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

B x, =direction of largest increase in E. Mx =4
. . . . x+ _ +x+
B A, =amount of increase in direction x,

B A_ =direction of smallest increase in E.

. e Mx =
B x_ =amount of increase in direction x, X =AX
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Mxmax — AmaxxmaX: Mxmin _ Aminxmina Xmax xmin_o
EXn = [u,v]'= ax,,qy + bX s, With a?+b? =1

F=2,E(m) =n"Mn
= (@Xmax + bXmin) 'M(aXmax + bXmin)
= (@Xmax + bXmin) "(@maxXmax ™D AminXmin)
= a?Aaxth?* Ain
= az/lmax_i_(l — az)ﬂmin

Ett, Epax= Amax, Witha=1and n = [u, v]T= Xpax;

]T

Emin: Amina witha=0andn = [l/l, V] = Xnin-
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Laplacian-of-Gaussian (LoG)

O 2DRYEE X FRIEIET, FFH(blob)t&:m
B LoG: “blob” detector

2 2
LoG = VZGG (x,y)= 8—2 G (x,y)+ 8—2G0 (x,)
Ox oy
1 2 2
G, (x,) = expl* 2]

2o 20
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B Laplacian Mo R BT MR E
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Laplacian-of-Gaussian (LoG)

[1 Laplacian-of-Gaussian = “blob” detector
B AEEIGR (patch) , EBAMEAREIRTLoGHIIEKRR, ¥
BRI RESEGREER
B RI\BERNARK/ARME, FHEESSRIEIGRFLoGRIE
Kag, TRESFRHIRSTEIEX T BIIGHRE
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5 g 0x2+6y2
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filter scales
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...

Blob 1 Blob 2 Blob 3
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Squared filter
response maps
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D(x,y,0) = (G(x, y, ko) = G(x,y, ) % I(x, )
= L(x,v,ko)—L(x,v,0).

Octave 1 DoG Octave 1
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iy AFRERE X N F: MSER

1 MSER: Maximally Stable Extremal Region

B A—PHEEARNEETERER, AIEMIZ2EIERE. BRRER
Ef& X 15

N Ei'JZWﬁBfHEi'JZL_/rJ:E’J%%E’J REBREER
Vp € Ry ,Vq € boundary(R;) — I(p) —1(q) >t

m SCIAT, _IFH Z%EJEJ?TEI’JIWES(TI%JE ToEl, EEBPEIER

BA

(a) Input (by g=75 (c) o= 105 (d) g =135

(e) o =165 (f) o= 195 (o) g =225 (h) ¢ =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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O XNEEAERETHDEIZER, WEDEIR
B 1ZNEP, FERIEXTNAER S EISME
O S(q‘%/l\ﬂJr%,m, FEEMBEE—ITSYTR (FORHEEX
F2H97 , GoitEMRNERE; EERBAKTIEEHE,
ﬂl:ﬂz?ﬂﬁ,\xmw , Mz X A—1MSER

: on Level g =75
e S
Level g =105
Region Level g =135
H\x_\% ______________________________________ T e
‘ Level g = 165

Level g =195
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B AT EREREENTF: MSER (&)

e and Te°

O MSERARV$ES
B KA TERTRANEEM,
v ERJEEM (repeatability) #E#rL, MTHMFZIPEERNF
B FHEADRE: —BERFPENSEPIMSERXIZHEFIR
v gn, 3TF—EI640X48080F %, MSER#E—#/%<100
v AT FRER 2 EIRIMSERLE I EH R

e

* 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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B —RISRGBEGE: AR E E%
B BiEENXENRETIR AN : HESEESE (SIFT)
B BEEEXEMGEENREANTE: LBP, RETH
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Modelled as a linear transformation:;
scaling + offset
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BERXIE A . SIFTHEA T

O SIFTiEiAFREESELEIE XZEProf. LoweF19995F 18, &%
EICCV'99, ME/FY RAEFTIMA LS TIJCVO3

B AREXEEEWIIEESAX

W RF W 5IFE

Object recognition from local scale-invariant features

DG Lowe - Proceedings of the seventh IEEE international ..., 1999 - ieeexplore.ieee.org

.. feature generation called the Scale Invariant Feature Transform (SIFT). This approach ...
Lindeberg [8] has shown that under some rather general assumptions on scale invariance, the ...

Wa|FcE: 24900 | #EXEXE B 56 PR

Distinctive image features from scale-invariant keypoints

David Lowe

DG Lowe - International journal of computer vision, 2004 - Springer

.. distinctive invariant features from images that can be used to perform reliable matching
Professor between different views of an object or scene. The features are invariant to image scale and ...

University of British Columbia w #F 99 5IA

S |FREL: 72837

BANE 8 141 ThiAE
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L] SIFT*EEL%EljﬁzI:UlL%E

B SIFT: Scale Invariant Feature Transform
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SERX i IA . SIFTHIAF

O FHMEET
B Bfr: ENESREE S E(dominant orientation), BT HEEXF
O B{&idFz
B SEGRTESE, WES3NAFEMNEEAREESE (HOG)
v IREHSEREMNSHHESNES, #ITSETMN
B BEAEESEF, EEREDbn (FE) AEHIE
v Hittbin FREMR K TR KERIB0%, Il AEFSE
vV =N EGRATRERT USRI Z NN E ]
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SERX fE A . SIFTHEIA

O ETERE, SERREeEETT

B EE{&RIEIEF]—{ canonical orientation.

-

L -




SERX i IA . SIFTHIAF

O SIFTHEik T4 R
B CBEEXIEBSERBIBEEKXD, 5 R4 X AR R
B ZRItEHERRERE (8-D)
B SR BREAEBHE, S2128HMNEE R RIESE
B 5fE, NEREHITLA—{LAIE

v KBRS, 23— HAHER SRR 9512, FRUR
R AER255, XEFEF—HMNA—INFHHRFE.

e T‘ #
AN B AR
71T
+— ‘T‘ N ul =
- = 7 2 P
i "/x"r{ =
\l \‘"*il’.r‘/n/
\"\**"""

Image gradients Keypoint descriptor

Al 2X2Xig iR, FAHEHELREERE. SEERSIFTRARIES X 4575,

L -




& & B Xt SIFTHFIEHE R A 5201

O WMR—BEIXREEGLRERETH, BIf(I) =255—-1, E&HH
SIFTHFE (RtFEDoGHMNXER) SE£E T2 ERNTL?

B SIFT4FIENHE, FPSIFTHF N XBESME. £HM. $FERE.
128Dk T ?




& & B Xt SIFTHFIEHE R A 5201

O MR—FIxREERGLXERELTHE, BIf() =255-1,
fEPRSIFTHHES A E AT ?
SIFTHHERNHE: 1T

BOSIFTHHER R BRNE ., HIERE: 1%
FNSIFTHFENEAE: HE180E

B/ SIFT4FERY128D%m 1k F

VAR TFREME T NHEE F R ER EAE, EE16118
FROHEF I R T

HEE N R

1 2 | 3| 4 16 | 15| 14 | 13
hEE£180° i liol g

—

9 | 10 | 11 | 12 8 7 6 5

5 6 7 8
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FRR X st : LIOPHEIAF

O SIFT4FAERIERY |98
B S EEEERE, EEMAEETEAETEGREE X
SRR

B EELR: wRSREEGKOE, #ERER EREGHH
R ERYICECRYSIFTHHE, HEHEERRESIR—EIE

4000,

AB00
asoo . ana0 I-f \
|

el o 2500

as00f
2000
2000f | |

1500 / |
1500F |

f
1000} || 1000 )
g0l A £00 ]
e . . ~
—100

—EDD 200 —020 = =10 1] 10 ~ 20
dagrees

Q 100
degrees

(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 AIESUEREMET, TFXSST, BIRRENHE, B REFHE
HATE?

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



FEERXiEEIA : LIOPHIA T

O LIOPYHE: BiENOR
B EARE: EEXERGEERENENANLERRERT
B FIRGENREEHRF, BEGBRS A TN X
B ENXEER—mERSEEE, SESMEXRIEMNESERITHE

(b)Normalized region (c)Region division

>

(a)Detected region LIOP descriptor =(v,; ==V, .V .}

l l

H EEEE
im?*

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



BERX A : LIOPH A T

OO0 LIOPYFAE: HEdE N E4FIE
B ETFRiRESE, RS GERE
B EETFLBP, EFHEMKNER, BHMEETH—HRIIHRS
B ME—AFXE, HEGEENRSIGESNESE

For apoint x: m Ind(m)

P(x) = (I(xy). I(xz). I (x3). 1(x4)) 1234 1
x2 = (86.217.152,101) 1243 2
1l
t 1324 3
13- o 1342 4
Yo ¥(P(x)) = (1.432) ki
\ 1423 5
LIOP(x) = ¢y (P(x))) P 1432 6
=(0,0,0.0,0,1,0,-++,0) 2134 s
' L 2143 8
(a) Ongmnal patch
4312 23
histogram ofbini 4321 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

O EAKEE
B FEGRPHNEDTEBERFFIESE— RN KO HARENZE S
B F—AFERTA—IEE
Vo BN R B

O SRR

V,log p(X | 1)
X:{xt}a (t = 1"T) )

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

O BIg4EEZ B EIhsT

T
L(X[4) =logp(X|A) = logl_[p(xtll) = Z logp(x¢|2)
t=1 t=1

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



Fisher Vector Representation

B FRESHMREGMMIT 5 I TIEIL

N N
p(xt | /1) = Zwipi(xt | /1) _ wi=1
i=1 =1
1 T —
exp{—z(x—,ul.) > (x— )}
PIA)= 2 5" A={w,p,%,i=1,--,N}
B FEXNHURRB T ZESHEEE:
exp(og)
T - 1 Wi =
v, 1ogp(Xz)=Z{7 AU )} Y exp(a)
l t=1 ] Wl
. . (x| A)
IR N T 7,(D) = pli] %, ) ==
vﬂid logp(X|2’)_;7/t(l)|: (Gid)Z :| Z:;ijj(xt|ﬂ)
S (xd _,Ud)z 1 } exp(a,)
V_log p(X|4)= %(l){ P a o
o 210 Gy o TS eia)

F. Perronnin and C. Dance, “Fisher Kernels on Visual Vocabularies for Image Categorization”, CVPR, 2007
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O R4 4E8 (BOW: bag-of-words model)
B The gradient with respect to the weight of GMM:

V,, logp(X|4)= i{? @ 7, (l)}

t=1 W1

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
[1 VLAD (vector of locally aggregated descriptor)
B The gradient with respect to the mean vector of GMM
o log p(X | 2) = an{ = f }
O Dlsadvantage i
v" Non-sparse: unsuitable to apply the inverted index




R4 158 (Bag-of-Words Model)

O EEEREYP, ETUAREIRFHRIAN A
B XEN
37

China is forecasting a trade surplus of
$90bn (£5 1bn)tg $100bn th1s year, a

Retrieve

are unfairly heipea
undervalued yuan.




W o 1a] SRR Y (Bag of Visual Words)

L
R

%% th &% FBag-of-Visual Words?

syl Bag of ‘visual words’




W o 1a] SRR Y (Bag of Visual Words)

=P EAR R

B Q1: 2l & X A e B 1R FOAR e hg 7K ?

v Al SRKENEEMEIFEHITEZL (Wik-means) , B
i AL BRR], FR AR RO TR ﬂ$

B Q2 W EEM R IES M oe R IR X Y ?

v A2 ETFUREAK, BEREE, FEIPURIFTE=L
2l s I AV v B 1]

v BIREYE (lossy compression), Fik &=,
B Q3: A ETF X —IEE G5 B EI i EE AT
RIBFRIR?

v A2: ETURRIEERGHHIANER, WENKRIEE
73 &
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terarchical K-

70
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O

ol RRE . YHEEEEHX S5 ITHAL

MﬁHKMWEﬁX
B BRI RS EEERE, FHITEE @ﬂ“ﬁa%% @,
B BABEPOEEATUA—DMAREE, FN—P ERFZ(E)

" FANMERENES, HRAREER

B RESEN, SKIFFEICE

B AFE—NMURFHERE, REEUNNTBAFIERLS5HEFEIARRLL
BIRM%mS: q(x) = arg mkmllvk — x|

B BEXRESN, ATHAREFHEOEEERNFZIE

ESHHNREENSE

B Hierarchical k-means [Nister 06] HEM:witib=3

» K-means tree of height h

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

O(dhb) = O(dhkT)

Nister & Stewenius
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Wengang Zhou, Houqiang 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, Hougqiang 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.



ISk Ei/\ EPGR ?[’75
(VLAD: Vector of Locally Aggregated Descriptor)

@ assign descriptors

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

. @ assign: NN(xz;) = arg min ||z, — p;|

£

- @@ compute: v; = Z xi — p; | @ computex-p,
ro:NN(a, )=t

- concatenate v;’s + /5 normalize

4 \f Vg
| Wy /
=] V3 V4 L= ]

* Jégou, Douze, Schmid and Pérez, “Aggregating local descriptors into a compact image representation”, CVPR 2010.
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Jégou, Douze, Schmid and Pérez, “Aggregating local descriptors into a compact image representation”, CVPR’10.



FeFI= 1t (Product Quantization)

Ozl
B GERE, MSHFFEAERITREEN, ABFRERERER
HUSFHIERE, FIRCINFIEFTEH
B RTHRFREEESIUUERTE, SHFIEREERERR]
VAR E 5 R RO RS =7 2 |8) BY 28 B SR I UL
B B SEAHBKAR, 8MIFENNITFEEB)N, SEHIRE
k)N, RS UREELS




FeFI= 1t (Product Quantization)

O BEARBE. st EzEgTREsmemx s, R EHiRe
B IFHFEEEX SR m EEFa=

B b [P b 5 I I;} Il eeeqen Ij}

il T

uylx) Uyp, (1)
— (-ul ())s -« e oy G (U (2 ))

B HEF—ETEEyX), A—TEWHq() #HITEW
v fEDEES @ i B %im s ¥¢mﬁgwl . Vie)
v HBET: §—BRTREXNNIDHETEEXI T KA F=IE
v O EFENT *‘V\DQ’E##E SB35 AK ™A F 28]
vV ENXNENEE: q(ui(x))=argmkln||vk—u-(x)|| (k=1,-,K)
> BBRFESHERAR, THIFIENE, IEZF—IELE
O =R
B EWITESRER, TERASSIIHHES BRI E B AR o

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

O mEdEsauit®E

Ix=y = 2000 = Sl -, ~ Sl e(a,)e() = YL

i=1

where a, =¢q, (uk(X)), b, =q, (“k(}’))

d
u (X) WEWEE o NEEHPLHEE

O it EFsEER dy |dpp | | di
m BEXJIOEBZEES
B EXITEEEERER, XEEX
B TEEZREMNOMD)EROMmM)

dK 1 dKK

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



i 2L (Product Quantization)

O RESHh
B A EEIREMSDE) LA REWEMNIIFZE(MSE)

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

(d(x,y) —|d(z.q())* < d(y.q(y))*.

d(z,y) = d(z,q(y JZd w;i(2), qj(u;(y )))

M

MSDE(q) = /[ d(z,y) — d(z.y)) p( v)dx ply)dy.

< [ sla )([ A(y.a))’ p) du)m

< MSE(q).

asymmetric case



