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Feature Matching

1210 R A S Tﬁ

Block matching

Specify feature correspondence
What is feature?

[Filtee PR e T [l £ HER =Y %, el identify rixgﬁxgws%[%é

11 P R LS ol e

ﬁlﬁ ﬁj{%ﬂ{[i pex: b riF *éc,_l—pjgﬁ
FRTHIA R BB Y, fﬁ'ﬁﬁﬁ?ﬂ* LI BREVRE PR
Eﬂﬁt £JpY information =~ "], IF"TE | 5% ambiguous [V match, vl | #1E -
(FARRL T Sivfts
Block matching
?ila[a@ﬁﬁj[ﬁﬂﬁ i — i block(window), ex: 5x5, IEF%E& @g[[—'ﬁl EIERS
= [l £, iﬁ[’[ﬁ‘ window # £pPNELRL local, L] dense, )< (1 e Ag
Bl @%‘iﬁ |5 §x5 window #! 25 f[ﬁf%ﬁmﬁ SIRel N Fﬁaﬁgﬁ, iﬁt%@'ﬁ“lﬁﬁ
= {4 4+ pY matching ¥4
Ex: 77«17 HiRL, Trscanline F{Fsearch, %&£ f[ﬁij\ [ﬁJEIfJoffset d?Ry— W
W, i £ L IRGE <1 T fTcost, costfit [liEAem e T (I
7 slides_8 - Sum of Squared Disteance(SSD)
#lﬁrx‘xj (5 1 PRI pixel ffl &8 e MRy F ) HF VAL, R
(I AT )
HEf 1Y feautre point, fi’ £l feature point - ambiguous, 77l [~ {f
feature descriptor T{»T}‘ﬁilﬁ flaf feature, fol%w distinctive. Hrl°) Fl:ggﬁﬁ [EL
lFH[—' 5x5 [ block ’é iy~ {25 AERY descriptor, F 3§75 - (4t 25 A&
vector J! lﬁ[[“ vector & T (by SSD). i+ lﬂkﬁ' feature descriptor = 25-d
vector
Features
— {lif feature matching algorithm ¥ {lif component Frrflt:
1. Detector: H{@BM%% feature( 7> ”FL, phik % false matching iUy )),
FS L1 feature 71 [EfREL
2. aéﬁgl[ﬁ' feature fitfrt, &L B, YRR EIR( feature it
(ex: 25-d vector in block matching, YR ETd- [fJfv distance)
T [ﬁj f* algorithm ¢ | T [ﬁj f* detector & descriptor
S RLF pUfeature?  slides 13:
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1. distinctive: (LD E 4 feature %’Trﬁ £[]- £EpY descriptor, T [ﬁjﬁl@
feature %2 descriptor T~ 5

2. invariant: feature FTQ transformation fYEY#%

25-d | I¥} translation invariant, 3} rotation & affine %?_T L invariant

Harris corner detector
d53% Moravec detector
ﬁlﬁﬁgﬁﬁj B~ window < recognize lF;F[_{ feature, T "Elf < image
— [ fofeature, F&F%]’[E‘window shift— ™, FE[FVENE [%’7 - B ex:
slides_18
edge: 11743, [#- 1 [fPS, FIEIfY image block % T %, LA HET
'ilFFI[_{ d1mens1on ff{ £| ambiguity, T Fl— i+ feature
Fl ) 25 Mt detect UL corner, “HiERL shift — ™, ZE}::UEILJF,]\IPIFT {’ELT\—
)f%,‘igfjgﬁ

Moravec detector:

+  Ei(x, y)iﬁ[ﬁ&f _Fshift(u, v), shiftifiublockfUEUfiy
block= i~ - f(slides_20)

+ w(x,y): window function, T [FIJ ﬂ?&#ﬁﬁj [FIJ H* weight,

4 Box function in moravec detector: iﬁ[’[ﬁ{ block ¥&) fﬁ%ﬁﬁﬂﬁ?ﬁw
— BRPY weight

4  Measure shift(u,v) & % tIi[fiv error 7| 275, ?ﬂ@ﬁ EFTE|(u, v),
E(u,v)ﬁﬂ fEU\EIU%#KX, y), &1 F“—"‘:’ﬁ}l £ 1Z[pY window fﬂ
SO = B T RLRY feature

+ #IF’?EJ p“ SfY(u, V)?[KET— S I[mJUII—HJ A9 shift.
Ef(uv) = (L0), (1, 1), (0,1), (-1, 1), $54J posffi Euy),
L O, HH S B, v)-

+ ATl EH I’[ﬁ'%ﬁﬁi P4t vector ((1,0), (1, 1), (0,1), (-1, 1)), éﬁhﬁ
pH f[ﬁ'%’!ﬁ‘"}ﬁi TPV E(u, v), &+ - dRimage, JREF [T local
maxima of ;%;ﬂ;% image (image of min{E}), F&ﬁtﬁﬁ&#fﬁ =
feature

+ ﬁﬁ[fﬁ cover Z[| F1, 5 PUREEL" [FH(u, V)’i"%??:é T %

T

binary window function, response (* noisy, min{E}T Jl— RSt

—

smooth [I¥ image, 71| 7t detect local maxima Eﬂj i T? 1 S noisy
2. R PERE IFil> ?ﬂi 45 1 F ﬁ&?f‘j , H detect f+ shift 5L
gl
3. Sfedge s {1 IS, Y edge TRLIFTH 45 % FIRS 1T,



ALRLET min{E} i

B Harris Corner Detector

+ SPEhES (W, o7 RIS

1.
2.

<Taylor’s expansion>

[formula]

] smooth  => "] Gaussian function

P OIS 4 (6 ) [l = TR 4 [HJ
(FIFTRTEINA, 55 BB B iee ]
shift(slides_23)

E(u, v) becomes quadratic function, “f% E(u, v) = E fiU(u, v)& 11 F'SJH%V?*%‘ =

et

T HHEE (u, )RR Y function, | U] R gl approximation I B
i E B, v), ) MOG RS 1 image 4 £ %]

3.

¥t edge ’[ff%#g{fl?ﬂ => F[|F'|#¥Y measurement 1k
¥fMfiteigen decompositionyeigenvalues lamdal, lamda2,
SV A (slides 26).

lamdal, lamda2 *%=- E(u, v)?}%ﬂj,ﬂﬁj F' | ik, F
tdamdal,lamda2 fv+ ] F,IFJ [ (slides 27) % 'mrim £
corner

PEL Reigenvalue ik (&, F it [l (™ Hbslide 28. F[[|
H[F IFYRCE corner response R, REF*F1 & hLcorner,
& FA 8 7 flcorner

(Ep = flat e % (slides 30,31):

> ¥ flat i F f , gradient 7 [] | [l s NN U

> Hfedge [ f B gradient 7 “ I i i AR PR |
> ¥ corner |li| it gradient 73 i J"r}— [ FELCA BN |

Summary (slides 32)

+ Harris — E:“f{f\ﬁ‘[‘ff:

¥} affine intensity £l invariant, [XE5LL" | gradient, @5&[@‘
PR HF 2 YA

¥F intensity scaling “/f-L invariant, threshold F | F— f{#
scale

Sfrotation plinvariant, h=§El i 5L H ?U[ﬁj?ﬁ%iﬁ@ﬂ%[&ﬂ, fF',
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a7 [ﬁﬁ%"ﬁ "(slides 40)
B Y FHJ@ --- ¥fimage scalefl.non-invariant! (slide 42),
scaled > featurefif: > 1 171!

SIFT (Scale Invariant Feature Transform)
B [. Detection of scale-space extrema (slide 44~47)

SIFT fl— {f# transformation > ﬂ*’?ﬁl?@l— (i image $iRYy— 1= feature
description o SIFT 73 5% PU{fH# g fle~> 27— [HFREL detect scale-space I
extrema © SIFT f& *fiu— ffal | IAViikRLEIe%3E Harris corner detector il
scale- 1nvar1ant1H|[—'FHfﬁ HIEG 1 £ scale-invariant > ﬁli LR

][IV possible scales . search stable features - %‘ Filﬁ?ﬁé » (ELRLEI TR HRL
TR B AR Eﬁ%\izf sample scale space Ik 1 |¢<T§ EIE
“EU'T H ] sample "~ » sample A\ Eﬂj]xp" %m | IEJFF” - [
reasonable i) sampling frequency ./ " » Hipf' [l Jé, [— {f scale-invariant fi{
feature detection °

it SIFT ¥l[21 » kL™ ] Difference of Gaussian (DoG) filter s ! scale
space © VHTI|{fi"] DoG ﬂﬁxj[’[‘"ﬁlﬁﬂ Y= [WRPEL DoG kL flalEfE ¥
o FhET PR G filter 5 F| RIS EL A FL Laplacion of

Gaussian TJT % stable °

+ DoG filter (slide 48~49)

HipsL ﬁ'J Gaussian filter — £52 > [l o 1t kernel ¥ size
scale... ° Tf' — o HWpp T RE- {7 Gaussian filter » E'Jiﬁ[’[ﬁ‘ filter
¥} image {i filtering [V i< i Ay L BHEE HHER T I B fl scale
Fho o ﬁ‘%%ﬁfi » ] =" scale-variable fiV— {fif image %[ DoG filter -
BA FRRLE 3 \_[n 1EEN [f[ | scale i Gaussian filter - FEV 1/ i 55f
FUJspY image |éf( ﬁlterlng Apply iﬁl[_' filter - ﬁlfé PFEHRERLEET image
L [ﬁj scale IV Gaussian filter Fri&: % iV images A1 - P9 {fpussfl
Fl= ApY o [NEE DoG filter FL A FFURLEEUY Gaussian filter % fit—
ST T efficient » [UIFSERIE @ 7] DoG filter
s scale-space °

g TFEIUFF E?}%ﬂ“%’[" scale-space F;%F:ijzi% ( WQ » sample
MRS 2 RS o IEJFPU F? 7 0 R HER L F | i Gaussian filter -
1o double "V EHPHFEH It~ {5 octave « [I#*1 o double +"
% > sample rate TP W4 A 5125512256256 » T
double... > — EI ™o 7 [ﬁj— i octave HI[F1» F it £ sampling
K JiERL™ 1= Tty scale : K* g > AT JHER 11420 Kom) EL LR eHAERT
fY scale V FEIAVE=RTRL %) > #EG 0 BIZE - (i octave I/ [ |s et



(level) » BT |25 [ K=2/(1/s) > E’QLF"‘*EI}’ it — [ octave ElfJE%lj: fize >
frequency ﬁ?ﬁﬁ f14+ double -

Scal ﬁ
octave) M

Scale
(first
octave)

Difference of
Gaussian Gaussian (DOG)

SR O I 77 Pyramid ~ B UL Laplacian
] it~ ¢t frequency Jif double - xﬁ < [V sample “\N3E sparse © T
VEgHIEL " 2] T dense [ sampling » [NIF ¥ 5~ it octave %
T B LR B I'F'EJ%EI s+3 3= image > s+1 F=pLIE0
2 20 VR Y BI9HNEL TR extrema EJEflsaEfJ E/[“';@%BFH
HIE= s BT iylf%ﬁjg:%‘/l]ixgmil—“g o= gﬁwza{a E,ﬁﬁu
image  Firl | ) El’%’i Laplacian pyramid [I¥ extension o &j— "¢t
iy Gaussian filtering 3 & > #°1 image ARl I 4 ?Uﬁ[ﬁﬁﬁ/\ﬂﬂ
['1 DoG filter 7% (iU image - ./ il 55 i space i f e

+ I} ek Lextremalld? (slide 50)

Wﬂiﬁ ([ pixel(x, y) 7t 26 FFH‘E' F1CE= it scale v 9 f[ﬁ‘%ﬁ +
ffet scale i 8 f["gﬁ + "~ [l scale f 9 | '[*‘E#j » bMIARITRL Tocal
maximum FY minimum o PP 53— (R FS TR e

[ £L local extrema EJ%!J A s ’é.[ ['=kL feature fi*) candidate °

_-Et[li




+ s EERE? (slide 51~55)

%FFU F’T%Fﬂj,%l:f sample @[[—{ space ° ]ﬁ'ﬂlﬁﬁi'*ig“ﬁjﬁ$ )
PRIF=ZS (Rl 7 53 ﬁ'#ﬂ @[f& Vil [ tradeoff o (=¥ T 'irlF; i
17 32 9= real image ° = éfr £* transformation > %IQI:%}J—\ET [F, IfY's
1 ground truth #4155 FF{[EHY repeatable rate("¥r [V feature HI=1 -
P SR Y I RSB o3 R 13 i
rﬁl}’&?ﬂ— = T stable [I*J feature > ﬁl jE' S E?J\Elflﬁﬁ foe > 32 Z[[p feature
B % -

DIt (e ERTERLI VRS iU image 256*256 fiflinear
interpolation kv~£[| 512*512 » F| apply o =1.6 [I¥ Gaussian filter [~
pre-smoothing > j‘F:‘ = HLJQ“?;[E}IP =4t robust °

Frrgfgpasl - 2SI # %] Laplacian of Gaussian [iU#55g I
ALY » [EIRL cost ﬁ'tﬂﬁﬁ‘ P SEES P T 491 SIFT o
DoG filter % [kl Laplacian of Gaussian [~ & approximation ° TIH
T *F?fi/[ll'f? » =P SIFT kLF* Harris corner detector R1Z'F|

scale-invariant o

B 2. Accurate keypoint localization (slide 56)
Iy [ RRES IS T ekl feature PORET £ 25 MR AERE ]
=~ £=7 stable IV feature point > {itkl contrast F4it l'E_EEIfJ%Fﬁ\EI * H'fekL edge

Em%#ﬁh 7 Bl o

+  Accurate keypoint localization (slide 57)

S low contrast EIU%F’ FL4 HRLE |- {li 3D quadratic function
G fit> J 5 sub-pixel max1ma°i§*bii— |[—'iJ> LY D fL DoG
FAt i x R TR B f' =kl feature ﬂJ%F TE*L]%Q?EHJﬂ B F5
D AIx ZS a5 £ [ﬁ offset: X o iﬁ]ﬁxfl )% iRl Er - local
extrema [I sub-pixel EJ'*’FF[ ; 'Hﬁlfxﬂflxﬁ yES ?E’J{«LF = P
R s pruAer st fif - 45 0.03 ﬂlf"iﬂ“ﬁﬁlﬂl["%ﬂﬁglow contrast ©

D) =D 50 X799 5
. #D ‘oD
R=——— —

ox2  Ox

#+ Eliminating edge responses (slide 58)
L ﬁrj 7t j1 Harris Corner Detector [V trace #{! det matrix [ 3%
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K ’iﬁ?ﬂv[‘%ﬁ\iﬁf‘qﬁ“ [REEE NS A b Ll i
edge » S BEY TR 13T pIER =

lr(”:}' <:(1-+-1)L

Det(H) r

CYY: SEt: MBI BT, Pt i - %
TP AR PTE N R o 5 e LRLEBRY I

B 3. Orientation assignment (slide 60~69)

B pusT= (B ERIRL assignment description > iﬁih VN el
s fft-matching F'|f o 57— ZG [FAEREFS T major orientation > $5 %[5 major
orientation > 1/ i J[HN ZG IR i matching i jﬁ:f R TR E Jﬁl Y image JEIZ||
j‘F*[[_{ local frame > iﬁﬁiﬁtp I3 %] rotation-invariant [V f TfY o

[RNIFSEPE )~ it keypoint =5 {fe1 2 5 5 gradient i /[ A ] - iﬁ%ﬂ
g B [iU 3% |L orientation histogram > ELYI: _FpY concept fLF > EHTE — [
keypoint » Z% 5. %;ﬁﬂfﬁi’ffﬁj il flof window [* JF'SJ%’WU gradient [ [FIJ ’
B2 M ERIp [F[Jﬂ“dt?éf[’ ['=major orientation ° [/ JEJ f[ﬁ'}%ﬁﬁ@%ﬂﬁ%ﬂ[ l%{}ﬁf[ﬁi
pixel [ weight > kL~ & Gaussian distribution Fji@fﬁ:ﬂ,’(%’!ﬂilﬁ gradient I~
PR -

eradient wnighltcd by 2D weigh‘lod gradient Orientation
magnitude gaussian kernel magnitude

|1 orientation histogram i peak(?ﬁ%ﬂ} 80%f1 Eﬁlfﬁ“;ﬁ% [FiI)E |8 25 el
i Jﬁf RSl imultlple orientation fi4ff7 ﬂﬂ%?ﬂ@ﬁ*ﬁ HIS[fil -~ fl# feature
point 7 |*‘7|F'EJ71 IR RIS T e TR T 200 MU
15%if JEFF%’T ﬁrfﬁ/ °

P.S. keypoint = feature point = interesting point




o ~;,:( peak

0 Second peak

.I | Tlff 80% of peak value

B 4. Local image descriptor (slide 70~72)

T BT [ ERES M= Y feature point Elflf'\j'fﬁ'{ + scale ~ orientation >
BN S ST BIERL IS L description o f8 TG IR iR &F%[’[E‘ image
block 7 & + (FRLEHEY 27 S o 1 SRR i 5
FLE 48 orientation histogram -

Ve [ pixel ffifxT 8*8 iﬁ[’[ﬁ' window “J5Y 2*2 iV sub-window » IR
35 [ sub-window [ orientation histogram WL*}LF%EJ &t sub-window [t
orientation HiFfl1 4*4 fiY orientations =]/ ﬁfJEﬁJ e o & [ orientation fl-
8 {[i bits > 1??%‘25 (i pixel ET#T?{ | 4*8=32 {[# dimentions -

K | %

Image gradients Keypoint descriptor

as

EXIRRLL rlfff " | orientation histogram ¢ El[ fit~ feature point descriptor [Fd?
iﬁﬁ[ﬂ ELH ] gradient s fit %’Tﬁ illumination P& robust » F ][I F# | B
orientation > F7!"| f rotation + £ F*4ik robust

I HE FESTRLP ] 8 orientations T Y1 I 4x4 histogram array A+ 128
dimensions it~ H[EG [+ WE'J 4*4%8 1Y 3%%“1 FLECRRIE Py . %ﬁﬁf SIFT
TP AT affine transform > ;ﬁﬁf«i SEREepUAs N > SIFT % affine transform
ﬁiﬁﬂ] robust ¥

B Results:

4 Local extrema
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o SIFT extensions
i 1F,[UJ|[" extensions ° fBEI ‘l—“—r’Li Flfj SIFT R+ o F@ﬁ?{’?‘ﬁ %] PCA

(Pr1n01ple Component Analysis) [IUffesg. o I') * JebLfy] - — 4= 64x64 ™ felifiH = %'Ffm
Fr‘%ﬁ’?ﬁ_— il 64x64 &Y vector » [H Pﬂ}“[l_?#u%gﬁﬂj‘ E“jtrﬁ B Pﬂﬁ SEEH By
Bl o [FLRLEIGS <~ g2 Z1E Juﬁlfilfﬁ [ PP AL 64x64 AEIVEY
RIET 9~ e o 1 e L PR SR
felperF#e PCA JiERL— FEF BTN 2 [ (5% iV representation e #E ~ X ”‘Jﬁgj
AEEYFVHY T

PCA : #*I high dimensional vector 555 low dimensional vector » ™' {2I[F= low

dimensional vector Y&'RU[pIF" 3ETFUS [V high dimensional vector -

- PCA-SIFT

AR SIFT FlIpIHERPY © 13 feature (gradient space) rrjj[?iﬂ 41x41 pY block
H1Z & fr- [ principle components (feature JH7I'[ 1% feature dif#e &2 8
FRAIIETT > PRLE L 41x41 block ’FH Ty feature » [N 7 F | RO IV AT
1) - PCA-SIFT JHRUH1Y 2x39x39 = 3042 1“'fF” vector (block [V 4 %7 35
T AL 39) [B55 20 5& (SIFT fI 128 5t) I'JEEE[PUREIvAT 0
[Ef ﬁ, i l—— SIFT {+pudsl -

o GLOH (Gradient Location-Orientation Histogram)

(PG WD PCASIFT Rig « kL= R SIFT {1 4x4 @ﬂ%ﬁfm
location bins EIS‘”?‘}E'JF’VEH}P{{ﬁJ@\[EHE@ 17 location bins sF=. » T2 FF ETE H1AY
gradient orientation histogram (orientation A [F[ |3 KRS 16 7)o [‘HIMH?I:H/E_
16x17 =272 &R A 10 Vi F|fit PCA ;[fj /[ERERY 128 FERUEYFL [
fﬁi?JEéL SIFT — FRFEpY#AA- 13k » [fIF SIFT ® El (£ fY performance °



> Application

Recognition : [F[[I=4Fit! T*“{EI[ S prEﬁH ) "“%H\%\'ﬂj

features %7t database 1>V i3 ‘{siéﬁuu%ﬂ%f ¥ ﬁlﬂlﬁﬁ%ﬁlp[ EE e
IE\JJ“ = ET SRS _HIJ[FM” fY features ™ }Hiﬁjﬂ* features

&3 VAR Y database it~ search > ¥ F| match JI[[Z BRI

Ss

3D object recognition : Ei*F! [ﬁjf > Robustness - H" EETEZ‘T”’J?E‘;,KFEB 55 WL

iz - O

Office of the past : HL DT R R ﬁﬂlﬁﬂ’ o

Image retrieval @ * J feature match 7+~ E! database FII}’?HE?EEIELIE{U%
o (HELRL feature-based FI [ i [l 7 ﬁ?@%ﬁ%%’ °

Robot location : F[|" [ 5/[][* |i features i ' [IV database fi'F{=]

robot HIFIF e 7% {f mﬂ‘ PE[ > Sony FY Aibo ﬂ“ljt?ﬁ?[ SIFT f#:E4 >

H I Aibo 2 g‘*ﬁﬂjf §77HJ§JLL['[]:| N jurr_f—j‘*ﬁ'[fji*‘jij Fle l—‘,\Llﬁ}ff ’591%

N RECE I

Structure from Motion : — 7€ fit” matchmove fY 73k o 348 2D feature

matching _“Mﬁmgf 3D Bzl e

Automatic image stitching : [ IE/4®I— 3 pictures $5% panoramas -



