ToTiKA XOpOLKTNPLOTLKA ElkOVWV
Local Image Features

MaOBnua: YrioAoyiotikn Opaon
K. AeAfumoong



e Autopatn e€oywyn XapoKTNPLOTIKWY CNUELWV ELKOVAC, OTIWC:

— Akpecg —Edges (Baoel mapaywywv 11 kat 215 Ta&ng —exeL
KaAudOeL)

— Twviec —Corners (Harris detector)

— Blobs (Hessian matrix)

— Ridges (Hessian matrix)
*  ApetaBAnTOTNTA XOPOKTNPLOTIKWY — KALHAKA TNG ELKOVOLG

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

— EUpeon opoloywv onpeiwv

— XwpPLKA TaUTLON ELKOVWYV —image registration

— MapakoAouBnon avikelpevwy o€ video (object tracking)



AvViXVEUGON YWVLWV

Eotw gkova 1(X,y) KAl N LETATOTILOUEVN
ewkova | (X+AX,y+Ay)

| (X+AX, Y +AYy) = | (X, y)+a—|Ax+a—|Ay=
OX oy

(X, y)+ 1, AX+1 Ay

YrtoAoyiloupe tn dtadopd Touc yupw
Qo oNUELo (Xg,Yo), Me xpNiom evog
mopafvpov W.

E(uv)= D, [1(Xx+Axy+Ay)-1(x, )]’

(x,y)ew

~ > [LAXH LAY = > 1A + 21,1 AXAy + 11 Ay?

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



Otav to TpEXOV pixel elval o mepLoxn
flat

Otav to TpEXOV pixel elval o akun:

Otav to TpEYOoV pixel elval og opllovtia
ywvia




* Otav n ywvia €xeL tuxaia dtevBuvon, n
max Kol N min T tou E moapatnpeitot
oTaV N METOKiVNON YIVETAL KOTA UAKOC 2
kKaBetwv dLevBuvVoewv.

e [ va Bpoupue Tic SleuBUVOELC QLUTEC KOLL TLG
OKPOTATEG TILEC Mmax, min, ypadoupe to E
o€ popdn mivaka:

E=(Ax Ay)w(x, y)[|lf I:iy](iﬁ

Xy y




e Opiloupe tov mivaka M:

2 Z |f Z ley
M=w(x,Yy) SR I T T
R N P g, Y

X,yeW X,yeW

* O M uropei va ypadei oa cuveAién pe g, ue o, (o Integration).
2uvnBwg 0p=0.7 o,
2
: (L) L,

M=(o5) g(o))*

Av yLa tov urtodoytopo |, |,

xpnowuorotnBei g(X;op), T0TE
kavovikoroloupe tov M (PA. LoG
Detector, Harris — Laplace Detector)




Harris corner detection

OL 61euBUVOELG V4, V, KOL OL OVTLOTOLXEG TLUEG SlvovTal Ao Ta
LolodLavuopata Kot TG LOLOTEG (A, A,) TOU Ttivaka M:

(A “A,)=det(M)
AMth,=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 Evtomlopog ywvwwv: umtoAoyiletal o M kalt evtonilovtal T
pixels pe min(k, , A, ) > katwoAL
* [ tnv anoduyn UTTOAOYLOMOU TWV A4, A, , CUXVA
XPNOLLOTIOLELTALL TO KPLTNPLO:
K=det(M)-k (trace(M))? > kotwdAL
Kin [0.02, 0.06]



[MapoywyLon ELKOVOC LE KEVTPLKEC
Stapopec -Central Derivatives

* KEVTPLKEC OLAPOPEC: CUVEALEN TNC ELKOVOAC LE 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

lx(x,y,aD)=§9(aD)*l(X,y),

x2+y?

1

= e 200"
O

g(xy,05)=9,

X2

_ga - = 2 O
oxX P o,” "




H Mkoovolavn oav pilAtpo
eéopaAuvvonc

* Hykaouaotavn enidpaveta g(X,y) oplletal BACEL TNG KAVOVLIKNG
Katavounc m dtaocmopad o Kat kopudn oto (0,0).
— MeyaAUTEPO o =2 TILO AVOLKTH KOLL TILO KOVTH €TILHAVELD, ETOL WOTE
0 OYKOG TtoU TtePLKAEleTOL O TNV eTLdAveLa Kal To emtimedo XY
va eival toog pe 1.

* H 2D ykaouvolavr) urtoAoyiletol og 6Lou<pmﬁ nopdn we €ENC:
— kaBopiletaLto o

— YmnoAoyilovtal ol TLHEG O€ Eval TIivaKAL CU |J.p.E'EpLKO yUpw Ao To
(0,0), tou)\axtotov [-30...30]x[-30...30], wote o mivakac va
nepAapBavet pExpL Kol TTOAU XAUNAEC TIMEC.

— Ooo ueva)\urepo 10 0, TO00 LOXUPOTEPN n geEopdAuvon amno tn
OUVEALEN TNG ELKOVAC LLE TNV YKOLOUGLOVN.



H Mkoovolavn ocav piktpo e€opaluvonc

FKAOYZIANH B4x64 o=10 FKAOYZIANH 84X64 =
x 10 : ‘ . | |
2 0
H ‘ . N . 0-008\“,,.....“....;..4.%
DUDB\
0‘004_,,A..A.......‘.;,....-
0.002 \

H’ i i

? "‘\

“1\‘“ t"“ : :
‘ “k:,uxu |

g\
80

>‘._( f“"




MapaywyLon YE yKaouoLowvn:
ETMLAOYN TOU Gp

 Eotw 1D aKkpn UE YN CUCYKETLOMEVO TIPOCOETIKO AEUKO

Bopupo.
* Edapuoloupe tnv ouveALEN UE TIC LOVOOLAOTATEC UAOKEC
Sobel kat TI¢ LOVOSLACTATES YKAOUCLAVEC TIALPAYWYOUC, LLE

Sladopetiko MANBOC oToLXELWV.
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[MapaywyoL TNC YKOOUOLAVAC

* H napaywylon tng ykaovolavig gM(x) mapdyst cuVOPTAOELC
TIoU €lval yWOUEVO TNC LOLOC YKOOUGOLOVAC UE TIOAUWVU LA TTOU
ovopalovtal Hermite

1 0" (0=(2) (= W= ot

2X

-2 +4 x>

-12x+8x°

12 - 48 x* + 16 x*

120 x - 160 x* + 32 x°

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




Kataokeun FIR-derivative masks

e Definitions:

2 n (1 22 ... 2]
23 cee n’ 4 4
On - En = :!- 2. n
1 22n—1 r.IZn—l 1 22n r]2n

* DO,;,and DE, is the determinant of order n-1, which follows
by deleting the it row, by replacing the kt" 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

& (x) = (Zi =l 3 DO, (f(x+kh)—f(x—kh))+O(h*")
2h2| 1Zk2| 1DO k=1

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

@ (x)= (2') { ZDE (f(x+kh)—f(x—kh))+ f ZDE }o(hzm)

2h? Zkz DE; ,




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

£ ()= (1 * Mgy ) (3)

FE () = (F *Moen ) (%)

* where
N IAE
(=20 gy ads ]
2> k*DE; 2
k=1
(2i-1)!DO;,
M g (K) = <[-1,-1,..,-1,0,1,...,1,1]

2> k*7DO,,
k=1



deriv.. " Num. of  Mask
order pointsin

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, 8/5, -1/5, 8/315, -1/560]

The resulting masks M,,,, and M, for 15t and 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

05 0 05
[Y2 0 -1/2]*[1 2 1] =1 0 -1
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

IR 10,8



the 7-point FIR derivative mask generated by the proposed algorithm



ApetapAntotnta: Invariance

* H aviyvevon ywviwv pe Tov tivaka M eival aveéaptntn amno
LLETATOTILON, TIEPLOTPOPN Kol AAAAYEC WTELVOTNTOC.

e Efaptatol Opwc amno tnv aAloyn KALpLaKog

* To i6lo oxNua ekKAapBaveta wg /_ i
ywvia, i oxL, avaloya PE TV \
KAlpaka Tou mapaBupou [

* looduvapa, mapdBupo w ibLou /
neyeBouc divel StadopeTika

amoteAéopata, otav n KAlpoka
NG elkOvVaC aAAAlEL




Aviyveuon TnC KALMOKOC TNC ELKOVOLC
(Image scale space)
Laplacian of Gaussian LoG Detector

* Oplopocg tng Laplacian of Gaussian LoG

* Scale-normalized LoG: L(X;0)=0%(g, +9,y)



LoG yla 0=2 Kol 0=8 (N KOWVOVLKOTIOLNMEVD YpadNUOTO UE
S1a.pOPETLKEC KALMAKEC)

x10° | 5%2 o . s
5- l , \X
, N 'AI»%\ 1-
s N
" @%2:{‘:;:3;‘3‘*:%5%‘;‘% N
| il
0
i
il
il
R
- k.
R = _ 7 ,H,~~~~"""""'_L_ \%ﬂ' |
e e B ’ i
0 - 0 5 ° 5020 -20 0 20
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H Log €xeL <0 TIHEC 0TO KEVTPO, >0 TIUEC TtepLdEpPELOKA Kol =0
otav |x|,|y|=> amelpo

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

Etol, n ouveALEn tng Log pe pia elkova mapayel: uPnAEg
QTIOAUTEC TIMEC 0€ BECELC TTOU UTTAPYXOUV KUKAOL, OTav N
oktlva Tou KUKAOoU €lval r=0/V2

Mo va eival ouykpilolpeg ot amokpioelc LoG (ouveAEn tnc LoG
LLE TNV ELKOVA) TIPETIEL VAL KOVOVLIKOTIolNBoUV w¢ Ttpog To o:

Scale-normalized LoG: LoG =62(g,, + 0,)
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AAyopLBuoc urtohoylopoU Image scale

ErtAeyovtal ta opla petafoAng tou g, o4, O,,

Mo OAa T 0 Ao 0, EwG O,,

YmoloyiCeton n cuveMEN g apyikng |, pe v

Kavovikorotnuévn o%-LoG , : 1=l * ¢%-LoG_,

end

For each pixel (1,))

— m < max(l_(1,]))

— Eméyetat 1o G, LE TN HEYLOTT ATOKPLOT)
Omax < argmax(l_(1,J))

— If M ToTKO UEYLOTO O€ TIEPLOXN LE aKTiva R, TOTE ©
avaAoyo tn¢ kKAipakoag tng tkovag oto (1))

max ELVOL



o

MNapadelypo uTtoAOYLoPOU KALEKAC ELKOVOLG




80

60 -

40

20

LoG response

-20~

-40
0

LoG response

-20
0

YTOAOYLOUOG G,y VLA 2 SladopeTika pixel.
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[Mpoocyylon tnc LoG pe dladopa
Gaussians (DoG)

7 . 4 . 2_
* Houveln 2 Gaussians pe o, 0, TIapayeL Gaussian pe o= g,“ + 0,

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

gl(x): G\/Ze 2 ! HGl(a)):e 2 _(0'12+0'22)a)2
' ) ), '0,%0, © GG, =e ’
1 _2)(72 Oy,
X)=———=—e 2 &G =e 2
BT A

* H LoG npooeyyiletal amno tn Stadopd 2 Gaussians

LlE 0-1, kO']_ )

A ) o N IN o
T : : T

g(x;ko)-g(x;0)~(k-1)o’LoG .




Amnotelecuoatikn vAomoinon tov LOG pe ypnon:
— IIpocéyyionc DoG avri LoG

— IloAhomAadv cv ue tnVv oo gaussians oe oepd (cascade conv).

(mpoogyylon Tou
LoG)
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Harris-Laplace corner detection

* O Harris detector
— elval apetafAntoc we npoc aAlayn dwTeVOTNTOC Kol
nepLotpodn,
— E€aptatal ano tnv kAlpaka (Image scale)
e Harris-Laplace: cuvdladleL to Harris corner detection pe LoG
image scale detection, wote va gival:
— opeTaBAntoc we tpog aAAayn KAipakocg - (Image scale
invariant) [K. Mikolajczyk, C. Schmid, 1JCV 1(60), 2004, ICCV 2001].



AAyoplOuoc Harris - Laplace

H arntokplon tou Harris K, umtoAoyiletal yia SLadpopeq TLUEG
Tou g,. Zuvnlwg g,=s" oy, N=1,2,...N, 0.7<s<1.4, 65 =0.7 0, .
Mo kaBe Pixel Tn¢ elkovac:

— KatwdAwvovtal ta K, Kat

— EvrtomniCovtal ta pixel pe K, TOMLKO HEYLOTO OE pia MEPLOXN
NG €lKOvaG pe aktiva R pixels (ouvnBwe R=1)
[l kABe Pixel tou mponyoupevou BApatoc:
— YroAoyietal n cuveAdn tng |, pe tn LoG yia dradopetika
0=S"g,:1_=ly* 0 L0OG,
Av 10 | _mtapouoLaleL TOTLKO LEYLOTO YL TLG TLHEG TOV O, TOTE
10 TpEYOV pixel Bewpeital pixel ywvioc.



MNapaAlayn tou AAvopiBuou
Harris - Laplace

 Mia mapaAlayn tou Harris — Laplace xpnotpomolei
QUOTNPOTEPO KPLTAPLO YLa TNV ETILAOYN TWV YWVLWV:
— To TOTIKO MEYLOTO OTNV KALMOKO TNG ELKOVAC VLo EVOL

onuelo mpemeL va epdaviletol oto OLlo G, oTNV ATTOKPLoN
Tou Harris kat otnv anokplon 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 rivakac

H nuéBodoc Baoiletal otnv Bewpnon TNG ELKOVAC WC EMLPAVELD KOl
oTLG LOLOTNTEC TNC SLadhOopPLKAC YEWUETPLOG

Baolka otolxela SLadpopLknG YEWUETPLOG

Eotw emwdpavela S(u,v). 2e kaBe onpeio tng opiletal to KABETO

dlavuopa, 2 kABeta HeTAEL TOUC epamTopeva Stavuopata Kol 2
KOUTTUAOTNTEC:

AZ

OL 2 KOUTTUAOTNTEC:

* KUpLeG K4, K,, N LOOSUVA QL

e Gaussian Kal HEon KaUmuAotnTa
OL KateUOBVOELG KAL OL TLEG TWV Ky, Ky, y
uTtoAoyilovtat armo ta bodladvopata Kot

TLC LOLOTLUEG Tou EooLlavol mivaka

SUU SUV
H(u,v):(S . j
uv w ./ (uv)




Napadeypa: image blobs

* Ta kevipka pixels Twv image blobs €xouv oxedov loeg KUPLEC
KOLUTTUAOTNTEC

Elkova deppookoriog

i

i

H elkova cav emipavela
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Evtoriopoc Ayyeiwv

e Ta pixels Tou KevtpkoU afova ayyelwv €xouv TTOAU LLKPN
KUpLaL KapruAotnta k1 mapaAAnAa otov déova Kol TtoAU
neyain k2 kabeta otov atova

TUAUa ElKOVOC UE QyYELO

42



Tunuotomnoilnon ayyeilwv
Vessel segmentation

e Ayyela aneikovilovtal o TTOAAQ €i6n e€etdoswy, o€ 2A Kall
3A.

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

Eyxpwpn ewkova apdLBAnotpoeldoug Ayyeila TUNUATOTOLNUEVA IO ELOLKO

43



Tunuatomotlnon ayyelwv BaceL Tou
Hessian Ttivoika TnC ELKOVALC

Mo kaBe pixel (x,y) Tng ewovac / urtoAoyiletal o Hessian mtivokag
TIoU TapEXEL TAnpodopia yia tnv torkn doun (oxnua) tng l.

I , I ,
H(x,y)=| = 0] Ty ()
Ixy (X’ y) Iyy (X’ y)
O beiktec oupPoAilouv apaywyton. O UTTOAOYLOUOC TWV

TIOPOYWYWV YIVETOL [LE CUVEALEN LE TNV TTAPAYWYO UL
YKOLOUGOLOVAC UE O TNE EMIAOYAC TOU XPROTN

1 2 _x2+y2
g(x,y;a)zimaj o 20

H mMApAUEeTPOC 0 XPNOLUOTIOLELTOL YLO VO ETUAEVEL 1] SLAUETPOC TOU
ayyeiou mou Ba tpnuatomnotnOel




 H TN TNG mMapoywyou KOVOVIKOTIOLE(TAL |LLE XPON TOU tapayovta
02, WOTE Ol ATIOKPLOELC TNC CUVAALENC VA Elval CUYKPLOLLLEG YL
SdladopeTika o.

0*g(x, y;o)
OX*

L, (X, y;0)=01(X,y)*

* JuvnBwg y=1.
* O Hessian H tn¢ ewkovac I mpooeyyiletol we ENG:.

H(X’y;a)wz(gm gxy]*,(x’y)
gxy gyy



Eotw 44, 4, OL TPAYHOTLKEG LOLOTLHEG (eigenvalues) tou H o€
kKaBOe pixel (x,y) ylo. CUYKEKPLUEVO O.
Amax =MaX(4y, 4,)>> .. =min(4,, 4,)20

— D: opiouoa, Tr: ixyvog tou H.
| Zmax [>> Amin 20 KAI 4., >0 TOTE 10 (X,Y) avkeL o€ 6KOUPO
ayyeio

| /lmax |>> /1min 20 KAIZ
ayyeio

nax <O TOTE o (X,Yy) avnkel o€ pwTeWO

To wblodLavuopa pe A, KaBopileL tnv katevBuvon pe tn
maximum KapmuAotnta
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* The large eigenvalue |

maxX

of Hessian for o=1
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* The large eigenvalue |

maxX

of Hessian for c=4
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* The small eigenvalue | .. of Hessian for =4
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e The max(l

max

max(Hessian Lmax)

) of Hessian for 0=1,2,3,4
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Vesselness: deiyvel av gva pixel elval
O€ ayyelo

Ta tponyoueva cuvdualovtal otnv akoAouBn Ekdpaon mou
TTOOOTLKOTIOLEL TNV TIBAVOTNTA va AV KEL Eva pixel o€ ayyelo

(ﬂ“r%ax"‘/ir%in) _LM
- 5 2
vesselness=|1-e  2¢ e 2l — AL B

O 6pog 4 21 otav | A, | kot | A, |>0 (xpnowomnoteital yia
va e€atpeoel pixels tov utoBabpovu)

B—>1o6tav |\ . |>> kat |A, |20

Mmax



Evtoriopoc ayyeiwv e OLoPOPETLKEC
SLOLULETPOUC

e [ kABe pixel Tng elkovaoC:

— To vesselness utoAoyiletal yia SLaPOPETIKEC TIMEC TOU ©
TIOU KOAUTITOUV TNV oKTiva SLapETPOU Tou ayyeiou

— YrnoAoyiletal To pEyLoTo vesselness ylwa oAa ta G.

— Av 1o pEyloto vesselness sival MeyaAutepo 1 Loo armo Eva
KatwdAL, Tote 10 pixel avikel og ayyeio



ApxLkn etkova apdLBAnotpostdoug Yuvaptnon Vesselness



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

LTI
il

o |-

u for pixels with A >0 the resulting vessel segmentation



KoatevuBuvtika didtpa
Steerable filters: Gabor filter-bank

* MANpnG oplopog Twv dpiktpwv Gabor

Complex

22 4 A2y - N
9(z,y; A, 0,¢,0,7) :exp(— > ) exp(z (27{'— -|-1’[)))
20 A where

Real

z' = xcosh+ ysinb

12 2,12 !

-+ v

g(z,y; A, 0,7, 0,7) = exp -2 Y cos 27T$_ + and
202 A

y = —xsinf + ycosfh

Imaginary

2, 202 ,
9($?93A?9?w3537):exP(—$ Y )Sin(2ﬂ'%+¢)

202

* 0pLOUOC TwV Piktpwv Gabor pe AlyotepeC MAPAUETPOUC
(2+7)
G.li,j] = Be 2 cos(2mf(icos@ + jsin@))

(2%

Gi[i,j] = Ce 2 sin(2mf(icos® + jsin@))
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The effect of Gabor parameters

Sigma (o) =10 Sigma (o) =30 Sigma (o) = 45 Gamma (y) = 0.25 Gamma (y)=0.5 Gamma (y)=0.75

..

Theta (8)=0 Theta (6)=45 Theta (8) =90
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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



http://aishack.in/tutorials/sift-scale-invariant-feature-transform-scale-space/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-log-approximation/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-log-approximation/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-log-approximation/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-keypoints/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-keypoints/
http://aishack.in/tutorials/sift-scale-invariant-feature-transform-eliminate-low-contrast/
http://aishack.in/tutorials/interesting-windows-in-the-harris-corner-detector/
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 Images within each octave are

Scale separated by a constant factor k

(first

octave) e If each octave Is divided in $=1 intervals:

=2 or k=215

Gaussian



Lowe’s Pyramid Scheme

Sl —
L s

octave)

s+2 filters
GS+1:2(S+1)/SGO

)
&)
Scale GC)
. _ (first CT)
Gi:Z'/SGO octave) = $
=)
N ©
_ s+3 h E
0,=2%5c, images < =
ey : _ e = Difference of
G,=2"50 m(_:ll_Jdmg Gaussian Gaussian (DOG)
Gy original

The parameter s determines the number of images per octave.

D. Lowe, University of British Columbia, ICCV 1999



First octave
< (didn’t fit)

Third octave

«<—Second octave
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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 localization

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

s+2 difference images.
top and bottom ignored.
S planes searched.

A " L

o T

For each max or min found,
output is the location and
the scale.
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Key point localization (cont.)

* The method of LoG max response is used
* Flat points and points on edges have to be rejected:

» Reject flats:
Q D(x)| <0.03
Reject edges:

H — Dyyr Dyy Let a be the eigenvalue with
| Py D larger magnitude and B the smaller.

TolH) = Dt D= .
l)("(HI — I),,l)”,, — {/),,,)2 = (/7.

Letr:u./B. Tr(H)? (a + 3)* (ri3 + 3)2 (r+1)° (r+1)2/r IS at a
Soa=rB | Det(H) = a3  r32 ' |minwhenthe
2 eigenvalues

o r<10 are equal.

https://medium.com/data-breach/introduction-to-sift-scale-invariant-feature-transform-65d7f3a72d40
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Scale-space extrema detection: experimental results over 32
images that were svntheticallv transformed and noise added.

100 3500
0) !
Yo tetected | X avérage no. detected
0 g e & 3000
/ ____ E /_/"'"H..’-
£ . % correctly matched g 2500 -
% % // ,,_‘--"“"""'-“-_—-_._---“_-
= g 2000 / —
B 40 £ A
& 5 1e00 Lo’ 7L A@verageno.imatched
o 5 [~ J
Matching location and scale —— = / _
20 earest descriptor in database —=— "] = 1000 Total nunjber Qf keypoints —— _|
= / Nearest descriptor in database —-w-—
| | | | |
0 500 i i i i i
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 58
Number of scales sampled per octave Number of scales sampled per octave
Stability Expense

e Sampling in scale for efficiency

— How many scales should be used per octave? S=7?
* More scales evaluated, more keypoints found
» S < 3, stable keypoints increased too
e S>3, stable keypoints decreased
* S =3, maximum stable keypoints found

11/18/2020



Scale Invariant Detectors

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

—e— Harris-Laplacian
—#— S|FT (Lowe)
—— 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 @Generate smoothed orientation
histogram with 36 bins (10° each)

* Detect histogram peaks >=80%

Akl . * Assign this orientation to this
point
100% ) ] ]
Gok £l e |f multiple peaks in hist

orientation, create copies of the
_ point, one for each peak

-

[
RIS EE T

HHHHHHHH

350-359

340-348
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Keypoint localization with orientation

233x189
initial keypoints

536
729

keypoints after
ratio threshold

keypoints after
gradient threshold

(c) i
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4. Keypoint Descriptors

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

* Next is 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.

T
)

0 keypoint

\
\

[
—
v

¥
VbW s >
"4

rotate
gradients

\ )
¥
.‘
A

¢
T
\

/
/
¥

p
N
N\

Vil
"4
4
T _’4
NI E

11/18/2020
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11/18/2020

Lowe’s Keypoint Descriptor

16x16 window 128 dimensional vector
“
| “ « '4 « vhw
v ¥ , AL/ PR
&A 44[.\» <> R
¥ K s Xy -
A9 “ A
» 4e "V AP w.1Y
“«H> o> 3 P
| Kyd Ko R XN,
] I -
LA v wa N Iv
D 4 € K x>
g il LS Bl v
v ‘;1 vhw "/' "‘,’
4;"-\' « i “f‘."\"’ 4—-'\{"
v A L - 0 E3 -

@ Keypoint
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Lowe’s Keypoint Descriptor

use the normalized region about the keypoint

compute gradient magnitude and orientation at each
point in the region

weight them by a Gaussian window overlaid on the circle

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

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.




SIFT variant: GLOH
Gradient Location Oriented Histograms
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SIFT variant: SIFT PCA

 PCA is often used for dimensionality reduction



SIFT-PCA: training phase

e Off-line (at the beginning): use many relevant images
* Apply SIFT to detect points
* Define feature fv for each point:

— Define 41x41 image patch

— For each pixel in 41x41 calculate the x,y gradient
component 2 2x39x39=3042 long feature vector fv

e Use Gaussian with 0=1.5, normalize the fv.

* In [SIFT-PCA] 21.000 patches from a number of images were
extracted

Ke, Yan, and Rahul Sukthankar. "PCA-SIFT: A more distinctive representation for local image descriptors." IEEE CVPR 2004.. Vol. 2.
4600 citations



Off-line part
e Generate the covariance matrix M

* Create the eigen-space using the K eigenvectors v, of M with
the greatest eigenvals

Online part
* For each new f, from a new image:

— Project the f, onto the v, to generate a vector of
dimensionality k (k=20)



Off-line training

u-gm

Testing

Covariance V, Top 20
3042 x 20000 C=D"D eigenvectors
3042 x 3042 3042x20
Training Observations, D
\__images 20000 x 3042
- FVs, D, Reduced FVs, D, V
New image K x 3042 Kx 20

80



SURF: Speeded Up Robust Features

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

Hix. o) |iLr:L";:":' T) L'_'I.':_.'I:.:.':' 'fT.]j|
|3, T) = ;

Lr_,_l.[.:':f_, (T | L:..'_r..";x- (T |
* Whatis 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).
Iz(i’ J): Iz (i -1 J)"' Iz (i7 J _1)_ Iz (i -1, J _1)+ | (i’ J)
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)

"EEREEE B —

L VY | L v

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 E
repeatedly smoothed with i B
a Gaussian and
subsequently sub-sampled
in order to achieve a
higher level of the

Scale

pyramid.




SURF: Speeded Up Robust Features
(cont’d)

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



e Filter sizes used in SURF:
L,,, 15x15

27 51 | 75 (99

15 27 | 39 (51

Octaves

9 15 | 21 |27

1 2 4 8
Scale

Filter sizes for different octaves

L, 15x15



SURF: Speeded Up Robust Features
(cont’d)

« Approximation of H:

Using DoG D, D,
SIFT . er',gfoxz{ y}

DyX Dyy

: \ |iL_r:L'|;:":' a) Lyulx, ‘T-]]
Hix, o) = .
L.r_'_.'[.:"‘-'-' T L:..'_r_.";:":' (| — A _—
L. L

SURF : ijf,ffx ST

Using box filters L, L,

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 in SIFT), SURF uses the determinant of H : SURF

find both.
« Determinant elements must be weighted to obtain a good
approximation:

/\

det(HV% )= [, L, —(0.9L,)?

approx xx 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: Orientation assignment

(x response , y response)= (O dx,>_dy)

+1

Haar wavelets (responses weighted
with Gaussian)
Side length = 46

Circular neighborhood of radius 6o

around the interest point

(6 = scale used for point detection)

Can be computed very fast using integral images!



SURF: Orientation assignment

Circular neighborhood of

ly . . :
= radius 66 around the interest point
[ (o = the scale at which the point was
detected)

/

1{ o b

l'\\ .'.I:'- ...

/ (S dx, Y dy)

Example of orientation detection 60° angle



SURF: Speeded Up Robust Features
(cont’d)

« Keypoint descriptor (square region of size 20c)

* Sum the response over
each sub-region for d,
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)

SURF-128

* Thesumofd, and
|d, | are computed
separately for
points where d < 0
and d >0

* Similarly for the
sum of d, and |d, |



SURF: Features examples

Image sub-region SIFT gradients SURF sums

clean

Vo

noisy

Zlm
Zlfhl
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KAZE features:
Similar to SURF, but non-linear scale-space

Instead of consecutive convolutions with LoG, or DoG, non-linear
diffusion is applied on the initial image

A set of increasingly diffused images is constructed (similar to the
Laplacian pyramid)

The concept of octaves and levels within each octave is retained. As
in SURF, no image subsampling is performed

The filtered (diffused) images are normalized (using the equivalent
of 02) and local extrema (along space and scale) are detected

The principal orientation is extracted as in SURF
The feature vector is constructed in a way similar to SURF



* Diffusion equation

%: I, =div(avl)=a-div(Vl)=a(id, + o, )(il,+ i1, ) = Ly + 1,y

* Non linear diffusion

ol .
— =1, =div(a(x,y)VI
ot t ( ( y) )

* YmoAoyloTiki vAomoinon tng e€lowoncg dtaxvong
ol A
=l =l+]l >t t_ | %xL0oG >
81: t XX Yy 51: t

l.s =1 +0t-1, *LoG



AmtodelkvueTal OtL N AUon LE MEMEPACHEVEC SladopEC eival
gvotabnc ywa 6t<0.25.

AN\eC aplBuntikeC pEBodoL uTtapyxouv yla peyaiutepa Ot Ko
taxutepn ekteAeon (my Additive operator splitting —AQS)



ti=5.12 ti =20.48 t; =81.92 ti =130.04 t; =206.42

Nopaddeypa edapoync TN KN LOOTPOTILKACS dLaxuong
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Affine invariant feature detectors

SIFT, SURF and their variants are rotation and scale invariant

To achieve Affine invariant features = estimate different scale
along each axis

One example: Maximally Stable Extreemal Regions (MSER)



—_— From white to black

From black to white -—

Example of threshold sweeping and MSER detection

http://www.micc.unifi.it/delbimbo/wp-content/uploads/2011/03/slide_corso/A34%20MSER.pdf



MSER performs well on images containing homogeneous
regions with distinctive boundaries.

MSER works well for small regions
MSER doesn’t work well with images with any motion blur

Multiresolution MSER provides better robustness to large
scale changes and blurred images and improves matching
performance over large scale changes and for blurred images

Good repeatability
Affine invariant

A smart implementation makes it one of the fastest region
detectors



T. Tuytelaars, K. Mikolajczyk (2008), "Local Invariant Feature Detectors: A
Survey", Foundations and Trends® in Computer Graphics and Vision: Vol.
3(3), pp 177-280.

— http://epubs.surrey.ac.uk/726872/

D. G. Lowe, Distinctive image features from scale-invariant keypoints. 1JCV,
vol. 2, no. 60, pp. 91-110, 2004

K. Mikolajcyk and C. Schmid, An affine invariant interest point detector.
ICCV, vol. 2350, pp. 128-142, 2002

K. Mikolajcyk, PhD Thesis

[https://courses.cs.washington.edu/courses/cse576/06sp/notes/lnterestz.pdf]
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