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Why do good recognition systems go bad?

AEgWKEé AayQu 2dzZNJ . 3 27
iInstead of 70%7?
A Training Data

I Huge issue, but not necessarily a variable you can
manipulate.

A Representation
I Are the local features themselvésssy?
i2KIFEG Foz2dzi FSIFOdz2NB  lpsig vy
A Learning method
it N2olofeé y2i0 &adzOK | 0A3
the representation (e.g. deep learning
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SUN Database: Largeale Scene
Categorization and Detection

Jianxiong Xiao, James Hay&rista A. Ehinger,
Aude Oliva, Antonio Torralba

Massachusetts Institute of Technology
“"Brown University



Scene Categorization

Oliva and Torralba, 2001

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

Fel Fei and Perona, 2005

Bedroom  Kitchen  Living Room Office ~ Suburb

Lazebnlk Schmld and Ponce, 2006

15 Scene
Database




15 Scene Recognition Rate

100 X
| all [88.1]
90| ——— SIFT [81.2]
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80r: texton histogram [77.8] |~
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j geometric classification map [55.0]
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How many object categories are there?
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train station
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Evaluating Human Scene Classificatio

GD22R ¢ 2 98WWS NEI0% 68%
Accuracy



bullinng(100%)

tennis court outdoor(100%) wind farm(100%)
B veterinarians office(100%)  riding arena(100%)




Scene category Most confusing categories

Inn (0%)




Conclusion: humans can do it

A The SUN database is reasonably consistent
and differentiable-- even with a huge number
of very specific categories, humans get it right
2/3rds of the timewith no training.

A We also have a good benchmark for
computational methods.

How do we classify scenes?



How do we classify scenes?

BN

Celling

Ceiling Lamp wall
Light . painting
Door Door mirror Painting  mirror
Door D Lam
Wall Door Wall Loor wall wall P
_ phone
_Fireplace Bed alarm
armchair armchair
Floor Sidetable
Coffee table carpet

Different objects, different spatial layout



Which are the important elements?

- ceilin - ceilin "
cabinets 9 abinets |lcabinets 9 abinets ceiling
wall
' screen
window window window window | column
Steat seat S'?at seat window Seat seat
sea sea
seat seat t seat seat t seat seat seat seat
sea sea
seat seat seat seat seat seal gpgtseat
seat seat seat seat
Similar objects, and similar spatial layout
Di fferent | ighting, different n




Scene emergent features
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Global Image Descriptors

A Tiny imageSornaba et al, 2008

A Color histograms

A Selfsimi Iarity (Shechtmarand rani, 2007)

A Geometric class layOutieme:a, 200
A Geometryspecific histogramguionde: i 2007

A Dense and Sparse SIFT histograms

A Berkeley texton histogramuneta.zom | Texture
A HoG 2x2 spatial pyramids ~
A Gist scene descriptQiva anarorana 2008

Features




Global Texture Descriptors

Bag of words Spatially organized textures

ke e i wlgp
e
4 <4 <4 <
& & ¢ 4

d M. Gorkani, R. Picard, ICPR 1994
. ' A. Oliva, A. Torralba, IJCV 2001

Sivic et. al., ICCV 2005

FeiFei and Perona, CVPR 2005

level 0 level 1

level 2

L *'—- L I * & *.—- I * e *.—- *
Non localized textons

1= ‘ :-";—;j.! N ’o * ‘ ¢ N ‘o * * ¢ N .o * * ¢
- ‘ j : # occurences - ° + +.* . ’ + +.* . N + +“

in image

[ ] * + L * + . E +
neiage universal textons I I ! } : : : : } : : E . e E = o
Walker, Malik. Vision Research 2004 B X W, x W, - X W, X

X S. Lazebnik, et al, CVPR 2006

R. Datta, D. Joshi, J. Li, and J. Z. Warage Retrieval: Ideas, Influences, and Trends of the New, AGgM Computing
Surveysvol. 40, no. 2, pp. 5:@0, 2008.



Gist descriptor

Oliva and Torralba, 2001

AApply oriented Gabor filters
over different scales
AAverage filter energy

in each bin
lllll! e el
i |
mmE BEEE
8 orientations
4 scales
X 16 bins

512 dimensions

Similar to SIFT (Lowe 1999) applied to the entire image

M. Gorkani, R. Picard, ICPR 1994; Walker, Malik. Vision Research 2004; Vogel et al. 2004;
Fei-F e | and Perona, CVPR 2005; S. Lazebni k, et al , CV



