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Alt-text: ñCrowdsourced steeringò doesnôt sound quite as 

appealing as ñself drivingò.



Large-scale category recognition
and

Advanced feature encoding

Computer Vision
Many slides from James Hays



Scene Categorization
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15 Scene Recognition Rate



How many object categories are there?

Biederman 1987OK, but how many places?
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130k images
899 categories

SUN Database ςXiao et al. CVPR 2010



397 Well-sampled Categories

Χŀǘ ƭŜŀǎǘ млл ǳƴƛǉǳŜ ƛƳŀƎŜǎ ŜŀŎƘΦ



?

Accuracy 98%         90%              68%

Evaluating Human Scene Classification





Scene category Most confusing categories

Inn  (0%)

Bayou  (0%)

Basilica  (0%)

Restaurant patio (44%)

River (67%)

Cathedral(29%)

Chalet (19%)

Coast (8%)

Courthouse (21%)



Conclusion: humans can do it

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

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

So, how do humans classify scenes?



How do we classify scenes?

Different objects, different spatial layout

Floor

Door

Light

WallWall Door

Ceiling

Painting

Fireplace
armchair armchair

Coffee table

Door
Door

Ceiling
Lamp

mirrormirror
wall

Door

wall

wall

painting

Bed

Side-table

Lamp

phone
alarm

carpet



Which are the important elements?

Similar objects, and similar spatial layout
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Different lighting, different materials, different ñstuffò



Scene emergent features

Suggestive edges and junctions Simple geometric forms

Blobs Textures
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άwŜŎƻƎƴƛǘƛƻƴ Ǿƛŀ ŦŜŀǘǳǊŜǎ ǘƘŀǘ ŀǊŜ ƴƻǘ ǘƘƻǎŜ ƻŦ ƛƴŘƛǾƛŘǳŀƭ ƻōƧŜŎǘǎ ōǳǘ άŜƳŜǊƎŜέ ŀǎ 
ƻōƧŜŎǘǎ ŀǊŜ ōǊƻǳƎƘǘ ƛƴǘƻ ǊŜƭŀǘƛƻƴ ǘƻ ŜŀŎƘ ƻǘƘŜǊ ǘƻ ŦƻǊƳ ŀ ǎŎŜƴŜΦέ ςBiederman81



Global Image Descriptors

ÅTiny images (Torralba et al, 2008)

ÅColor histograms

ÅSelf-similarity (Shechtmanand Irani, 2007)

ÅGeometric class layout (Hoiemet al, 2005)

ÅGeometry-specific histograms (Lalondeet al, 2007)

ÅDense and Sparse SIFT histograms

ÅBerkeley texton histograms (Martin et al, 2001)

ÅHoG 2x2 spatial pyramids

ÅGist scene descriptor (Oliva and Torralba, 2008)

Texture
Features



Global Texture Descriptors

Sivic et. al., ICCV 2005
Fei-Fei and Perona, CVPR 2005

Bag of words Spatially organized textures

Non-localized textons

S. Lazebnik, et al, CVPR 2006

Walker, Malik. Vision Research 2004 Χ

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

Χ
R. Datta, D. Joshi, J. Li, and J. Z. Wang, Image Retrieval: Ideas, Influences, and Trends of the New Age, 
ACM Computing Surveys, vol. 40, no. 2, pp. 5:1-60, 2008.



Textons

Malik, Belongie, Shi, Leung, 1999 

Filter bank

Vector of filter responses

at each pixel

Kmeans over a set of
vectors on a collection
of images



Textons
Filter bank K-means (100 clusters)

Walker, Malik, 2004

Malik, Belongie, Shi, Leung, 1999 



Gabor filter

ÅSinusoid modulated by a Gaussian kernel

Orientation

Frequency
(Scale)



Global scene descriptors: GIST

Å¢ƘŜ άƎƛǎǘέ ƻŦ ŀ ǎŎŜƴŜΥ hƭƛǾŀ ϧ ¢ƻǊǊŀƭōŀ όнллмύ

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


