Visual Data on the Internet

http://www.boingboing.net/2009/07/30/bb-
video-send-me-a-l.html (starts at 2:40 min)

With slides from James Hays, 15-463: Computational Photography
Antonio Torralba, and Frederic Alexel Efros, CMU, Fall 2011
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|s Generic Data useful?

A motivating example...
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Why does it work?
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“Unreasonable Effectiveness of Data

[Halevy, Norvig, Pereira 2009]
Parts of our world can be explained by

elegant mathematics

physics, chemistry, astronomy, etc.

But much cannot

psychology, economics, genetics, etc.

Enter The Datal

Great advances in several fields:

e.g. speech recognition, machine translation

Case study: Google
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* A.l. for the postmodern world:

— all questions have already been
answered...many times, in many ways

— Google is dumb, the “intelligence” is in the data




How about visual data?

e textis simple:
— clean, segmented, compact, 1D

 Visual data is much harder:
— Noisy, unsegmented, high entropy, 2D/3D

Quick Overview
Comparing Images
Uses of Visual Data

The Dangers of Data
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Automatic Colorization Result
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Automatic Orientation



Automatic Orientation Examples
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Image Representations: Histograms

global histogram

* Represent distribution of features
» Color, texture, depth, ...



Image Representations: Histograms

Joint histogram Marginal histogram
Requires lots of data * Requires independent features
Loss of resolution to « More data/bin than

avoid empty bins joint histogram



Image Representations: Histograms

Adaptive binning
» Better data/bin distribution, fewer empty bins
» Can adapt available resolution to relative feature importance



Image Representations: Histograms

Clusters / Signatures
» ‘“super-adaptive” binning
» Does not require discretization along any fixed axis



Issue: How to Compare Histograms?

$|| %



Red Car Retrievals (Color histograms)

K h
()= 1% [h(m- h(m]

m:1 h(m) +h (m)

Histogram matching dlstance




Capturing the “essence” of texture

...for real images

We don’t want an actual texture realization, we
want a texture invariant

What are the tools for capturing statistical
properties of some signal?




Multi-scale filter decomposition

Filter bank

Input image



Filter response histograms




Heeger & Bergen ‘95

Start with a noise image as output

Main loop:
« Match pixel histogram of output image to
iInput
 Decompose input and output images using
multi-scale filter bank (Steerable Pyramid)

e Match subband histograms of input and
output pyramids

* Reconstruct input and output images
(collapse the pyramids)
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6 million geo-tagged Flickr images
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Abhinav Shrivastava, Tomasz Malisiewicz, Abhinav @ @\lyosha Efros
Carnegie Mellon University
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Semantic Photo Synthesis [EG '06]

Johnson, Brostow, Shotton, Arandjelovic, Kwatra, and Cipolla.
Eurographics 2006.



Photo Clip Art [SG '07]

Inserting a single object -- still very hard!

\

Lalonde et al, SIGGRAPH 2007



Photo Clip Art [SG '07]

Use database to find well-fitting object

Lalonde et al, SIGGRAPH 2007



Webcam Clip Art [SG Asia '09]

Object transfer

illuminant transfer

Lalonde et al, SIGGRAPH Asia 2009



CG2Real

CG2Real: Improving the Realism of Computer Generated Images
using a Large Collection of Photographs, Johnson, Dale, Avidan,
Pfister, Freeman, Matusik, Tech. Rep. MIT-CSAIL-TR-2009-034



ShadowDraw



The Dangers of Data



Bias
Internet Is a tremendous repository of visual
data (Flickr, YouTube, Picassa, etc)

But it’'s not random samples of visual world

Many sources of bias:
Sampling bias
Photographer bias

Social bias



Flickr Paris



Real Paris



Real Notre Dame



Sampling Bias

People like to take pictures on vacation



Photographer Bias

People want their pictures to be recognizable
and/or interesting

VS.



Photographer Bias

People follow photographic conventions

VS.



Social Bias

“100 Special Moments” by Jason Salavon



Social Bias
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Social Bias

Gallagher et al CVPR 2008

Gallagher et al, CVPR 2009



Reducing / Changing Bias

Street side Satellite Webcams
Google StreetView google.com

Autonomous capture methods can reduce /
change bias

But it won’t go away completely

Sometimes you can just pick your data to suit
your problem, but not always...



