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Augmented Reality

S CO MU R f R S 0N 1 E GGG G e

SRR ) ) ) ) T

3 = v 'ny

[ o SRV RIS T SN A —
v

! 3 :




Augmented Reality

1990

1980  Mid 1580s | Early 19908 Mid 1990s Late 1990s
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Future: Smart Contact Lenses

Sight: Contact Lenses with Augmented Reality
[E. May-raz and D. Lazo, 2012]




Recognizing What the User Sees
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The Touring Machine [Feineret al., 1997]
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Stanford Landmark Recognition (2007)
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G. Takacs etal., ACMMIR 2008.




Recognizing Objects
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Image-based Retrieval

Lavyey) HeI
Dirt Farmer
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amazonmm 513} 85
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Outline

* Review: Computervision for image-based retrieval
Invariant local image features (SIFT); matching feature descriptors
- MPEG CDVS Standard: Compact Descriptors for
Visual Search
CDVS framework & pipeline; Fisher vectors as global descriptors

 Currentresearch directions

Query-by-image video retrieval; interframe compression of local and global
descriptors
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Standing on the Shoulders of ...

_ _ Coding &
Intelligent signal Communication
processing
Human
Syst_em interface
architecture
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Local Image Features

* Vectors that describe local patterns in a way
that is both distinctive and invariant to
— Brightness changes
— Contrast changes
— Shiftin x,y
— Scale change
— Rotation
— (Affine distortion)

 Scale Invariant Feature Transform (SIFT) '®
[Lowe, 1999, 2004] }
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Local Features: Keypoint Detection

DoG Filter
c=8
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Response
o > Space
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Local Features: Descriptor Computation

————

)

D |

Canonical Image Patches

Gradient Orientation Histograms
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Matching Local Feature Descriptors
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Mobile Augmented Reality

Gy

Extract Query Check
”| Features VocTree Geometry |

Server

__| Send Query Send ID and
Frame Geometry
Low Motion l,

Compensate N Display ID and

Time Camera Pose Draw Boundary
High Motion T 7
Track Client
Camera MY |
Pose
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Recognizing Books on A Shelf
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Motorola Droid Smartphone




Architecture A: Send Image

20 kbps = 20 sec

Image ——

Wireless

Network

—Information

Camera

=)

Feature
Extraction

Feature
Matching
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Architecture B: Send Features

Features——

Wireless

Network

—Information

Camera

Feature
Extraction

Feature
Coding

=)

Feature
Matching
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Architecture C: Features on Mobile Device

~— Features
—Information

Feature || Feature

ST Extraction |Matching
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CDVS Standardization

* Moving Picture Experts Group (MPEG - ISO/IEC JTC1 SC29 WG11)
initiated the Compact Descriptors for Visual Search (CDVS)
standard activity at the 91st MPEG meeting (Kyoto, Jan. 2010).

Mobile Visual Search

Date: Monday, 18 Jaruary
Venue:
Kyoto Research Park (KRP)

Chudoy Minamemachs 134, Shimogyo-ku

600-8813 Kyoto ¥
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CDVS Evaluation Framework

Graphics
Paintings
Video Frames
Landmarks

Common Objects
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CDVS Pipeline

xy-location needed
Non-orthogonal for object location

transf.orn.l + (and geometric
Image LoG quantization verification)

. Query

512,
1K,
2K,
404, 4K,
Statistically optimized SIFT 1117, 8K,

based on peak .
response, scale, descrlptor 1117, 16K bytes
location, ... 1117 bytes
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Local Feature Descriptor Aggregation

* Nearest-neighbor matching of variable-size sets of
local features is costly

- Compare images based on a global binary signature
of constantsize ("hash”) instead

* Naive: VQ of feature vectors to generate histogram,
compare non-empty histogram bins (“bag of
features,” “bag of visual words”)

- Better: binarize gradient of log likelihood of w.r.t. to
parameter vector ("Fisher vector”)

‘ Bernd Girod: From Pixels to Information — Recent Advances in Visual Search 29




Fisher Vector

Discriminative score function

%,
y(x)=Liozp, 1)

d-dimensional k-dimensional d Parameters
vector d>> k feature vector

Typical, we use Gaussian mixture model (GMM) forpX‘@(X‘@)
Parameters®: mean (and variance) of Gaussian clusters

For GMM, feature scores U(X) are soft-assigned distance vectors
(and squared distance vectors) relative to cluster centers

Sums of feature scores of an image are “Fisher vector” that can be
used to compare images

Binarization & Hamming distance comparison results in only minor
performance loss (“Binarized Fisher vector”)

&y Bernd Girod: From Pixels to Information — Recent Advances in Visual Search
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CDVS Evolution

Average performance over all datasets and test conditions
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first Global Scalable  Technology = lgorith .
reference descriptor  Fisher development educed algorithm memory requirements
software  (“REVV”)  Vector complete from ~400 MB to ~1MB at the same time
(basedon basedon  (SCFV)
SIFT) Fisher vector

framework
introduced
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CDVS Performance (TM11)
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Architecture C: Features on Mobile Device

NOA

I Sity ! !|!
: 400 Van Ness Ave.

(415)554-6079

~— Features
—Information

Feature || Feature

ST Extraction |Matching
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On-Device Timing Measurements

Samsung Galaxy S3 Smartphone

1 GB RAM
Database of 100K Images
100. 4QO queries |
Global signature
30| database search
Feature 54%
§ 60 ~ extraction
g 320/0
O
© 40/
L
20|
0. _ 14%
0.5 0.6 0.7 0.8 0.9 1 Geometric
Time (sec) verification
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On-Device Image Matching Demo
Database of 100K Images

Raspberry

Samsung Galaxy S3 Smartphone




Augmented Reality Glasses

Right-eye LCD o~ Left-eye LCD

Camera

Android
controller




Augmented Reality Glasses




Augmented Reality Glasses




AR w/ Head-Mounted Camera

[Baidu Eye, 2014]
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Visual Search:
Where Do We Go From Here?

- Database: Images Database: Videos

Limitations of SIFT/CDVS Search “Dark matter of the
framework Internet”
» Scale to very large databases « Temporal redundancy of
* Dense text database
* Non-planar 3d objects * Asymmetric comparisons
“‘Streaming” augmented reality Tracking of copies
» Exploittemporal redundancy of ¢ Leverage audio

queries « Largely solved
« Database caching in mobile

device

Bernd Girod: From Pixels to Information — Recent Advances in Visual Search 40




Visual Search:
Where Do We Go From Here?

- Database: Images

Database: Videos

Search “Dark matter of the

Internet”

« Temporal redundancy of
database

* Asymmetric comparisons

24 Bernd Girod: From Pixels to Information — Recent Advances in Visual Search
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Query-by-Image Video Retrieval

Database of video clips

kol Eo;. for

Image query

Retrieval

System

Applications
— News videos: search event footage using photos
— Online education: search lecture videos using slides
— Brand monitoring: search web videos for product placement

= 7 Bernd Girod: From Pixels to Information — Recent Advances in Visual Search 42




Fisher Vector Aggregation

75 v
70t
Frames
L | 1fps
60 o
55 3
& 50}
% N Shots
£® Similar frames
40t 3.4 sec on average
35;
7" SCFV_scene_LOC_2048 A, Scenes (news stories)
301l -SCFV_shot_LOC_All_fpshot ‘ Diverse shots
26} ©- SCFV_frames 2.7 min on average
£\ SCFV frames no asym
2 e j An
10’ 10" 10
Number of bitwise operations

Stanford 12V dataset, 3,800 hours of news videos, 229 query images

[Araujo et al., ICIP 2015]
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Asymmetric Comparisons

Query Images Database Frames

*  Problem becomes more pronounced with temporal aggregation

« Solution: omit Fisher vector components of Gaussian clusters that
the query does not visit [Araujo et al., ICIP 2015]

- Might have to use more Gaussian clusters to accommodate larger
number of features on the database side

ernd Girod: From Pixels to Information — Recent Advances in Visual Search
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Visual Search:
Where Do We Go From Here?

- Database: Images Database: Videos

“‘Streaming” augmented reality

» Exploit temporal redundancy of
queries

« Database caching in mobile

device

Bernd Girod: From Pixels to Information — Recent Advances in Visual Search
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Architecture B: Send Features

Features——

Wireless

Network

—Information

Camera

Feature
Extraction

Feature
Coding

=)

Feature
Matching

J Bernd Girod: From Pixels to Information — Recent Advances in Visual Search

46



Interframe Compression of Features

. Interframe Patch Coding .

[Makar et al., IEEE Trans. Image Processing, 2014]
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Interframe Compression of Features

% | ¥ Interframe *| ¥
X [%- Descriptor Coding X |-

[Makar et al., IEEE Trans. Image Processing, 2014]
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Interframe Compression of Features

LB RN

Differential Location
Coding

e s e o L D L R t
£

>
(B B BN B BN BN BN BN BN BN BN BN BN BN B BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN B BN BN BN BN BN BN B B B BN BN BN BN BN B BN B BN BN BN BN )

[Makar et al., IEEE Trans. Image Processing, 2014]
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Interframe Compression of Features

70

30 fps | | Intra-coded descriptors |
60 o N
H.264 video
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Inter-coded descriptors
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[Makar et al., IEEE Trans. Image Processing, 2014]
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Temporally Coherent Keypoint Detection

Conventional
keypoint detection Temporally coherent

Reba keypoints, frame 2 Reba keypoints, frame 2

[Makar et al., IEEE Trans. Image Processing, 2014]
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Streaming MAR at ~15 kbps




Wireless
Network

Hybrid Query Mode

Extract Aggregate Match with Perform
Local Global Global —( Geometric
Features Descriptor Descriptors Verification
Send global J m
descriptors in uplink Database

A 4

Match with
Global
Descriptors

—
~ A

Descriptor
Database

Send labels and local features
for top-ranked database

\(Cloud)/

candidates in downlink
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Conclusion: An Exciting Area!

* Mobile visual search is ready for prime-time

« Wide-spread use of augmented reality with HMDs
probably still some years away

« Compression for visual matching is a key problem
— MPEG standardization “Compact Descriptors for Visual Search” (CDVS)
— Video is next: MPEG-CDVA
— Akin to video coding 1980 — still mostly uncharted territory.

_ . Coding &
Intelligent signal Communication
processing
System
architecture
J
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Bernd Girod, Vijay Chandrasekhar, David M. Chen, Ngal-Man Cheung, Radek Grzeszczuk, |
Yurly Reznik, Gabriel Takacs, Sam S. Tsal, and Ramakrishna Vedantham

Mobile Visual
Search

Linking the virtual and physical worlds

Mobility in Media Search

obile phones have evolved into powerful
image and video processing devices equipped
with high-resolution cameras, color displays,
and hardware-accelerated graphics. They are
also increasingly equipped with a global posi-
tioning system and connected to broadband wireless networks.
Mllhu:mbiu.mwdand.pph(momlhalmdrmn
phone to initiate search queries about objects in vi:
ty to the user (Figure 1). Such applications can be
identifying products, comparison shopping, finding i
about movies, compact disks (CDs), real estate, print

Dl Ofect Kt 1.1RORNSP 200190851
Dot ol alction: 15 Ao 2001

artworks. First deployments of such systems include Google
Gogles (1], Nokia Point and Find [2], Kooaba (3], Ricoh iCandy
[41-161, and Amazon Snaptell (7).

Mobile image-retrieval applications pose a unique set of
challenges. What part of the processing should be performed
on the mobile client, and what part is better carried out at the
server? On the one hand, transmitting a Joint Photographic

WIDEBAND SPECTRUM SENSING
AT SUB-NYQUIST RATES

FIBER-OPTIC COMMUNICATIONS

MOBILE COMPUTING HAS
A GROWING IMPACT

EEE

Memory-
Efficient Image
Databases for
Mobile Visual
Search

David M. Chen
Stareford Undversity

Bernd Girod
Starford Urdversity

obriie viwsal search (MVS) sys-
term secogritoe objects in the
users local environment,
setrieve interenting and lm-
portant Information about the objects, and
overlay the information in the mobie device's
viewsinder. Figure | shows a typical exampie of
a0 MVS system. The system pecogrioes oundoos
Bulldings, overlays the address and phone
srambe of each buSiding, and sbows the bulld-
ing’s bocation co 3 map of the Jocal neighbos-
hood. MVS systesis have alio been developed
for recognising snd sugmenting ssedls covers,
peoduct packages, Bliboasds, artwork, and
clothing, among other categocies of objects
Recent commencial deployments of MVS tech
nolagies Inclisde Amaron Flow, Kocaba Visual
Search, Google Goggles, Nokia Polnt and fiad,
and Layar Seownet.
For accursse ot
Jmages captured o) |EEE
compased against 3

L] -
A neac-reak time rey
seambess and cont I
Ing MVS systems
it/ fwww computerong

w oack e tr1 36 @ 2|

Multime
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hoated om  temote wrves and can achleve &
Sow latency, acound 1 second, when the net-
work connection s fxit and when the serves s
bighly respomaive. Howeves, slow tararminions
over 2 wirelew network of congeition on a busy
server can ueverely degrade the et experience
To addrens this probiess, we explain Bow &
memary-cficlent databuse of image vignatures
stored entirely on 4 mobile device can enabie
£t bocal queries. A locally stored database can
poovide fast secognition asywhere and any
time, sepiodien of conditions cutside the
ot device. To realise this goal, the bnage
signatues stored in the local database must be
extzemely compact 10 it in the small amount
of memory svatisble on the meblle device,
capable of efhcient COMparisons across a large
dutabuse, and highly discrissinative 1o provide
robust secognition for challesging queties.
With compact image signatures, 3 mobile
device can store & database contalning lmages
of cutdoot landmarks, book covens, of prodect
PACKIPES, AMONE MANY Mose Practical exam
ples. Whes the databuse requires as wpdate in
response %0 changes in the user’s environment
oF inneresty. the same Signatuses shouks Jpport
inctremental datsbase updates. 10eally, when
server and network conditions improve, these
compact ignatures can be trammitted 10 3
remone seever for expunded Querses againit @
remote databune
In this article. we powsent four methods
recently developed foe ComLeamtiag & Compact
datatune from local image-baved features and
compare thekt oetrieval performances! toee his.
togram coding (THC)," Invened ledex cofieg
(! resicand erdanced vissal vector (RIVV),
and scalabie compressed fisher vecsoe (SCFV).*
Both THC and 11C use compreession technigues
0 compunction with a hag-of viwal-woods his-
10RIAM 10 geneste compact and discriminative
global image signatures. These two methods
reqraire the worage of 2 codebook &= the moblle
device's memory and decoding of compeessed
signatures Guring & query. 10 COBIASE. COMpact
RIVV and SCIV vignatsees are generased from
Bag of viseal words esidoals. While achieving
the same high-level reaieval pesformance as
. Lt h
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Overview of the MPEG-CDVS Standard

LingYu Duan, Member, [EEE, Vijay Chandrsekhar, Member, IEEE, Jie Oden, Jie Lis, Mewder, [EEE,
Zhe Wang. Ticjun Husng, Senior Mewber, JEEE, Bernd Girod, Feftow, IEEE,
wnd Wea Gao, Fellow; IEEE
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L INTRODUCTION
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. follows:
o In Figwe 10a). 8 JPEG-encoded query image is ss.
mined @ the server Vissal descrigbr extraction and
achingrewieval e perfionmed eatirely on ihe server;
o In Pigere Hb) vissal descripeons are envtocsd and
compeessed 08 the mobile client. Machingvesrieval is
performed on the server sieg the iraamitied festero data
as the guery.
o In Figure 1ich » cache of Be duabase s mantaned
o0 e mobile device, 35d smage matching s performed
bocally. Ovly # 3 maich Is ace focnd does the mobile
device send e quary 10 the server for 3 remote rerievl:
o In Figaee 1045 the mobile device porforms o the smape
makching locally, which is feanible 1f the databane by wmall
and can be wosd 08 the motwie device
I cach cane, the retrieval framework must adapt 5 sringeet
mobtdo syviem requisements. Fint. the processag o e
mobiic device must b tad, Nghtweight and have low power
CorsRITERIOn. Second, the sze of the data treumited over B
setwork e be 3 urall 3 powible o redece the network
tatoncy. Finally, the adgonithans wsed for retrieval and matching
st be scalable % potensally very tape databoses and sobudt
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range of condtions, wach 3 partial coclniom, changes i
vantape poist, carsers parmmetens, ad Sghting
Larsad research on the Sopéc [4)-{9), 121] Gemosntrated that
o0 coukd redece iranvmisdon data by @ Mast ae oeder of
magnitude by extracting compact viwal feataren effickontly
o6 Be motsle device sl sending descripion of bow bivacs
% 2 remote werver for perfoeming the search. A wignificast
soduction in bency could alw be achieved when performing
Al proceseng oa the mobule device il

Fellowisg mimal rosearch on the bpic, 38 explorsiory
activity in the Movag Petore Experts (MPEQ) (formal
sthe “ISOMEC JTCE SC29 WOGII™) was isitisscd o B
Fint meocting (Kyoto, Jan. 20105 Ax MPEG exploratory work
progressed, il was recogaized that the ssile of euidisg MPEG
sechaclogies, sxch 3 MPEG-7 Vissal, & not inchede sooh
for robust image retrieval snd Mot 3 sew stasdud would
Sarefore be seoded [10). ¥ wan furher recogrized that,
ey several componmt ocheokopies for isage setieval
axch 3 standand stoskd focus primartly os deining e format
of descripoes and e pats of Deir exuracsion seeded ¥
enware inferopersbidty. Sech descripton nead 1o be compact,
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