J. Canny, A Computational Approach To Edge Detection, IEEE Trans. Pattern
Analysis and Machine Intelligence, 8:679-714, 1986.

MATLAB: edge(image,‘canny’) Can nyﬁ%ﬁ‘mﬂ
1. {1 DoGXt 4 Fil ik 2

2. TRETRE B AT [A)
3. Non-maximum suppression

4, ERIL%G:
o EXEEKHANEIME, 152591025310 2%
. Fjﬂé%ﬁ%ﬂ"ﬁ?ﬂﬂﬁﬁiﬂ%, FH 5510 25 3% f v
71

Source: D. Lowe, L. Fei-Fei, J. Redmon


http://ieeexplore.ieee.org/xpls/abs_all.jsp?isnumber=4767846&arnumber=4767851&count=16&index=4
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first derivative peaks
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Gaussian filtered signal
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1/2 1/4 (2x zoom)
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1/8 (4x zoom)

Source: S. Seitz
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David Marr

Stages of Visual Representation, David Marr, 1970s

Input image

@

Input
Image

Edge image

Primal
Sketch

Perceived
intensities
QEIIIEEN D)

“CTHEYET

Zero crossings,
blobs, edges,

"1 Dbars, ends, virtual

lines, groups,
curves
boundaries

2D sketch

3-D model

\ 4

2 Y¥-D 3-D Model

Sketch Representation
=) 515 2 1H7 e AT — a4 I SR
PR IS LA R TATH [——>fii A AR T 1
[r) (AN S S 1 170 ZH 2R

g A TR A R R — 4 B (R 4

BT H3 A — £ ST SR TH TR RN S5 A O TRl AL 45 2




T
SIS

,‘& ?-

(@ Original picture

(b) Differentiated picture (c) Feature points selected

M 4EEBRIRBUEARF =4E(5 B

Lawrence Gilman Roberts, “Machine Perception of Three-Dimensional Solids”, 1963
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Rollout Photographs © Justin Kerr
http://research.famsi.org/kerrmaya.html

Also known as “cyclographs”, “peripheral images”
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http://research.famsi.org/kerrmaya.html
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i: Visual SLAM (Simultaneous Localization and Mapping)
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by Diva Sian

by swashford


http://www.flickr.com/photos/diaphanus/136915456/
http://www.flickr.com/photos/swashford/428567562/
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by scabt

by Diva Sian


http://www.flickr.com/photos/diaphanus/136915456/
http://www.flickr.com/photos/scpgt/328570837/
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NASA Mars Rover images
with SIFT feature matches
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Unigueness: ME—1
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Credit: S. Seitz, D. Frolova, D. Simakov
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o AMIME OWNFRBGE (EMEERE . DoG)
o MW LM PURIED), FRAEEMRARL?

“flat” 38 [X I3k “edge” 11%: “corner” ff m.:
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Credit: S. Seitz, D. Frolova, D. Simakov



Harris £ mfsill: #i2z e X

R IBRATE T OW 30 T (u,v)

. ?ﬁﬂ‘m‘tlﬁ/l\%ﬂ“&@%%, THEEEZER, PR
D’

summing up the squared differences (SSD)
e SSD % Y A E(u.V): )
E(uw,v)= Y [I(z+uy+v)—I(zy)]
(z,y)eW

o SSDl R RFIE AL “IE—7

Chris Harris and Mike Stephens (1988). "A Combined Corner
and Edge Detector". Alvey Vision Conference.



Harris A/ — A AXAEIR?

« N A BEHEARGEXY T AL SR, B KR 2
o KPR AT e R XA 5T 5C

Current
Window




Harris £ mfsill: #i2z e X

R IBRATE T OW 30 T (u,v)

-?Wﬁwﬁﬁﬁ&@%,ﬁﬁﬁﬁﬁﬁ,#ﬁ
D’

summing up the squared differences (SSD)
e SSD % Y A E(u.V): )
E(uw,v)= Y [I(z+uy+v)—I(zy)]
(z,y)eW

o SSDEkERFIE m ik “ME—”
o MRPATENE L. B MR UVEETTE,

TS 7 NS Chris Harris and Mike Stephens (1988). "A Combined Corner
) ‘J = tt Z-LDL rx and Edge Detector". Alvey Vision Conference.



Small motion assumption: “/NEEHRE”

F ISR T (BSEk. AR i R E SO
I(z4u,y+v) = I(=x, y)—|—()x dyv—}—hugher order terms

AR (u, v) ARV, s B 2 Ay DA ALV R
I(x 4+ u,y+v) =~ I(x, y)—l—()x

~ I@,9) + s I [ “ ]

u-l—a?u

shorthand: I, = 91

/NB BB TR VEBRATE B8 ] F A A AR IR R I iE )



Harris £ mfsill: #i2z e X

R IRNTHEREE W IFEI T (u,v)
« SSD E(u,v):

Ewv) = Y Ua+uy+o)—I@y)
(x,y)eW
R~ Z I(x,y)+ Lyu+ Ly — I(z, ".U)]Q
(z.y)eW
~ Z Lou + [!,./"“]2

(x.y)eEW



Harris £ mfsill: #i2z e X

R IRNTHEREE W IF3I T (u,v)
« SSD E(u,v):

E(u,v) = Z [Imu—l—]yv]z

(z,y)eW
~ Au® + 2Buv + Cv?

A= > 6 B= Y LI C=}

(,y)EW (z,y)EW (z,y)EW
e E(u,v) 7] AR IR 7R N IR R ZE BR AL



—BrFERE

T ZERRELE(u,v) BERTH AT BRSO R R
E(u,v) ~ Au?+ 2Buv+ Cv?

[ u v ] A B 4

- B C v
\ J
A= Y I !
(x,y)eW H
B= N Ish
(x,y)EW




u

Eu,v)~ | u v | g g .,

A=Y

(z,y)eW

B= 3 = Lk
(

x,y)eW

c= ¥ 5

(x,y)eW

KL% ISIT p— 0
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E(u,v) = [ U v ] é g ”

(z,y)eW

B= Z I x Iy

(x,y)eW

C= Z I‘S

V :
(z,y)E B %

T,
i

i
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Harris £ mfsill: #i2z e X

H £ 1A B ARG 3R m] LUERH B RFE R AT 4y

{iE A &R T AL
i1y s ey e min IO
- ARV 555 /N T
[u v] H {v} = const xfjﬁﬁ% N5

(M) ™2

/



Visualizing M

Slide credit; S. Lazebnik



M

izing

Visual

‘// A\
: QQOO’JA
]

woigﬁvw
T o AR/ 7

‘_ %@Q ST 0 m=——

20 Q= -

W0 /-2 5
7\

[ | 0 == =\

1 v P
\‘:"_-"e"' (3.

Technical note: M is often best
visualized by first taking
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Slide credit; S. Lazebnik



Quick eigenvalue/eigenvector review

The eigenvectors of a matrix A are the vectors x that satisfy:

Axr = \x

The scalar A is the eigenvalue corresponding to X
* The eigenvalues are found by solving:

det(A— M) =0
e |nourcase, A =H is a2x2 matrix, so we have

* The solution:

Ay =1 [(hll + hoo) £ \/4h12h21 + (h11 — haa)?

Once you know A, you find x by solving

[ hi1 — A hi2 T _ 0
ho1 hoo — A Yy

h21 h22 — A




Harris £ mfsill: #i2z e X

Hzx max — )\n'laxl"max

H:Lmin = )\minlmiu

HFRFEE 5 IR ) &
e ENTEKME/NISSD (E) A5k 7]
Xmax = E 225 K177 7]
© Ay = BONTT A _EARAU IR FEX
© Xpin = E B R/ANET T ]
© Amin = B¢/ ] _E AR AR BEX i



Harris £ SR : 5z e X

Anaxr Xmaxr Mnine Ximin 3 LT 1]« AEARME AT ] QIR
o AT EERERHRIL A2



Harris £ SR : 5z e X

Mrnaxs Ximaxr Mmine Xeminy -3 T (1E 7 0]« R AR A ] S HE?
o AT EERERIRHIE 552
BATTTZE(u,v) 7E 57 R AR AL AR AR K
E(u,v) ZE5A [uv] ERs/MERZR &K
o XA /MBI THP B /ANRFEE ()

/\min
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Formalizing Corner Detection
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Formalizing Corner Detection

Zoom-In at X,y Original Image
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Formalizing Corner Detection

Zoom-In at X,y Window without and with Offset

“Window?”
At x+u, y+v
Here: u=-2,v=-3

“Window”
At X,y

How might we measure similarity?



Formalizing Corner Detection

Zoom-In at x,y Error (Sum Sgs) for u,v offset
E(u,v) =

Z (I[x +u,y +v] —I[x,y])?

(x,y)eEW
2 @)’




Formalizing Corner Detection

Zoom-In at x,y Error (Sum Sgs) for u,v offset

i Em o
( )2 ﬁ.po

Sum of Squares between
@u=-2,v=-3
and unshifted

[ m N W -




Formalizing Corner Detection

Zoom-In at x,y Error (Sum Sgs) for u,v offset
A |
Error at u=0,v=0 is - : =0
always 0. Why? |

I i-h\ ﬂ V=10

u

U
-10 0 10



Match The Location and Plot

Original Image and Zoom-In Error Options




Match The Location and Plot

Original Image and Zoom-In Error Options

e e eseaee
2 coeeses e
0] P e




Match The Location and Plot

Original Image and Zoom-In Error Options

Lo eleeselas e
1 coees e e
sLeneldos o




Match The Location and Plot

Original Image and Zoom-In Error Options




Ok But Back To Math

E(u,v) = z (I[x +u,y+v] —I[x,y])?

(x,y)EW

(sl [#])°

Shifting windows around is expensive!
We’ll find a trick to approximate this.

Note: only need to get the gist



Aside: Taylor Series for Images

Recall Taylor Series — way of linearizing a function:

of

fFlc+d) ~ f(2) + 5-d

Do the same with images, treating them as function of
X,y
Ix+uy+v)=Ixy)+Lu+lv

For brevity: Ix = IX at point (x,y), ly = ly at point (x,y)



Formalizing Corner Detection
E(uv) = (Ix+uy+v 1—1[x,y])?

Taylor series (x,y)EW
expansion for | at Z (Ix, y] + Lau + Ly — I[x, y]

every single point

) y X, y)EW
INn window
2
Cancel = Z (Leu + Iyv)
(x,y)EW
Expand = Z IZu® + 2L Luv + [v?
(x,y)EW

For brevity: Ix = Ix at point (x,y), ly = ly at point (x,y)



Formalizing Corner Detection

By linearizing image, we can approximate E(u,v) with
guadratic function of u and v

E(u,v) = z (I2u? + 2L Luv + I2v?)
(x,y)ew
= [u, v]M[u, v]"

2 I2 2 L1,

M = xX,yeW x,yeW
z L1, Z I
L x,yeW xX,yeW i

M is called the second moment matrix



Intuitively what is M?

Pretend gradients are either vertical or horizontal at a
Obviously A pixel (so Ix ly = 0)

Wrong! ' z 2 z LI,
M = xX,yeW x,yeEW ~ [a O]
z L1, z I2 0 b
L x,yeW xX,yeEW i
a,b both small: flat [] [O(')l 001]
One big, [50 O] [O.l O]
other small: eage I:I 0 0.1 or 0 50

a,b both big: corner Ii [500 500]




Intuitively what is M?

Pretend gradients are either vertical or horizontal at a
pixel (so Ix ly = 0)

z I2 z L,
0
M = xX,YEW xX,YEW ~7? [a ]
, 0 b
z L1, z I
X, yEW X, yEW

_ Irﬁage might be rotated
a,b both small: flat <I:> by rotation 0!
One big,
other small: eage @

a,b both big: corner @




Intuitively what is M?

Pretend gradients are either vertical or horizontal at a
pixel (so Ix ly =0)

z IZ z L1,
M = xX,yeW xX,yeW =V_1 [a O]V
, 0 b
z L1, z I
X, yEW xX,yeW i

a b both small: ~ flat <|:> If image rotated by
rotation 0 / matrix V

One big, 4

other small: cage M will look like

y-1 [a O]V
a,b both big: corner @ 0 b




So What Now?

Can calculate M at pixel, by summing nearby gradients,
but need access to a and b.

2 B by
M = xX,yeW xX,yeW . V_1 [a 0] 74
, 0 b
z L1, z I
X, yEW X, YyEW

Given M, can decompose it into eigenvectors V and

eigenvalues 1,4, withM = V1 ] V.
0 Ay

Really slow. Why?



So What Now?

Can calculate M at pixel, by summing nearby gradients,
but need access to a and b.

z 12 z L1,
M = xX,yeW xX,yeW =V_1 [a O]V
, 0 b
z L1, z I
X, yEW X, YyEW

Instead: compute quantity_Q from M
R = det(M) — «a trace(M)? = 141, — a (A + 1,)?

Easy fast formula Fast — sum the diagonal
for 2x2

Empirical value,
usually 0.04-0.06




So What Now?

R tells us whether we’re at a corner, edge, or flat

R = det(M) — a trace(M)? = 1A, — a (A + A,)?

L1l 2,4, =0

Ay >, >0
Ay > A >0

5/11 ~ A, >0

M

Remake of standard diagram from S. Lazebnik from original Harris paper.



What Do | Need To Know?

* Need to be able to take derivatives of image
 Need to be able to compute the entries of M at every pixel.

 Should know that some properties of M indicate whether a pixel is a corner
or not.

2 2 2 L1,

xX,VEW xX,VEW
M = y y

2 L1, z I2

L x,yeW xX,yeW




In Practice

1. Compute partial derivatives Ix, ly per pixel
2. Compute M at each pixel, using Gaussian weighting w

> weniE Y weoyll,

M = x,yeW x,yeWw
z w(x, y) L, L, z w(x, y)I;
L x,yeW x,yeW i

C.Harris and M.Stephens. “A Combined Corner and Edge Detector.”
Proceedings of the 4th Alvey Vision Conference: pages 147—151, 1988.

Slide credit: S. Lazebnik


http://www.bmva.org/bmvc/1988/avc-88-023.pdf

In Practice

1. Compute partial derivatives Ix, ly per pixel
2. Compute M at each pixel, using Gaussian weighting w

3. Compute response function R

R = det(M) — a trace(M)*
= Ay — a(Aq + 2,)?

C.Harris and M.Stephens. “A Combined Corner and Edge Detector.”
Proceedings of the 4th Alvey Vision Conference: pages 147—151, 1988.

Slide credit: S. Lazebnik


http://www.bmva.org/bmvc/1988/avc-88-023.pdf

Harris £ =l

BB
o THEEA SHIERE
o XTEMEE:
o RIEHEITEH
o THERHMIEE
o RYEBMEFRH A R (A, > threshold)
vk = WS ) 5 115 = NS =R P E S R (T

)\min



Harris £ =l

IR
o THEEA SHIERE
o XTEMEE:
o RIEHEITEH
o THERHMIEE
o MRYEBIMEFRH A R (A, > threshold)
vk = WS ) 5 115 = NS =R P E S R (T

Amin



The Harris operator: Harris &1

“Harris operator” ik s FEEURAL KA i,

. A1A2
i vy v
_determinant(H)
- trace(H)

« 7 trace(H) = hy + h,,
o 53RNy FHL, HE T IHEEE DN
« A

R=MMX —k-(A +X2)* =det(M) — k- tr(M)?



Harris &F

Harris
operator

/\min
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Harris Detector [Harris88]
o M R

ﬂ(a.,aD)=g(a.){ (@) 'X'V(GD)} 1. EGRRE

ley(GD) I;(O-D)

2. F1GHH

detM = A4, FER) 7

traceM =4 + 4, 3. F R

a(s)

4, 3 B He KRR AN e /INRFAEAE #0298 K1) A
4% A HarrisH+

5. Non-maxima suppression 3 J& & f5 A0l .
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f value (red high, blue low)




B{EALH (f > value)




B (non-max suppression)
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o WA TA ERHIE SN F G2 A2
Cinvariant ) , TEAFERY U AR He T A7

( equivariant )
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FAIEE =15 2 AR A LR 221
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Automatic scale selection

Lindeberg et al., 1996

A /f\,/ \

o L N
( (Q\JMGI\Q
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Automatic scale selection




Automatic scale selection




Automatic scale selection




Automatic scale selection




Automatic scale selection




Automatic scale selection




Automatic scale selection

Normalize: rescale to fixed size
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« Gaussian Pyramid
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« Bf 5 (Blobs) : BFA 2

R

e

N\

AJ\\i

HFAT R,




THHEE R R

* The Laplacian (=#;-F4¢) of Gaussian (LoG)

LoG X e % PRt A2 1

TR
B ez
T 5

o

~0°g  o%g — XA

aXZ ayZ EZ’ %1&“@&



Gaussian Derivatives

15t Deriv 2"d Deriv

Gaussian 0

0x




Laplacian of Gaussian (LoG)

0% 0%
2229 T 5259

L]

52,9

2 2
Slight detail: for technical reasons, you need to scale the Laplacian of V2 _ 2 Y + 0
Gaussian if you want to compare across sigmas. norm= 0 dx2 9 azy g



REAZSME:. XTH LoG DoG

02
_ :

(Laplacian)

fit 22 0 R
DoG=G(xy.ko)-G(xy.0) . 2 AR
(Difference of Gaussians)

LoG FIDoG ¥JXt g i AR IEAZL
P




Laplacian of Gaussian (LoG)

* “Blob” detector B 5 il

« R FLoG B 11

RasiCIE AN 0B

SN

5 AR AT B /)



4

N

image Laplacian

5 A, oSSR R {1 T

el
“HEEEENE Laplamanﬁ?
INCE S INEN

characteristic scale

T. Lindeberg (1998). "Feature detection with automatic scale selection."

International Journal of Computer Vision 30 (2): pp 77--116.


https://people.kth.se/~tony/papers/cvap198.pdf
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2) EE@% Description: e & A B

o
O
e 5

X, =[x %]
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Kristen Grauman
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Image — 40 1/2 size, rot. 45°
Lightened+40

100x100 crop
at Glasses
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b )

11 J:EX%%B@)

o P BR DL

e AR

¥ 7 [A]

o I EHRFIEE Eigenvalue
o (O RKHIFFIEE)
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b M)

o ¥ AN AT TR R BURFIE

Figure by Matthew Brown



Multiscale Oriented PatcheS descriptor

1% 40x40 77 2 & I HE R 1IE
o 452 1/5

N

o R IK

« K7 8x8 WU & IR VAL

. U&ﬁﬁ]@%ﬂiﬁ%%iﬁ%ﬁﬁ

A2

Adapted from slide by Matthew Brown



Figure 1. Multi-scale Oriented Patches (MOPS) extracted at five pyramid levels from one of the Matier images. The
boxes show the feature orientation and the region from which the descriptor vector is sampled.
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image Laplacian
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characteristic scale

T. Lindeberg (1998). "Feature detection with automatic scale selection."

International Journal of Computer Vision 30 (2): pp 77--116.


https://people.kth.se/~tony/papers/cvap198.pdf

5 e

Picture credit: S. Lazebnik. Paper: David G. Lowe. "Distinctive image features from scale-invariant keypoints.” IJCV 60 (2), pp.
91-110, 2004.



http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf
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Picture credit: S. Lazebnik. Paper: David G. Lowe. "'Distinctive image features from scale-invariant keypoints.” IJCV 60 (2), pp.

91-110, 2004.


http://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf

Scale Invariant Feature Transform

| %
R « JEL16X16/1) B 15 Fdxd K
o FEASIN B B RF AL A BRI B 16X 16 Y 5 E i A(F X HLE 1) 2 2x2)
« AR NMERITFELSG TR (BEER AR - 90D e  HFERA ST T B TR
o Wb EE R
T _ « 16 M A * 8 128 #
- RIS R IE TR ) m%ﬁ /71 = 128 2%
« NFIRLGITINEIEETTE
n R HER
%4 S PRI FIN
Hm - | - (ﬁ:i‘i‘?k“)«
0 2m : il I s sl e
Bt 1 7 S : z< % an EEAS ]
S e




SIFT Descriptors

* In principle: build a histogram of the gradients

* In reality: quite complicated
 Gaussian weighting: smooth response
« Normalization: reduces illumination effects
 Clamping
 Tons of more stuff



A




SIFT

T4 ke B IE TR HUE R
o MHLAHARAK (60 JBF LA Py 1S THT e %)
IR (HE. TR
o« THEPR!

L P | s

S
| O 4 . ”14
a1

L 9




SIFT

MAKING

il

! TORYTELUNG SICRETS OF COMICS. MANGA, AND GRAPHIC NOVILS

\&!

SCOTT McCLOUD

868 SIFT 4




43

b

R e

« HOG: Histogram of Gradients (HOG)
« WENE AT K

 FREAK: Fast Retina Keypoint
« FHTESLAM SEH$2 5L

 LIFT: Learned Invariant Feature Transform
o SRS AEE, B IPAHIE

https://arxiv.org/abs/1603.09114



https://arxiv.org/abs/1603.09114

4

I

b}
4

b

FAFAE VLD IR 5

1) £ Detection: 3 p s i

2) B Description: s smmiemusE < =L

3) ULEC Matching: #Em 04 T R
fTILRE

Kristen Grauman




> |
i, -
N

e Y

!




mar

Bl x, &

Example credit: J. Hays

5.
;)',‘

o
a5




VA

e
Y]

Example credit: J. Hays



Ay

FIE BB

B ARIEALE UL ECFFAE f,, 1,2
. R 7% L, distance, || f, - f, ||

o PR

JLECRICR AN (BIMETX)



RHE “BE5”

B AMRYE AU UL ECHFAE £, 1,7
o = J71% 2nd Nearest Neighbor Trick = = || f, -, || /|| f, - £, ||
o f, & |, B ILHC f, FIME R &
o 202 1, 28 VLR f, IR R A
o AR VL B ROR B A0 R — MRS K /B A pE i 5 5 58
ZIRPHIBE A ER K, AKX AVLECAR Al RE R BRI . AH
INARX PR A ZEAN K, B AX W] e — iU




Evaluating the results

How can we measure the performance of a feature matcher?

-z j ‘0 - - - \\ S
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feature distance



True/false positives

How can we measure the performance of a feature matcher?

- “!,*“ = "- — v " L;_f : ,:t . // - \ - \’ » SR—
i R g oy fha'®
= B ('ue_match Je g =
! 75
ELil
- 200
5 false match
(] 1‘

feature distance

The distance threshold affects performance
» True positives = # of detected matches that survive the threshold that are correct
 False positives = # of detected matches that survive the threshold that are incorrect



True/false positives

How can we measure the performance of a feature matcher?

feature distance

Suppose we want to maximize true positives. How do we set the threshold? (We keep all
matches with distance below the threshold.)



True/false positives

How can we measure the performance of a feature matcher?

feature distance

Suppose we want to minimize false positives. How do we set the threshold? (We keep all
matches with distance below the threshold.)



Example

 Suppose our matcher computes 1,000 matches between two images

« 800 are correct matches, 200 are incorrect (according to an oracle that gives us ground
truth matches)

A given threshold (e.g., ratio distance = 0.6) gives us 600 correct matches and 100
Incorrect matches that survive the threshold

* True positive rate = 600/ 800 = %
« False positive rate = 100 / 200 = Y%



Evaluating the results

How can we measure the performance of a feature matcher?

1
0.7 —9
. - true
# true positives surviving threshold positive
# total correct matches (positives) rate
recall
|
0 01 false positive rate 1

# false positives surviving threshold
# total incorrect matches (negatives)

1 - specificity



Evaluating the results

How can we measure the performance of a feature matcher?

1
07— p
e Single number: Area Under
# true positives surviving threshold o cii o the Curve (AUC)
# total correct matches (positives) rate E.g. AUC = 0.87
recall 1 is the best
|
0 01 false positive rate 1

# false positives surviving threshold
# total incorrect matches (negatives)

1 - specificity



ROC curves — summary

* By thresholding the match distances at different thresholds, we can generate
sets of matches with different true/false positive rates

* ROC curve Is generated by computing rates at a set of threshold values swept
through the full range of possible threshold

 Area under the ROC curve (AUC) summarizes the performance of a feature
pipeline (higher AUC is better)



More on feature detection/description

http://www.robots.ox.ac.uk/~vqgag/research/affine/
http://www.cs.ubc.ca/~lowe/keypoints/
http://www.vision.ee.ethz.ch/~surf/

Publications
Region o Harris-Affine & Hessian Affine: K. N ajezyk and €. Schmid, Scale and Affine mvariant mterest
detectors point detectors. In 1JC V 60(1):63-86, 2004. PDE
e MSER: ] Matas, O. Chum, M. Urban, and T. Pajdla. Robust wide baseline stereo from maximally
stable extremal regions. In BMVC p. 384-393, 2002, PDE
o [BR & EBR: T Tuvtelaars and L. Van Gool, Matching widely separated views based on affine
invariant regions . In LICV 59(1):61-85, 2004. PDF
o Salient regions: 1. Kadir, A. Zisserman, and M. Brady. An affine invariant salient region detector. In
ECCV p. 404-416, 2004, PDE
o All Detectors - Survey: T._Tuvtelaars and K. Mikolajezvk , Local Invariant Feature Detectors -
Survey. In CVG, 3(1):1-110, 2008. PDI
Re9i°!‘ o SIFT: D, Lowe, Distinctive image features from scale invariant keypoints. In JCV 60(2):91-110,
descriptors 2004. PDF
:sgzgrt‘::r':ce jezvk, T. Tuvtelaars, C. Schmid, A. Zisserman, J. Matas, . Schatfalitzky, T. Kadirand L.

,m ('“S‘| A comparison of affine region detectors. In IJCV 65(1/2):43-72, 2005. PDRE
likolajezvk. €. Schimid. A performance evaluation of local descriptors. In PAMI 27(10):1615-



http://www.robots.ox.ac.uk/~vgg/research/affine/
http://www.cs.ubc.ca/~lowe/keypoints/
http://www.vision.ee.ethz.ch/~surf/

Lots of applications

Features are used for:
 Image alignment (e.g., mosaics)
« 3D reconstruction

Motion tracking

Object recognition

Indexing and database retrieval

Robot navigation

... other
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Reconstruction of Dubrovnik, Croatia, from ~40,000 images






