ivative estimation, template matching,

=
ol

gn_computation
=9 |

Announcements

A4 is due April 4

* Marks for A2 are starting to come. Will be available by Friday
(apologies from our side, lateness due to a sick TA )

* Grace-days left will be posted on Blackboard tomorrow

e May use grace-days after April 4, keep an eye on the final
exam (worth 4 times the value of the assignment).




Topic 9:

A Unifying View:

1. Template matching < Derivatives via WLS fitting
2. Image smoothing = Template matching

3. Image interpolation = Convolution w/ continuous
smoothing function

4. Image differentiation < Convolution w/ derivative
of a smoothing function

5. Image Laplacian = Difference of two Gaussian-
smoothed versions of an image

Unifying View

Template
Matching

Correlation

Image
Smoothing

Image
Interpolation

Image
Laplacian

Image
Differentiation




Unifying View

Template

Matching '

Correlation

WLS Estimation < Cross Correlation

Patel (2wt pinels)

X=0 xe2 X=w

fjr/ e Tl o

%Hf

|
|
s |
,
l}
\
|
) :
—w X




WLS Estimation << Cross Correlation

wbgV\Jt ’Fw"d—mh 70&"‘0\~ (2w+’\ pl'xe\)

M e ]?"n FI
SN oo

) L ( 2wty
S e

x_l/‘
Q_

WLS Estimation < Cross Correlation

weight fwohow 70&\‘0\« ( 2w+A pixe\)

/7 Em S
AL R

) L | 7-W1‘\
:\/ 70 Xi w
WXa WTI
W: weights
X: X, ¥ax2, 1/6x3, ...
d: derivatives
|

image contents




WLS Estimation << Cross Correlation

wogwr 10‘*""9\—10” Pa\‘c\« (2w+’\ p\'xe\s)

‘Q-Q() Jiv X=0 x=2 X=w
// SRS % N P
! _(Z,‘ 0 I

WwWXd =WTI = (w@%wx)d - CWXBTWI
= d - [(wx}Twaﬂlex)TWI

WLS Estimation < Cross Correlation

weight fwohow 70&\‘0\« (2w pixels)

/) E« fﬁtz[:\
AL R

?.wﬂ

WX =WTI = (WO (wx)d = (wxX) w1
= d - [(wx}Tcwxﬂ‘(wx)TW];

represented as a g\,ﬂ\e Aok

7 (0)

10) 1 ]
Solukion d ’1 ‘%:(m & = 1 ‘




WLS Estimation << Cross Correlation

wogwr 10‘*""9\—10” Pa\‘c\« (2w+’\ p\'xe\s)

IZ_Q() J:" X=0 x =22 X=w
// A A
' n 0 Y

|
B e[, I

WwWXd =WTI = (w@%wx)d - CWXBTWI
= d - [(wx}Twaﬂlex)TWI
L/_/_/—\)

oW (0w oe Ahis  nodvix

L’f T 10T ‘(to)g II
w1 ,-,(Téo,)f,,-mg Lol (t‘)l

Solution d - %E(U) _ 1 e “ R .
£ (0) | (f‘) ‘l’twn (JC">

WLS Estimation < Cross Correlation

weight g“‘”&‘oy‘ Pa‘mk (2w+A pixels)

/K/ﬂ el [P
| [‘; L .

WX =WTI = (WO (wx)d = (wxX) w1
= d - [(wx}Twaﬂ‘(wx)Twl
L/—,—’/\)

oW {Ow OQ +his ok x

—(t")T_ [t

A T \: @ ||
B N By ) L5

—)

100) &
i)«
Solution: d '1 “:( 4=
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WLS Estimation << Cross Correlation
wbgV\Jt ,Fumc\'loh 70&"‘0\~ (ZW-\-/\ pl'xe\)

x=0

&w o ]rl_ji
B

l_l —_—
Q_

I(w=0) can be computed as the cross-correlation
of the image patch () and the “template” t°.

WLS Estimation & Cross Correlation
we)gV\Jr fwchow 70&\‘0\« (ZWM pixe\)

/7 E« mtz[:\
L R

%l;(O) can be computed as the cross-correlation
of the image patch (1) and the “template” ti. T

1O RN
) |

%:(0) (%'\/5 1 2w




WLS Estimation << Cross Correlation

One can think of the estimation of C;—)% (o) as the “similarity” value
between the image patch x, and the template t'.

I/TQ‘MPlO\lL// PQ‘\'O’\' ‘l: iW\C&ﬂQ Po\’kd/p X\‘ B
l/ [Sof\l%“w ‘xo 200 Hmo@@

SIW\JC{T\B )OuvxcH on

Cvross - Covvelat om

oC (Yg,'t\) = XLT' t

WLS Estimation < Cross Correlation

One can think of the estimation of % (o) as the “similarity” value
between the image patch x, and the template t?.

//TQ,\AA‘)[O\-LL// patda t lmage povac’/[/\_ X )
L o [ Lo soe] 0[50 [om | oe o190

Temphate for *st derivative extimaiion in 11-sixel, Zrd-order poly fit

gnm.lawB )Q,W\c\*l on

o / Cross- Co weelat on

1N/ co (% t) = 0ot




Unifying View

=

Template
Matching

Correlation

Image
Smoothing

Gaussiansin 1D and 2D

1D Gaussian

‘m-36 m-6 m m+c  m+3c

x




Gaussiansin 1D and 2D

G(x)
A
1/ V270’
. (x-m)?
1D Gaussian G,(x)= L oo
N 27m0°
" m-c m mto m+3c ¥
2D Gaussian 1 lem)eom)

G, (r,c) =G, (rG,(c) :%e‘

Example: Applying Gaussian Smoothing

No smoothing
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Example: Applying Gaussian Smoothing

iR

No smoothing

Example: Applying Gaussian Smoothing

No smoothing g=2 c=4

11



Gaussian Smoothing <~ Cross-Correlation

Gaussian smoothing: estimate the Image intensity term as the
similarity between the image patch and a Gaussian template

lmaﬂe Porkw(/p X\‘

Gaussian lewmplate &

E‘_\_/l__\l_gj @%}w [0 200

Prove ths -
cC(Cx,G,) =

o™ ovder w&ﬂ\x&e@\

least  squaves it
M‘JW\(S ‘H/\Q weng ht
fumction  (20)=) CGCX)

Gaussian Smoothing < Cross-Correlation

Gaussian smoothing: estimate the Image intensity term as the
similarity between the image patch and a Gaussian template

lmage povac’/[/\_ X
T [ 20| o] 150)

Gaussian Tewglate o

Emj E‘lﬁﬂ}o ‘go 200
w -1 o 4 w

Prove ths %V\ SW\OO’Hﬂ‘g OP,QV\JHO\/\S

CCCx. . G,) =

o' ovder w&‘j\/\r\eé

we  want to Cowxpu&e, a

wugln)r&o\ aweroge, So

least squaves £t

Mﬁi\/\é ‘H/Q w&glf\{‘ — —

- o
fon 0=\ G o) - GG
function 263-1 6, 26w |
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Averaging vs. Gaussian Smoothing

Result of Cross-Correlation with Gaussian Mask

Unifying View

Image
Interpolation

13



Image Interpolation: Definition

Given a discrete set of (intensity) values |, |, ..., I, (also called
“samples”), define a continuous function I(x) that can be
evaluated at any real x € [0, M-1]

Intensity
saw\p\es I,
T Yé o © O o
PR © 0o 00
I o o Im
. 0
0 W Pixel (X)

Image Interpolation: Definition

Given a discrete set of (intensity) values |, |, ..., I,.; (also called
“samples”), define a continuous function I(x) that can be
evaluated at any real x¢ [O) M-1]J

Intensity

w Pixel (x)
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Image Interpolation: Applications

Interpolation applications:

Image warping

T L b 1y jg_ XL T?

| . |
‘ro ' ’50‘ KOT\Do‘ o 2o ‘ 1o ‘

Image Interpolation: Applications

Interpolation applications:

Image warping

T L 1 1y J. Xé Ig
‘ \

‘r()"so so
]

1 |
\oo‘zo w‘tu‘
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Image Interpolation: Applications

Interpolation applications:
Image warping

Design of differentiation templates

L Loy jg Yo 1, T L T Tq 7, A 1, Je 1q I» N Inz J—;g jlg

S

‘ I | | 2 y | ! | | 2
‘ro‘SO so u;o‘;_o w‘io‘ so| 7 %o ‘Zu 7‘»0\“20 1 20 7‘.0‘

Interpolation: General Expression

T(x-k): contribution of the k-th pixel

M-1
I,: intensity at k-th pixel
(I * T) (ﬂf) - E I[gT(af - k) xk-k : distance between x and k pixel
z=0

The result of interpolation is a o lmage T )
function that can be evaluated \sa 1355 % 4o 200 10| S0 | 200 | = \ ‘”@4
o 1 1 3 q ; T

at non-integer values of x. 34 é};’e i % o |
X

'
'
[
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Interpolation: General Expression

I intensity at k-th pixel
(I * T E Ik;T Tr — x-k : distance between x and k pixel

T(x-k): contribution of the k-th pixel

{vv\aqg, T
i omoog

The result of interpolationis a
function that can be evaluated so | 255 ] 30 \go 200

at non-integer values of x. 4 s
The general expression above Swoothing Qw\eJﬁov\ T aks
allows T to be any arbitrary . e
function defined for x-¢e[ m+, M) \V‘}"’—PPo\GJf% en
W v
——— ’\0 ;X- K
Interpolation: General Expression
(I * T Z I]gT af - i:(—:ljr:]tdei;]:;yc:tbk;aiflx and k pixel

T(x-k): contribution of the k-th pixel

The result of interpolationis a [

function that can be evaluated \so zss‘so \ ¢o w—oﬂ m«» 30

at non-integer values of x. 3 4 s]\ 6 1 &g
The general expression above gwgp,\h%; Lonebon T aka
allows T to be any arbitrary . ‘ .
function defined for x-¢ e[ -+, M-1) \V‘“'PO\GJMA Vervel

o T
In practice, T is chosen to M
satisfy additional properties — % -«

(eg. differentiability and /T(:x)d:c =1) |
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Example #1: Interpolation Using Gaussian Kernel

I,: intensity at k-th pixel
(I * E Ik: G IL' - ) x-k : distance between x and k pixel

(I%Gy)(z) = waughled

Com bl nart on @f
Tlol,  ITmA]

Gg(x-k): contribution of the k-th pixel

k V\/\aqg, T

\7»55‘30 ‘gD 200

Homw ISDI
=Y

ZZQS/‘Gi&QIOX

@auss jan “’\‘é{P(AOAﬁOM 7

Example #1: Interpolation Using Gaussian Kernel

z : l,: intensity at k-th pixel
(I * Ik: G IL' - ) x-k : distance between x and k pixel

(I%Gy)(z) = weghed

combs noch on @f
Tlod, ImA]

(I+xGy)(z) =
I[5] - Gy(x — 5) +
I[6] - Go(x — 6) +
I[4] - Gy(x — 4) +

I7-Go(x—T7)+ ...

Distance between the
desired location and
the known pixel

Gy(x-k): contribution of the k-th pixel

k vv\o\qg, T

So 7—65‘30 ‘go 200 rmoo 30

ZQSZ\G?"SQ

@mu\ss.am ’W\{‘rpo]o‘%ow 7

Al

— [} w
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Familiar?

Image
Smoothing

Image
Interpolation

Example #2: Interpolation Using Linear Kernel

(I +L)(x

(I *L)(z) = waughled
comb nathon  of

Tlod, IQmA)
(IxL)(x)=
I[5] - L(z —5) +
I[6] - L(z — 6) +
IM4]-L(x —4)+
IN7) - L(x = 7) +..

ZIk ZL’—

k WA T

So 165‘30‘5(01 /moo 30

1%5]\6 1 g

Livvear e g el
Interpolation | (ex y=5
kervel L \ Ay

l\
(x-¥)
_ ?—__/“O\G/_LL e




Example #2: Interpolation Using Linear Kernel

(I+L)(x) = Z_: I . L(x — k)
x=0

- (I*L)(z) = wughted lwoqe T )
combsi noch on @f i l ISS.L” ‘f“’ _‘”,”f’m"ﬁ@»
T o 1t 3 g s/\ 6 3 ¢t g b X
Tlol,  TlmA] A
(I * L)(.I‘) = Linear } el kel
\V\\'(ZV‘PO\OA’iOY\ L (XAK):,(-

5] - L(z — 5) +

kevv\\ L x-xl> |
106] - L(z — 6) ‘ | Z e

l\
/“O\F,I.Lx—k) e
b

Unifying View

Image
Differentiation
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Image differentiation (derivatives computation)

Step 1: Interpolate to define a continuous function

(I xGy)(x) = Z_: I,Gy(x — k)
x=0

Step 2: Take the derivative of this continuous function

o
E(I* Go)(x)

Step #1: Interpolate Using Gaussian Kernel

(I xGy)(x) = Z_: I,Gy(x — k)
x=0

2

TO IV\‘\'Q\(PO\GJfﬁ) woe lvv\o\q{L T

evaluote ‘\-\"C ex\)ﬁeﬁ?§\ on S0 ‘ 255 “ 30 ‘ o 200 Hmoo 1301
B 0 g 3 0 - - — -
o 1 1 o X

at  cortimuous values x T 4 S]V'G 3 : q 1
X

@mu\ss.aw ’W\{‘rpo]o‘%ow 7

s

[
¥
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Step #1: Interpolate Using Gaussian Kernel

M-—1
(I+Go)(x) =Y IiGo(z —k)
/’\ =0
To m\'evPo\a\z) e {W\aqg, I

evaluoke he ex\)ﬁe/sSNO""\ S0 \ISELLX) ‘go 200

at  comtimuous values x o | 1 3 < s/\"c : T -
[
1

Because (I * G,)(x) .
is a weighted sum or Coussion  Inlerpolohon  Ferel

Homw ISDI
- ‘. . -2

X

Gaussians, we can compute
its derivative analytically.

Step #2: Differentiate the Interpolated Image

continuous

(I xGy)(x) = Z_: I,Gy(x — k)
x=0 '\

discrete

ji (Ix Ge )& =

22



Step #2: Differentiate the Interpolated Image

M1 continuous
(I+Go)(x) =Y IiGo(z —k)
x=0 \
discrete
ey £[Ln D).
X ol X -0

Step #2: Differentiate the Interpolated Image

M1 continuous
(I+Go)(x) =Y IiGo(z —k)
x=0 '\
discrete
= D
’Ci<:[¥@e><><>: o {2— 1 VQGCK BJ -
ax ol x o
SR ,d_ - (xe) &=
S 1o Glee) &=
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Image Differentiation <& Convolution w/ Gaussian Derivative

(I xGy)(x) = Z_: I,Gy(x — k)
x=0

We con C@W\FU\XVQ ée,rivajvwes lo\ﬁ
a\bp\‘\jw\% o 4‘6«/\/\‘)[0«%@, ot i@ Fhe

denvodve of the  Gaussom Lunchon

——

- J
|

4 (1eg)en - [12(56) 19

Convolution with the Derivative of a Gaussian

Gaussian

24



Convolution with the Derivative of a Gaussian

Gaussian

First derivative

) 1 22
G = — T 202
' (@) &U( _ )

2.’L‘ 1 _ x?
= —— e 202
202 2ro

2x
= 520 (7)

Familiar?

Image
Differentiation
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Convolution with the Derivative of a Gaussian

.. /
This is the plot of Ga(gj)

Plol of i, x)or o1 6567 mean=0
025, - -

&JG/(")

o (O

y4 1
S T

[G,(—E)), ey G/(E))} * [11,12, ey Ill]

Convolution with the Derivative of a Gaussian
0) \AQ\W\\OB W LS Po\ﬂgl‘t with Gaussran WJ%MS
@ USimg convolukion  wibn %G:
X

Tempiata for 13t soriratve eimation i 11-pisel, nd order WLE pety it Pl i lideffs_ ) o 't BRET rmansl)

SO A ] T8
. | G0
‘; O 3 2 El 1 2 3
T w I T
4T ov 1w gL
ax S S N 1 ()
nel row oluf+
L 4 . [G'(=5)s -, G'(5)] * [T, Do, -, Tua]

26



Convolution with the Derivative of a Gaussian

Kl* Ge)(x) - MZj T[] Gglx-+)

We con C@W\FU\XVQ ée,rivajvwes lo\ﬁ
a\bp\‘\jw\% o 4‘6«/\/\‘)[0«%@, ot i@ Fhe
denvoctve  of Ahe  Gausson Lhuchon

0
j%I*@gm : [I*@%G) 5

Convolution with the Derivative of a Gaussian
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Convolution with the Derivative of a Gaussian

Cow\‘)om% 4l bemned Sjof %f{’ima’\’\wﬂ Ql—j'

dx*
‘uswxg WLS Po\gf;lt wiirb‘\ Gaussron W%Wrs

USIng convOlution with d&

A ax "
n£ l . Template for 2nd Jedvative estimabonin 11:pixel. 2nd oide WlS.Ddylll . Piot of QG Y1) for o= 16567 means(.
.04} P G"/ (.)
e B T T @ i 5 32 @ ER ] s
’ T v 2 1 1 ! / 4
cl L(é){ R X; ° L(e):[C() GC)]*
x ¢ - Iy ol « - —
s / LT -T)
3 ow o POWP’“ d

Goussion 2 devivabive

evaluated ok L=, W

Convolution with the Derivative of a Gaussian

The advantages of estimating derivatives using a convolution
with a Derivative of a Gaussian template are:

The Derivative of G, can be computed analytically
One can control the size of 0 (the scale of the smoothing
One can compute higher order derivatives by convolving

. “
i & ()

Computations are always dot products (i.e. efficient)

| %(I*@g)m - [I (26) X@@
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Unifying View

Image
Smoothing

Image
Laplacian

Principle #5

Subtracting Gaussian-smoothed versions of an
image | at nearby scales 0, and 0,

=

Computing the Laplacian of |

29



What does smoothing take away?

What Does Smoothing Take Away?

1 xGg,

30



The Difference-Of-Gaussians (DOG) Filter

The Difference-Of-Gaussians (DOG) Filter

I xGy, — I %Gy, =1%(Gy, — Gy,)

Y

This is called a DOG filter
(Diferencie of Gaussians)

31



Equivalence of DOG and 2" Derivative Filter

What &  Tx CGQ ‘GGL) ?
ohat 1w Cg‘ -—GGLO.

Consider G to be a function
of bothxand o

Ga - GO’2 =

1

3G
oo

(02 —o1)——(,01)

Equivalence of DOG and 2" Derivative Filter

what = Tx(6 -G ?
b\)\/\CLJC S Cg‘ 'GGL/?
Consider G to be a function
of bothxand o

T/ /@%m L 6666)

/G (K ) :GCK) GL)
‘ . - (61>6|>

~ DGQ §ca|e¢1

9 N STNC LN "R
Go, — Gy =
oG
(02—01)5—0(%01)
g
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Equivalence of DOG and 2" Derivative Filter

What & T CGQ —GGL) ? Compare to the 2" derivative
lolak ¥ C. -CQ.. 7 of G with respect to x
S \ e 62 -

Consider G to be a function w
of bothxand o

— Ge‘m - GCs6) . K
G(‘ ) :GCK)‘ 6) s — S (x;é)
" (66D
""" — EG_Q, scaled H
ot v
The DOG filter is just a
Gy, — Gy, = s
. 7 5C = scaled version of the
(03 — 01)—>(z,01) Gaussian 24 derivative filter

oo

Equivalence of DOG and 2" Derivative Filter

what = Tx CGG -GGL)? 506G 52G
' Compare — and —
ohat » Cg‘ 'qu,q— 50- 5.'L'
To ansuwer, cowsider G o ke a ple _ (5_‘ _I>J_ )
function of ‘oot x and ¢ dx?t 6% G *
Using approximate 2 Ge _ (i{-:) + G0
differences, the derivative can o€
be computed as: 5G 52G
—_— =0 —
0G(z,0)  G(x,00) — G(z,01) oo o0x?
do - g9 — 01 H
From where: I \% o
| G, GO -Gl =
Gor = Gos = — | e
G, ‘ ) A
(02 = 01)—5=(z,01) (6-e) 6 =
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The Difference-Of-Gaussians (DOG) Filter

What &  Tx CGG, -GGL) ?
ohak s Cg\ —GGL/?

\\,\ Awio d\VV\QV\SiO\I\S :

GG,_CK’VD— @G\Cx‘\jw = G.(G,\6L> vzcé\(x,j>

-—

\ 2D filter GG (Y \ 2D filter G_: (y) 2D fiker [G.; VG_. 1xy)

'VY\Q%{ LQP\Q(’,\OV\ Qvows tre d.‘Cf;epeMce of Hfwo  Faussions:

5 . - 1
T (1x6e) = T¥V'Ge - (Ix6o- Tx6s ) Gleren

Unifying View

Template
Matching

Correlation

Image
Smoothing

Image
Interpolation

Image
Laplacian

Image
Differentiation
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Topic 10:

Feature Detection &
Image Matching

¢ Introduction to the image matching problem
¢ Image matching using SIFT features

e The SIFT feature detector

e The SIFT descriptor

SIFT

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 and recognition, image stitching, camera calibration and
video analysis.
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The Image Matching Problem

Goal: to identify
“features” or patchesin
image |, that appear in
anotherimage I

The Image Matching Problem

EDGE FUND WORLD.

»vipe! = o

Lines indicate a
correspondence between
location (x,y) in image |,
and location (x’, y’) in
image I'.
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The Image Matching Problem

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

The Image Matching Problem

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

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

Yes, but it would be
impossibly inefficient.

(i.e. must search over all
possible pairs of patches)

Feature
defection £

V\/\O\X’C\/\\Mg

<
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Feature-Based Image Matching

N

|

i gev\ero& Some/maw o) thex

Corres po v\devw&s w\ov he
Meo ¥ reck

Two 4—3?&3 c)£ eyror

©) (:O‘\% P()%v\—\‘vc matches

Q\gow%m Pfl’\’urms o
COo”i‘eQPov\dev\ee, loetueon 2
locotions whe  now. exisks

<

® False negahive matehes

- algorithm  Louls to deteek

o COY\‘GSPOV\ACV‘C@ leeA‘UJ&&/\ L
oo mstances of the came Feature /] pocte b
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Errors in Feature-Based Image Matching
ééaT‘ M\:wu’; \% J’ive,; %
ol poobes

AND False V\Ef’jajﬂ\/65

acress o wide  range 0 |
|W\O\5m6 CO\/\O&A\'O\,\S

® False Posvhive  pokches

i |

O\\ 3ovi¥\nw\ he’\'wvxs o
COrrespondenee laetueen 2
locations whert  nore exis’s

N

j
® false V\@@QH\,{ motehes
algprithm Louls o detect

Q oodk
3 parQoVW\aV‘M

'\\POO\F (&ffmw\avxce

<

positues ‘

'

/_/—\‘ﬁ
O ncorrect wotthes =fale pshus 1
(as Loackon of o [a/)




Feature Matching & Transformation Invariance

//TYC{ V\ijOIW\QG\ ” Souree.  imode s

A useful feature
detector and
matching algorithm
must be insensitive
to a wide range of
image
transformations

Transformation-Invariant Feature Detectors
ﬁ “Tra V\ijOI’W\Qd 7 Souree  imoge s
| ‘_,

\RNUM of THE E FUND WORLD

sine & o/k

A feature detector is
called invariant to a
certain image
transformation if it
can reliably detect
featuresin a
transformed version
of the source image.
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Transformation-Invariant Feature Detectors

| g
“ 2

H

§ l\:":UMOF'ﬂlE 3 Fl!i")T wnm./n

e & o'k 7

2 Py 3 |

5 W A 'J\ T
o

A feature detector is
called invariant to a
certain image
transformation if it
can reliably detect
featuresin a
transformed version
of the source image.

//TYC{ V\ijOIW\QG\ ” Souree.  imode s

"Rrﬁ htness  trang Qormo\‘l('ion

Transformation-Invariant Feature Detectors

EDGE FUND WORLD.

Souwee maoge L

A feature detector is
called invariant to a
certain image
transformation if it
can reliably detect
featuresin a
transformed version
of the source image.

Distorbon due
Lo d/\avgg n

v ‘&DP}\’Y;\_‘

"Trancformed” souree image s

5 ) q10mE

vt
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Transformation-Invariant Feature Detectors

//TYOl V\ijOIW\QG\ ” Souree.  imode s

A feature detector is
called invariant to a
certain image
transformation if it
can reliably detect
featuresin a
transformed version
of the source image.

= Distortion  due
| B cl/\av%,z .M
viewport 4
mﬁmgt‘co}{on
(i scale)

Topic 10:

Feature Detection &
Image Matching

* Image matching using SIFT features




We'll define the SIFT descriptor next class.




