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• Administrivia: 
• Project abstracts due today  

- email the pdf to me 

• Office hours wednesday today 3:45 - 4:45 pm (after class) 

• Outline for today/tomorrow’s class 
• What are the recognition problems in computer vision? 
• A historic perspective of methods

Today
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Object Recognition: Overview and History

3
Slides adapted from Svetlanan Lazebnik, Alex Berg, Fei-Fei Li, Rob Fergus, Antonio Torralba, and Jean Ponce
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5

Scene categorization
• outdoor/indoor 
• city/forest/factory/etc.
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Image annotation/tagging

• street 
• people 
• building 
• mountain 
• …
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Object detection
• find pedestrians
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Activity recognition

• walking 
• shopping 
• rolling a cart 
• sitting 
• talking 
• …
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Image parsing

mountain

building
tree

banner

market
people

street lamp

sky

building
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Image understanding?



How many visual object categories are there?
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~10,000 to 30,000

Biederman 1987

http://wexler.free.fr/library/files/biederman%20(1987)%20recognition-by-components.%20a%20theory%20of%20human%20image%20understanding.pdf

http://wexler.free.fr/library/files/biederman%20(1987)%20recognition-by-components.%20a%20theory%20of%20human%20image%20understanding.pdf
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~10,000 to 30,000
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OBJECTS

ANIMALS INANIMATEPLANTS

MAN-MADENATURALVERTEBRATE …..

MAMMALS BIRDS

GROUSEBOARTAPIR CAMERA



Variability: Camera position 
Illumination 
Within-class variation 
Background, occlusion

Recognition is all about modeling variability
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1960s – early 1990s: the geometric era

History of ideas in recognition
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Variability:        camera position

θ

Alignment

Roberts (1965); Lowe (1987); Faugeras & Hebert (1986); Grimson & 
Lozano-Perez (1986); Huttenlocher & Ullman (1987)

Shape:               assumed known



Alignment: fitting a model to a transformation between pairs 
of features (matches) in two images

Recall: Alignment
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Recognition as an alignment problem: Block world

18J.	
  Mundy,	
  Object	
  Recognition	
  in	
  the	
  Geometric	
  Era:	
  a	
  Retrospective,	
  2006

L.	
  G.	
  Roberts,	
  Machine	
  
Perception	
  of	
  Three	
  
Dimensional	
  Solids,	
  
Ph.D.	
  thesis,	
  MIT	
  
Department	
  of	
  
Electrical	
  Engineering,	
  
1963.	
  

http://www.di.ens.fr/~ponce/mundy.pdf
http://www.di.ens.fr/~ponce/mundy.pdf
http://www.di.ens.fr/~ponce/mundy.pdf
http://www.packet.cc/files/mach-per-3D-solids.html
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Alignment: Huttenlocher & Ullman (1987)
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Variability Camera position 
Illumination 
Etc.

Invariance to:

Duda & Hart ( 1972); Weiss (1987); Mundy et al. (1992-94); 
Rothwell et al. (1992); Burns et al. (1993)
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ACRONYM (Brooks and Binford, 1981)

From object instances to object categories

Binford (1971), Nevatia & Binford (1972), Marr & Nishihara (1978)



Recognition by components
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Primitives (geons) Objects

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory

Biederman (1987)

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory
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Zisserman et al. (1995)

Generalized cylinders 
Ponce et al. (1989)

Forsyth (2000)

General shape primitives?



1960s – early 1990s: the geometric era 
1990s: appearance-based models

History of ideas in recognition
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Empirical models of image variability

Appearance-based techniques

Turk & Pentland (1991); Murase & Nayar (1995); etc.
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Eigenfaces (Turk & Pentland, 1991)



Color Histograms

27Swain and Ballard, Color Indexing, IJCV 1991.

http://www.inf.ed.ac.uk/teaching/courses/av/LECTURE_NOTES/swainballard91.pdf


H. Murase and S. Nayar, Visual learning and recognition of 3-d 
objects from appearance, IJCV 1995

Appearance manifolds
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Requires global registration of patterns 
Not robust to clutter, occlusion, geometric transformations 
 
 
 
 
 
 

Limitations of global appearance models
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1960s – early 1990s: the geometric era 
1990s: appearance-based models 
1990s – present: sliding window approaches

History of ideas in recognition
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Sliding window approaches



Viola and Jones, 2000

Sliding window approaches
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• Dalal and Triggs, 2005

TemplateHOG feature map Detector response map



1960s – early 1990s: the geometric era 
1990s: appearance-based models 
1990s – present: sliding window approaches 
Late 1990s: local features

History of ideas in recognition
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Local features for object instance recognition
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D. Lowe (1999, 2004)
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Large-scale image search 
Combining local features, indexing, and spatial constraints

Image credit: K. Grauman and B. Leibe
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Large-scale image search 
Combining local features, indexing, and spatial constraints

Philbin et al. ‘07
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Large-scale image search 
Combining local features, indexing, and spatial constraints



1960s – early 1990s: the geometric era 
1990s: appearance-based models 
1990s – present: sliding window approaches 
Late 1990s: local features 
Early 2000s: parts-and-shape models

History of ideas in recognition
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Model: 
• Object as a set of parts 
• Relative locations between parts 
• Appearance of part

Parts-and-shape models

39Fischler & Elschlager 73



Constellation models
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Weber, Welling & Perona (2000), Fergus, Perona & Zisserman (2003)



Representing people
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1960s – early 1990s: the geometric era 
1990s: appearance-based models 
1990s – present: sliding window approaches 
Late 1990s: local features 
Early 2000s: parts-and-shape models 
Mid/Late-2000s: bags of features, fully learned models

History of ideas in recognition
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Object Bag of 
‘words’

Bag-of-features models
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All of these are treated as being the same  
 
 
 
 
 
 
 
 

No distinction between foreground and background: scene 
recognition?

Objects as texture
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Learning algorithms to the rescue.



Learned part-based models
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Poselet detectors: Bourdev, Maji and Malik

Deformable part-based models, Girshick, Felzenszwalb, Ramanan, McAllester



1960s – early 1990s: the geometric era 
1990s: appearance-based models 
1990s – present: sliding window approaches 
Late 1990s: local features 
Early 2000s: parts-and-shape models 
Mid-2000s: bags of features 
Present trends: “big data”, context, attributes, 
combining geometry and recognition, advanced 
scene understanding tasks, deep learning

History of ideas in recognition
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The “gist” of a scene: Oliva & Torralba (2001)

Global appearance models revisited
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http://people.csail.mit.edu/torralba/code/
spatialenvelope/

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


New applications in graphics

48
J. Hays and A. Efros, Scene Completion using Millions of Photographs, SIGGRAPH 2007

http://graphics.cs.cmu.edu/projects/scene-completion/


D. Hoiem, A. Efros, and M. Herbert, Putting Objects in Perspective, CVPR 2006

Geometric context
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http://www.cs.uiuc.edu/homes/dhoiem/projects/pop/


Geometry and recognition
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V. Hedau, D. Hoiem, and D. Forsyth, Recovering the Spatial 
Layout of Cluttered Rooms, ICCV 2009.

http://vision.cs.uiuc.edu/~vhedau2/Publications/iccv2009_spatial_layout.pdf
http://vision.cs.uiuc.edu/~vhedau2/Publications/iccv2009_spatial_layout.pdf


Geometry and recognition
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A. Gupta, A. Efros and M. Hebert, Blocks World Revisited: Image Understanding Using 
Qualitative Geometry and Mechanics, ECCV 2010

http://www.cs.cmu.edu/~abhinavg/blocksworld/blocksworld.pdf


Recognition from RGBD Images

52

J. Shotton, A. Fitzgibbon, M. Cook, T. Sharp, M. Finocchio, R. Moore, A. Kipman, and A. Blake, Real-
Time Human Pose Recognition in Parts from a Single Depth Image, CVPR 2011

http://research.microsoft.com/apps/pubs/default.aspx?id=145347
http://research.microsoft.com/apps/pubs/default.aspx?id=145347


Attributes for recognition

53

A. Farhadi, I. Endres, D. Hoiem, and D Forsyth, Describing Objects by their 
Attributes, CVPR 2009

http://web.engr.illinois.edu/~iendres2/publications/cvpr2009_att.pdf
http://web.engr.illinois.edu/~iendres2/publications/cvpr2009_att.pdf
http://web.engr.illinois.edu/~iendres2/publications/cvpr2009_att.pdf


Human “in the loop” recognition

54
Branson S., Wah C., Babenko B., Schroff F., Welinder P., Perona P., Belongie S., “Visual Recognition with Humans in the Loop”, European 
Conference on Computer Vision (ECCV), Heraklion, Crete, Sept., 2010.



• Large datasets become the norm (real world settings) 
• LabelMe, PASCAL VOC, ImageNet 
• Enable new machine learning methods (e.g., deep learning)

Crowdsourcing

55

http://www.blogging4jobs.com/hr/solve-your-workplace-issues-by-crowdsourcing/ amazon mechanical turk

http://www.blogging4jobs.com/hr/solve-your-workplace-issues-by-crowdsourcing/


Understating objects in detail
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Vedaldi et al., CVPR 14



Fine-grained recognition
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often confused 

many related classes



Sentence generation
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G. Kulkarni, V. Premraj, S. Dhar, S. Li, Y. Choi, A. Berg, T. Berg, Baby Talk: Understanding and 
Generating Simple Image Descriptions, CVPR 2011  

http://tamaraberg.com/papers/generation_cvpr11.pdf
http://tamaraberg.com/papers/generation_cvpr11.pdf
http://tamaraberg.com/papers/generation_cvpr11.pdf


NY Times article

Deep learning
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http://www.nytimes.com/2012/06/26/technology/in-a-big-network-of-computers-evidence-of-machine-learning.html?pagewanted=all


Recent deep learning breakthroughs…
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96 filters learned in layer 1
ImageNet Classification with Deep Convolutional Neural Networks Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton NIPS 2014

http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
http://papers.nips.cc/author/alex-krizhevsky-5653
http://papers.nips.cc/author/ilya-sutskever-3959
http://papers.nips.cc/author/geoffrey-e-hinton-121


• Chapter 14, Szeliski’s book 
• Think of the applications of computer vision around you

Further thoughts and readings
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