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View as slideshow (£5)

Sponsored Results

Cruise The Mediteranian
Enjoy 11 days in Spain, France
and Italy on this Mediteranian tour.
wanw. mayflowertours.comfmedtour

Trevi Fountain Hotel
Compare hotel prices from over
120 top wehsites and save up to
70%.

Hotels.SideStep.com

Trevi Fountains
Compare prices, brands, and
mare at Smarter.com.

Wi, smarter.com

Hotels Trevi Fountain - ltaly
Book now and save up to 75%. No
reservation fee and pay at your
hotel.
hooking.com/hotels-trevi-Fountain

Fountain Trevi
Enjoy Savings & Selection On
Fountain Trewi.

hopzilla.com




Photo Tourism

Input photographs

Scene

reconstruction :,\1/

J

Relative camera positions
and orientations

Point cloud

Sparse correspondence

Explorer

J




Photo Tourism overview

Scene
reconstruction




Scene reconstruction

Automatically estimate

position, orientation, and focal length of cameras

3D positions of feature points

.
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Feature detection

Detect features using SIFT [Lowe, |[JCV 2004]




Feature detection

Detect features using SIFT [Lowe, |[JCV 2004]




Feature matching

Match features between each pair of images




Feature matching

Refine matching using RANSAC [Fischler & Bolles 1987]
to estimate fundamental matrices between pairs

——




Correspondence estimation

Link up pairwise matches to form connected components
of matches across several images




Structure from motion

Given many points in correspondence across
several images, {(u;,v;)}, simultaneously compute

the 3D location p; and camera (or motion)
parameters (R, t)

= f(Rjatjapi)




Structure from motion
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Photo Tourism
Exploring photo collections in 3D

Noah Snavely Steven M. Seitz  Richard Szeliski
University of Washington Microsoft Research

SIGGRAPH 2006




Microsoft Photosynth

“What if your photo collection wé& an entry point into the world,
like a wormhole that you could jump through and explore...”
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Cities on the web

Venice
Rome
Tokyo
New York
London

Flickr

1,300,000
2,600,000
3,200,000
6,500,000
7,200,000

Picasa

7,800,000
26,000,000
12,000,000
41,000,000
40,800,000

images.google

12,000,000
20,000,000
19,800,000
290,000,000
89,000,000




The Task

Download a million
images of Rome

Match the images

Build a 3D model of the
city
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The Task

e Download a million
images of Rome

e Match the images

e Build a 3D model of the
city




The Task

Download a million
images of Rome

Match the images

Build a 3D model of the
city

Do all of the above in a fully distributed
manner on a 1000 node cluster in 24 hours.




Why?

® |nteriors, high level of geometric detail, texture maps.

® Better models for Google/Virtual Earth, GPS, virtual
sets for movie production.

® Historical preservation.
e Urban geography.

® Games set in the real world, Photocity, Grand Theft
Auto “Roma’.




Our Approach

1.Scrape images

2.Extract Features

3.Match Images

4.Reconstruct sparse image set (Skeletal Sets)

5.Reconstruct full image set (Bundle Adjustment)




Image Matching

Find points across images which
correspond to the same point in

the world.

® All pairs matching is data
parallel, but expensive in CPU
and network bandwidth (~10TB).

® 0.5 Trillion pairwise comparisons.

® 10k matches/sec = 1.5 years.
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Matching Algorithm

e Multi round propose and verify Extract features
scheme

® 2 rounds based on whole Propose image pairs
image similarity.

® 4 rounds based on query _
expansion Verify proposals

® Verification = SIFT feature




Whole Image Similarity

Text retrieval inspired approach.

® Represent images as high dimensional
vectors using a vocabulary tree.

® |nner product between of vectors is the
similarity between images.

® Jop k scoring images are potential

matches. ﬁ’?

Nister and Stewenius, CVPR 2006



Query Expansion

Chum et al, ICCV 2007
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Chum et al, ICCV 2007



Query Expansion

Chum et al, ICCV 2007



Query Expansion

Chum et al, ICCV 2007



Query Expansion

Chum et al, ICCV 2007



Matching Progress

Round 6




Matching - Round 1
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Matching - Round 2
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Matching Statistics

Matches Matches Matches .
Dataset possible Tried Found Time

Dubrovnik 1.6 Billion 2.6M 0.5M 5 hrs

Rome 11.2 Billion 8.8M 2.7TM 13 hrs

Venice 31.2 Billion 35.5M 6.2M 27 hrs




How good are we”

® “Ground Truth” for a 20K data-set.
® 0.25% of total matches performed.

® 90% of the true matches recovered.




Reconstruction

1.Choose two images to
seed the reconstruction.
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Reconstruction
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2.Add cameras using pose
estimation.
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Reconstruction

1.Choose two images to
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Reconstruction

1.Choose two images to
seed the reconstruction.

2.Add cameras using pose
estimation.

3.Add 3d points via
triangulation.

4.Non-linear refinement.

5.Goto step 2.

Effective but very slow
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Stonehenge Skeletal Set

Given an image graph G, select a small set S of
important images to reconstruct, bounding the loss in
guality of the reconstruction.

Snavely et al. CVPR 07




Large Scale Reconstruction

1.ldentify the Skeletal Set

2.Reconstruct the Skeletal Set incrementally

3.Add the remaining images using pose estimation.
4. Triangulate new points.

5.Non-linear refinement (Bundle Adjustment)




Results



Statistics
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Rome: St. Peters Cathedral
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Dubrovnik




The road ahead...

A live, fully textured, ever growing digital model of
the world.
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Dense patches from multi-view stereo

Courtesy Yasutaka Furukawa




Mesh output from the multi-view stereo

Courtesy Yasutaka Furukawa
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Furukawa et al., CVPR 2010
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