AVIXVELGN XOPOKTINPICTIKWV

> nuEia ‘TtAovolo¢’ Kal oTIBOPC avaTtopaoTaong
Xprjon o€ avtotoixion / avayvwplon

AViXVELOT YWVIWV

Avixveuon KnAidwv

XOAPOKTINPIOTIKA O€ TIOANATIAEC KAIMOKEC



Aviyveuon ywviowv (Harris & Stephens)

STABUIOHEVN METT TIUN TETPAYWVIKIC OTIOKAIONC

Clx,y)=2., 2. wis,t)(f (s+x,t+y)—f(s,t))
Clx,y)=2., 2. wis,t)(xf (s,t)+yf,(s,0))

X
Y

Clx,y)=lx ylM

ANNOyT] KOTeELBLVONC dIAVUOUOTOC KAIONG KAl ONUOVTIKEC AKMUEC

M=) > wis,t)A A=

2 fxfy]
fof, 1)

I510TIuéC M R=|M|—k(trace M ’=A,A,—k(A,+A,)°




Aviyveuon ywviowv (Harris & Stephens)




Avixveuar yoviwv (Shi & Tomasi)
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AVIXVELTN YWVILV
(Features from Accelerated Segment Test)
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E. Rosten, R. Porter and T. Drummond. Faster and Better: A Machine Learning Approach to
Corner Detection, IEEE Trans. on Pattern Analysis and Machine Intelligence, 2010



AVIXVELTN YWVILV
(Features from Accelerated Segment Test)




MEPIOYEC AKPOTAUATWV PEYIOTNC CTUOEPATNTUC

[MePIOXEC XAPAKTNPI(OUEVEC OTIO OXEAOV OUOIOPOPEPN EVTOON
TIEPIBAAAOUEVI ATIO EUPOVOC OVTIBETO TTOPACKAVIO
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[ePIOYEC AKPOTATWV PEYIOTNC CTUOEPATNTUC
[MePIOXEC XAPAKTNPI(OUEVEC OTIO OXEAOV OUOIOPOPEPN EVTOON
TIEPIBAAAOUEVI ATIO EUPOVOC OVTIBETO TTOPACKAVIO

AKOAOULBIO dLOBIKOTIOINCEWV PE ‘KATWPAL
T+(n—1)AT, n=1,2,...

EUpeon GUVOEUEVWV CLVIOTWOWVY TWV CNUEIWV TIAVW ATIO TO ‘KATWQAL,
VIO OVIXVELON PWTEIVWV TIEPIOXWV OE OKOTEIVO TIEPIBAAAOV

Avixveuon otaBepwV CUVOEPEVWV CLUVIOTWO WV
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MEPIOYEC AKPOTAUATWV PEYIOTNC CTUOEPATNTUC

[MEPIOPIOUOC PEYEBOLC TIEPIOXWV [EPIOPIOUOC EKKEVTPOTNTOC




MEPIOYEC AKPOTAUATWV PEYIOTNC CTUOEPATNTUC

[MeplopIoUOC KateLBLVONC




AVIXVELOT) XOPUKTNPICTIKLV Kol KAIpOKO

H avixveuan ywviwv YIiveTal 0€ OpIoPEVN KAIPOKO
Mo oLYKPION EIKOVWV Eival XpHoIUn N €€aywyr] XapaKTNPIOTIKWY
O€ TIOAOATIAEC KAIPOKEC

H ouvEAIEN PE PIATPO Gauss ETUTPETIEI TN PETABOAN ME TNV KAIYOKa (0)
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AVIXVEVUGT) KNAIBGWV Kal KAIpaKO

H avixveuarn KnAidwv PUTIOPEL va Yivel JE T AaTTAaciavy) Tou @iATpouv Gauss
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AVIXVEUGT) KNAIOWVY TIOANATIAWY KAIPAKWV

KavoviKoTtoinan tn¢ AATIAACIovC ToL @IATPoU Gauss w¢ TIPOC TNV KAipaKa
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Avixveuon akpOTATWVY WE TIPOC BEQN Kal KAipaKa
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AVIXVEUGT) KNAIOWVY TIOANATIAWY KAIPAKWV

AviXveELON aKPOTATWV WC TIPOC BEON Kol KAipaKa
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AVIXVEUGT) KNAIOWVY TIOANATIAWY KAIPAKWV
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AVIXVEUGT) KNAIOWVY TIOANATIAWY KAIPAKWV

AvixVeLON OKPOTATWY W TIPOC BEDT Kal KAiaKa
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Avixveuon knAidwv : olagpopa Gauss (DoG)
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Aviyvevaon anueiwv evolagepovtog (SIFT)

XWPIOPOC TNC KAIPAKAC O OKTAPEC
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’ ’ ’ p scal
ATIS OKTAPO O€ OKTARO LUTIOSEIYUOTOANWIO it

octave) | L=

KAipoka (s+3)

Oktapa
Difference of
0.707 1.414 2.828 Gaussian paussian (B00
A
1.000 2.000 4.000 ,ff”,.:{;’;gz?
1.414 2.828 5.657 e —
Scale S
o fc?ﬁ?ﬁ?f
2.000 4.000 8.000 P A
2.828 5.657 11.314 o f”?’—ﬁ_’*’? -
S FF

D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004.



olapepovtoc, (SIFT)
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AVIXVELOT) CNUEILV EVOIOPEPOVTOC

Avixveuon akpotatwy (6€on / KAipaka)
BeAtiwoon akpifelag 6€oncg

EEAAePn onpeiwv akurc (KPITAPIO aViXVELONC YWVIWV)
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D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004. 20



AVIXVELOT) CNUEILV EVOIOPEPOVTOC

Avixveuaon akpoTatwy (B€on / KAipaka) B
BeAtiooon akpifeiag BEong Kal aroppidPn onUEiwv PE XaunAn avtibeon I
EEAAelPn onuEiwv akung (KPITRPIO avixveuaonc ywviwyv) A
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D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004.



2 NUeio-kA&0i : katevBuvon

Y TIOAOYIOPOC IOTOYPAUMATOC TWV
KOTELOVVOEWV TN¢ KAIoNC TOTTIKA
(36 TIpEQ)

L(x,y+1)—L(x,y—1)
L(x+1,y)—L(x—1,y)

>TAOUION PE HETPO KAIONC Kal
OTIO0TAON ATIO KEVIPO

0(x, y)=arctan

EOpean eTIKpaTtoLoOC KATELBLVONC
(1 Kal ETIKPATOLOWV)

[MPOCdIOPICPOC ONUEIOL KAEIDI :
B€on, KAipOKa, KatevBuvon
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D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004. 22



2 NUeio-kA&0i : katevBuvon

D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004. 23




2 NUEIO-KALI0I : TtEpIypO@N

MTIAOK 16 X16 BE0EWV XWPICHEVO OE 4X4 LTTO-UTIAOK
loTOYpOupa KAioNC pE 8 KOTELBUVOEIC

Meplypa@eac : 4x4x8 = 128 TIHEG

Image gradients Keypoint descriptor

D. Lowe, Distinctive image features from scale-invariant keypoints, Intern. J. of Computer Vision, 2004. 24



ATtAoLOTEPO Kal TaxUTEPT (SURF)
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H. Bay, H., A. Ess, T. Tuytelaars, and L. Van Gool, SURF: Speeded Up Robust Features,

Computer Vision and Image Understanding, 2008
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ATtAOVOTEPO Kal TaxUTEPT (SURF)

EUpeon katevBuvong : @iAtpa Haar
DIATpa Kal TIEPIOXN EEAPTWHEVA OTIO TNV KAIPMOKO
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H. Bay, H., A. Ess, T. Tuytelaars, and L. Van Gool, SURF: Speeded Up Robust Features, 26
Computer Vision and Image Understanding, 2008



ATtAoLOTEPO Kal TaxUTEPT (SURF)
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H. Bay, H., A. Ess, T. Tuytelaars, and L. Van Gool, SURF: Speeded Up Robust Features,

Computer Vision and Image Understanding, 2008
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AVIXVELOT] YWVICV GE TIOANATIAEC KAIMOKEC
(BRISK)

Avixveuon ywviwv, uébodoc FAST
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S. Leutenegger, M. Chli and R. Siegwart. BRISK: Binary Robust Invariant Scalable Keypoints, 28
Proc. of the IEEE Intern. Conf. on Computer Vision, ICCV, 2011
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