Wide Baseline Matching

* Images taken by cameras that are far apart make the
correspondence problem very difficult

Feat ure PO' nt » Feature-based approach: Detect and match feature
ction and Matc

oints in pairs of images

Matching with Features Matching with Features
* Problem 1:
* Detect feature points e
— Detect the same point independently

* Find corresponding pairs

in both images




Matching with Features

e Problem 2:

— For each point, correctly recognize the
corresponding point

Problem 1: Detecting Good Feature
Points

Properties of an Ideal Feature

* Local: features are local, so robust to occlusion and clutter (no

prior segmentation)

* Invariant (or covariant) to many kinds of geometric and

photometric transformations

t: noise, blur, discretization, compression, etc. do

Feature Detectors

* Hessian
* Harris
* Lowe: SIFT (DoG)
ikolajczyk & Schmid:
is-Laplacian/Affi




Harris Detector: Basic Idea

Harris Corner Point Detector

We should recognize the point by looking
h a small window

Harris Detector: Basic Idea Harris Detector: Derivation

ange of intensity for a (small) shift by [%,v] in image

W(xsy)[l(x+usy+v -

function intensity




Harris Detector

Approximate using 1%t order Taylor series expansion of /:

I(x+u,y+v)=1(x,y)+Lu+1y
u
=16+l 1))

revious formula

Harris Corner Detector

Intensity change in shifting window: eigenvalue analysis

Anaxe Mmin — eigenvalues of M

Harris Corner Detector

In summary, expanding E(u,v) in a Taylor series, we have, for
small shifts, [, V], a bilinear approximation:

Selecting Good Features

Image patch




Selecting Good Features

Selecting Good Features

Harris Corner Detector

A, and A, both small;
E is almost constant in
all directions

Harris Corner Detector

Measure of corner response:




Harris Corner Detector

=

* R depends only on
eigenvalues of M

Harris Detector: Example

Harris Corner Detector: Algorithm

1. Find points with large corner response
function R

(i.e., R > threshold)

Harris Detector: Example
Corner response R = A A, — k(A + A,)?




Harris Detector: Example Harris Detector: Example

Points with large corner response: R > threshold Keep only the points that are local maxima of R

Harris Detector: Example

Interest points extracted with Harris (~ 500 points)




Harris Detector: Example Harris Detector: Summary

¢ Average intensity change in direction [u,v] can be
expressed (approximately) in bilinear form:

Harris Detector Properties Harris Detector Properties

. . But not invariant to image scale
Rotation invariance

N = A




Harris Detector: Scale

Invariant Local Features

Goal: Detect the same interest points regardless of

image changes due to translation, rotation, scale,
and viewpoint

Harris Detector Properties

Quality of Harris detector for different scale changes

1

Harris ——
ImpHarris -+

Repeatability rate: AN

# correct correspondences
possible correspondences

06

repeatabilty rate

04

25 3
scale factor

Models of Image Change

* Geometry
— Rotation - -"

— Similarity (rotation + uniform scale) --' -
-

ine (scale dependent on direction)




Scale Invariant Detection

* Consider regions (e.g., circles) of different sizes
around a point

rresponding sizes

Scale Invariant Detection

Solution:
— Design a function on the region (circle) that is
“scale invariant,” i.e., the same for corresponding
egions, even if they are at different scales

Example: Average intensity. For corresponding
regions (even of different sizes) it will be the same

Scale Invariant Detection

Problem: How do we choose corresponding circles
endently in each image?

Scale Invariant Detection

Key idea: Use the local maximum of this function

ervation: The region size, for which the maxim
d be invariant to image sca
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Automatic Scale Selection

Lindeberg et al., 1996

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)
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Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

S, (x,0))

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)
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Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)
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Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Automatic Scale Selection

* Normalize: rescale to fixed size

Automatic Scale Selection

Function responses for increasing scale
Scale trace (signature)

Scale Invariant Detection

* A “good” function for scale detection has one stable,

sharp peak
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Scale Invariant Detectors

T
scale
=
+ Harris-Laplacian? 2
Find local maxima of:

— Harris corner detector in space
(image coordinates)

nin scale

Blob Detection: Scale Selection
o1 oI
axz ayZ

Laplacian-of-Gaussian = “blob” detector Vi =

Blob Detection

Laplacian of Gaussian (V2G): Circularly
symmetric operator for “blob” detection

Blob Detection in 2D

Define the characteristic scale as the scale that produces
the maximum Laplacian absolute value response
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Example
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0=9.8

sigma=9.8
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o=17
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Kristen Grauman

Scale Invariant Interest Points

Interest points are local extrema in both position
and scale

= List of
(x, ¥, 0)

Squared filter
response maps
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SIFT Detector Example Result

\“ ‘\?\ \
RS T\

SIFT Detector Details

» Difference-of-Gaussian (DoG)
is an approximation of the
Laplacian-of-Gaussian (LoG)

SIFT Detector Example Result

Scale
(next
octave)

Scale
(first
octave)

Difference of
Gaussian Gaussian (DOG)
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SIFT Detector

a1 G

Scale Invariant Detectors

* Experimental evaluation of detectors w.r.t. scale change

1

—e— Harris-Laplacian
09 == SIFT (Lowe)
—+— Harris

08/

o7

06!

repeatability rate

05/

04/

03]

02|

01

SIFT Detector Algorithm Summary

* Detect local maxima in
position and scale of
squared values of

ifference-of-Gaussian

Affine Invariant Detection

* Previously we considered:
similarity transform (rotation + uniform scale)

o~ @
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Harris-Affine Detector

Affine Invariant Region Detection

e Algorithm
— Start from a local intensity extremum point

— Go in every direction until the point of extremum of some
function f

— Curve connecting the points is the region boundary

— Compute geometric moments of orders up to 2 for this
region

Replace the region with an ellipse

Tuytelaars’s Affine-Invariant Detector
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Feature Point Descriptors

¢ After detecting points (and patches) in each image,
¢ Next question: How to match them?

Geometric Transformations

Multiple View
Geometry

Local Features: Description
1) Detection: Identify the

interest points

2) Description: Extract feature
. L X =
vector for each interest point

Photometric Transformations
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Raw Patches as Local Descriptors

region A region B

The simplest way to describe
= i the neighborhood around an

interest point is to write
1 1 the list of intensiti
= E
— >
— >
vector a vector b

SIFT Descriptor

Making Descriptors Invariant to
Rotation

1. Find local dominant orientation

SIFT Descriptor

* Compute histogram of local
gradient directions computed
at selected scale in the

eighborhood of a feature
obtain its dominant
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SIFT Descriptor

* Compute gradient orientation histograms on 4 x 4 neighborhoods over
16 x 16 array of locations in scale space around each feature point
position, relative to the feature point orientation using thresholded
image gradients from Gaussian pyramid level at feature point’s scale

¢ Quantize orientations to 8 values
¢ 4 x4 array of histograms

* SIFT feature vector of length 4 x 4 x 8 = 128 values for each feature
point

Normalize the descriptor to make it invariant to intensity change
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Figure 8: This graph shows the percent of keypoints giving the correct match to a database of 40,000
keypoints as a function of width of the n x n keypoint descriptor and the number of orientations in -
each histogram. The graph is computed for images with affine viewpoint change of 50 degrees and

addition of 4% noise. <
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Feature Stability to Noise

* Match features after random change in image scale &
orientation, with differing levels of image noise
* Find nearest neighbor in database of 30,000 features
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Feature Stability to Affine Change

¢ Match features after random change in image scale &
orientation, with 2% image noise, and affine distortion

* Find nearest neighbor in database of 30,000 features
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Distinctiveness of Features

* Vary size of database of features, with 30 degree
affine change, 2% image noise

* Measure % correct for single nearest neighbor match
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SIFT Descriptor Performance

Empirically found to have good performance in terms of
invariance to image rotation, scale, intensity change, and to
moderate affine transformations, illumination changes,
viewpoint, occlusion

detection rate

4 3 B
false positive rate

Feature Detection and Description
Summary

* Stable (repeatable) feature points can currently
be detected that are invariant to

— Rotation, scale, and affine transformations, but not
neral perspective and projective

How to Improve Feature
Detectors and Descriptors?

* Invariant to large changes in camera
iewpoint, i.e., projective invariance
i noise by usi
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Feature Matching
e

Feature Matching

* Compare the distance, d1, to the closest
feature, to the distance, d2, to the second
closest feature

ccept if d1/d2<0.6

io of distances is less tha

Feature Matching

* Standard approach for pairwise matching:
— For each feature point in image A

— Find the feature point with the closest descriptor
in image B
idean distance between descriptors

Feature Matching

e Exhaustive search

— for each feature in one image, look at all the other
features in the other image(s)

ashing
short descriptor from e
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Wide-Baseline Feature Matching

e of the high dimensionality of

Summary

* Interest point detection
— Harris corner detector
aplacian of Gaussian, automatic scale sel
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