Topic 11:

Feature Detection &
Image Matching

* Introduction to the image matching problem



The Image Matching Problem

Goal:

|dentify “features” or
patches in image | that
appear in another image, I’




Indicates a
correspondence
between location
(X, y) in image |
and location (x’, y’)
In image I’




The Image Matching Problem

Is it possible to solve
this problem by direct
template matching
between two images?
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The Image Matching Problem

Is it possible to solve
this problem by direct
template matching
between two images?

A:

Yes, but it would be
iImpossibly inefficient
(ie. must search over
all possible pairs of
patches)
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Feature-Based Image Matching

i
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Detect
features
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features
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Errors in Feature-Based Image Matching

In general, some/many of
these correspondences may
be incorrect.

Two types of error:
1. False positive matches

algorithm returns a
correspondence between 2
locations where none exists

2. False negative matches

algorithm fails to detect a
correspondence between
two instances of the same
feature/patch.




Errors in Feature-Based Image Matching

GOAL: minimize false positive
and false negatives across a
wide range of imaging
conditions.

1. False positive matches

algorithm returns a
correspondence between 2
locations where none exists

2. False negative matches

algorithm fails to detect a
correspondence between
two instances of the same
feature/patch.




Evaluating a Feature Detector’s Performance

ideal
performance

ood
correct J

matches performance
= true :
positives poor E
(as performance 5
fraction
of total) 5

0 1

incorrect matches = false
positives (as fraction of total)




Feature Matching & Transformation Invariance
“Transformed” source

image
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Source Image |

To be most useful,
the feature detector
& matching
algorithm must be
Insensitive to a wide
range of image
transformations.



Transformation-lnvariant Feature Detectors
“Transformed” source imaages
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A feature detector is &
called invariant to a \és
certain image
transformation if it
can reliably detect
features in a
transformed version
of the source image



Transformation-lnvariant Feature Detectors
“Transformed” source images

A feature detector is

called invariant to a Brightness transformation
certain image

transformation if it
can reliably detect
features in a
transformed version
of the source image



Transformation-lnvariant Feature Detectors
“Transformed” source images

?
to change in
A feature detector is viewpoint

called invariant to a
certain image
transformation if it
can reliably detect
features in a
transformed version
of the source image




Transformation-lnvariant Feature Detectors

_ \ | “Transformed” source images
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A feature detector is
called invariant to a
certain image
transformation if it
can reliably detect
features in a
transformed version
of the source image

Distortion due
to change in
viewpoint &
magnification
(ie. scale)
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 Image matching using SIFT features



Image Matching Using SIFT Features

SIFT: Scale Invariant Feature Transform
* Developed by David Lowe in 1999

« One of the most powerful representations for
feature detection and matching

* Widely used in applications that range from
robotics, to image retrieval & recognition,
image stitching, video analysis.



Image Matching Using SIFT Features




Image Matching Using SIFT Features
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Image Matching Using SIFT Features

Compute i §
SIFT
features Match
n| NISIFT
features
across
./ Compute | ~7|the two
SIFT Images
features
in I’




The SIFT Feature Detection Algorithm

Goal: Represent an image | as a collection of SIFT features
that can be identified reliably in other images where
the same (or similar) objects are present.

“Source” image | “Query” image |

Input:
Image |

Output:
A set of kK SIFT
keypoints {p1, p2,
..., px} & feature
vectors {fi, fo, ...,
fi}.




The SIFT Feature Detection Algorithm

Goal: Represent an image | as a collection of SIFT features
that can be identified reliably in other images where
the same (or similar) objects are present.

“Source” image | “Query” image |

Input: -
Image I RNUMOFTHEH&— DGE FUND WORLD -
< - - |
Output: ¥ T.
- 1_1,19 - P’

A set of kK SIFT
keypoints {p1, p2,
., px} & feature
vectors {fi, fo, ...,

fi}.




The SIFT Keypoints

Keypoint: Alocation (X, y) in the source image,
with an associated orientation & scale,
that is “visually distinct” from its

surroundings.
*Source” image |

Detected k noints

o 2 ., A
Input: e B
Image | | he
Output:
A set of kK SIFT .
keypoints

Pi = (Xi, Yis Pis 01)

IocatioV /

scale orientation ’




The SIFT Feature Vectors

Feature vector (of a keypoint pi): A vector of fixed
length that represents the image patch centred at

pi.

Detected keypoints
Input: B
Image | e 4
Output:
A set of k A set of k

keypoints feature vectors

Pi = xi»Yia.Pi».,ei). fi=|

IOcatiOV / P P, X
describes the patch ’ 2| R L —

scale orientation
centred at pi




Representing an Image Using SIFT Features: Steps

2. Build feature
vectors

Source Imag 1. Identif k NOIN

ts

f, =

]C2=

il
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The number k of  The dimension of

detected keypoints each feature

depends on | vector is the same
for all images.



Matching 2 Images Using SIFT Features

3. Match

[T1 |feature

L1 | vectors in the
two sets:

L {fq, fo, ..., T}
and

{f'1, T2, ..., Pk}

1. ldentify keypoints 2. Build feature vectors



Matching 2 Images Using SIFT Features

H=00114d

H=001114d

H=00104
— .

fio =O001—110
S, =O001—11

2. Build feature
1. ldentify keypoints vectors 3. Match vectors




Step 1: Compute a Set of Keypoints
1. ldentify keypoints
B | Goals:

e Y - Identify

M distinctive image
locations

~» Assign scale &
orientation to
each keypoint

-+ Should be able

| to detect some

keypoint in

Images that vary

In magnification,

brightness, etc.

Source image |




Step 1: Compute a Set of Keypoints

Keypoint: Alocation (X, y) in the source image,
with an associated orientation & scale,
that is “visually distinct” from its

surroundings.

“Source” image | Detected keypoints

o 2 ., A
Input: e B
Image | | he
Output:
A set of kK SIFT .
keypoints

Pi = (Xi, Yis Pis 01)

IocatioV /

scale orientation ’
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« The SIFT feature detector



Computing SIFT Keypoints: Basic Steps

Source image |

Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

Step 1f

Assign
orientation
to extrema

/ / /

pi = (x),y/,p/, 6)

Orientation assign

DOG pyramid

Step 1b

Build DOG

— |pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xia yl'a pl)

Step 1e

Prune set of

extrema
keypoints = {
all remaining
(X5 Yi> i) }

Extremum pruning Location refinement

Step 1d
Refine
location of
DOG
extrema
(xl-, Yis Pi) —
(Xis Vis ;)




Step 1a:

Construct a Gauss-like Pyramid

Step 1a:

Compute a pyramid of Gauss-filtered
iImages organized into octaves of s + 1

iImages

each image is smoothed by a
factor of k more than the
iImage below it

Gaussian



Step 1a: Construct a Gauss-like Pyramid

SIFT An octave is a set of Gauss-convolved
Images, |1, ..., Is representing a doubling
of the scale parameter o between |1 and
|s.

terminology

each image is smoothed by a
factor of k more than the
iImage below it

each
octave
contains
S+ 1
images

Gaussian



Step 1a: Construct a Gauss-like Pyramid

Step 1a: Compute a pyramid of Gauss-filtered

each
octave
contains
S+ 1
images

iImages organized into octaves of s + 1

iImages
\ === | |
Scale E Images in next octave are
(next . subsampled and stored at

octave) E p

ﬁ 1/2 resolution of previous

octave
B A
IS =1% GkSG
'I _ %G In practice:
2 (ko) s =3 (3 images/octave)
I, = 1% Gy, c = 1.6 (for first octave)
° Gaussian



Computing SIFT Keypoints: Basic Steps

Source image | Gauss-pyramid DOG pyramid
3 Step 1a Step 1b
Build Build DOG

pyramid of [ _— |pyramid =
Gauss-

smoothed
Images




Step 1b: Compute Pyramid of DOG Images

Step 1b: Compute a pyramid of DOG-filtered

each
octave
contains
S+ 1
images

Images

D(x3y7p) — I(xay) * (G(xay3kp) _ G(xyap))
for p = 0,ko, k%0, ....,k° o

IS =1* GkSG

12=I*Gk(ka)
IO:I*GO'

A

D(x,y, kSO')

D(x, v, 0)

Difference of
Gaussian Gaussian (DOG)



Step 1b: Compute Pyramid of DOG Images

Step 1b: Compute a pyramid of DOG-filtered

Images

D(x,y,p) =1(x,y)*(G(x,y,kp) — G(xy, p)) $cale
(next

for p = o,ko, k%0, ..., k5 o

] — [k
[, =1%Gys,
each .
octave ) y
contains 12 =1 Gk(ko‘)
S+ 1
— Tk
images Il =1 Gka
— Ik
I,=1*G,

A

Difference of D(x, Y o)

Gaussian Gaussian (DOG)



Reminder: Difference-of-Gaussian Filtering




Reminder: Difference-of-Gaussian Filtering




Reminder: Difference-of-Gaussian Filtering

Difference of | But we know
two Gaussian- | that
smoothed
versions of I: Gy, — G, =
ko(kp — p) VG
146y~ plkp —p p
1%G,=
I* (ka — Gp)

(just the difference
between two
Gaussian masks)

—> D - V2G| pkik = 1)




Computing SIFT Keypoints: Basic Steps

Source image |

Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

DOG pyramid

Step 1b

Build DOG
pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xl'a }’i, pl)




Step 1c: Detecting DOG Extrema

Step 1¢c  (Extremum detection): Find all pixels
that correspond to extrema of D(X, y, p)

Extrema of the image Laplacian are readily
distinguishable from their surroundings. There are
usually just a few thousand in each pyramid.

A D(x,y,k%0)

IS =1* GkSG

12=I*Gk(ka)
IO:I*GO'

D(x, v, 0)

Difference of
Gaussian Gaussian (DOG)



The Difference-Of-Gaussians (DOG) Filter

Finding local
extremain a
single image
D(x, y, p)

(X, y) if
D(x,y,p) < all

neighbours

« minimum at

>

>

(X, y)

L~

>

v v Vv

« maximum if

D(x,y,p) > all
neighbours

<

<<

<

(X, y)

L~

<

Z
<




Step 1c: Detecting DOG Extrema

Step 1¢c  (Extremum detection): Find all pixels
that correspond to extrema of D(X, y, p)

must also be must also be
< than all > than all
neighboursin  Of  neighbours in
adjacent adjacent
scales scales

pk
finding extrema in Ny

a “stack” of images

plk




Step 1c: Detecting DOG Extrema

Step 1¢c  (Extremum detection): Find all pixels
that correspond to extrema of D(X, y, p)

must also be must also be
< than all > than all
neighboursin  Of  neighbours in
adjacent adjacent
scales scales

pk
finding extrema in Ny

a “stack” of images

plk

IS =1* GkSG

L=1% Gk(ka)
IO =1* GO' Difference of D(x, y,0)

Gaussian Gaussian (DOG)




Step 1c: Detecting DOG Extrema: Algorithm

Step 1¢c  (Extremum detection): Find all pixels
that correspond to extrema of D(X, y, p)

For each (X, y, p), check whether D(x, y, p) is greater than (or

smaller than) all of its neighbours in current scale and adjacent
scales above & below.

A D(x,y, ko)

Is =1* GkSG

L=1% Gk(ka)

— J k
[, =1%Gy,
— J 3k
IO =1 GO' Difference of D(x,y,0)

Gaussian Gaussian (DOG)



Step 1c¢: SIFT Keypoints = DOG Extrema

Step 1¢c  (Extremum detection): Find all pixels
that correspond to extrema of D(X, y, p)

An extremum detected at D(x, y, p) defines
the keypoint (x, y, p).

D(x,y, kSO')

A
IS =1* GkSG

I = I* Gk(ka)

— b S
IO =1 GO' Difference of D(x,y, 0)
Gaussian (DOG)

Gaussian



Computing SIFT Keypoints: Basic Steps

Source image |

\RNUM OF THE 1y

E FUND WORLD

Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

DOG pyramid

Step 1b

Build DOG
pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xia yi’ pl)

Step 1d
Refine
location of
DOG
extrema
(Xjs Vi 1) =
(Xis Vis ;)

Location refinement




Step 1d: Refining Location of Extrema

Step 1d (Extremum localization) Refine the location of
detected extrema through a quadratic least-squares fit.

 The original SIFT method/paper just uses
the pixel location of the extrema as the
s(xve) location of the key point
- Revised method finds the subpixel location
interpolated location of the extrema using
2nd order Taylor expansion of D at (x, y, p)

* This improves the results when matching
significantly




Step 1d: Refining Location of Extrema

1A. 2nd order Taylor expansion of D at (x, y, p):
= D(Y)%F) . . aD T .
@ DAX)=D(x)+| — - AX
0Xx
vy 22
— x . . x
2 0x?2
2. Take derivatives with respect to AX
oD oD\ [(D\ _,
——=|—=] +| = |Ax)
O(AX) 0x 0x 2
C oD
3. Extremum < derivative is zero = solve for AT 0

. <a21>>_1 <ap>
(Ax) = — |\ —
0x 2 0x



Computing SIFT Keypoints: Basic Steps

Source image |
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Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

DOG pyramid

Step 1b

Build DOG

— |pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xl'a }’i, pl)

Step 1e

Prune set of
extrema

keypoints = {
all remaining
(X7, Vi Pi) }

Extremum pruning Location refinement

Step 1d
Refine
location of
DOG
extrema
(xl-, Yis Pi) —
(Xis Vis ;)




Step 1e: Pruning “Insignificant” Extrema

Step 1e (Extremum pruning): Prune all extrema that are
weak or that correspond to edges

Condition for detecting a
“strong” extremum (x/,y;, p;)

| D3 vi.pp) | = large

in practice, > 0.03

assumes image | has pixel
~" intensities in the range [0, 1]

X
IS =1* GkSG

12=I*Gk(ka)
IO:I*GO'

D(x, v, 0)

Difference of
Gaussian Gaussian (DOG)



Step 1e: Pruning “Insignificant” Extrema

Step 1e (Extremum pruning): Prune all extrema that are
weak or that correspond to edges

corner-like extremum edge-like extremum

keep prune -
position along

edge is not
constrained

position is
well-

constrained D(x}, v}, p;)

A
IS =1* GkSG

L=1% Gk(ka)

—_ b S
IO =1 GO' Difference of D(x,y, 0)
Gaussian (DOG)

Gaussian



Step 1e: Pruning “Insignificant” Extrema

Step 1e (Extremum pruning): Prune all extrema that are
weak or that correspond to edges

corner-like extremum edge-like extremum
position is keep Prune position along
well- S edge is not
constrained D(xi, yi> pr) constrained

~ O
.9\\>O/37',

[ AL

<D
S Cxo,y)
S(X‘yu
/ X )



Step 1e: Pruning “Insignificant” Extrema

Step 1e (Extremum pruning): Prune all extrema that are
weak or that correspond to edges

corner-like extremum edge-like extremum

kee
P prune position along
o edge is not
D(x;, y;» p;) constrained

D\, D20 S99 220,21 °

position is
well-
constrained

Compute hessian H of 13 *D  9°D
D(x, y,pi’) at (x,y) = (xl.’, yl.’) H= ox2  0xdy
T(H 1\ 2 0D 0°D
. AT + .
Prune if ) > ' where for SIFT r = 10 |20y 0
Det(H) r



Computing SIFT Keypoints: Basic Steps

Source image |
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Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

Step 1f

Assign
orientation
to extrema

/ / /

pi = (x),y/,p/, 6)

Orientation assign

DOG pyramid

Step 1b

Build DOG

— |pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xl'a }’i, pl)

Step 1e

Prune set of

extrema
keypoints = {
all remaining
(X5 Yi> i) }

Extremum pruning Location refinement

Step 1d
Refine
location of
DOG
extrema
(xl-, Yis Pi) —
(Xis Vis ;)




Step 1f: Keypoint Orientation Assignment

Assigning an orientation 6, to keypoint (x/, y;, p;) :

Gradient direction

A.

Compute smoothed
iImage

. Compute gradient

magnitude &
orientation in

neighbourhood of
(xi/’ yll) N I * (;’n:

Histogram

, gradient
10° 20° 30° ... 36(Q° oOrientation

. Compute histogram

of arientations

. Assigned orientation

6 = highest peak in
histogram




Step 1f: Keypoint Orientation Assignment

Computing Histogram of Orientations

Gradient

direction « Qrientations divided into

36 bins (one every 10
degrees).

- Pixel (x, y) contributes to
the bin corresponding to
the gradient orientation

0 at (x, y).
_ : : - Contribution to the bin is
Histogram T eaual to
i XX WiE -G, 5 ()

h- h k . .
'ghest pea - Total bin weight = sum

of contributions from all
pixels

, gradient
10° 20° 30° -..- 36(Q° oOrientation




Computing SIFT Keypoints: Basic Steps

Source image |
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Gauss-pyramid

Step 1a

Build
pyramid of
Gauss-
smoothed
Images

Step 1f

Assign
orientation
to extrema

/ / /

pi = (x),y/,p/, 6)

Orientation assign

DOG pyramid

Step 1b

Build DOG

— |pyramid

DOG extrema

Step 1c

Locate
extrema of

DOG
pyramid

(xl'a }’i, pl)

Step 1e

Prune set of

extrema
keypoints = {
all remaining
(X5 Yi> i) }

Extremum pruning Location refinement

Step 1d
Refine
location of
DOG
extrema
(xl-, Yis Pi) —
(Xis Vis ;)
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The SIFT Keypoints

Keypoint: Alocation (X, y) in the source image,
with an associated orientation & scale,
that is “visually distinct” from its

surroundings.
*Source” image |

Detected k noints

o 2 ., A
Input: e B
Image | | he
Output:
A set of kK SIFT .
keypoints

Pi = (Xi, Yis Pis 01)

IocatioV /

scale orientation ’




The SIFT Feature Vectors

Feature vector (of a keypoint pi): A vector of fixed
length that represents the image patch centred at

pi.

Detected keypoints
Input: B
Image | e 4
Output:
A set of k A set of k

keypoints feature vectors

Pi = xi»Yia.Pi».,ei). fi=|

IOcatiOV / P P, X
describes the patch ’ 2| R L —

scale orientation
centred at pi




Building the SIFT Descriptor

Image patch

centred at (X, ) SIFT Descriptor

NIN N7

N[N A
NIN|Z|N

AN A

N IN N |7
N N |7
NN 7N

A\ N A

X

1. Compute gradients in
16 x 16 pixel patch of
image /™ G, *

centred at (%)

Gaussian-smoothed image
at scale of the keypoint




Building the SIFT Descriptor

Image patch

centred at (X, ) SIFT Descriptor

NIN N7

N[N A
NIN|Z|N

AN A

L4

) H0

)
—~
S

Yi

S

A\ N A
N IN N |7
N I\
N N |7

i 2. Compute gradient orientation

1. Compute gradients in relative to keypoint orientation

16 x 16 pixel patch of

. o *G o *G
mage [*G, e<x,y>:tan—1[ <a ) / <a )} iy
centred at (%) Y )




Building the SIFT Descriptor

Image patch

centred at (X, ) SIFT Descriptor

RININ|7Z

AN A AN

R|7|R |7

L P Pl v

|/ length reprgsents
7 ‘H( X. V) O. “content” of each bin

R Rvﬂ

bl Wl Wl b %

N DA N Pl

I Pz Dzl bl

— —
—
i 3. Compute orientation

1. Compute gradients histogram of each 4x4 pixel
2. Compute relative block

gradient orientations Histogram contains 8 bins,

each covering 45°



The 4x4 Orientation Histogram

Image patch The Orientation Histogram
centred at (X, y) of a 4x4 pixel block

-~ R
-
“1350 : O° " 50
9 . 4I
. ' ’
. 1 ‘
- 1 ‘
. .
. 1 ’
. .

v [,
. 12707 3157
.X A Total contribution of (x, y) to
Weight of (x, ) : the orientation histograms:
— G- X,y — Y, — . V] *
w= Gy (16 =2,y =) Cee,y) =w- IVI*G,xyl,
= pixels closer to keypoint centre gradient magnitude of smoothed image

have higher weight



Building the SIFT Descriptor

Image patch

centred at (X, ) SIFT Descriptor

9%32

g

Vi %(Tx’ Y O
} 9;1.7/262 9%/2@92
SNEN

A
Contribution spread across 2 closest Total contribution of (x y) {o
orientations & 3 closest histograms ] _ ] ’

— no abrupt changes in histogram if the orientation histograms:
keypoint centre displaced by 3 - 4 _
y Clx,y) =w- |[VI*G, x|

pixels



Building the SIFT Descriptor

Image patch
centred at (X, V)

SIFT Descriptor

9%32
Yi %’X, y) 91-
. 9;1.7/162 9%/1@92
L] ]
X
Contribution spread across 2 closest Exam ple: fraction allocated to
orientations & 3 closest histograms 0,
— N0 abrupt changes in histogram if orientation 1:
keypoint centre displaced by 3 - 4 0 0, + 6,
pixels 2

orientation 2: ¢ 4 ¢,



Building the SIFT Descriptor

Image patch

centred at (X, ) SIFT Descriptor

RIRIR|7Z
A|A|7IN
L P A
N B v
|/ length reprgsents
7 ‘H( X. V) O “content” of each bin
R Rvﬂ
bl Pl Pl L %
RIZIN |7
R|Z|7A
\\ _—
——
A
1. Compute gradients orientations in each of the 16
2. Compute relative gradient histograms (128 total).
orientations 4. For each pixel, calculate the pixel’s
3. Define an “accumulator” contribution to each accumulator

variable for each of the 8 variable.



Converting SIFT Descriptors to 128-dim Vectors

Post processing:
1. Normalize f; :

Ji
I 1/l

— gives invariance to linear lighting
variations across images, ie. when
matching image | and image al + b
(because fi will be the same in both
images)

2. Clamp f; :
Clamp all elements of £ at 0.2

= gives less weight to very large
gradient magnitudes

SIFT Descriptor

lenpth reprgsents
“content” of each bin

&

T

A

| l |
ﬁ: e’l\/)la dk
128

3. Re-normalize



Matching 2 Images Using SIFT Features

3. Match

[T1 |feature

L1 | vectors in the
two sets:

L {fq, fo, ..., T}
and

{f'1, T2, ..., Pk}

1. ldentify keypoints 2. Build feature vectors



Matching 2 Images Using SIFT Features

& 1 3. Match fi
- ok ’ nE Compute “ﬁ _f}”

e Ll forallj
g b. Compute
- ] fraction
[T 4= I1f; —f{'*”
1f; = Sl

[T] wherej;f* IS the
111

closest descriptor
In I’ and = IS

2nd-closest.
c. Match f; to . if

¢ < 0.8

1. ldentify keypoints 2. Build feature vectors



Matching 2 Images Using SIFT Features

|
! o
~ - }
7

\RNUM OF THE HEDGE FUND WORLD

»11]9‘ > Tp k
g '

{| deemed

Intuition for
matching
algorithm:

match
established
only ifitis

reliable, ie. if
there is only
one very

similar feature|

fi =

H =0

fi= [

feer =

S =0

|n |mnno |’

u\ll

fi =

=

r
=1L

f =

3. Match f;

r1712. Compute “ﬁ _f}”

for all j

b. Compute

fraction

=
IS = sl

where jj-’* IS the

closest descriptor
In I’ and = IS

2nd-closest.
c. Match f; to . if

¢ < 0.8

1. ldentify keypoints 2. Build feature vectors




