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The Explosive Growth of Image/Video Data
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(Slide from Lexing Xie of IBM)

Example:
-'w-- My family’s video channel

= 70 videos uploads to Youtube in two years

= Single top video viewed more than 100,000 times
= More than the total views of my published papers!!!

& stonangi22 | & (0) [Account v | Quokist | hep | S 0ut

Communty | Uolead

Yﬂu ordwide (A1) | Englsh «

Broadcast Yourseil™ Home Videos cha

Videos
Pachelbel "Canon in D Major”

Rate: % &k k &k & 121 ainse Views: 79,290

video
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¥ Name % URL $ Alexa ¥ Google PR ¥ Language

Yahoo video Ifvdes yzhao.com L s Engish

Google Video jdes.gaogie.cam 2 8 Engish Top Video Shari ng
Youtube youtbe.com 3 E Engish .

Video.qq fdeo.qa.com 5 s Chinese SlteS (338)

You.video.sina.cn /.5iNa.com.cn 18 7 Chinese

Flckr fickrcom En 4 Engish

Photobucket hotobucket.com frecent/videos 3% & English

Youku youku, com 55 7 Chinese - 1 2 | n top 1 00 Web
Daily Motion ht dailymotion.com 64 7 Engish . .

- . traffic ranking
Rambler Vision httpeffision.rambler ru 72 7 Engish AI

4Shared .4shared.com 100 6 English ( exa)

Your File Host rfilehost.com 103 5 English

; = truly international,

Tudou

Metacafe .metacafe.com 119 7 English H
KUs kw6, com 122 7 Chinese no Ianguage barrler
TinyPic tinypic.com 157 3 English .

Cnet TV nettv.cnet.com 158 7 English | | Vldeo aS

Libero http:f/video.libero.it 161 1) Italian .

e e a universal

Imeem 171 7 English Ianguage for

Video.web.de 182 1) German . .
- sharing experience
6.cn 217 1) Chinese

56 .56.com 261 7 Chinese

Vision.Ameba.jp sision, ameba.jp 71 3 Japanese

Justm TV et = ° Froen (survey by Mark Robertson Jan 09
Break .break.com 323 7 English

Hulu hulu,com 342 7 English

vid ke t k: ynet.com 383 5 Turkish

What’s available today

= Example
= Search over 35 million videos on blinkx

“find videos about Iran election”
(video)

“find videos showing Cruise in Manhattan”
(video)

rrdigital video | multimedia labx
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Stress Tests of Existing Search Engines

“” H ”
Manlzgttan Cruise
Cruise sﬁm in Manhattan”

O(GOL)gle [cnase hip in nten -

Moderate SafeSearch is on

Images S

Images  Showing: [Allimage sizes _ v| |Any content v| 5 All colors v Results 1 - 18 of about 236,000 (0.17 seconds)
Manhattd
i Exped Manhattan Vacation Cruise In Manhattan Manhattan Cruises Sponsored Links
Vacation at| ¥ Expedia com  Manhattan is Caling. Book Your v viator com/new-york-cruises _Book d-star rated New  www CitySightsNY com/Cruises _Hop on Board - New

Vacation at Expedia Today. York City sightseeing cruises on Viator York City Harbor Manhattan Cruises. Save S5 Online.

el Caps Livrty Cruise Portin  Cruise ship Zenith of Celebrty ..  Cruise ship sirkes Manhattan cruise ship manhattan  "Camival Miracle” Cruise Shi SS Manhattan Vintage
s jonne 0 x 600 - 73k pier 500 x 375 - 98k - jog 500 x 375 - 137k - jpg Passenger
i 800X 600 - 72 sirecneyork con 450250 37 - jpg ficecom i fickscom 400400 -
www nydailynews com m ww zazzle.com

Man|
500x

...be on a cruise ship. in Hell Pe
339 x 510 - 83k

ilovemonsterbash blog

dic ... City Cruise - cruise ships in Smooth Cruise around
320 x 320 - 26k - jog 450 x 450 - 40k - g
v bizbash com v dezeen com

e ship leaves Manhattan ...
HManhattan hattan 3446 x 414 - 307k - jpg

485 x 322 - 60k 15k - jpg Wi panoramio.com
wi smoothjazz Wy

Cruise Ship Crashes Into Cruise Ship Crashes Into .. Authorities say a cruise ship ... Cruise Ship History UNITED  Crystal Symphony 2 Cruise
Wanhatan .. Manhattan ... 440 x 503 - 4dk - jog sails . STATES .. Ship ...
640 x 429 - 2% - jog 636 x 429 - 20k - jog ‘o 1010wins com 800 x 600 - 71k - jog 898 x 1129 - 564k - jog 3006 x 2000 - 295k - jpg
i cruisecrazies com W cruisecrazies.com ednewyork com criselinehistory.com radonic wordpress.com

A Quick Assessment

Infrastructure is ready for acquisition, sharing,
and streaming.

User adoption is happening.

But search solutions are still preliminary

= relying on textual metadata

Remember many videos do not have metadata
ready for search

= Surveillance

= Consumer videos in the shoebox

rrdigital video | multimedia labx
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.. Vision: Filling the Semantic Gap

L] . -
= Audio-visual features = Rich semantic description
= Geo, social features based on content analysis
= User context
= Context fusion

W Anchor
@ Snow

| Soccer
@ Building
0 Outdoor

Statistical models

S.-F. Chang, Columbia U. 9

Concept-based Video Search

P RS e~ TN
User Level ’ ¢ auey D ¢ auey2 b uey-3.0
" " e

A
L S 2 Ontology and Large Scale Web Corpus :
8, g_ pre— ,Af’«\] -
e | §& =
o) cal
5| °
%_ 777777777777 { Concept Detectors % 7777777777 o
0T o
®| 34 g
© o c-.i Concept 1 Concept 2 Concept 3 g
= E
v 3a
7777777777777777 { Low-level Features } e
== ] Vs
Low Level [ 1/‘3 ; J J
Representations 5 X
Text Image Motion Audio

=

(Slide from Yu-Gang Jiang)




"«-- Important issues

= What are useful and feasible categories?
= A picture is worth a thousand words ...
= Which 10007?

= How to build automatic concept classifiers
= The semantic gap problem

= How to search over such analytics models?
= The user gap problem

S.-F. Chang, Columbia U. 11

"a-- LSCOM Ontology

(Naphade, Hauptmann, Smith, Chang, et a/*06)

= Large Scale Concept Ontology for Multimedia
= Broadcast news video
= Defined by experts and actual intelligence users
= Useful, observable, detectable concepts

= 30M+ labels for 449 concepts annotated over
60,000+ video shots

= Download by 450+ groups

= http://www.ee.columbia.edu/dvmm/Iscom/

S.-F. Chang, Columbia U. 12
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.-_..L.SCOM Concepts

Scene

grar

Iogosuw

tex

S.-F. Chang, Col

Event/Activitu
People

cheering

Object

asian_people

airplane

charts

sing

head

PE

single

trees

computer_or_television_screens

exploding ordinance flags

ground_vehicles

maps

overlaid text

rifles

us_flags weapons

Many more datasets ... growing everyday!

ot domain_Jamount | types | Lexicon size _

Broadcast news,

TRECVID documentary,
Flickr, Youtube...
Broadcast news
LSCOM video
CalTech256 Internet Images
PASCAL Internet Images
Tiny Image  Internet Images
Internet and user
LabelMe uploaded images
and videos
ImageNet Internet images
Lotus Hill
Dataset Internet Images

400 hours Sound & Vision
170 hours Television News
100 hours BBC rushes
(130,000+ subshots)

170 hours Television News
61901 subshots

30,607 images

9,963 images
24,640 annotated objects

80,000,000 tiny images
(32x32)

30,369 images from 183
folders

3,247,902 images

500,000+ images and
keyframes

video
shots,
keyframes

video
subshots
images
images,
objects

images

images,
keyframes

images

images,
keyframes

10 (2004, 2005)
39 (2006)
39 (2007)
20 (2008)

449 concepts
256 classes

20 classes

75,378 WordNet
nouns

111,490 object
labels

5,247 WordNet
synsets

280 object
classes

8/1/2009



.. - Crowd sourcing for image annotation

Sign Inf

amazonmechanical furk =

Reward: $0.05per HIT  HITs Available: 1655  Duration: 60 minutes

HITs v

HITs containing "annotation’ Draw & box around §ig: long and light rowing boat: especially for racing

1-2 of 2 Results
Sort by: |HITs Available (most first) v \q

Draw bounding boxes around obiects in images|

Requester: mtlabel-dolgres

Medical Image Segmentation (OCT) - 1060 - BC
Requester: Cardiff Turk

Main| Instructions with examples Look up "gig" in Wikipedia in Google

Draw a bounding box around the
following object in the image:

gig: long and light rowing boat; especially
for racing

Instructions:

+ Include all visible parts and draw as
tightly as possible

« If there are multiple instances,
pick only ONE ( any one ).

+ Do NOT draw on the instances
that already have bounding
boxes.

SEE INSTRUCTIONS WITH
EXAMPLES

[ICheck here if there's NO gig in this
image or if every instance already has a
bounding box.

-~

s

3
=

roup

[

Such task is nicely called Human Intelligence Task (HIT)!

15

Image Labeling
via game playing

= Use competitive
games to motivate
users

= Select labels based
on agreement

= Much more fun

= Concerns with the
label quality

Video

common
image

0:09 | The ESP Game 0017

Time Left

Your Guesses
CORRIDOR

COLUMNS

progress

meter message
area

(Von Ahn & Dabbish, CHI 04)
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-"a--IMportant issues

= What are useful and feasible categories?
= A picture is worth one thousand words ...
= Which 10007?

= How to build automatic concept classifiers
= The semantic gap problem

= How to search over such analytics models?
= The user gap problem

S.-F. Chang, Columbia U. 17

Simple Classifiers using Global Features

Labeled Training Data Feature Model Learning Fusion
Extraction SVM Classifiers
Annotaticn- or Independent over
Search-based Models R ] each featura space.
1 !
L
Don't care abcut source | Grid Cclor ! >
( ) | Momants ! » - - — ,
1 O . Averags !
- ' SWM !
| Prediction |
Y == Scores !
R
--
L
——
RAASE
—>
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Very Simple Global Visual
.._- Features

_I
grid color moment texture edge direction
I ETEY
=N
IS Kl Y
=
IS BN B
==

1 2 3 4 0 an 60

= Capture global distributions plus layout
= Popular choice for scene classification

Keypoint Localization

* Goals:
— Repeatable detection
— Precise localization
— Interesting content
= Look for two-dimensional signal changes

S.-F. Chang, Columbia U. 20 (Slide courtesy of K. Grauman)

8/1/2009
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Counting Local Key Points:
. . Bags of Words

Keypoint extraction Keypoint Visual word

feature vocabulary
space

(training
set)

BoW histogram

Vi V2 V3 Vg

(Sivic and Zisserman, ICCV 2003)

S.-F. Chang, Columbia U.
& o 21

Local Features
Multi-BoW Spatial Pyramid Kernel

)
i
\
\
I\
\

g DoG  Hessian Affine MSER

a

2]

T oy

3 EaED ol CHED

P & L

a 4 | | 1
Visual word Visual word Visual word
vocabulary 1 vacabulary 2 vocabulary 3
{-¢IA] {oolA] [oolA]

BoW histograms Using
Soft-Wejghting

SVM classifiers

didddd. .=

Vocabulary Generation

S.-F. Chang, Columbia U.

22

BoW Representation

[Jiang, Ngo, Yang, CIVR07]
[Lazebnik, Schmid, Ponce, CVPRO6]

8/1/2009
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How to Fuse Kernels from Different
Scales/Blocks/Codebooks?

-~ A fast quadratic programming solution:
K= uKy u; 200 pin 1K —Y 112 +4 lHull?

s K=Y u, K,

J
w,20,j=1,....0, > u,=

j=1

- ﬂ -
"
() Open country it
“open country” “open country” “open country”
e vs. “coast” vs. “forest” vs. “highway”

ol

(He, Chang, Xie, CVPR08)

(©) Forest

() Highway E..-

Figure 1. Examples of pictures in the natural scene dataset

Local Features Prevail in Recent TRECVID

TRECVID 2008 Type-A Submissions (161)

Run2: run4 + Face&Audio )

Run4:run5+ CU-VIREO374
Run5: run6 + global feature

Run6: Local Feature Alone

Mean Average Precision

— Spatial local features achieve near top performance (Chang, et al, TRECVID 2008)
— Other features (global, context, face, audio) help
— 374 detection models available for download
Global Features (Columbia374)
http://www.ee.columbia.edu/In/dvmm/columbia374/
Local Features (CU-VIREO374)
http://www.ee.columbia.edu/In/dvmm/CU-VIREO374/

S.-F. Chang, Columbia U. 24

8/1/2009
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Precision

0.7

0.6

0.5

0.4

0.3

0.2

0.1p

PR-Curve: Boat-Ship
[ Avpredsonian) |

Local + global features
Local features only

Boat Ship

Local + Global Features
Local Feature Only

0.2 0.4 0.6 0.8

Recall

0.238
0.228

No. of training samples: 437

Precision

0.2

0.18

PR-Curve: Flower
T e precsonan) |

Local + global features

Local features only

Flower

Local + Global Features
Local Feature Only

0.2

0.4 0.6 0.8 1
Recall

0.091
0.082

No. of training samples: 582

8/1/2009
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Sample detection results (TRECVID2008)
Airplane flying
Classroom

Demonstration
Or Protest

Cityscape

Singing

Explore Concept Correlation:
Semantic Diffusion via Graph

Individual Classifier s:
Desert: 0.68; Sky: 0.60;
Weapon: 0.38; Car: 0.43;
Vehicle: 0.35 ...

Concept
correlation
graph

WEAPON
O

correlation matrix

Classifier ¢j score

g(‘?z ( ) 2
2;;{21 z.?H\/i \/7

PARKING_LOT (J

(g", W*) = argmax &
g, W

14



8/1/2009

Adapting Graph Weights to New Domain

Broadcast News Documentary

The correlation

Graph optimization model does not fit

the new domain

(¢, W*) = argmax &
g, W

PARKING_LOT (U

(Jiang, Ngo, and Chang, ICCV09) .
Iteration: 8@

Effects of concept correlation

TRECVID 2006 Test Data

0.5

= Baseline ® Semantic Diffusion

Average Precision

& & 2 O X & S > SO @ & o 2
Qo{‘ ,,;\Qe’o@“ ENE \&@ RPN .-\\\‘?ﬁ & & S CuE S E S
TN PN O S e N (el o & &

& @7 <V 29 &
$ o’ ¢ R N
K Q° S LR
«:P‘Q

* Consistent improvement over all concepts: ~10%
* Efficient process, linear complexity O(mn), 2 ms per image

30

15
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Scalability Issue

* Training time of a new concept (#pos: ~1000; #neg: ~10,000)
= 10-20 hours (single P4 3.4GHz CPU)

* Time of processing one image/keyframe
Global feature extraction (color + texture) 0.1 seconds

Local feature extraction and quantization 5 seconds
(3 types of keypoints; 500 visual words for each type
of keypoint; on average 700+ keypoints per image)

Testing (classification time) 0.4 sec/concept

Speedup
= ~1.5 hours (IBM Random Subspace Bagging approach)
= ~0.1 hours (cluster distributed computing over 16 nodes)

Random Subspace Bagging (RSBag)

Scaling in both data and feature space [TRECVID'07, 1BM]

RSBag

* RSBag: reduce redundancy of concept models in both data and feature space

Select multiple small bags of training examples from sampled data and feature space

Learn a base model on each bag of data w. any learning approaches (such as SVMs)

Fuse them into a composite classifier for each concept

Advantage: achieve baseline performance w. less learning time & smaller model size

(Slide from Rong Yan of IBM)

16



Blessing of the Web: Internet Vision

= Billions of images online as dense sampling of visual world
= Tiny images may contain enough information for recognition
1256256

Does the picture
= Tiny Image contain person?
(Torralba, Fergus, Freeman ‘07)

= 75,378 nouns, 80M images from Internet

= Simple pixel correlation distance

= Outperform special detection models for
some

Precision

= Tinv imaaes ranking
Viola-Jones  (high-res)
Viola-Jones  (32x32)
= Altavista ranking

0 20

0 80 100

40
Recall

Parametric models /f—‘(—v o
Instead of

Subspace of monkeys building a model

arametric model .
Parametne mode Non-parametric Approach
- 1 HIGH DIMENSIONAL !!!

(Slide from Robert Fergus’ site) ! HIGH DIMENSIONAL !!! * Subspace of monkeys
Subspace of natural images - e ;

Find nearest
neighbors and

propagate labels

(Robert Fergus)

8/1/2009
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Back to Fundamental Problems

= Nearest neighbor search over billions of images
= Locality sensitive hashing preserving proximity
= Hashing considering geometric attributes

= Similarity metrics

= Robust over content diversity due to imaging and
editing variations

= Easy to compute

rrdigital video | multimedia labzx

Beyond Nearest Neighbors

= Images are not random in the feature space
= Explore Manifold Structures

= Manifold structures may be used to aid
= Visualization, label propagation, retrieval
= More than nearest neighbors

18



Graph-based Representation and
Semi-Supervised Learning
+ Given a small # of labeled data and a large # of unlabeled

data

" . G -- h
;7 =minQ(f,4,6(V.W)) v S aphnode

W -- weight matrix ¥

Input samples with sparse labels

Positive _ Negative

&)
& °
Input Samples

Label propagation on graph

. Unlabeled

Q -- risk function

f -~ classification
- - label matrix

Label inference results

. Positive

. Negative

Many Challenging Issues

@ J
LGC - o
Method o %
uuuuuuuuuuuuuu s Clssiteton o o
(a) (b) (©)
‘o 0008 o SERELe o o
B i %gn"ﬁf@g I
GFHF PR Y. 20 %ﬂ i
Method ot 1@
i ol B & % ° o X0
N ROV £ SRR LI
4l MR | R )
) e o@fﬁ
i g s
(d) (e) s
Unbalanced Bad Label Noisy
Labels Locations Labels

S.-F. Chang, Columbia U.

38

38

8/1/2009
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A hot topic in Machine Learning

> Given initial labels, Y, find classification function F over
graph nodes

(Zhou, et al NIPS04) m @
smoothness labels
w

I 2 n
2 IS A
i=1

Fj
D‘H V.Efi

Gaussian fields & Harmonic functions (Zhu et al ICMLO03)

' \ J_ s s .
QF) =53 > wy|Fi = By |

i=1 5=1

1) AF = 0 onunlabeled data, where A = D — W is the
graph Laplacian:
2) F;. = Y; on labeled data.

39

Graph Transduction via Alternating Minimization (GTAM)

(Wang, Jebara, Chang, ICML08) (Wang and Chang, CVPR09)

-- Bivariate Optimization over Labels (Y) and Prediction (F)

O(F.,Y) = %tr {FTLF + w(F - VY)T(F - VY)}

* Prediction/Propagation Step

» Given label (Y), propagate over graph
o9

opr = 0= F'=(L/u+ D-IVY =PVY

» Label Selection Step
« lteratively add good labels or remove bad labels

o(Y) = %tr (YT v’ [PT LP + u(PT - 1)(P - 1)] VY)

40

8/1/2009
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Iteration #2 Initial Labels

Label Diagnosis
and Self Tuning

(Wang and Chang CVPR’09)

5-GTAM
- LDST-self-tuning
£ LDST-propagation

" Iteration Number

The values of the cost function Q during optimization procedure of
LDST and GTAM methods.

Application: Auto Rerank Web Image Search

Go Rerank ch “Tiger” of Liberty”

Keyword
Search

Flickr
Photo Site

Topimages as +
Bottomimgs as -

Diagnosis
Diffusion

21
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Effects of Graph-based reranking

(Wang and Chang, CVPRO09)

- < 2
= &8 & = o
2 & « * @ <
by
o <"
- Text - 5VM = LGC - GTAM = VisualRank = LDST

il
oF

The comparison of the precision of the top 100 ranked
images over different categories of images.

/~\
VisualRank ( LDST\
Aceuracy (%) kb‘?.ll) 74.22 | 70.80 ‘ 81.44 ‘ 79.00 v?.sg

The accuracy oI top ranked Flickr images by diffevert
approaches.

‘ Method ( Text\ SVM ‘ LGC ‘GTA_\/I

Brain Machine Interface for Image Retrieval

* Decode user’s interest during image browsing

BCl based

Interest Object
on EEG '

Detector

Randomly Sampled
Image Subset

~~7! Image Database

Visual Similarity Graph

Refined Annotations

Graph-based Visual Saliency Discovery

(joint work with P. Sajda, E. Pohlmeyer, B. Hanna, and Y.-G. Jiang)
(Wang , Pohimeyer, et al, ACMMMO09)

22



Decode brain state via EEG EEG scores as initial labels

(video)

T

/ .,, =7 o B M. / “Dalmatian”

N . . ' Manifold
° i a /

} < /

{® UniabeledData

Rapid Serial Presentation of Caltech 101 Images Graph-Based Visual Pattern Discovery

(Wang , Pohimeyer, et al, ACMMMO09)

Target Detection by EEG Brain State Decoding

\\/

Jzﬁ s

AR
;5] LA

Target Detection After Semi-Supervised Graph Diffusion

8/1/2009
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Target Detection After Graph Diffusion

Images from DigiGlobe)

-a-- Important issues

= What are useful and feasible categories?
= A picture is worth one thousand words ...
= Which 10007?

= How to build automatic concept classifiers
= The semantic gap problem

= How to search over such analytics models?
= The user gap problem

S.-F. Chang, Columbia U. 48

8/1/2009
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. - How to Search over a Large Classifier Pool?

L] . -
= Audio-visual features = Rich semantic description
= Geo, social features based on content analysis
= User context
= Context fusion

W Anchor
@ Snow

| Soccer
@ Building
0 Outdoor

Statistical models

S.-F. Chang, Columbia U. 49

User Gap

» Given an assigned search topic, how to select
the most appropriate concepts?

‘ Topic: Find shots of something burning with flames visible |

> .
- explosion?

smoke?

8/1/2009
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“User Gap” Challenge:
-*m - - User’s Inability in Forming Queries

= Difficult to choose words/concepts without in-depth
knowledge of data and vocabulary

Dlrﬁcuues for Uninformed Users of Automated Visual Search Approaches p

What are the all of the visual vocabulary
available for search?

road

statistical co-occurrence
sky person

aircrafi fire...  several fires...
keyword matching urban  outdoor

=
commercial large aircraft. . visual classifier
car building

airplane  fire
lexical similarity
car car crash
—y

J Example query: Find shots of something (e.g. vehicle, aircraft, building, etc) on fire |

S.-F. Chang, Columbia U. 51

Pains of Frustrated Users

= Forced to take “one shot” searches, iterating queries

with a trial and error approach...

| Query: Find shats of something (e_g. vehicle, aircrafr, building, ecc) on fire |

t|mc search ilerations ——————————=

1 re, alrpls.ne bu lding,

q"’mke car, sky fire: smake
3150%_ 180 | 3150 31-80
g1-o0 (47 lerao

E1-30 61-00

S.-F. Chang, Columbia U. 52

8/1/2009
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State of the Art in Addressing the User Gap

= Scale up to a large number of e TR T T
classifiers G SHoneast
= Explore interactive tools
= Fastrelevance feedback
= Game-style Ul
= Multi-dimensional browsing
= Instant keyword mapping and
navigation
= VideoOlympics
= an exciting forum showcasing
the video search systems

(http://www.videolympics.org/)

Sample Video Search Systems

IBM IMARS

= 1200+ concept models, multimodal retrieval
VisionGo, National U. Singapore

= High-level concepts, text

= Game style Ul, relevance feedback
MediaMill, U. of Amsterdam

= Multi-dimensional fast browsers

= Context, similarity, high-level features
CuZero, Columbia U.

= Query to concept mapping, 450 concepts
= Real-time query navigation
= Informedia, CMU
= Multi-modal search, concept filtering

rrdigital video | multimedia labx

27



Visual semantic classification adds important new dimensions for search

(IBM Multimedia Analysis and Retrieval Search System Prototype)
_ _ - - What IMARS does?
Automatic semantic classification of video
contents during ingestion
Can be integrated with existing search
systems and interfaces

Can be invoked as services (SOA, Web
Services)

Novel Approach:

Search Results . . .
T T T G | e Y Frree System models visual semantics of video
using visual features

Automatically classifies visual semantics
covering scenes, objects, events, people,
sites of interest

Also support browsing and retrieval usin
visual similarity, near duplicates, text an
temporal adjacency

Benefits:

Automates video content indexing reducing
costs with manual approaches, making
previously inaccessible content searchable
Enhances “text-only” and “speech-based”
approaches

Provides more accurate retrieval (higher
precision) by combining visual semantic
classification with other search techniques

Demos & Downloads:
” http://mp7.watson.ibm.com/demos
http://www.alphaworks.ibm.com/tech/imars

: “Find people eating

(Slide courtesy of L. Xie)

The Med|aM|” MUItl' Video: “Find people in
[ ' front of pl "
Dimensional ForkBrowser ront of plantstrees

any quer = y method

'l v K
0\ W* / R
ALY
7 X & | 3
m N (Slide courtesy of O. de Rooij)

(0. de Rooij, C. Snoek, and M. Worring, CIVR’08)

8/1/2009
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NUS VisionGo System

= Game style Ul, fast relevance feedback

g

Flo vew Cormel bep

VisionGo®

video5_179

video27_350 videa19_112 video2_140

video

(Slide courtesy of T.-S. Chua))  (Luan et al, CIVR08)

—~ 1) of
@US=cro Video: “Find Dakota
Zero-Latency Video Search Building near Central Park”

Semantic Guided Query Formulation

Search Target Concept Concept
(query topic) Visualization

thousands of semantic
Real-Time concepts

L outdoo
Result Navigation N fire o building}

Multi-Concept || Real-time Query person

airplane | carcrash
] . roal
Navigation Manipulation sky S

.

(Zavesky and Chang , MIR0S8)
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In Retrospect: 15 years after QBIC

IBM QBIC (Flickner et al ’95) Video Goggle

Columbia VisualSEEk (Sivic & Zisserman ‘03)
(Smith & Chang, '96)

- A Killer App of CBIR

= (June 16, 2009) SnapTell acquired by
AS.com, a subsidiary of Amazon.com video

= Ricoh Hot Paper, Erol et al, 2008

Use camera to point to a document
patch and retrieve linked information

30



Conclusions

= Golden opportunity for video search research
= Many practical problems with high impact

= Key exciting research topics
= Billions of data and associated metadata online
= Robust features with efficient indexing
= Intuitive interfaces and search tools
= Machine learning techniques (e.g., SSL)
= Scalability in speed, source, model

rrdigital video | multimedia labzx

Conclusions

= 15 years from CBIR inception to mass products
= Enabled by phone cameras as search Ul

= What's the enabler for the next killer app?

= We are near the 15-yr mark since
=Indoor-outdoorimage classification, Szummer & Picard ‘98
=On image classification: city images vs. landscapes, Vailaya, Jain, & Zhang, ‘98

rrdigital video | multimedia labx
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