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TO COMPLETE YOUR REGISTRATION, PLEASE. TELL US
WHETHER OR NOT THIS IMAGE CONTAINS A STOP SIGN:

ANSWER QUICKLY—O0UR SELF-DRIVING
CAR IS ALMOST AT THE INTERSELTION.

S0 MUCH Of "Al" 15 JUST FIGURING OUT WAYS
TO OFFLOAD WORK ONTO RANDOM STRANGERS.

Thanks to luliu Balibanu
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Scene Categorization

Oliva and Torralba, 2001

Coast | Forest Highway Inside Mountain Open Street TaII
City Country Building

Fe| Fei and Perona, 2005

Bedroom  Kitchen  Living Room Office a—

Lazebnlk Schmld and Ponce, 2006

b Database

Industrlal Store




15 Scene Recognition Rate
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How many object categories are there?

—

78

17} crdd
11d]- s
\\ﬂ*uuq‘wwny.m\wmﬂsn

HnYy

|

115y
awf

Biederman 1987

OK, but how many places?
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train station
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Evaluating Human Scene Classificatio

Accuracy 98% 90% 68%



bedroom(100%) bulinng(100%)

tennis court outdoor(100%) wind farm(100%)




Scene category Most confusing categories

Inn (0%) Restaurant patio

ui
\E

(44%) Chalet (19%)

il AT




Conclusion: humans can do it

A The SUN database is reasonably consistent
and categories can be told apart by humans.

A With many very specific categories, humans
get it right 2/3rds of the timdrom experience
and from exploring the label space.

So, how do humans classify scene:



How do we classify scenes?

i 4

Wall

Door

Ceiling

Light

Door Door
T wall

Floor

Door

Ceiling
Lamp

_ Painting
mirror

wall

_Fireplace
armchair P

Coffee table

mirror

armchair

painting

wall

Bed

wall

Lamp

phone
alarm

Sidetable

carpet

Different objects, different spatial layout




Which are the important elements?

: ceilin _ - ceilin _ i
cabinets 9 abinets lcabinets 9 abinets ceiling
wall
i : : screen
window window window indow | column
seat . oot sear o seat  window 258! e
seat Sea;eat seat Sea;eat seat seat seat seat
seat seat seat seat seat seal cagtgeat
seat seat  gagt seat
Similar objects, and similar spatial layout
Di fferent | ighting, different n



Scene emergent features
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Global Image Descriptors

A Tiny imageSoraba et ai 2008

A Color histograms

A Self-similarity (Shechtmarand Irani, 2007)

A Geometric class layoubiere a, 2005
A Geometryspecific histogramgaondea, 2007
A Dense and Sparse SIFT histograms
A Berkeley texton histogramguneta, 20 | Taxture
A HoG 2x2 spatial pyramids ~ Features
A Gist scene deSCrithdﬁivaand Torralba, 2008)




Global Texture Descriptors

Bag of words Spatially organized textures
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- M. Gorkani, R. Picard, ICPR 1994
o ' A. Oliva, A. Torralba, 1JCV 2001
Sivic et. al., ICCV 2005

FeiFei and Perona, CVPR 2005
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Walker, Malik. Vision Research 2004 X W, x W, X W, X
X S. Lazebnik, et al, CVPR 2006

R.Datta, D. Joshi, J. Li, and J. Z. Wamgge Retrieval: Ideas, Influences, and Trends of the New,Age
ACM Computing Surveyeol. 40, no. 2, pp. 5:60, 2008.



Textons

Kmeans over a set of

_ vectors on a collection
Vector of filter responses of images

at each pixel

I >

Filter bank

Malik, Belongie, Shi, Leung, 1999



Textons

Filter bank K-means (100 clusters)

Malik, Belongie, Shi, Leung, 1999

best match
# occurences @
in image |
label = bedroom universal textons
7%= 417x10%

# occurences
in image

bl g,

label = beach universal textons Walker, Mahk, 2004



Gabor filter

A Sinusoid modulated by a Gaussian kernel

»  Orientation

Frequency
(Scale)
/




Global scene descriptors: GIST
ACKS d3rAadé 2F || &a0Sy s

http://people.csail.mit.edu/torralba/code/spatialenvelope/




