avigeutine; 181
Civil War: 100,108,127, 138,141
Clearwater Marng Agquarkum; 187
Cofiar County; 154
Collier, Barron; 152
Colonlal Spanizn Quarlers; 168
Crohambds County; 101,128
Coquina Building Material 165
Corkacrew Swamp, Marme; 154
Cowitarys; 85
Crab Trag I; 144
Crackor, Flonida; 88,85 132
Crosstown Expy: 11,55,88.143
Cuban Breadd; 184
Dade Batladiald; 140
Dadle, Maj. France; 135-140,161
Cania Beach Huricane: 184

Diriving Lanses; 85
Dirval Coundty; 163
Eau Galis; 175
Edigan, Thomas; 152
Eglin AFE; 116-118
Eight Reale; 176
Ellénban; 144-145
Emanuel Poind Wreck; 120
Emergency Calibomes; 63
Epiphytes; 142,148,157 155
Ezcambia Bay; 119
Baridge (1-10); 119
County; 150
Esforo; 153
Evanglade 80,85, 138-140,154-160
Draining of; 156,181
WWikdlifa A 180
Wandar Gandens; 164
Falling Watara 5P: 115
Fantasy of Flight; 95
Fayar Dykoas SP; 171
Firgs, Farest: 166
Finag, Prascribed | 148
Fisharman's VElags; 151
Flagher County; 171
Flagler, Henry; 97,165,167,171
Florida Aguarhem: 166
Flasida,
12,00 yaars ags; 167
Cavan SF; 114
Mag of all Exprassways; 2-3
Mus of Matwal History; 134
Matisral Camubacy © 141
Farl of Alnca; 177
Fiathonm; 187
Sheniff's Boys Camp; 126
Sporta Hall of Fami: 130
Sun 'n Fun Musewm: 97
Suprame Cowd; 107
Flarida®s Turngike (FTP), 178,189
25 mila Strip Maps: 66
Adminiatratian 189
Con System; 190
Exil Sorvices; 1860
HEFT, 76,161,120
Higtory; 189
Mamas; 189
Sonice Plazas; 190
Spur 3AS1:TE

China is forecasting a trade surplus of $90bn
(E51bn) to $100bn this year, a threefold increase
on 2004's $S32bn. The Commerce Ministry said
the surplus woulgs icted 30%
jump in expo;
rise inim
further
China's
deliber

China, trade,
surplus, commerce,
exports, imports, US,
yuan, bank, domestic,
foreign, increase,
trade, value

more to bc
stayed withi

trade freely. However, Beijing has made
that it will take its time and tread careful¥
allowing the yuan to rise further in value.




tf-idf weighting

 Term frequency — inverse document frequency

* Describe frame by frequency of each word within it,
downweight words that appear often in the database

e (Standard weighting for text retrieval)
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whole database

Kristen Grauman



Query Expansion

New query Chum, Philbin, Sivic, Isard, Zisserman: Total Recall..., ICCV 2007
Slide credit: Ondrej Chum



