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E(w,v) = Y I(z+u,y+v) — I(z,y))°
(z,y)eW
~ Y [I(wy) + (I 1) [ :f ] I{z,y)]
(z,y)eW

2

> lenli]]

(x,y)eW



Harris £ =460

0 ERAESH:

2
LI, I,

<‘>\ ME

Ix2 Ledy | ru u
E(u,v) =[u v] Z(x,y)EW[ ] [v]:[u v|M [v]

[

O 3F EAHHIF
B AU ERENROBEBEG G ARE FAEENE
B ESEANSE vBE, SEREAMSINYE ER?
v Al XIEEREM HFHERE, SRIXENNGIE



ol i : $FEEE . $FEE

O XrTFFEfEA, HYFHERE Ax, SEH#BHE:
Ax = Ax
FREARIFEEEx B3 N AHEE
O $HEEWMEHFNTHFESE: det(A—-AD) =0

O ALTPPTE, FHIIHIA = ME—2 x 2 Y4B, ELLAIE

det Mg = A M2 =0
mzq myy; — A

/\ﬁg%: 1
2
A, = §|:(m11 +m,,)+ \/4m12m21 + (rnll - mzz) }

O —HIRHHEEL, ATLUREHAN T ARSI EREY

|:mll_/1 m, }|:X}=O
m,, my, -4 ||y



=Xyl

AR

[

OO0 %EFEM RUSFAEEFYFIER =

B Define shifts with the largest and smallest change (E value)

B x, =direction of largest increase in E.
B /A, =amount of increase in direction x,

B /_ =direction of smallest increase in E.
B x_ =amount of increase in direction x,

MXx, =4 X,

Mx =4 X
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F=2,E(m) =n"Mn
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= (@Xmax + bXmin) ' (A maxXmax*PAminXmin)
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B, Emax= Amax, Witha =1and n = [u, v]T= Xay
Emin= Amin, Witha=0andn = [u, v]T= X,
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Laplacian-of-Gaussian (LoG)

O 2DHYEBEXSFRiE(EF, AT R(blob)ta:nl
B LoG: “blob” detector

3
= 10

2

0 0
LoG =V°G_(X,¥)=—G_ (X, y)+—=—G_(X,
a( y) axz J( y) ayz J( y)

X2 + 2
= exp|[ 2y
27T0 20

G, (X,y)=
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Laplacian-of-Gaussian (LoG)

[1 Laplacian-of-Gaussian = “blob” detector
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m BPRSHEEE, SEISEESE, BFoctaveBs + 25K
v BEE T
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_L(x v, ko)— L(x,v,0).
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[0 MSER: Maximally Stable Extremal Region

B AN AKEESTERE R, AIHIE 0 EId kY. EIRREE R
B 5 X 13

O EiﬁWﬁB?DEWL??J:E’H%%H’] REBREER
vp € R; ,Vq € boundary(R;) — I(p) — I(q) > T

B SCINAT, ‘Iﬁl ?5&5*&’]@@11!1% 1T E, tl:e‘u NEIZER

MA

(a) Input (b g=75 (c) g= 105 dy =135

e) g=165 (f)y g= 195 (g) g =225 (h) g =255

+ Matas J, Chum O, Urban M, et al. Robust wide-baseline stereo from maximally stable extremal regions[J]. Image and Vision Computing,

2004, 22(10): 761-767.
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Level g=105
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B FEMLOR: —8ERFPENSEFMSERX BB =GR
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v EIL:LEZ%E'\J1%21‘575’9MSER|7_EEE$&%7(§BE

+ Matas J, Chum O, Urban M, et al. Robust wide-baseline stereo from maximally stable extremal regions[J]. Image and Vision Computing,

2004, 22(10): 761-767.
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Multiple Yiew
Geometry
1T CRauter vision




SEPX IR : R

O fa]scl =T AT M2
B —RISRGBEIGE AR E EG
B REEEXEBRETHAZME: BEFEESE (SIFT)
B FEEBREBNEGEERENKEXNATE: LBP, KEITH

Modelled as a linear transformation:
scaling + offset




BIX A . SIFTHEAF

O SIFT#RFRERSEEET KFProf. LoweTF19994F1EH, kX%
£ICCV'99, FEEY REAFIRRA &% TI1JCV'03
B AR TERAWSBESAR

B SIFT: Scale Invariant Feature Transform
Distinctive image features from scale-invariant keypoints

David Lowe DG Lowe - International journal of computer vision, 2004 - Springer
This paper presents a method for extracting distinctive invariant features from images that
Professor can be used to perform reliable matching between different views of an object or scene. The

. . ‘e features are invariant to image scale and rotation, and are shown to provide robust matching
UnlverS|_ty of British across a substantial range of affine distortion, change in 3D viewpoint, addition of noise, and
Columbia change in illumination. The features are highly distinctive, in the sense that a single feature
can be correctly matched with high probability against a large database of features from ...
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B FEGRXEEREIEEXR ], 35 A4X4R0/)N R
B X EEESEERE (8-D)

B FEERESEBE, SR128%MEHRIER S E
B 5fE, EREHTLA—{LAIE

v SCERSEIREY, &£4%Y)3A— 1JcE’J¢#{EHEH’J$§1§U7512, HE =K
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Image gradients Keypoint descriptor

Gl 2X2Xi R, FAHEHELTRERE. SEERSIFTRAREAL X455,
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B SIFT4HERN#HE, SPSIFTHTENXESMNE. £A6. $FERE.
128D1HAF?
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FSIFTHHERRB oA E . FIERE: 1%

N SIFTHHEREHE: HE180%
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BERXiEFEIA : LIOPHIIAF

O SIFTYFEFZERYO)RR

B ELREETTERERE, ERRSEET IR REXEGRR eSS
STHRRARNK

B EELE: SFSeEEGOE, FAERERT. ERIEIGSR

XML ERICECHISIFTHRE, HEEEFHRESIN—HT
| ‘ = /"-», _
2500} i 22:: -
i l‘.
1000} ||| 1000 / K
500k . llL | 500
Sw 10 ;;qrees 100 200 L degrees 10 20

(a) (b)
Figure. Orientation assignment errors. (a) Between corresponding points, only 63.77% of errors are in the
range of [-20,20]. (b) Between corresponding points that are also matched by SIFT descriptors.

B OEZAEREMGTT, TEXTT, BEIAREUFE, RBEMRIFE
EATE?

» Wang Z, Fan B, Wu F. Local intensity order pattern for feature description. ICCV, 2011: 603-610.
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BERX A : LIOPHE A F

LIOPHFE: BiER 7R

 EARER: BRXEREERENETANERRERE

m FIRGERNREERT, SEBS A TR X

B SMRERB—IMERHERE, RESHAERSRHELTIHE

A

(b)Normalized region (c)Region division (d)Bin 1 (e)Bin 2 (HBinn

P 1

(a)Detected region L]OP (']escrzpfor — (1,'“ cee vlm Y, L va IR

* Wang Z, Fan B, Wu F. Local intensity order pattern for feature description. ICCV, 2011: 603-610.
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OO0 LIOPYHE: FEFEAZTMH4FHE
B ETiReFrzE), RIS GEHE

B R{FLBP, ETHEMANER, FHEETAHA—MWERSIRHS
B NE—IPFXiE, T8 GENRSIHSHERE

For apointx:
P(x) = (I(x1). I(x2). I(x3). 1(x4))
x2 = (86,217,152,101)

xl
13 x4 ‘

v(P(x)) = (1.43.2)

Xo \
LIOP(x) = ¢(y (P(x))) -
=(0.,0.0,0,0,1,0,--+,0)
(a) Ongnal patch ‘

histogram ofbini

1234
1243
1324
1342
1423
1432
2,134

2,143

DI || ||V -

43,12 23
432.1 24

* Wang Z, Fan B, Wu F. Local intensity order pattern for feature description. ICCV, 2011: 603-610.
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Fisher Vector Representation

D %ZIKIL.\ e

B FEGRPHNENEBRRFFESE— RN KO MRRENZE
B F—ABERTA—IEE
v HUASR R BRI

O A pgEsl
V,log p(X|A4)
X={x:}, (t=1,---,T),

p(+): the PDF function,
A: a set of parameters

O BRiZFIEZBIFEE IR

T
L(X]2) = logp(X|2) = logl_[pmm = ) logp(el)
t=1 t=1

*  F. Perronnin and C. Dance, “Fisher Kernels on Visual Vocabularies for Image Categorization”, CVPR, 2007



Fisher Vector Representation

B fREeSErMEREIGMMY % TR

N
Wi=1
=1

p(x | 4) = pr.(xtli)
exp{_i(x 1u|) Z (X lul)}
(2 )Dlz‘z_‘m

B ENHUSRRB R T ES WA EE:

l

pi(xlﬂ“)_ A={Wi,ui,2i,i=1,---,N}

v, log p(X [ 4) = ZV(I) V;ﬂ T ey
! 1 L W, p; (%, | 4)
N P 7= pil%,4) =
V .« log p(X Ii)—;%('){ (0%)? } _Z_‘,W,- p;(x [ 4)
Lol =y 1} exp(a,)
V  logp(X|4)= A\ A2 _d i T N k
109 p(X]2) ;7(){ oY o W S expiar

F. Perronnin and C. Dance, “Fisher Kernels on Visual Vocabularies for Image Categorization”, CVPR, 2007



FV5BoWHIVLADH < %

O R4 #E8! (BOW: bag-of-words model)
B The gradient with respect to the weight of GMM:

cpsx 3] 020

i W

B Soft version of BoW:

b; < ¥I_. v, (i) for the i-th visual word
B Sparseness is ensured with large N
v Suitable for the inverted index

[l VLAD (vector of locally aggregated descriptor)

B The gradient with respect to the mean vector of GMM

109 p(X ] 2)= meh ot }

N Disadvantage

v" Non-sparse: unsuitable to apply the inverted index



1R A (Bag-of-Words Model)

O #EERET, ETXAREIRFHERRIANARE
m XM
mfEILT

China is forecasting a trade surplus of
$90bn (£51b 1) t0 $100bn thls year, a

Retrieve

are unfairly herpe
undervalued yuan.




A 1R 2345 7Y (Bag of Visual Words)

| {& th KX ABag-of-Visual Words?

mmmplll Bag of ‘visual words’




(o 1] 2285 Y (Bag of Visual Words)

=

2N

\l

B Q1: a0{a] & M v B 1R AN o AL K 2

v AL STRENEERRIFEHRHITEZL (Wk-means) , B
RO AM T EIR), AR T IR mm

B Q2 BN BRI T4 FIE S0 v B 1R] X i ?

v A2 ETFUREAR, BEREEK, FEIFUIFTEEL
2l 5z LRI 52 B 1A] o

v BIRESE (lossy compression), FRikZiE,
B Q3: i ET X —IEEIGH ST IR ST
RIERIK?
v A2: ETHRnERGPHINE, MEMRRIRE
7 [




ETRERBRIU G 2R E X

O S8 A IR R i A SR

: - : lerarchical K-
® G \ | Tl clustering

\\ 68



oA RAEE: FHEmE=L S LA

O MeBARPEENX

B BEIMEFHEEERE, BFEETEX S AE T F=E,

B SNEBEEFOEEFTRA—NUREIR, N—P LR F=(E

B AN ERIRNES, WAMEEAR

O BiHXE=E, SZIFFELHE

O %E—AM TiEmE, REEUMAIEREATIRESHEFIEH 5
HIRH YRS : q(x) = argmin|lv; — x|

B BUXEEN, AANRE ﬁ&mgﬁﬁw¢%§ﬁ

O SVMWEE=EUHZE

B Hierarchical k-means [Nister 06] HKM with b=3

» K-means tree of height h

» Branching factor b: k = b"*
» Assignment Complexity:

O(dhb) = O(dhk™)

Nister & Stewenius
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Wengang Zhou, Hougiang Li, Yijuan Lu, and Qi Tian, “Principal Visual Word Discovery for Automatic License Plate Detection,”
IEEE Transactions on Image Processing (TIP), vol. 21, no. 6, pp. 4269-4279, 2012.
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*  Wengang Zhou, Hougiang Li, Yijuan Lu, and Qi Tian, “Principal Visual Word Discovery for Automatic License Plate Detection,”
IEEE Transactions on Image Processing (TIP), vol. 21, no. 6, pp. 4269-4279, 2012.
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(VLAD: Vector of Locally Aggregated Descriptor)

('D ﬂssign descriptﬂrs K3
M1
o o

Given a codebook {y;,i =1...N} ,
e.g. learned with K-means, and a set of
local descriptors X' = {ux,t = 1...T}:

- @ assign: NN(x;) = arg min ||z, — ;|
"

T

- @O compute: v; = Z Tt — [bg @ compute x-

:r!:NN{:J'r:J:.HE ° f ( o I

- concatenate v;’s + /5 normalize

@ v,=sum x- u , for cell i P

A ! 4 V5
w1 vy /
'.' f V3 vy .

J&ou, Douze, Schmid and Pérez, “Aggregating local descriptors into a compact image representation”, CVPR 2010.
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A graphical representation of v; = Ty — fbi
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J&ou, Douze, Schmid and Pérez, “Aggregating local descriptors into a compact image representation”, CVPR’10.



FeF &= 14 (Product Quantization)

u EJJM
B QRERR, MEEFHEREHRTREERN, BBEFREMRER
Mﬁ&%z, AN TR
B AHTHEFREEEFAUELITE, SHEFEREERESR
AR EL 3 Rz B RS 57 22 [B] /Y BB 5 SR 3 o
B B SABXE, 8MEFENNITFZEEB)N, EHIRE
k)N, EiRREIAUREELS




FF B 1L (Product Quantization) ({

O BB st rzEgTiEsEex s, R EHiRe
B I EEEX TR m EFRE=E

.11......‘1']_); ...... 11) D¥41ge¢eeye I'Q

B W

u(x) U ()

—if (“1 (1)) Fewiiey (]m(“m( v ))

B WE—EFE=Eu(XX), B— 12Kz q() #ITEK
v {ED*YEEs @ BB RE R —EBL PN EIEv,, -, vk
v HBET: BE—EFEEXNND HETEERI T RKNFEE
v EFNT: % ¢Dﬁﬁ& S|4 X 9 K™ F ]
vV EMXNEWEE -ﬂ%@»—mmmﬂw—uOMLW—lwwm
> KBEBRFEEHEERE, Tﬂ4;jgwm,&£aﬁ—¢EW%
O FFH={RIMNE:
B SWITEEZER, TEMSEIITHFES BRI E 5 @AY 57

 Jegou H, et al. Product quantization for nearest neighbor search[J]. IEEE TPAMI, 2011, 33(1): 117-128.



FF B 1L (Product Quantization) ({
O mEESAUNTE

Ix—y 2= Z(x—y.) —Znu(x) 0 (V)| ~ chak (b)IE=>d,,

where a, =q, (uk (X))’ b, =g, (Uk(Y))
4
w(X) HMELEE ax NEEFOEE
D %ﬁ%fk%ﬁ?ﬁl‘]&ﬁ%% dll d12 dlK
m BEPOAAIEES
B AZKirERmERER, (NEEX
B TESERENOD)ERO(M)
dy, dyk

 Jegou H, et al. Product quantization for nearest neighbor search[J]. IEEE TPAMI, 2011, 33(1): 117-128.



FF B 1L (Product Quantization) ({

O =ZESH
B HAEEIREMSDE) LRESE WS

#u

17 ZE(MSE)

d(z,q(y)) — d(y,q(y)) < d(z,y) < d(z,q(y)) + d(y. q(y)),

2

(d(z,y) —|d(z,q(v)))" < d(y,q(y))*.

da.y) = \/Zduj 43(5(y))?

MSDE(q) = // (d(z,y) — d(z, ;1/))2 plx)dzr ply)dy.

£ / p(-l')( / d(y.q(y))” p(y) dy)(l-l'

asymmetric case



