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Motivation

ÅGoal: Detect objects in the photo you just took



Motivation

ÅScanning window
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Motivation

ÅWhat else can we try for object recognition?



Object Detection

ÅGo to internet and behold! exact picture 
labeled
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Object Detection

ÅIdeally, object detection is giant lookup

ïLabeled plenopticfunction

ïLabel everything in the world from all viewpoints

ÅLabelme: Online annotation tool



Labelme.csail.mit.edu B. Russell, A. Torralba, K. Murphy, W.T. Freeman. IJCV 2008

Tool went online July 1st, 2005
290,000 object annotations



LabelmePolygon Quality



LabelmePolygon Diversity



LabelmeTesting

Most common labels:

test

adksdsa

woiieiie

Χ



LabelmeHooligans
Do not try this at home



LabelmeDatabase

Å30 GB dataset of

ï176,000 photos total

ï52,000 photos with annotations



LabelmeMatlabToolbox

ÅQuery objects

ÅExtract polygons

ÅAnnotation stats

ÅLabel merging

ÅWordnetreasoning

ÅManipulate images

ÅScene descriptors

LMquery (database, 'object.name', ' car,building,road,tree ') 



WordnetObject & Parts



LabelmeAverage Objects



Object Detection

ÅUnfortunately, Labelmeis not God

ÅNext best thing

ïFind similar scenes containing similar objects

ïSteal information from them (i.e. label transfer)

Sky

Road

Trees

Church

Person

Traffic 

Sign
Windows

Door

Car



Papers

ÅSIFT Flow Paper

ïC. Liu, J. Yuen, A. Torralba, J. Sivic, W.T. Freeman. 
ά{LC¢ CƭƻǿΥ 5ŜƴǎŜ /ƻǊǊŜǎǇƻƴŘŜƴŎŜ ŀŎǊƻǎǎ 
5ƛŦŦŜǊŜƴǘ {ŎŜƴŜǎΦέ 9//± нллуΦ

ÅContext Paper

ïB. C. Russell, A. Torralba, C. Liu, R. Fergus, W.T. 
CǊŜŜƳŀƴΦ άhōƧŜŎǘ wŜŎƻƎƴƛǘƛƻƴ ōȅ {ŎŜƴŜ 
!ƭƛƎƴƳŜƴǘΦέ bLt{ нллтΦ



SIFT Flow

ÅSIFT Flow Goal: Align objects in similar scenes
ïtǊƻōƭŜƳΥ /ǳǊǊŜƴǘ ŀƭƛƎƴƳŜƴǘ ŀƭƎƻǊƛǘƘƳǎ ŀǊŜƴΩǘ Ǌƻōǳǎǘ

ïSolution: SIFT is magic and works, find the flow of 
image patches to a similar image

ÅLŦ ȅƻǳǊ ŘŀǘŀǎŜǘ ƛǎƴΩǘ ƛƴŦƛƴƛǘŜΣ ŦƛƴŘ ŀ ŎƭƻǎŜ ƳŀǘŎƘ 
and rearrange (wiggle) it so it is aligned

Å{LC¢ Cƭƻǿ άŀƭƭƻǿǎ ƳŀǘŎƘƛƴƎ ƻŦ ƻōƧŜŎǘǎ ƭƻŎŀǘŜŘ ŀǘ 
ŘƛŦŦŜǊŜƴǘ ǇŀǊǘǎ ƻŦ ǘƘŜ ǎŎŜƴŜέ



SIFT Flow



Matching SIFT Features

ÅDecompose image into scene descriptors

ÅSIFT features (D. Lowe, 1999)

ï128 dimensional vector (u1Σ ΧΣ ǳ128) at each pixel

Input Image

First 16 dimensions of 

SIFT descriptor

u1 u2



Matching SIFT Features

È ¦ǎŜ άōŀƎ-of-ǿƻǊŘǎέ ǘƻ 
cluster SIFT features into 
500 visual words

ÁGood ole K-means

È Reduce image to texton
map of SIFT features

È Fast/coarse matching on SIFT texton map

È Top 20 fast matches re-ranked with SIFT Flow

SIFT Visualization Texton Map

Input Image



SIFT Flow

ÅOptical flow without spatial limitations

ÅAssumptions:

ïSIFT descriptors at each pixel are constant with 
respect to the pixel displacement field

ïOne pixel may move as much as the size of the 
image

ïGrouping of pixels (move clusters of pixels)



SIFT Flow

ÅFormulate as an optimization problem

ïw(p)=(u(p),v(p)) is the displacement vector at pixel 
location p=(x,y)

ïSi(p) is the SIFT descriptor extracted at location p in 
image I

ïEis the spatial neighborhood of a pixel



SIFT Flow

ÅFormulate as an optimization problem

ïu and v are decoupled to reduce complexity from 
O(L3) to O(L2). L is the size of the search window.

SIFT feature at 

(x,y) in image 1

Matched SIFT 

feature at (x+u,y+v) 

in image 2

How close the 

matched SIFT 

descriptors are

Add a cost for large 

displacements

Model discontinuities



SIFT Flow Example

Å{LC¢ Cƭƻǿ άŀƭƭƻǿǎ ƳŀǘŎƘƛƴƎ ƻŦ ƻōƧŜŎǘǎ ƭƻŎŀǘŜŘ 
ŀǘ ŘƛŦŦŜǊŜƴǘ ǇŀǊǘǎ ƻŦ ǘƘŜ ǎŎŜƴŜέ

ÅHypothesis: Pixels from an object in one image 
ǿƛƭƭ άŦƭƻǿέ ǘƻ ǘƘŜ ǎŀƳŜ Ŏƭŀǎǎ ƻŦ ƻōƧŜŎǘǎ ƛƴ ŀ 
second image

Å[ŜǘΩǎ ǘŜǎǘ ǘƘŀǘ ǿƛǘƘ ŀ ǎƛƳǇƭŜ ŜȄŀƳǇƭŜ



SIFT Flow Pepper Example

ÅTwo images of a pepper

ïOne pepper is shifted 20 
pixels right, 10 pixels up

SIFT image 2SIFT image 1

Image 1

X: 57 Y: 128

Index: 19

RGB: 1, 1, 1
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Warped image 2

First image 

warped to second



SIFT Flow Pepper Example

Warped image 2

È Two images of a pepper

ÁOne pepper is shifted 100 
pixels right, 50 pixels up

ÁTest turningoff continuity

ÁNeeds lot of tweaking

Warped image 2

Warped image 

with continuity

Warped image 2

Warped image 

without continuity



SIFT Flow Hard Example



SIFT Flow Hard Example

ÅFelzenszwalbparts-based HOG detector says
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SIFT Flow Hard Example

Person



SIFT Flow Hard Example

ÅBest match, most similar labeled photo

Person



SIFT Flow Hard Example

SIFT image 1 SIFT image 2

Query Match



SIFT Flow Hard Example

Warped image 2

QueryMatch

Reconstructed

Match



SIFT Flow Hard Example

Warped image 2

Turn off 

continuity

QueryMatch
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SIFT Flow Hard Example
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