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Today

• Scale selection [Lindeberg]

• Affine invariance [Mikolajczyk and Schmid]• Affine‐invariance [Mikolajczyk and Schmid]

• MSER – Stable Regions [Matas et al.]

• SURF ‐Fast Approximate SIFT [Bay et al.]

• Spatio‐Temporal Features [Laptev]p p [ p ]

• Self‐Similarilty [Shectman and Irani]

• Bonus: Temporal Self‐Similarity [Laptev ECCV’08]
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IntroductionIntroductionIntroductionIntroduction

►►Wide baseline matchingWide baseline matching►►Wide baseline matchingWide baseline matching



IntroductionIntroductionIntroductionIntroduction

►►Recognition of specific objectsRecognition of specific objects►►Recognition of specific objectsRecognition of specific objects

Rothganger et al. ‘03 Lowe et al. ‘02 Ferrari et al. ‘04Rothganger et al. 03 Lowe et al. 02 Ferrari et al. 04



IntroductionIntroductionIntroductionIntroduction

►►Object class recognitionObject class recognition►►Object class recognitionObject class recognition



So what’s the novelty?So what’s the novelty?So what s the novelty?So what s the novelty?

►►Local characterLocal character►►Local characterLocal character



HistoryHistoryHistoryHistory

►►History of interest point detectors goes aHistory of interest point detectors goes a►►History of interest point detectors goes a History of interest point detectors goes a 
long way back…long way back…
 Corner detectorsCorner detectors Corner detectorsCorner detectors
 Blob detectorsBlob detectors
 Edgel detectorsEdgel detectors Edgel detectorsEdgel detectors



So what’s the novelty?So what’s the novelty?So what s the novelty?So what s the novelty?

►►Local characterLocal character►►Local characterLocal character
►►Level of invarianceLevel of invariance

L l i i t f tL l i i t f t didi►►Local invariant features: Local invariant features: a new paradigma new paradigm
 Not just a method to select interesting locations Not just a method to select interesting locations 

i h i d l ii h i d l iin the image, or to speed up analysisin the image, or to speed up analysis
 But rather a new image representation, that But rather a new image representation, that 

ll t d ib th bj t / t ith tll t d ib th bj t / t ith tallows to describe the objects / parts without allows to describe the objects / parts without 
the need for segmentation the need for segmentation 



Properties of the ideal featureProperties of the ideal featureProperties of the ideal featureProperties of the ideal feature

►► Local:Local: features are local, so robust to occlusion features are local, so robust to occlusion ,,
and clutter (no prior segmentation)and clutter (no prior segmentation)

►► Invariant Invariant (or covariant)(or covariant)
►►Robust: Robust: noise, blur, discretization, compression, noise, blur, discretization, compression, 

etc. do not have a big impact on the featureetc. do not have a big impact on the feature
►►Distinctive:Distinctive: individual features can be matched to individual features can be matched to 

a large database of objectsa large database of objects
QQ f b d ff b d f►►Quantity:Quantity: many features can be generated for many features can be generated for 
even small objectseven small objects

►►Accurate:Accurate: precise localizationprecise localization►►Accurate:Accurate: precise localizationprecise localization
►► Efficient:Efficient: close to realclose to real--time performancetime performance



The need for invarianceThe need for invarianceThe need for invarianceThe need for invariance



Terminology: Invariant or Covariant?Terminology: Invariant or Covariant?Terminology: Invariant or Covariant?Terminology: Invariant or Covariant?

When a transformation is applied to an imageWhen a transformation is applied to an imageWhen a transformation is applied to an image,When a transformation is applied to an image,
►►an an invariantinvariant measure remains unchanged.measure remains unchanged.

i ti t h ih i►►a a covariantcovariant measure changes in a way measure changes in a way 
consistent with the image transformation.consistent with the image transformation.

Terminology: ‘detector’ or Terminology: ‘detector’ or 
‘extractor’‘extractor’



Geometric transformationsGeometric transformations

►►TranslationTranslation
E lid (t l ti + t ti )E lid (t l ti + t ti )►►Euclidean (translation + rotation)Euclidean (translation + rotation)

►►Similarity (transl. + rotation + scale)Similarity (transl. + rotation + scale)
►►Affine transformationsAffine transformations
►►Projective transformationsProjective transformations►►Projective transformationsProjective transformations

For planar patches:



Photometric transformationsPhotometric transformationsPhotometric transformationsPhotometric transformations

M d ll d li t f tiM d ll d li t f ti ::Modelled as a linear transformationModelled as a linear transformation::
scaling + offsetscaling + offset



DisturbancesDisturbancesDisturbancesDisturbances

►►NoiseNoise►►NoiseNoise
►►Image blurImage blur

Di ti tiDi ti ti►►Discretization errorsDiscretization errors
►►Compression artefactsCompression artefacts
►►Deviations from the mathematical modelDeviations from the mathematical model

(non(non--linearities, nonlinearities, non--planarities, etc.)planarities, etc.)(( ,, p , )p , )
►►IntraIntra--class variationsclass variations



How to cope with transformations?How to cope with transformations?How to cope with transformations?How to cope with transformations?

►►Exhaustive searchExhaustive search►►Exhaustive searchExhaustive search
►►InvarianceInvariance

R b tR b t►►RobustnessRobustness



Exhaustive searchExhaustive searchExhaustive searchExhaustive search

►►MultiMulti--scale approachscale approach►►MultiMulti scale approachscale approach



Exhaustive searchExhaustive searchExhaustive searchExhaustive search

►►MultiMulti--scale approachscale approach►►MultiMulti scale approachscale approach



Exhaustive searchExhaustive searchExhaustive searchExhaustive search

►►MultiMulti--scale approachscale approach►►MultiMulti scale approachscale approach



Exhaustive searchExhaustive searchExhaustive searchExhaustive search

►►MultiMulti--scale approachscale approach►►MultiMulti scale approachscale approach



InvarianceInvarianceInvarianceInvariance

►►Extract patch from each image individuallyExtract patch from each image individually►►Extract patch from each image individuallyExtract patch from each image individually



InvarianceInvarianceInvarianceInvariance

►► Integration, e.g.Integration, e.g.►► teg at o , e gteg at o , e g
 moment invariants, …moment invariants, …

►►Heuristics, e.g.Heuristics, e.g.
 Difference of intensity values for photom. offsetDifference of intensity values for photom. offset
 Ratio of intensity values for photom. scalefactorRatio of intensity values for photom. scalefactor

►► Selection and normalization e gSelection and normalization e g►► Selection and normalization, e.g.Selection and normalization, e.g.
 Automatic scale selection (Lindeberg et al., 1996)Automatic scale selection (Lindeberg et al., 1996)
 Orientation assignmentOrientation assignmentOrientation assignmentOrientation assignment
 Affine normalization (‘deskewing’)Affine normalization (‘deskewing’)

►►……











Automatic scale selectionAutomatic scale selectionAutomatic scale selectionAutomatic scale selection
Lindeberg et al., 1996
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Automatic scale selectionAutomatic scale selectionAutomatic scale selectionAutomatic scale selection

►►Normalize: rescale to fixed sizeNormalize: rescale to fixed size►►Normalize: rescale to fixed sizeNormalize: rescale to fixed size



Orientation assignmentOrientation assignmentOrientation assignmentOrientation assignment

►►Compute orientation histogramCompute orientation histogram
Lowe, SIFT, 1999

►►Compute orientation histogramCompute orientation histogram
►►Select dominant orientationSelect dominant orientation

N li t t t fi d i t tiN li t t t fi d i t ti►►Normalize: rotate to fixed orientation Normalize: rotate to fixed orientation 

0 2



Affine normalization (‘deskewing’)Affine normalization (‘deskewing’)Affine normalization ( deskewing )Affine normalization ( deskewing )

rotate

rescale
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Hessian detector (Beaudet, 1978)Hessian detector (Beaudet, 1978)

►►Hessian determinantHessian determinant

Hessian detector  (Beaudet, 1978)Hessian detector  (Beaudet, 1978)

►►Hessian determinantHessian determinant
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Hessian (Beaudet, 1978)Hessian (Beaudet, 1978)Hessian (Beaudet, 1978)Hessian (Beaudet, 1978)



Harris detector (Harris, 1988)Harris detector (Harris, 1988)Harris detector (Harris, 1988)Harris detector (Harris, 1988)

►► Second moment matrixSecond moment matrix // autocorrelation matrixautocorrelation matrix►► Second moment matrixSecond moment matrix / / autocorrelation matrixautocorrelation matrix
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►► Second moment matrixSecond moment matrix // autocorrelation matrixautocorrelation matrix
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Harris detector (Harris, 1988)Harris detector (Harris, 1988)

►► Second moment matrixSecond moment matrix // autocorrelation matrixautocorrelation matrix

Harris detector (Harris, 1988)Harris detector (Harris, 1988)

►► Second moment matrix Second moment matrix / / autocorrelation matrixautocorrelation matrix
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2. Square of 
derivatives

Ix Iy IxIy

3. Gaussian 
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Harris detector (Harris, 1988)Harris detector (Harris, 1988)

►► Second moment matrixSecond moment matrix

Harris detector (Harris, 1988)Harris detector (Harris, 1988)

►► Second moment matrix Second moment matrix 
autocorrelation matrixautocorrelation matrix

1. Image 
derivatives

Ix Iy

2. Square of 
derivatives

Ix2 Iy2 IxIy

3. Gaussian 
filter g(I) g(Ix2) g(Iy2) g(IxIy)

222222 )]()([)]([)()( yxyxyx IgIgIIgIgIg  
 ))],([trace()],(det[ DIDIhar 

4. Cornerness function – both eigenvalues are strong

)()()()()( yxyxyx ggggg

har
5. Non-maxima suppression
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Scale invariant detectorsScale invariant detectors
L lL l ii f G if G iLaplacLaplaciian of Gaussian an of Gaussian 

►► Local maxima in scaleLocal maxima in scale►► Local maxima in scale Local maxima in scale 
space of Laplacspace of Laplaciian of an of 
Gaussian LoGGaussian LoG
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Scale invariant detectorsScale invariant detectors
L l f G iL l f G iLaplacean of GaussianLaplacean of Gaussian



Lowe’s DoGLowe’s DoGLowe s DoGLowe s DoG

►►Difference of Gaussians as approximation ofDifference of Gaussians as approximation of►►Difference of Gaussians as approximation of Difference of Gaussians as approximation of 
the Laplacian of Gaussianthe Laplacian of Gaussian

- =



Lowe’s DoGLowe’s DoGLowe s DoGLowe s DoG

►►Difference of Gaussians as approximation ofDifference of Gaussians as approximation of►►Difference of Gaussians as approximation of Difference of Gaussians as approximation of 
the Laplacian of Gaussianthe Laplacian of Gaussian

sampling with step 
 =2
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Lowe’s DoGLowe’s DoGLowe s DoGLowe s DoG



AppreciationAppreciationAppreciationAppreciation

scalescale--invariantinvariantscalescale invariantinvariant
simple, efficient schemesimple, efficient scheme
l l i fi d thl l i fi d thlaplacian fires more on edges than laplacian fires more on edges than 
determinant of hessiandeterminant of hessian
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Mikolajczyk & SchmidMikolajczyk & SchmidMikolajczyk & SchmidMikolajczyk & Schmid

►►Harris LaplaceHarris Laplace►►Harris LaplaceHarris Laplace
►►Hessian LaplaceHessian Laplace

H i AffiH i Affi►►Harris AffineHarris Affine
►►Hessian AffineHessian Affine



Mikolajczyk: Harris LaplaceMikolajczyk: Harris LaplaceMikolajczyk: Harris LaplaceMikolajczyk: Harris Laplace

1.1. Initialization: Initialization: 



Multiscale Harris Multiscale Harris 
corner detectioncorner detection







Computing Harris function Detecting local maxima



Mikolajczyk: Harris LaplaceMikolajczyk: Harris LaplaceMikolajczyk: Harris LaplaceMikolajczyk: Harris Laplace

1.1. Initialization: Multiscale Harris cornerInitialization: Multiscale Harris corner1.1. Initialization: Multiscale Harris corner Initialization: Multiscale Harris corner 
detectiondetection

2.2. Scale selection based on LaplacianScale selection based on Laplacian
Harris points

2.2. Scale selection based on LaplacianScale selection based on Laplacian

Harris-Laplace points



Mikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris Affine

►►Based on Harris LaplaceBased on Harris Laplace►►Based on Harris LaplaceBased on Harris Laplace
►►Using normalization / deskewingUsing normalization / deskewing

rotate rescale



Mikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris Affine

►► Initialization with Harris LaplaceInitialization with Harris Laplacepp
►► Estimate shape based on second moment matrixEstimate shape based on second moment matrix
►► Using normalization / deskewingUsing normalization / deskewing
►► Iterative algorithmIterative algorithm



Mikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris AffineMikolajczyk: Harris Affine

1.1. Detect multiDetect multi--scale Harris pointsscale Harris pointspp
2.2. AutomaticaAutomaticallly select the scalesly select the scales
3.3. Adapt affine shapeAdapt affine shape based on second order moment matrixbased on second order moment matrix
4.4. Refine point locationRefine point location



Mikolajczyk: affine invariant Mikolajczyk: affine invariant 
i t t i ti t t i tinterest pointsinterest points

1.1. Initialization: Multiscale Harris corner Initialization: Multiscale Harris corner 
detectiondetection
It ti l ithIt ti l ith2.2. Iterative algorithmIterative algorithm
1.1. Normalize window Normalize window (deskewing)(deskewing)

2.2. Select integration scale Select integration scale (max. of LoG)(max. of LoG)



gg ( )( )

3.3. Select differentiation scale Select differentiation scale (max.               )(max.               )

4.4. Detect spatial localization Detect spatial localization (Harris)(Harris)

55 Compute new affine transformationCompute new affine transformation ( )( )

maxmin / 

5.5. Compute new affine transformation Compute new affine transformation (    )(    )

6.6. Go to step 2. (unless stop criterion)Go to step 2. (unless stop criterion)




Harris AffineHarris AffineHarris AffineHarris Affine



Hessian AffineHessian AffineHessian AffineHessian AffineHessian AffineHessian AffineHessian AffineHessian Affine











AppreciationAppreciationAppreciationAppreciation

Scale or affine invariantScale or affine invariantScale or affine invariantScale or affine invariant
Detects blobDetects blob-- and cornerand corner--like structureslike structures

l b f il b f ilarge number of regionslarge number of regions
well suited for object class recognitionwell suited for object class recognition
less accurate than some competitorsless accurate than some competitors
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►►Lowe: DoGLowe: DoG►►Lowe: DoGLowe: DoG
►►Lindeberg: scale selectionLindeberg: scale selection
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►►OthersOthers►►OthersOthers



Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

11 Select Harris cornersSelect Harris corners1.1. Select Harris cornersSelect Harris corners



Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

11 Select Harris cornersSelect Harris corners1.1. Select Harris cornersSelect Harris corners
2.2. Find Canny edgesFind Canny edges



Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

11 Select Harris cornersSelect Harris corners1.1. Select Harris cornersSelect Harris corners
2.2. Find Canny edgesFind Canny edges
33 Evaluate relative affineEvaluate relative affine3.3. Evaluate relative affine Evaluate relative affine 

invariant parameter along invariant parameter along 
edgesedgesgg
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Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

11 Select Harris cornersSelect Harris corners1.1. Select Harris cornersSelect Harris corners
2.2. Find Canny edgesFind Canny edges
33 Evaluate relative affineEvaluate relative affine3.3. Evaluate relative affine Evaluate relative affine 

invariant parameter along invariant parameter along 
edgesedgesgg

4.4. Construct 1Construct 1--dimensional dimensional 
family of parallelogramsfamily of parallelograms



Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

1.1. Select Harris cornersSelect Harris corners1.1. Select Harris cornersSelect Harris corners
2.2. Find Canny edgesFind Canny edges
33 Evaluate relative affineEvaluate relative affine3.3. Evaluate relative affine Evaluate relative affine 

invariant parameter along invariant parameter along 
edgesedgesgg

4.4. Construct 1Construct 1--dimensional dimensional 
family of parallelogramsfamily of parallelograms

5.5. Select parallelogram Select parallelogram 
based on local extrema of based on local extrema of Mpppp

f gg 
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Tuytelaars: edgeTuytelaars: edge--based regionsbased regionsTuytelaars: edgeTuytelaars: edge based regionsbased regions

►►Variant for straightVariant for straight►►Variant for straight Variant for straight 
lines…lines…



EdgeEdge--based regionsbased regionsEdgeEdge based regionsbased regions



EdgeEdge--based regionsbased regionsEdgeEdge based regionsbased regions



AppreciationAppreciationAppreciationAppreciation

Affine invariantAffine invariantAffine invariantAffine invariant
Detects cornerDetects corner--like structureslike structures

W k ll i t t dW k ll i t t dWorks well in structured scenes Works well in structured scenes 
Doesn’t cross edges/object contoursDoesn’t cross edges/object contours
Depends on presence of edgesDepends on presence of edges



Tuytelaars: intensityTuytelaars: intensity--based regionsbased regionsTuytelaars: intensityTuytelaars: intensity based regionsbased regions

1. Select intensity extrema
2. Consider intensity profile along rays 
3. Select maximum of invariant function f(t) along each rayf f f( ) g y
4. Connect all local maxima
5. Fit an ellipse 
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IntensityIntensity--based regionsbased regionsIntensityIntensity based regionsbased regions



AppreciationAppreciationAppreciationAppreciation

Affine invariantAffine invariantAffine invariantAffine invariant
Detects ‘blob’Detects ‘blob’--like structureslike structures

A t iA t iAccurate regionsAccurate regions
Especially good on printed materialEspecially good on printed material
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►►Lowe: DoGLowe: DoG►►Lowe: DoGLowe: DoG
►►Lindeberg: scale selectionLindeberg: scale selection

Mik l j k & S h idMik l j k & S h id►►Mikolajczyk & Schmid:Mikolajczyk & Schmid:
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AppreciationAppreciationAppreciationAppreciation

Affine invariantAffine invariantAffine invariantAffine invariant
Detects blobDetects blob--like structureslike structures

Simple efficient schemeSimple efficient schemeSimple, efficient schemeSimple, efficient scheme
High repeatabilityHigh repeatability
Fi i il f t IBRFi i il f t IBRFires on similar features as IBRFires on similar features as IBR
(regions need not be convex, but need (regions need not be convex, but need 
to be lo ed)to be lo ed)to be closed)to be closed)
Sensitive to image blurSensitive to image blur
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►►Based on entropyBased on entropy►►Based on entropyBased on entropy



Kadir & Brady’s salient regionsKadir & Brady’s salient regionsKadir & Brady s salient regionsKadir & Brady s salient regions

►►Maxima in entropy combined with interMaxima in entropy combined with inter--►►Maxima in entropy, combined with interMaxima in entropy, combined with inter
scale saliency scale saliency 

►►Extended to affine invarianceExtended to affine invariance►►Extended to affine invarianceExtended to affine invariance



Salient regionsSalient regionsSalient regionsSalient regions



AppreciationAppreciationAppreciationAppreciation

Scale or affine invariantScale or affine invariantScale or affine invariantScale or affine invariant
Detects blobDetects blob--like structureslike structures

d f bj t l itid f bj t l itivery good for object class recognitionvery good for object class recognition
limited number of regionslimited number of regions
slow to extractslow to extract
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Other feature detectorsOther feature detectorsOther feature detectorsOther feature detectors

►►EdgeEdge--based detectorsbased detectors►►EdgeEdge based detectorsbased detectors
 Jurie et al., Mikolajczyk et al., …Jurie et al., Mikolajczyk et al., …

►►Combinations of smallCombinations of small scale featuresscale features►►Combinations of smallCombinations of small--scale featuresscale features
 Brown & LoweBrown & Lowe

►►Vertical line segmentsVertical line segments
 Goedeme et al.Goedeme et al.

►►SpeededSpeeded--Up Robust Features (SURF)Up Robust Features (SURF)
 Bay et al.Bay et al.yy





MethodologyMethodology

• Using integral images for major speed upg g g j p p
– Integral Image (summed area tables) is an intermediate 

representation for the image and contains the sum of gray scale pixel 
values of imageg

– Second order derivative and Haar‐wavelet response

Cost four 
additions 

ti  
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operation 
only

Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DetectionDetection
• Hessian‐based interest point localization

• L (x y σ) is the Laplacian of Gaussian of the imageLxx(x,y,σ) is the Laplacian of Gaussian of the image
• It is the convolution of the Gaussian second order derivative with the 

image 
• Lindeberg showed Gaussian function is optimal for scale‐space analysis
• This paper argues that Gaussian is overrated since the property that no 

new structures can appear while going to lower resolution is not proven in 
2D case

123
Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DetectionDetection

• Approximated second order derivatives withApproximated second order derivatives with 
box filters (mean/average filter)

124
Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DetectionDetection

• Scale analysis with constant image sizeScale analysis with constant image size

125

9 x 9, 15 x 15, 21 x 21, 27 x 27   39 x 39, 51 x 51 …
1st octave 2nd octave

Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DetectionDetection

• Non‐maximum suppression and interpolationNon maximum suppression and interpolation
– Blob‐like feature detector

126
Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DescriptionDescription

• Orientation AssignmentOrientation Assignment
Circular neighborhood of 

radius 6s around the interest point
(s = the scale at which the point was detected)(s = the scale at which the point was detected)

Side length = 4s
Cost 6 operation to 

x response    y response
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Cost 6 operation to 
compute the response

Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DescriptionDescription

• Dominant orientation
– The Haar wavelet responses are represented as vectors

– Sum all responses within
a sliding orientationa sliding orientation
window covering an angle 
of 60 degree

– The two summed responseThe two summed response 
yield a new vector

– The longest vector is the 
dominant orientationdominant orientation

– Second longest is … 
ignored

128
Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DescriptionDescription

• Split the interest region up into 4 x 4 square sub‐regions with p g p q g
5 x 5 regularly spaced sample points inside

• Calculate Haar wavelet response dx and dy
• Weight the response with a Gaussian kernel centered at the 

interest point

• Sum the response over each sub‐region for d and dSum the response over each sub region for dx and dy
separately  feature vector of length 32

• In order to bring in information about the polarity of the 
intensity changes, extract the sum of absolute value of the 
responses  feature vector of length 64

• Normalize the vector into unit length

129

• Normalize the vector into unit length

Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DescriptionDescription
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Slide Credit: Bay, Tuletaars, Van Gool, Wyman



DescriptionDescription

• SURF‐128SURF 128
– The sum of dx and |dx| are computed separately 
for d < 0 and d >0for dy < 0 and dy >0

– Similarly for the sum of dy and |dy|

– This doubles the length of a feature vector– This doubles the length of a feature vector

131
Slide Credit: Bay, Tuletaars, Van Gool, Wyman



MatchingMatching

• Fast indexing through the sign of the Laplacian for the underlying interest 
point
– The sign of trace of the Hessian matrix
– Trace = Lxx + Lyy

• Either 0 or 1 (Hard thresholding, may have boundary effect …)
• In the matching stage, compare features if they have the same type of 

contrast (sign)

132
Slide Credit: Bay, Tuletaars, Van Gool, Wyman
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OverviewOverviewOverviewOverview

►►Local Invariant Features: What? Why?Local Invariant Features: What? Why?►►Local Invariant Features: What? Why?Local Invariant Features: What? Why?
 IntroductionIntroduction
 Overview of existing detectorsOverview of existing detectors Overview of existing detectorsOverview of existing detectors
 Quantitative and qualitative comparisonQuantitative and qualitative comparison

L l I i t F t Wh ? H ?L l I i t F t Wh ? H ?►►Local Invariant Features: When? How?Local Invariant Features: When? How?
 Feature descriptorsFeature descriptors
 ApplicationsApplications
 ConclusionsConclusions



Quantitative comparisonsQuantitative comparisonsQuantitative comparisonsQuantitative comparisons

►► Evaluation of interest points (Schmid & Mohr, ICCV98)Evaluation of interest points (Schmid & Mohr, ICCV98)p ( , )p ( , )
►► Evaluation of descriptors (Mikolajczyk & Schmid, CVPR03)Evaluation of descriptors (Mikolajczyk & Schmid, CVPR03)
►► Evaluation of affine invariant features (Mikolajczyk et al., Evaluation of affine invariant features (Mikolajczyk et al., 

PAMI05)PAMI05)PAMI05)PAMI05)
►► Evaluation on 3D objects (Moreels & Perona, ICCV05)Evaluation on 3D objects (Moreels & Perona, ICCV05)
►► Evaluation on 3D objects (Fraundorfer & Bischof, ICCV05)Evaluation on 3D objects (Fraundorfer & Bischof, ICCV05)
►► Evaluation in the context of object class recognition Evaluation in the context of object class recognition 

(Mikolajczyk et al., ICCV05)(Mikolajczyk et al., ICCV05)



Evaluation criteriaEvaluation criteria: repeatability: repeatabilityEvaluation criteriaEvaluation criteria: repeatability: repeatability

►► Repeatability rate : percentage of corresponding pointsRepeatability rate : percentage of corresponding pointsp y p g p g pp y p g p g p

%100
#
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encescorrespondityrepeatabil
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►► Repeatability rate : percentage of corresponding pointsRepeatability rate : percentage of corresponding pointsp y p g p g pp y p g p g p

#correspondences = 3

#detected = 5

Repeatability=60%Repeatability=60%
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#
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Evaluation criteriaEvaluation criteria: repeatability: repeatabilityEvaluation criteriaEvaluation criteria: repeatability: repeatability

►► Repeatability rate : percentage of corresponding pointsRepeatability rate : percentage of corresponding pointsp y p g p g pp y p g p g p

homographyA
BB



Evaluation criteriaEvaluation criteria: repeatability: repeatabilityEvaluation criteriaEvaluation criteria: repeatability: repeatability

►► Repeatability rate : percentage of corresponding points Repeatability rate : percentage of corresponding points p y p g p g pp y p g p g p

homographyA
B

B
B

•Two points are corresponding if
T=60%

T
BA
BA







RepeatabilityRepeatabilityRepeatabilityRepeatability



Quantitative evaluationQuantitative evaluationQuantitative evaluationQuantitative evaluation

►►Repeatability often lower than 50%Repeatability often lower than 50%►►Repeatability often lower than 50%Repeatability often lower than 50%
►►Performance often depends on scene type,Performance often depends on scene type,

different detectors are complementarydifferent detectors are complementarydifferent detectors are complementarydifferent detectors are complementary
►►Number of detected features varies greatlyNumber of detected features varies greatly
►►Accuracy of detected features variesAccuracy of detected features varies
►►Performance depends on applicationPerformance depends on applicationp ppp pp
►►SpeedSpeed



Qualitative ComparisonQualitative ComparisonQualitative ComparisonQualitative Comparison

►►Difficult to declare a ‘winner’Difficult to declare a ‘winner’►►Difficult to declare a winnerDifficult to declare a winner
►►Different methods are complementaryDifferent methods are complementary
►►‘Best features’ depends on application:‘Best features’ depends on application:►► Best features  depends on application:Best features  depends on application:
 Level of invariance neededLevel of invariance needed
 Number/density of features wantedNumber/density of features wanted Number/density of features wantedNumber/density of features wanted
 Typical scene types Typical scene types 
 Accuracy of featuresAccuracy of featuresAccuracy of featuresAccuracy of features
 Generalization power of featuresGeneralization power of features
 …………
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MotivationMotivation

Goal: Goal: Goal: Goal: 
Interpretation Interpretation 

of dynamic of dynamic 
scenesscenes

… camera motion… non-rigid  object motion … complex background motion

• Complex BG motion

Common problems:Common methods:

• Camera stabilization

? • Changes in appearance• Segmentation

• Tracking

?

?
 No global assumptions about the scene



Space-time
No global assumptions  

Consider local spatio-temporal neighborhoods 



Space-time
No global assumptions  

Consider local spatio-temporal neighborhoods 



Applications: preview

Sequence 
alignment

Periodic 
motion 

d idetection

Action 
recognitiong



Questions
 How to find informative neighborhoods?

 How to deal with transformations in the data? 
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 How to deal with transformations in the data?   (ICPR’04)

 How to use obtained features in applications? 

 How to describe the neighborhoods? 
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 How to describe the neighborhoods? (SCMVP’04)

(ICPR’04)
( ’ )(ICCV’05)



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICPR’04)

 How to use obtained features for applications?  (ICPR’04)

How to deal with transformations in the data?   (ICPR 04)

 How to describe the neighborhoods? (SCMVP’04)

(ICPR’04)
(ICCV’05)



Space-Time interest points
What neighborhoods to consider?

Di i i
High image Look at the 

Distinctive
neighborhoods

High image 
variation in 

space and time
 

Look at the 
distribution of 
the gradient

D fi iti

Original image sequence

Definitions:

Gaussian derivative of 

Space-time Gaussian with covariance

Space-time gradient

Second-moment matrix



Space-Time interest points

Properties of                : 

defines second order approximation for the local 
distribution of         within neighborhood  

 1D space-time variation of    , e.g. moving barp , g g

 2D space-time variation of    , e.g. moving ball

 3D space-time variation of    , e.g. jumping ball

Large eigenvalues of  can be detected by the
local maxima of H over (x,y,t):( ,y, )

(similar to Harris operator [Harris and Stephens, 1988])



Space-Time interest points
Motion event detection



Space-Time interest points
Motion event detection: complex background



Space-Time interest points

accelerations appearance/ split/mergeaccelerations disappearance split/merge



Relations to psychology

”... The world presents us with a continuous stream of 
activity which the mind parses into events. Like y d p s s o s
objects, they are bounded; they have beginnings, 
(middles,) and ends. Like objects, they are structured, 
composed of parts However  in contrast to objects  composed of parts. However, in contrast to objects, 
events are structured in time...''

Tversky et.al.(2002), in ”The Imitative Mind”

• Events are well localized in time and are
consistently identified by different peopleconsistently identified by different people.

• The ability of memorizing activities has 
shown to be dependent on how fine we 
subdivide the motion into units.
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Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)

Scale and frequency transformations



Spatio-temporal scale selection
Image sequence f can be influenced by changes in 
spatial and temporal resolution

•
p P’•

S

•

point
transformation transformation 

covariance
t f ti  transformation 



Spatio-temporal scale selection
Want to estimate S from the data

E ti t  ti l d t l Estimate spatial and temporal 
extents of image structures

 Scale selection

Scale selection in space [Lindeberg IJCV’98]Scale-selection in space [Lindeberg IJCV 98]

Extension to space-time:

Find normalization 
parameters a,b,c,d for



Spatio-temporal scale selection

Analyze spatio-temporal blob

Extrema constraintsExtrema constraints

give parameter values 
a=1  b=1/4 c=1/2  d=3/4a=1, b=1/4, c=1/2, d=3/4



Spatio-temporal scale selection

 The normalized spatio-temporal Laplacian operator

Assumes extrema values at positions and scales 
corresponding to the centers and the spatio-
temporal extent of a Gaussian blobp



Space-Time interest points
H depends on  and, hence, on  and scale transformation S

 adapt interest points by iteratively computing:

 Scale 
estimation (*)

 Interest point 
detection (**)

1. Fix    
2. For each detected interest point     (**)
3. Estimate               (*)( )
4. Update covariance
5. Re-detect     using
6 Iterate 3-6 until convergence of         and6. Iterate 3-6 until convergence of         and



Spatio-temporal scale selection

Stability to size 
changes, e.g. 
camera zoom



Spatio-temporal scale selection

Selection of 
temporal scales 
captures the captures the 
frequency of 
events
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Transformations due to camera motion



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICPR’04)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)

Transformations due to camera motion

Stationary cameraMoving camera

time time



Galilean transformation

•
p P’

•
G

point
transformation p P

G

covariance
transformation 

G

 ’



Adapted interest points

Stabilized camera Stationary camera

Interest
points

Velocity-adapted
i t t i tinterest points
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 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)



Features from human actions



Space-time neighborhoods
boxing

walking

h dhand waving



Local space-time descriptors

A common choice for local descriptors is a local jet
(Koenderink and van Doorn, 1987) computed from spatio-
temporal Gaussian derivatives (here at interest points pi)

Covariance-normalization to obtain transformation-invriant
Descriptors:

where



Use of descriptors: Clustering

 Group similar points in the space of image 
descriptors using K-means clusteringdescriptors using K means clustering

 Select significant clusters

c1Clustering

c2

c3c3

c4

Classification



Use of descriptors: Clustering

 Group similar points in the space of image 
descriptors using K-means clusteringdescriptors using K means clustering

 Select significant clusters

c1Clustering

c2

c3c3

c4

Classification



Use of descriptors: Matching
 Find similar events in pairs of video sequences



Other descriptors better?

Consider the following choices:

 Multi-scale spatio-
l d i itemporal derivatives

 Projections to orthogonal  Projections to orthogonal 
bases obtained with PCA

b d

Spatio-temporal neighborhood

 Histogram-based 
descriptors



Multi-scale derivative filters
Derivatives up to order 2 or 4; 3 spatial scales; 3 temporal scales:
 9 x 3 x 3 = 81 or  34 x 3 x 3 = 306 dimensional descriptors



PCA descriptors
 Compute normal flow or optic flow in locally adapted spatio-

temporal neighborhoods of features
S b l  th  fl  fi ld  t  l ti  9 9 9 i l Subsample the flow fields to resolution 9x9x9 pixels

 Learn PCA basis vectors (separately for each flow) from 
features in training sequences

 Project flow fields of the new features onto the 100 most  Project flow fields of the new features onto the 100 most 
significant eigen-flow-vectors:



Position-dependent histograms
 Divide the neighborhood i of each point pi into M^3

subneighborhoods, here M=1,2,3
C t  ti  di t  (L  L  L )T  ti  fl   Compute space-time gradients (Lx, Ly, Lt)T or optic flow 
(vx, vy)T at combinations of 3 temporal and 3 spatial scales

where            are locally adapted detection scales
 Compute separable histograms over all 

subneighborhoods  derivatives/velocities and scalessubneighborhoods, derivatives/velocities and scales

...
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Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)

Action recognitionAction recognition



Evaluation: Action Recognition

walking        running           jogging    handwaving  handclapping    boxing

Database:

a g u g jogg g a d a g a dc app g bo g

 Represent sequences as ”Bags of Local Features”p q g
 Compute similarity of two sequences as

 Use e.g. Nearest Neighbor Classifier (NNC) to classify 
test actions given a set of training actions 



Results: Recognition ratesg

Scale-adapted features
Scale and velocity adapted 

featuresScale adapted features features



Results: Comparisonp

Global STG HIST: Zelnik Manor and Irani CVPR’01Global-STG-HIST: Zelnik-Manor and Irani CVPR 01

Spatial-4Jets: Spatial interest points (Harris and Stephens, 1988)



Confusion matrices

Position-dependent histograms 
for space-time interest points

Local jets at spatial 
interest points





Confusion matrices

STG-PCA, ED STG-PD2HIST, ED



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)

Action recognitionAction recognition



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICCV’03)

 How to describe the neighborhoods? (SCMVP’04)

Action recognitionAction recognition

Sequence alignment



Sequence alignment

 Represent the gait pattern 
using classified spatio-temporal using classified spatio temporal 
points corresponding the one 
gait cycle

 Define the state of the model X
for the moment t0 by the 
position, the size, the phase 

d th  l it  f  and the velocity of a person:

 Associate each phase  with a 
silhouette of a person extracted 
from the original sequenceg q



Sequence alignment
 Given a data sequence with the current moment t0, 

detect and classify interest points in the time window of 
l th t  (t  t t )length tw: (t0, t0-tw)

 Transform model features according to X and for each 
d l f t  f (   t    ) t  model feature fm,i=(xm,i, ym,i, tm,i, m,i, m,i, cm,i) compute 

its distance di to the most close data feature fd,j, cd,j=cm,i:

 Define the ”fit function” D of model configuration X as a  Define the fit function  D of model configuration X as a 
sum of distances of all features weighted w.r.t. their ”age” 
(t0-tm) such that recent features get more influence on the 
matchingmatching



Sequence alignment

At each moment t0 minimize D with respect to X using 
t d d G N t  i i i ti  th dstandard Gauss-Newton minimization method

data features
model features



Experiments



Experiments



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICPR’04)

 How to describe the neighborhoods? (SCMVP’04)
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Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICCV’05)

 How to describe the neighborhoods? (SCMVP’04)

Action recognitionAction recognition

Sequence alignment

Periodic motion detection



Periodic motion detection
Periodic views can be approximately treated as 

stereopairs

Fundamental matrix
is generally 

time-dependent

 Periodic motion estimation ~ sequence alignment



Periodic motion detection
1. Corresponding points have 

similar descriptors

2. Same period    
f ll ffor all features

3. For constant gross motion of the object, spatial 
arrangement of features across periods satisfy 
epipolar constraint:

 Use RANSAC to estimate F and p



Periodic motion detection

Original space-time features RANSAC estimation of F,p



Periodic motion detection

Original space-time features RANSAC estimation of F,p



Periodic motion detection

Original space-time features RANSAC estimation of F,p



Periodic motion segmentation
Assume periodic objects are planar
 Periodic points can be related by a dynamic homography:p y y g p y

linear in time 



Periodic motion segmentation
Assume periodic objects are planar
 Periodic points can be related by a dynamic homography:p y y g p y

linear in time 

 RANSAC estimation of H and p



Periodic motion segmentation
Object-centered stabilization



Periodic motion segmentation

Disparity estimationDisparity estimation

Graph-cut segmentation



Periodic motion segmentation



Questions
 How to find informative neighborhoods?            (ICCV’03)

 How to deal with transformations in the data?   (ICCV’03)

 How to use obtained features for applications?  (ICCV’05)

 How to describe the neighborhoods? (SCMVP’04)

Action recognition

Sequence alignment

Periodic motion detection



Related work

 Zelnik and Irani CVPR’01
 Efros et.al. ICCV’03
 Lowe ICCV’99Lowe ICCV 99
 Mikolayczyk and Schmid CVPR’03, ECCV’02
 Fablet, Bouthemy and Peréz PAMI’02
 Harris and Stephens Alvey’88
 Koenderink and Doorn PAMI 1992
 Lindeberg IJCV 1998Lindeberg IJCV 1998



Summary
 Detection of local space-time interest points

 Adaptation to scale and velocity transformations

 Applications: action recognition, sequence alignment, 

Adaptation to scale and velocity transformations

 Evaluation of local space-time descriptors

Applications: action recognition, sequence alignment, 
periodic motion detection, ... ?









(not on the reading list, but a nice ending to the 
l )lecture…)

(Actually, a global feature…more(Actually, a global feature…more(Actually, a global feature…more (Actually, a global feature…more 
appropriate for last week…)appropriate for last week…)



MultiMulti--view action recognitionview action recognition
Motion helps solving multi-view problems?

time time time time

Verify hypothesis and test methods in controlled multi-view 
settings



MultiMulti--view action recognitionview action recognition
What we DO NOT want to do:

Do not want to search for 
multi-view point 
correspondence --- Non-rigid



correspondence Non rigid 
motion, cloth changes, … --> 
It’s Hard! 

Do not want to identify 
body parts. Current 
methods are not reliable



methods are  not reliable 
enough. 

 Yet, want to learn actions 
from one viewfrom one view
and to recognize actions in 
different views



Temporal selfTemporal self--similaritiessimilaritiespp
Ideas:

Cross-view matching is hard but cross-time matching  g g
(tracking) is relatively easy.
Measure self-(dis)similarities across time:

Example:

Distance matrix / self-similarity matrix  (SSM):

P1

P2



Temporal selfTemporal self--similarities: Multisimilarities: Multi--viewsviewspp

Example:
Golf swing 
from the 
side and top 
iviews

Cross-View Action Recognition from Temporal Self-Similarities 
I. Junejo, E. Dexter, I. Laptev, and P. Perez, ECCV 2008 



Temporal selfTemporal self--similarities: MoCapsimilarities: MoCappp pp
person 1

person 2person 2

person 1

person 2



Temporal selfTemporal self--similarities: Videosimilarities: Videopp



SelfSelf--similarity descriptorsimilarity descriptory py p

Properties of SSM:Properties of SSM:
• SPSD
• 0-valuaed diagonal
• uncertainty increasesuncertainty increases 
with the distance from 
the diagonal

 Define a local histogram 
descriptor hi  for each 
point i on the diagonal.p g

Sequence alignment:
DP for two sequences of


Action recognition:
• Visual vocabulary for h
• BoF representation of



DP for two sequences of 
descriptors {hi}, {hj}

BoF representation of 
{hi}
• SVM



MultiMulti--view alignmentview alignmentgg



MultiMulti--view action recognition: MoCapview action recognition: MoCapg pg p



SingleSingle--view action recognition: Videoview action recognition: Videogg gg

OF-based self-similarities Trajectory-based self-
similarities



MultiMulti--view action recognition: Videoview action recognition: Videogg



PropertiesPropertiespp

No correspondence across views needed
No body-part identification needed




Relies on assumptions of person detection and tracking
SSMs can be computed from different and 
complementary image measurements: trajectories, OF, 




HOG, etc.
Provides only approximate view-invariance but under 
weak assumptions



p



Today

• Scale selection [Lindeberg]

• Affine invariance [Mikolajczyk and Schmid]• Affine‐invariance [Mikolajczyk and Schmid]

• MSER – Stable Regions [Matas et al.]

• SURF ‐Fast Approximate SIFT [Bay et al.]

• Spatio‐Temporal Features [Laptev]p p [ p ]

• Self‐Similarilty [Shectman and Irani]

• Bonus: Temporal Self‐Similarity [Laptev ECCV’08]



Feb 17th – Generative approaches  (Constellation, Topic 
Models, etc.) – Sudderth guest lecture , ) g

• R. Fergus, P. Perona, and A. Zisserman, "Object class recognition by unsupervised scale‐invariant 
learning," in IEEE Computer Society Conference on Computer Vision and Pattern Recognition, vol. 
2 2003 264 271 A il bl htt //i l i / l / b ll j ? b 12114792, 2003, pp. 264‐271. Available: http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=1211479

• J. Sivic, B. C. Russell, A. A. Efros, A. Zisserman, and W. T. Freeman, "Discovering object categories in 
image collections," in Proceedings of the IEEE International Conference on Computer Vision (ICCV), 
2005. http://publications.csail.mit.edu/tmp/MIT‐CSAIL‐TR‐2005‐012.ps

• J. Niebles, H. Wang, and L. Fei‐Fei, "Unsupervised learning of human action categories using 
spatial‐temporal words," International Journal of Computer Vision. 79(3): 299‐318. 2008  Available: 
http://dx.doi.org/10.1007/s11263‐007‐0122‐4 (Buchsbaum presentation)

• E. Sudderth, A. Torralba, W. Freeman, and A. Willsky, "Describing visual scenes using transformedE. Sudderth, A. Torralba, W. Freeman, and A. Willsky,  Describing visual scenes using transformed 
objects and parts," International Journal of Computer Vision, vol. 77, no. 1, pp. 291‐330, May 
2008.  Available: http://dx.doi.org/10.1007/s11263‐007‐0069‐5

Optional Readings:

• F F Li and P Perona "A ba esian hierarchical model for learning nat ral scene categories " in CVPR• F.‐F. Li and P. Perona, "A bayesian hierarchical model for learning natural scene categories," in CVPR 
'05: Proceedings of the 2005 IEEE Computer Society Conference on Computer Vision and Pattern 
Recognition (CVPR'05) ‐ Volume 2.    Washington, DC, USA: IEEE Computer Society, 2005, pp. 524‐
531.  Available: http://dx.doi.org/10.1109/CVPR.2005.16

• P. Moreels and P. Perona, "A probabilistic cascade of detectors for individual object recognition," 
European Conference on Computer Vision , vol III, pp. 426‐439, 2008.  Available: 
http://dx.doi.org/10.1007/978‐3‐540‐88690‐7_32



Reminder
Please sign up via email for a paper that you would like 
to present or show a demonstration of.

(‐ can show demos next week from this week’s papers (e.g.,GIST 
/ spatial envelope on some images collected around campus)

‐ but otherwise should show demo on day of paper (couldbut otherwise should show demo on day of paper (could 
show Laptev or self‐similarity features on Berkeleyish action 
examples next week…)

hDEADLINE FEB 17th

I’ll expect two demos or one presentation per person 
t ki th f dittaking the course for credit…

N.B., a demo is more than showing author’s videos or canned 
matlab example…must try on something new or extend…


