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Outline

* Motivation for using image feature
+ Feature based alignment

» Desired Properties of features

» Feature Detectors
« Harris corners
« scale invariant Harris corners

» Feature Descriptors
+ MOPS - patches, oriented patches

« SIFT — orientation histograms (relative to keypoint
orientations)
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Matching with Invariant Features

© Mike Nese

with a lot of slides stolen from Seitz, Szeliski and Efros
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Direct Methods Limitations

Less suitable for partially overlap images:
photo based panorama
« Limited range of convergence
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Image Alignment - Reminder

How do we align two images automatically?

Two broad approaches:

« Feature-based alignment
- Find a few matching features in both images
-~ compute alignment

« Direct (pixel-based) alignment
— Search for alignment where most pixels agree
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Matching with Features

«Detect feature points in both images
«Build a descriptor from each point
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Example For Feature Based Alignment

M. Brown and D. G. Lowe. Recognising Panoramas. ICCV 2003
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Matching with Features

«Detect feature points in both images
«Build a descriptor from each point

*Find corresponding pairs

*Use these pairs to align images
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Matching with Features

«Detect feature points in both images
«Build a descriptor from each point

*Find corresponding pairs
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Matching with Features

Problem 1:
+ Detect the same point independently in both images

o

no chance to match!

We need a repeatable detec#or
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Matching with Features

«Detect feature points in both images
«Build a descriptor from each point

*Find corresponding pairs

*Use these pairs to align images
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Matching with Features

Problem 2:
« For each point correctly recognize the corresponding one

We need a reliable and distinctive descridtor
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Object recognition example
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More motivation...

Feature points are used for:
* Image alignment (homography, fundamental matrix)
» 3D reconstruction
« Motion tracking
« Object recognition
 Indexing and database retrieval
* Robot navigation
* ... other

Hebrew University Image Processing - 2005

Models of Image Change

Geometry
« Rotation |:| QQ

« Similarity (rotation + uniform scale)

e[|
« Affine (scale dependent on direction)

valid for: orthographic camera, locally planar object

[/ 7

Photometry
« Affine intensity change (I al+b)

(=[]
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Matching with Features : Desired Properties

» Easy to extract
* Invariance : tolerate image changes in
« Image noise
* illumination
* Scaling
» Translation, Rotation
* Viewing direction
» Easy to match against large database of
object features
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Invariant Local Features

Image content is transformed into local feature coordinates that are
invariant to translation, rotation, scale, and other imaging parameters

Features Descriptors
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The Basic Idea

We should easily recognize the point by looking
through a small window

Shifting a window in any direction should give a large
change in intensity
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Harris corner detector

C.Harris, M.Stephens. “A Combined Corner and Edge
Detector”. 1988
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Harris Detector: Mathematics

Change of intensity for the shift \j:

E(u,v) wxy kx uy ¥y [xYy

C)C)é

1 in window, O outside Gaussian

Hebrew University Image Processing - 2005

Harris Detector: Basic Idea

77

g ™
“flat” region: “edge™ “corner”™
no change in no change along significant change
all directions the edge direction in all directions
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Harris Detector: Mathematics

Intensity change in shifting window: eigenvalue lgses

1 p—eigenvalues oM

E(uv) uv M

direction of the
fastest change

EllipseE(u,v)= const direction of the

slowest change
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Harris Detector: Mathematics

For small shiftdu,\] we have dilinear approximation:

E(u,v) uv M

whereM is a 2 2 matrix computed from image derivatives:
" wixy) 120,
g Ly, 1 2

X,y y
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Harris Detector: Mathematics

Measure of corner response:

detM
TraceM

detM , ,
traceM |
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Harris Detector: Mathematics

Classification of 2 | “Edge”
image points using 2>> 1/0 “Corner”
eigenvalues of: ,and jare large,
17 2
Eincreases in all
directions
pand ,are small; O
E is almost constant “Flat” Edge
in all directions region 12> 2
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Harris Detector: Workflow
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Harris Detector

The Algorithm:

 Find points with large corner response function R
(R > threshold)

» Take the points of local maxima of R
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Harris Detector: Workflow

Find points with large corner respon&s>threshold
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Harris Detector: Workflow

Compute corner responke
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Harris Detector: Workflow
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Harris Detector: Workflow

Take only the points of local maxima Bf
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Harris Detector: Some Properties

Partial invariance to affine intensity change

Only derivatives are used => invariance
to intensity shifft 1 +b

Intensity scalet  al

y ’\f\ A< ) — /\

threshol

X (image coordinate) X (image coordinate)
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Harris Detector: Some Properties

Rotation invariance

S

Ellipse rotates but its shape (i.e. eigenvalues)
remains the same

N HE>
—

‘ Corner respons® s invariant to image rotation
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Harris Detector: Some Properties

But: non-invariant to image scale!

> B

All points will be Corner !
classified as edges
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Scale Invariant Detection

The problem: how do we choose corresponding circles
independently in each image?

Choose the scale of the “best” corner
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Scale Invariant Detection

Consider regions (e.g. circles) of different sizes around a point
Regions of corresponding sizes will look the same in both images
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Feature descriptors

We know how to detect points
Next question: How to build descriptor that will
enable matching them?

PR

—_—

-

Point descriptor should be:
1. Invariant 2. Distinctive
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Descriptors Invariant to Rotation

Find local orientation

Dominant direction of gradient

! /

« Extract image patches relative to this orientation
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Idea for descriptors

» Vector of image pixels (simplest) + cross corelation
« Computational cost

* Local histograms

« Spatial frequency techniques




Hebrew University Image Processing - 2005

Descriptor Vector

Orientation = blurred gradient

Rotation Invariant Frame
« Scale-space position (x, y, s) + orientation ()
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Multi-Scale Oriented Patches

Interest points

« Multi-scale Harris corners

« Orientation from blurred gradient

« Geometrically invariant to rotation
Descriptor vector

+ Normalized sampling of local patch (8x8)

« Photometrically invariant to affine changes in intensity
[Brown, Szeliski, Winder, CVPR’2005]
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MOPS descriptor vector

8x8 oriented patch
+ Sampled at 5 x scale
normalization: I'=(1- )/
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Detections at multiple scales

Hebrew University Image Processing - 2005

SIFT- Build Scale-Space Pyramid

All scales must be examined to identify scale-invariant features

An efficient function is to compute the Difference of Gaussian
(DOG) pyramid (Burt & Adelson, 1983)

Resamply‘ AN %
AN
BIurT Q < AN
DNIRNETANEAN
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SIFT - Select canonical orientation

SIFT (Scale Invariant Feature Transform) — David Lowe

Create histogram of local gradient
directions computed at selected
scale

Assign canonical orientation at
peak of smoothed histogram

Each key specifies stable 2D
coordinates (x, y, scale,
orientation)

o
—
N
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Scale space processed one octave at a time
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Advantages of invariant local features

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

Distinctiveness: individual features can be matched to a large
database of objects

Quantity: many features can be generated for even small
objects

Efficiency: close to real-time performance

Extensibility: can easily be extended to wide range of differing
feature types, with each adding robustness
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SIFT vector formation

«Gradient magnitude and orientation is computed over 16x16 array of
locations in scale space around the keypoint.

*The gradients are weighted y Gaussian window.
«Create array of orientation histograms
8 orientations x 4x4 histogram array = 128 dimensions
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Key point localization

Detect maxima and minima of
difference-of-Gaussian in scale
space
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SIFT (Scale Invariant Feature Transform)

David Lowe — distinctive image features from Scale
Invariant Keypoints
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Robust matching
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Select canonical orientation

Create histogram of local gradient
directions computed at selected
scale

Assign canonical orientation at
peak of smoothed histogram

Each key specifies stable 2D
coordinates (x, y, scale,
orientation)

o
—
N
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Feature matching

* Exhaustive search
« for each feature in one image, look at all the other features in
the other image(s)
« Hashing
« compute a short descriptor from each feature vector, or hash
longer descriptors (randomly)
* Nearest neighbor techniques
« k-trees and their variants
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Feature matching
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Feature-space outliner rejection

Can we now compute H from the blue points?
+ No! Still too many outliers...
* What can we do?
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What about outliers?
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RAndom SAmple Consensus

Selectonematch, couninliers
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Matching features

What do we do about the “bad” matches?
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Least squares fit

Find “average” translation vector
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RAndom SAmple Consensus

Selectonematch, couninliers
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RANSAC
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RANSAC for estimating homography

RANSAC loop:

1. Select four feature pairs (at random)
2. Compute homography H (exact)

3. Compute inliers where SSD(p, H p; <

4. Keep largest set of inliers

5. Re-compute least-squares H estimate on all of the
inliers
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Why using Feature Base Alignment ?

Till recently:

« Direct alignment was preferred as finding good
features in multiple images was not done reliably
« Confused features in area with much / little textur e
« Features are not uniformly distribution over the im age
« Problem in case of rotation / foreshortening

* Today
« Features are found in very robust way

» Response to different image locations (not just
‘coroners’

» Can be well distributed
Invariant to scale, orientation, foreshortening




