Toruka XopoKTnNPLOTLKA ElkOvwy
Local Image Features

MaBnua: YrioAoyiotik Opaon
K. AeAnumaong



e Avtopatn €oywyn XOPOAKTNPLOTIKWY CNHELWV ELKOVAC, OTIWC:

— Akpeg —Edges (Baoel mapaywywv 11 kat 215 Ta&ng —€xeL
KaAudOeL)

— Twviec —Corners (Harris detector)

— Blobs (Hessian matrix)

— Ridges (Hessian matrix)
e  ApetaBAnTOTNTA XAPOAKTNPLOTIKWY — KALAKA TNG ELKOVOLCG

— LoG, DoG, Harris — Laplace, KLT (Kanade-Loukas-Tomasi)
* Edapuoyeg

— EUpeon opoAoywv onpeiwv

— XwpPLKNA TaUTLON ELKOVWYV —image registration

— MapakoAouBnon avikelpevwy o€ video (object tracking)



AvViYVEUON YWVIWV

* Eotw ewova I(x,y) Kal n LETATOTIOUEVN

ewkova I(x+Ax,y+Ay)
ol ol
I(x+Ax,y+Ay) = [(x,y)+—Ax+—Ay =
ox oy

I[(x,y)+ 1 Ax+1 Ay

* YmoAoyiloupue tn dtadopd Touc yupw

aro on |J.Ei.0 (x09y0)9 He Xpﬁm] SV(,)Q
mopafvpov w.

E(uv)y= Y [I(x+Ax,y+Ay)—1(x, )]

(x,y)eW

~ Y U MA+I AT = D LAC+21 1 AxAy + 1Ay

(x,y)eW (x,y)ew



Otav To TpEXOV pixel elval og mepLoxn
flat

Otav to TpEYoV pixel elval og akun:

Otav to tpEXoV pixel elval og opllovtia
ywvia




e Otav n ywvia €xeL tuyaia dtevBbuvon, n
max Kol N min T tov E mapatnpeitol
oTav N METaKivnon yivetal Kotd HRKog 2
KaBetwv dlevBLUvVoewV.

e [ va Bpoupe tic SleuBUVOELC UTEC KOLL TLG
AKPOTATEC TLUEC MaX, min, ypadoupe to E
o€ popdn mivaka:

E = (Ax Ay)W(xay)( Ili [}?]@



* Opilloupe Tov mivako M:

& IIJ PIRHEND IR A
X X"y

M = W(X,y)[l . 12 X, yEW X,YEW
Xy y

DA+

X, yEW X,yEwW
* O M umopei va ypadei oa ocuveAgn pe g, ue o, (o Integration).
2uvnBwg 6,=0.7 g,

M :(GD)zg(GI)*

) _
([x) [,

Av yLa Tov UTtoAoyLoUO .

Xy

xpnowporotnBel g(x;o,), T0TE
kavovikoroloupe tov M (BA. LoG
Detector, Harris — Laplace Detector)




Harris corner detection

OL 61eUBUVOELG v, V, KOL OL AVTLOTOLXEG TLUEG SlvovTal Ao Ta
LolodLavuopata Kot TG OLoTES (A, A,) TOu Ttivaka M:

(A, -A,)=det(M)
A, +A,=trace(M)

Corner pixels are detected by thresholding the following
guantities:

— det(M)-k(trace(M))?, 0.04<k<0.06, OR

— det(M)/trace(M)



Eigenvalues of M and classification of
image pixels

Corner
min(A,, A, ) >T




e Evtomopoc ywvwwv: umtoAoyiletal o M kal evtornidovtal T
pixels pe min(A, , A, ) > KatwdAL
* [ tnv anoduyn UTTOAOYLOMOU TWV A, A, , CUXVA
XPNOLLLOTIOLELTAL TO KPLTNPLO:
K=det(M)-k (trace(M))? > katwdAL
kin [0.02, 0.06]



[MapoywyLon ELKOVOC UE KEVTPLKEC
dlapopec -Central Derivatives

* KEVIPLKEC SLadoPEC: GUVEALEN TNC ELKOVAC UE KATAAANAEC
naokec (FIR masks):

— Sobel, Roberts, Prewit masks, etc.

— 5-point and 7-point 15t deriv. order FIR masks [Farid,
Simoncelli, IEEE TIP, 13 (2004)]

— Symbolic Generation of Finite Difference Formulas
described in [Keller, Pereyra, Mathematics of Computation,
1978]

— gaussian derivatives



[Mapoywylon ELKOVAC UE Xpnon
nopoywywv Gaussian

* The Harris corner detection [Harris C., Stephens M., ALVEV
Vision Conference, 1988] is based on approximating partial

image derivatives with convolutions with gaussians, where o,
is the standard dev. for the differentiation

0
I, (x,y,GD)zag(aD)*](x,y),

x*+y?

1 .
g(xayaGD) =86, = 216> e’




H Nkoouolavn oav GiAtpo
eéopaAuvvonc

* Hykaouolavr emipaveila g(x,y) oplletal BACEL TNG KAVOVLKAG
Katavoun ¢ m daomopa o Kat kopudn oto (0,0).
— MeyaAUTEPO o =2 TILO AVOLKTNA KAl TILO KOVTN EMLGAVELQ, £TOL WOTE
0 OYKOGC TtoU TtEPLKAELETOL Tto TNV €TLpAvVELA Kal TO eminedo XY
va eival toog pe 1.

g(rio)= e

g(x.y0)= (\/_Jex;ﬁ

* H 2D ykaouvuotavr) urtohoyiletal oe dlakpitr) popdn we e€nc:
— kaBopiletalto o

— YrnoAoyilovtal ol TLHEG O€ €val TIivaka oU |J.|J.ETpLKO yUpw Ao To
(0,0), tou)\axtotov[ 30...30]x[-30...30], wote o mivakac va
nepAapBavet pExpL Kol TTOAU XOUNAEC TLMEC.

— Ooo usva)\urspo TO 0, TOOO LOXUPOTEPN n gEopaAuvon armo tn
OUVEALEN TNC ELKOVOC LE TNV YKAOUGLAVH.




H Nkaovolavn ocav ¢piktpo eéopaluvonc

MEAOYZIANH B4xE4 o=10 MEADYEANH E"J'XEII e
¥ 10 : | | . |

i : : S S i
0 006
.

* *‘t




Mapaywylon YE YKAOUGoLOwvN:
grLAoyn tou o,

 Eotw 1D aKuA UE Y OCUCKETLOMEVO TIPOCOETIKO AEUKO
Bopupo.

 Edapuoloupe tnv oUVEALEN UE TIC LOVOOLAOTATEC UAOKEC
Sobel kal TIC LOVOSLACTATES YKAOUCLAVEC TIALPAYWYOUC, LLE
Sladopetikdo MANBOC oToLXELWV.
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MapaywyoL TNE YKOLOUCLAVAC

* Hmnapaywylon tng ykaouaotavng g (x) mapayeL GUVOPTAOELG
TIOU €lval yWoOpEVO TNC LOLOC YKAOUOLOVAC UE TIOAUWVU LA TTOU
ovopalovtal Hermite

(n) B n 1 ! X
1 ()= (1) | = | . = et
2 X
-2 +4 %
~-12x+8%°

12 -48 x? + 16 x*

120 x - 160 x3 + 32 x°

120 +720 x? - 480 x* + 64 x°
-1680 x + 3360 x* - 1344 x> + 128 x’



Kataokeun FIR-derivative masks

e Definitions:

1 22n—1 n2n—1 1 22n nZn

* DO, and DE; is the determinant of order n-1, which follows
by deleting the it row, by replacing the k" column with the
nth column and then deleting the nth column of O, and E_,
respectively.

* DO, ,and DE, , is the negative of the determinant of order n-1,
obtained by deleting the it" row and nth column of O, and E,
respectively



« Theorem 1. Given a real sequence f(x), its n-point

derivative f¢-1)(x) of any odd order (2i-1) with i=1,....,n-1,
IS given by

P (x) = (2i-1) ZDO (f (x+kh)- f(x=kn))+O(h*""")
2R Zk” Do,,

* Theorem 2. Given a real sequence f(x), its n-point derivative
fi2)(x) of any even order (2i) with i=1,....,n-1, is given by:

O (x) = (20) { ZDE (f (x+kh)— f(x—kh))+ f ZDE }0(}:2"”)

2n* Zk2 DE,,



e Assuming that f(x) is uniformly sampled (h=1), previous
equations can be written as linear convolutions

f(zz'—l) (x) _ (f*MOdd)(x)
£ (x)=(f*M,,,)(x)

 where
7 )!
M, (k)= (f’)’DEl?" [—1,—1,...,—1,1,1,...,1,1}
2Y k*DE,, 2
k=1
(2i-1)!DO,,
M, (k)= = [-1,-1,..,-1,0,1,...,1,1]

2> k*'DO,,
k=1



deriv. Num. of Mask
order points in

Mask
1 3 [1/2,0, -1/2]
1 5 [-1,8,0,-8,1]/12
1 7 [1,-9,45,0,-45,9,-1]/60
1 9 [-1/280, 4/105, -1/4,0,1/4, -4/105,1/280]
1 11 [4, -5, +30, -120, +430, 0, -430, +120, -30, 5, -4]/504
2 3 [1,-2,1]
2 5 [-1/12, 4/3, -2.5, 4/3, -1/12]
2 7 [1/90, -3/20, 1.5, -49/18, 1.5, -3/20, 1/90]
2 9 [-1/560, 8/315, -1/5, 8/5, 205/144, &/5, -1/5, 8/315, -1/560]

The resulting masks M, . and M_ ., for 1stand 2" order
differentiation, of length up to 11 points



Examples: Sobel and Laplacian masks

* The 3x3 Sobel operator can be generated by linear
convolution, using the first mask of prev. Table

105 0 —05]
(/2 0 —1/2]«[1 2 1] =1 0 -l
05 0 —05

* The well-known Laplacian operator can be generated as
following

(1 2 1]+1 =2 1] =[1 -4 1




Corner Harris detection with different
derivative approximations

gaussian FIR 7p IIR 10,8



the 7-point FIR derivative mask generated by the proposed algorithm
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ApetapAntotnta: Invariance

* H aviyvevon ywviwv Ue Tov tivaka M givatl aveédptntn amno
LLETATOTILON, TIEPLOTPOPN Kol AAAAYEC WTELVOTNTOC.

e Efaptatal Opwc amno tnv aAloyn KALpLaKog

* To 6o oxNua ekKAapuBaveta wg /- I
ywvia, i oxL, avaloya PE TV \
KAlpaka Tou mapaBupou [

* looduvapa, mapdBupo w iblou /
ney€Bouc divel StadopeTika

amoteAéopata, otav n KAlpoKa
NG elkOvVaG aAAAlEL




Aviyveuon tn¢ KALLAKOC TNC ELKOVOLC
(Image scale space)
Laplacian of Gaussian LoG Detector

* Oplopoc tne Laplacian of Gaussian LoG

* Scale-normalized LoG: L(x;06)=06%(g,, +gyy)



LoG yia 0=2 Kot 0=8 (N KOVOVLKOTIOLNHEVA YpodnUaTO UE
SLapOPETLKEC KALUOKEC)

3 —
x 10 =2 . -5
e x 10

s=8
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H Log €xeL <0 TLHEC oTO KEVTPO, >0 TLHEC TtepLdepeLlaka KoL =20
otav |x|,|y|=2 amnepo

Ta (x,y): Log(x,y)=0, eivat onueia kUkAov pE aktiva avaioyn
Tov O.

Etol, n ouVEALEN TNC Log pe pia etkova mapayel: uPnAEg
QTIOAUTEC TIMEC 0€ BECELC TTOU UTTAPYXOUV KUKAOL, 0TV N
oktlva Tou KUKAOoU €lval r=0/V2

Mo va eival ouykpiloluecg ot amokpioelc LoG (ouveAEn tnc LoG
LLE TNV ELKOVA) TIPETIEL VA KaVoVLIKoTtoLnBoUvV w¢ Ttpoc¢ To o:

Scale-normalized LoG: LoG, =6*(g,, + g,,)
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AAyoplOuoc urtoAoytopoU Image scale

ErtiAeyovtal ta opla petafoAng tou o, 6,4, O,,

[lo OAa Ta 0 Ao G, EWG O,

YmoAoyiletal 1 cuveMEN NG apyknG 1, 1e v

Kovovikomompuévn o2 LoG , : I_=I* o*:LoG_,

end

For each pixel (i)

— m < max(/ (i,)))

— EmAéyetal 10 6., HLE TN HLEYIOTN OTOKPLOT)
G, < argmax(l_(i))

— If m ToruKo peyLoto o€ mepLoxn pe aktiva R, tote 6., Elval
avAaAoyo TG KALOKOG TNG Elkovag oto (i,))






YroAoylopog G, yia 2 dtadopetika pixel.

.
20
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[Mpooeyylon tn¢ LoG pe diadopa
Gaussians (DoG)

* Houvelén 2 gaussians pe g, , 0, MOPAYEL gaussian UE
o’ =0,%+ 0,

— [http://www.tina—vision.net/docs/memos/2003—003.pdf, page 6]

820.1 (—)Gl(a))ze 2 (2 2)0)2

o] +0,

>g1*g2<—>GlG2=e_ ?

* H LoG npooeyyiletal amno tn dtadopa 2 gaussian pe g, , ko, ,

g(xko)-g(x;0)~(k-1)o’LoG



Amoteleopatikn vAoroinon tov LoG pe ypnon:
— Ilpocéyyionc DoG avti LoG
— TloAoamA®v Guv le tnv 101a gaussians og oepd (cascade conv).

DoG
(mpooégyyLlon tou
LoG)
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Harris-Laplace corner detection

* O Harris detector
— eival apetapfAntoc we npoc aAlayn dwTeVOTNTOC Kol
nepLotpodn,
— E€aptatat ano tnv kAlpaka (Image scale)
e Harris-Laplace: cuvdladlel to Harris corner detection pe LoG
image scale detection, wote va elval:
— opeTaBAntoc wc tpo¢ aAdayn KAlpakoc - (Image scale
invariant) [K. Mikolajczyk, C. Schmid, 1JCV 1(60), 2004, ICCV 2001].



AAyoplOuoc Harris - Laplace

H amokplon tou Harris K, urtohoyietal yio S1adopeG TULEG
ToU 0,. 2uvhBwg o,=s" 0, n=1,2,...N, 0.7<s<1.4, 6,,=0.7 o, .
Mo kKaBe Pixel Tn¢ ekovac:
— KatwdAiwvovtatl ta K, kot
— EvrtoniCovtal ta pixel pe K, TOTUKO HEYLOTO OE pial EPLOXN
NG €lKOVOG e aktiva R pixels (ouvnBwe R=1)
[l kABe Pixel tou mponyoupevou BApatoc:
— Ynioloyiletat n cuveA§n g /, pe tn LoG yia dradopetika
o=s"0,: 1 =I,* 0*"LoG,
Av 10 /_TtapoucLAlEL TOTILKO EYLOTO YLA TLG TLUEG TOU O, TOTE
10 TpEYOV pixel Bewpeital pixel ywvioc.



MNapaAlayn tou AAyopiBuou
Harris - Laplace

 Mia tapaAlayn tou Harris — Laplace xpnotpomnolei
QUOTNPOTEPO KPLTAPLO YLa TNV ETILAOYA TWV YWVLWV:

— To TOTIKO MEYLOTO OTNV KALOKO TNE ELKOVAC YLOL EVAL
onuelo mpemneL va epdaviletal oto idlo G, oTnNV amoKpLon
Tou Harris kot otnv amokplon tn¢ LoG.



Example of the application of Harris-Laplace

The points of interest that have been identified are illustrated in the
figure, along with their estimated scale (radius of circle =30, o the

standard dev. of the LoG mask size that produced maximum
response).

37

Derivative of Gaussian



Harris-Laplace feature points with the proposed FIR 7p
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lIR derivatives, order of accuracy 10,8
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Eoolovoc mivokog

H nébBodocg Baoiletal otnv Bewpnon TNG ELKOVOC WC EMLPAVELA KOLL
oTLC LOLOTNTEC TNC SLadhopLKAC YEWUETPLOG

Baolka otolxeia StadhopLkneC YEWUETPLOG

Eotw emdavela S(u,v). 2& kaBe onpeio tng opiletal to KABETO

Sdtavuopa, 2 kaBeta petall Touc epamtopeva dtaviopota Kot 2
KOUTTUAOTNTEC:

AZ

OL 2 KOUTTUAOTNTECG:

* Kupieg Ky, K,, | LOOOUVOUQ:

e Gaussian Kol HEoN KoUmuAoTnTa
Ot KOTEVBVOELG KaL OL TLHEG TWV K;, Ky, y
urtoAoyilovtal armo ta bodladvopata Kol

TLC LOLoTIMEC Tou Eoolavou mivaka




MNapadeypa: image blobs

* Ta keviplka pixels Twv image blobs €xouv oxedov loec kKUpLEC
KOLLTTUAOTNTEC

Elkova deppookortiog |

\ ; i i

H ewova cav enipavela "



Evtoriopoc Ayyeiwv

* Ta pixels Tou kKevtplkoU aéova ayyeiwv €xouv oAU HKPN
KUpLaL KaprtuAotnta k1 mapaAAnAa otov déova Kol TtoAU
neyain k2 kabeta otov afova

TuAUa ELKOVAC UE ayYELO
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Tunuatomolnon ayyeilwv
Vessel segmentation

e Ayyeia amnewkovidovtal o€ MOAAQ €16n eéetdoswy, og 2A Kall
3A.

http://www.isi.uu.nl/Research/Databases/DRIVE/results.php

Eyxpwpn ewova apdLBAnctposdoug Ayyela Tunpatonolnpeva amo edLKo
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Tunuatomoinon ayyelwv BAceL Tou
Hessian mivoka tTn¢ ELKOVOC

Mo kaBe pixel (x,y) TNG elkovac [ urtoAoyiletat o Hessian mivakog
TIoU TapEXEL TAnpodopia yia tnv torkn doun (oxAua) tng .

I (x,v) I (x,
H(x,y){ w(6y) I (x y)]

L,(xy) 1,(xy)
O b6eiktec oupPoAilouv apaywyton. O UTTOAOYLOUOC TWV
TIOPOY WY WV YIVETOL LLE CUVEALEN LE TNV TTAPAYWYO ULOLG
YKOLOUGOLOWVAC UE O TNE EMIAOYAC TOU XPNOTN

i ) _x2+y2
g(x,y;a):[maj S

H mApAdpEeTPOC 0 XpNOLUOTIOLELTAL YLO VAL ETUAEYEL 1] SLAUETPOC TOU
ayyeiou mou Ba tpnuatomnolnOei




e H T TNC TOPOyWYOU KOVOVLKOTIOLELTOL E XPHON TOU TIapAyovTa,
WOTE OL ATOKPLOELC TNC OUVAALENC VOl EIVOIL CUYKPLOLUEC yLa
SladopeTika o.

0’g(x,y;0)
ox*

[ (x,y;0)=07I(x,y)*

* 2uvnbuwg y=1.
* O Hessian H tn¢ ewovac I mpooeyyiletol we €NG:.

g g
H<x,y;a>=a{ . W}u(x,y)
gxy gyy



Eotw 4,, 4, oLt mpaypatikeg tblotiueg (eigenvalues) tov H o€ kaBe
pixel (x,y) yla CUYKEKPLUEVO O.

}*max :max(j*lﬂ }*2)>> }“min :min(}*b }*2)90

q D
A=2.4 ==
a q

q= —%(Z)Jrsgn(D))\/Tr2 —4D

— D: opilovoa, Tr: ixyvoc tou H.

|4, P>, 20KAI4 >0 TOTE 10 (x,y) avnkeL 0€ oKOUPO
ayyeio
| A, P>, 20KAIA <0 TOTE 10 (x,y) avnkeL o€ PWTEWO

ayyeio



* To bodlavuopa pe 4,,,., kaBopileL tnv katevBuvon e Tn

maximum KapmuAotnta

uz(u uy),uxz U, = u

X







* The large eigenvalue / _of Hessian for o=1
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* The large eigenvalue [ _of Hessian for 0=4
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* The small eigenvalue / . of Hessian for 0=4
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* The max(/

max

max(Hessian Lmax)

) of Hessian for 0=1,2,3.,4
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Vesselness: delyvel av eva pixel elvol
O€ ayyelo

Ta tponyoupeva cuvdualovial otnv akoAouOn €kdpoaon mou
TTOOOTLKOTIOLEL TNV TIBAVOTNTA va AV KEL Eva. pixel o€ ayyeio

(ﬂ’r%lax-"ﬁ’r%lin) 1 |ﬁ’min|
vesselness=|1—e¢ % e 2’ onss| - — A-B

O opogA4 =1 otav |A .| kot [A_. |>0 (xpnowomnoleitat yia

va e€atpeoel pixels tov utoBabpovu)
B—>1 o6tav |A |20

max

| >> ko |A

min



Evtoriopoc ayyeiwv pe OLOPOPETIKEC
SLOUETPOUC

e [ kABe pixel Tnc elkovac:

— To vesselness umtoAoyiletal yLa SLaPOPETIKEC TIMEC TOU O
TToU KOAUTITOUV TNV oKTiva SLapETpOoU Tou ayyeiou

— YrtoAoyiletal To pEYLoTo vesselness yla OAa ta .

— Av 1o péyloto vesselness sival MeyoaAutepo 1 Loo armo Eva
KatwddAL, Tote 10 pixel avkel og ayyeio



ApxLkn elkova apdLBAnotpostdoug Yuvaptnon Vesselness



lllustration of eigenvector u for A__ >0 in the case of an
image with dark vessels, for o=2.

. 11
il

hsdigiss

1IH“'*;;‘&\L§§;§ 1

R
W

u for pixels with A_,,>0 the resulting vessel segmentation



The SIFT (Scale Invariant Feature
Transform) Detector and Descriptor

SIFT is quite an involved algorithm.

Constructing a scale space representations of the original image to
ensure scale invariance.

LoG Approximation LoG is computationally expensive. So approximate it
using the representation created earlier.

Finding keypoints These are maxima and minima in the Difference of
Gaussian image we calculate in step 2

Get rid of bad key points Edges and low contrast regions are excluded
using the Harris Corner Detector.

Assigning an orientation to the keypoints An orientation is calculated for
each key point. Any further calculations are done relative to this
orientation. This effectively cancels out the effect of orientation, making it
rotation invariant.

Generate SIFT features for each point. This helps uniquely identify
features. Lets say you have 50,000 features. With this representation, you
can easily identify the feature you're looking for




s+2 filters

=2(s+1)/s
Gs+1=28"5ay

c=2"%g,

0,=2%5¢,,
c,=215¢,
Gy

Lowe’s Pyramid Scheme

octave)

==
Scale E »
e ==
=

Scale
(first
octave)

s+3 _
images differ-
including Difference of ence

iqi Gaussian Gaussian (DOG) images
original

The parameter s determines the number of images per octave.

D. Lowe, University of British Columbia, ICCV 1999



SIFT Steps - Review

(1) Scale-space extrema detection

— Extract scale and rotation invariant interest points (i.e.,
keypoints).

(2) Keypoint localization
— Determine location and scale for each interest point.
— Eliminate “weak” keypoints
(3) Orientation assignment
— Assign one or more orientations to each keypoint.
(4) Keypoint descriptor
— Use local image gradients at the selected scale.

D. Lowe, “Distinctive Image Features from Scale-Invariant Keypoints”, International Journal
of Computer Vision, 60(2):91-110, 2004.



Key point localizatiofy e maes

Detect maxima and minima
of difference-of-Gaussian in
scale space

Each point is compared to
its 8 neighbors in the
current image and 9
neighbors each in the scales
above and below

op and ottom ignored.
s planes searched.

A L

Ll v e i

For each max or min found,
output is the location and
the scale.
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Scale-space extrema detection: experimental results over 32
images that were svntheticallv transformed and noise added.

Repeatability (%)

100 3500

0 -
%o detected | ) aveérage no. detected
e SRS
80 = o e = L] g 3000 [
. / % correctly matched a 2500 > —
= “‘.._“__________....----'
. .
% 2000 / o
40 = T4
5 ys00 L/ verageino. mafched
T 3 e
Matching location and scale —— g / .
20 sarest descriptor in database —»— " S5 1000 Total number of keypoints —— _|
= / Nearest descriptor in database —-w=-=
| | | | |
0 500 I I I I i
1 i 3 4 5 6 7 8 1 2 3 4 5 6 7 ]
Number of scales sampled per octave Number of scales sampled per octave
Stability Expense

 Sampling in scale for efficiency
— How many scales should be used per octave? S=7?

1/6/2018

* More scales evaluated, more keypoints found
* S < 3, stable keypoints increased too

* S>3, stable keypoints decreased

e S =3, maximum stable keypoints found
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Scale Invariant Detectors

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

1 T T T I T
; —e— Harris-Laplacian
0.9} =#— S|FT (Lowe)
5 —— Harris

Repeatability rate:

# correspondences
# possible correspondences

repeatability rate

——————

i I i I i
1 15 2 25 3 35 4 45
scale

K.Mikolajczyk, C.Schmid. “Indexing Based on Scale Invariant Interest Points”. ICCV 2001



Keypoint localization

Once a keypoint candidate is found, perform a detailed
fit to nearby data to determine

— location, scale, and ratio of principal curvatures

In initial work keypoints were found at location and scale
of a central sample point.

In newer work, they fit a 3D quadratic function to
improve interpolation accuracy.

The Hessian matrix was used to eliminate edge responses.



3. Orientation assignment

* Create histogram of local
gradient directions at
selected scale

e Assign canonical
orientation at peak of
smoothed histogram

* Each key specifies stable

2D coordinates (X, V,
scale,orientation)

If 2 major orientations, use both.
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Keypoint localization with orientation

== Al . -
e /d'l /

D5 =0
- ry

.:’
\'k _...."‘/

= . ! — 2
- . y =i 832
- -
i i

233x189

Q‘:&‘L initial keypoints
‘%f“’

729

keypoints after
ratio threshold

keypoints after
gradient threshold

(c)
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4. Keypoint Descriptors

e At this point, each keypoint has
— location
— scale
— orientation

* Nextis to compute a descriptor for the local image region
about each keypoint that is

— highly distinctive

— invariant as possible to variations such as changes in
viewpoint and illumination



Normalization

e Rotate the window to standard orientation

* Scale the window size based on the scale at which the point
was found.



Lowe’s Keypoint Descriptor
(shown with 2 X 2 descriptors over 8 X 8)

;a.k J}“*‘f _—
N R AL 4
Y re

Image gradients Keypoint descriptor

In experiments, 4x4 arrays of 8 bin histogram is used,
a total of 128 features for one keypoint

1/6/2018
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Lowe’s Keypoint Descriptor

* use the normalized region about the keypoint

e compute gradient magnitude and orientation at each
point in the region

e weight them by a Gaussian window overlaid on the circle

e create an orientation histogram over the 4 X 4 subregions
of the window

e 4 X 4 descriptors over 16 X 16 sample array were used in
practice. 4 X 4 times 8 directions gives a vector of 128
values.
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SURF: Speeded Up Robust Features

e Speed-up computations by fast approximation of
(i) Hessian matrix and (ii) descriptor using “integral
images”.

o : L,.(x @) Li.?.l;:-.:_ (T |
Hix, o) = .
Loay(x, 7)) Lygylx, o)

* What is an “integral image”?

Herbert Bay, Tinne Tuytelaars, and Luc Van Gool, “SURF: Speeded Up Robust Features”,
European Computer Vision Conference (ECCV), 2006.



Integral Image

* The integral image I;(x,y) of an image I(x, y) represents the
sum of all pixels in I(x,y) of a rectangular region formed by
(0,0) and (x,y).

L(i,j)=1,(i-Lj)+ 1 (i,j-)-I, (i-Lj-1)+1(i,))

Using integral images, it
takes only array
references to calculate the
’ ’ sum of pixels over a
rectangular region of any
Size.

S=A-B-C+D

From: InterestPointDescriptorsMatching.ppt by G. Bebis



SURF: Speeded Up Robust Features
(cont’d)

* Approximate L,,, L, and L, using box filters.

XX?

(box filters shown are 9 x 9 — good approximations for a Gaussian with 6=1.2)

R R

1 | 1 l

L | L

vy xy

* Can be computed very fast using integral
images!

From: InterestPointDescriptorsMatching.ppt by G. Bebis



SURF: Speeded Up Robust Features
(cont’d)

* |In SIFT, images are
repeatedly
smoothed with a
Gaussian and
subsequently sub-
sampled in order to
achieve a higher
level of the
pyramid.

1

Scale




SURF: Speeded Up Robust Features
(cont’d)

e Alternatively, we can
use filters of larger
size on the original
image.

 Due to using integral
images, filters of any
size can be applied at
exactly the same
speed!

(see Tuytelaars’ paper for details)

From: InterestPointDescriptorsMatching.ppt by G. Bebis



SURF: Speeded Up Robust Features
(cont’d)

* Approximation of H:

Using DoG

approx

SIFT: H" = {D’“ D’W}

>
>

o : L,.(x @) Li.?.l;:-.:_ (T |
Hix, o) =

Loay(x, 7)) Lygylx, o)

SURF : HSUR —| > 7

approx A

>

Using box filters

From: InterestPointDescriptorsMatching.ppt by G. Bebis



SURF: Speeded Up Robust Features
(cont’d)

 Instead of using a different measure for selecting the

location and scale of interest points (e.g., Hessian and
DOG 1n SIFT), SURF uses the determinant of H ci([])]:ic
to find both.

* Determinant elements must be weighted to obtain a
good approximation:

det(H>"% ) =

approx

— (0. 9ny)

X)C yy



SURF: Speeded Up Robust Features
(cont’d)

* Once interest points have been localized both in space
and scale, the next steps are:

(1) Orientation assignment

(2) Keypoint descriptor



SURF: Speeded Up Robust Features
(cont’d)

* Orientation assignment

radius 66 around the interest point —

Circular neighborhood of y (Z dx,Zdy)
(6 = the scale at which the point was detected)

Haar waveleté
(responses weighted

with Gaussian)
Side length = 40

Can be computed very fast using integral images!



SURF: Speeded Up Robust Features
(cont’d)

« Keypoint descriptor (square region of size 200)

« Description v« * Sum the response over

b each sub-region for d,
2! and d, separately.

* To bring in information
about the polarity of
the intensity changes,
extract the sum of
absolute value of the
responses too.




SURF: Speeded Up Robust Features

(cont’d)
» Description s SURF-128
%’j’ — The sum of d,

Z and |d, | are
computed
separately for
points where

{
>>.7
0@ dy<0anddy>0

— Similarly for the
sum of d, and

y
Z dx | dy |
> |dx|
e
2 ldy|

i
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