Slide 4 T‘Eﬁ epipolar geometry

epipolar plane T[

A,
¢

”’l’?l?ﬁ' epipolar geometry :

|7 flst camera }‘EI[H — [l scene- A EERY feature point ﬂmf“@’ﬂ[ﬁj— it 3D EHFX
BVl 2D pY feature point @ x, X* » [ ([ {la fiTRLE |~ £ constraint (=2
1S ElfJEJ%['ﬁ":x!TFx =0 > F kL fundamental matrix : X’, x 53 J|[kLffft camera
1 image plane 5 Z[[f™ feature point [~ 2D Projection °

SRR T
(1) pryH lﬁﬂﬁ fundamental matgix gy kg~ [f"p~ feature tracing Jﬁ J%E, °
(2) f#1 fundamental matrix lﬁ ([ proPéctﬁ)é:ﬁﬁ factorization -

FIRUEZE %F ERZS M .i}‘p%i%%}p Jﬁﬂﬂgc\ Wlﬁ image plane ~ optical center

L 3D Fl1f scene {15 3D projection 1 fii]# |~ ll*“geometry EJEJ%[ » [ fundamental
matrix fiy equation( X’ TFx = 0 )fvf [pUfiiERL &4 capture lFH[ geometry I/ fi EJ]}J
(75 H R JJI§}1}"*[L£\‘;]H (i constraint ; ffll Y= F kL > fyff feature point I/
[E] 2 ﬁi‘iﬁl’[ﬁ' equation Elfjréj% [ o

Slide 5 Structure from Motion

Structure from motion ElfJFHJEE :

'“\f%ga sequence of images, %‘ﬁéﬁ el fi’;;—iﬁﬂ*sequence of images 5 £[|— &=
feature points » RIS &~ ([ image FrElERY camera il gyl | & 5~ [ feature
point Fri&f 3D fiY projection ] thﬁ%ﬁcﬁ e o
Input @ fL— -1 image sequences °
Output: m {lit camera 53 [{[[fi¥ projection matrix> I'J % n ffi 3D f| IEU%@U 3D A fif o



Slide 6 Structure from Motion fjiF

2D feature 3D optimization geometry
. # ) ; : # . .
tracking estimation (bundle fitting
adjust)

SFM pipeline

Structure from motion i I'} 53 55 P FR -

(1) f§image HI[=i#5 Ty feature point -

(2) [f~3D fiJ estimation » F["'[(1)F5 {11 fiy feature point Fi* I'J -5 [’Fh;%’r'é}
i camera i view iy parameter || 5 £ 3D [ I A5 o £ {1 ’*’”ﬁ‘:{%l =R ?
FUAE > 257 g A7 ] 2D o feature point 7. {*bundle adjustment - {[!
FL bundle adjustment £ nonlinear EU optimization f{lR - :gﬁlfiff RE>Y ['F'EJE‘T’
fol— (S pY initial point - A1) 1@1 §F4§ﬁﬂﬂf§l% factorization(** ;L
HW3 ELJEI%’b ﬁlif Ep factorlzatlon s I E PPy visualization A A
bundle adjustment - iﬁ— W%’# THE N fﬁ&ﬁlﬂ 3D HAR{f ~ m i camera ElfJ
parameter {ifi - Matching move = oI [ 15 i ng m {li camera i parameter ffi ; }

SR PN =S MR structure ELJFF[ » 2y PR T AR lﬂn it 3D [ A AL
3+ . reconstruct geometry -

@) I library o

(4) Optional -

Slide 8 SFM FY Notation

( SFM puf TAvsiiERLA. recover n {li 3D F‘U%ﬁ' m {fs view )

q |3 2D Y feature point o

p WERL 3D {15 22 -

o © BV ke 57 ] fli image EfuiERY

Adj * qij iﬁ[’[ﬁfﬁlﬁ project depth( % orthogonal fi*J case Eﬁi‘S (s Tﬂ?ﬂ FIEIAG
L7k projective fity case = [tk F1F BT Ad)) o

qij= 7 (Ijpi):x [ pi xﬂlﬁ 3D E'U%“ w2y j {l# image i projection matrix fi-iE
Vi JEYE U;‘IJ [l image plane - » JREGESE projection function » #kpi' I H %]
2D fi feature point » “JHERLETY i kil 57 j i 1 Aoy -

z iRl projective depth -



Slide 9 7+ orthographic E‘%’[ﬁﬁ'ﬁ‘ B9 SFM

orthographic
2D image projection D scene image
point matrix point offset

it general Elfi‘?i}}ﬂ ITRL 3x4 FuFfifl » p £l 4x1 FUsiffi(x y z 1), q £L 3X1 fiv
Hiffi(uv 1) |E§%"‘ﬂ‘“‘ translation f IJI?WBJT P ZY R TRy 033, pi3xd,
q:3x1 - I translatlon VPEF TPV E PR 0 S [ IF—F Ejiﬁ;]% orthographic
prOJectlon AT S 2 PO EIET S W row itz L) o IR
'] 4 %[ orthographic projection /™ i equation : I1:2x3, p:3x1, q:2x1 -
% f¥1 translation £ - > 25 {1 n {7 3D 1 Jgﬂ?f/ (I {F~ mean vector >
HiERLS3 mean vector E“ﬁi 5 n & 3D E’HUTILEF“
Fﬂ g n {5 3D fi J%“ I%IF'EJFUHI “\Eﬁi’%’igﬁ FIHEENE [Py plane F
iﬁl[ﬂ;r%{wﬁzuﬂ[ u\%h by rﬁiﬂmﬂ image plane EJF'L%F PRIF=F 421 t BF 4 - A
o= Ilp

Slide 10 Factorization (Tomasi & Kanade)
iﬁil% centroid f1. 3D ElfJ’F'L%HF’ 2D [ centroid £ 2D ElfJ’FL%’!?Ef ﬁ:f, R 2R
fiEFi* 141 translation &8 o B LA - input FUA LU Vi) (Un, Vo) 0 25 PR

.y o1 _
A% centroid: T==>"u; > v=—Zv ¥ Sl FLu =u, -0V, =V, -V o
n

R a0 R ) ¢ ey qn]=H[p1 P 0 P
T 2xNe—__ 2x3 = 3xn

IS e E Y 3D HIEJF»A#?L“ IFil— 4|mage /1& G A 2%n 5 ~|[4Matnx,

R IR shift 3 i1 2D o FI'F%?I@W five ishlft i laﬂ Y 3D [uRr

FHERE T pY = FURS -~ [ view MIgFEEIE - iHF'EW*H PIREPE g Ao




projection of n features in m images

9du 4 - Yy, I1,
q:21 q:zz q:Zn _ sz [pl D, pn]
3xn
_qml qm2 qmn_ _Hm_
2mxn 2m x 3

W measurement M motion S shape
S PIRL 2m*n fY matrix o PL - measurement matrix > m Y& pURL m (i view
fy m i image - [iy n fE#AYRL N i 3D EK?FEE?J%HH W‘JH KL projection matrix - |

measurement matrix kL=131EY > 13 AL full rank > PUEL S IR i Efféfi
[ » 7£1% 7] noise U ™ - Y rank FUFEE) 3 ¢

Slide 11 Factorization
FI |25 <R measurement matrix factorize 5 2m*3 {1 3*n Y matrix =>

M S

2mx3 3xn

know — — solve

I M e fi kL motion - S {4 recover fi shape - Al | =% {["fifi}: recover 1A |
camera [~ projection fi i fﬂiffrg 3D} [IEJ&’J}IJI*E‘H o FFl ;*F‘L s TG (A,
J1R MAITS > JiERL Factorlzatlon °

PLIF=F[H | SVD }{ﬁ’ W 558 UV ¥ BLnn SEFEHIHN U £L 2m*n AV orthogonal
matrix * V kL n*n orthogonal matrix ° 11| X &% sort 3 i fU3 £ R > S AR

A 0 0 0

0 4 0 0
P

0 0 4 O

0 0 0

M EL WY rank F,J"EJ 3> Frl Fﬁlﬁ i SEAW R ,&?ﬂio RS E L | noise
pfjrzgﬁfﬁﬁ? ’ fézpi'[p“ﬁ:j\ £% 0« [i SVD Uﬁiﬁﬁi ]?TI& ,Fqg@—‘}gﬂwﬁj o rank £ 3

F*J matrix ﬁ%ﬁ’ A3l =Y assign £ 0 o PIEL T& assign £ 0 » FrSFF,I A=
vector DRI > Bl Ay 3%3 [ matrix 0 U #55 2m*3 A9 matrix > V @’?‘/ 3xn
W=MS§

2mxn 2mx3 3xn



f9 matrix « [y E25 PRI AORL R (B (9 maix:

[ AL~ i matrix FF%HHIIF'E Ja'f CHEIM = US¥.S =3V
[ Pm&IF'Wf*T‘“' Rt W factorization » M %7 projection matrix » 87 ¥ %
shape °

Slide 12 Metric constraints
Projection matrix fl.f-rotation matrix ﬁr’“?i-lﬁxj fft row BT e iy o PRI jR=E J,&jﬁ ([t

’F‘j‘[‘fk ° F1-& projection matrix & {i row ’Téﬁgiﬁ— ffi unit vector > [ =" & ff row [
’E:ii%l*“@ fY o Bl 55 projection matrix 3= = Fie 1119 transpose @Eﬂi— flet

|dent|tymatr|x HH 10

T R e M 7\ - BRI R
transformation matrix A - j/ﬁtfﬁ ?Uifxﬂ] el P M e
M'A=M

Trick (not in original Tomasi/Kanade paper, but in followup work)
® Constraints are linear in AA™ :

{(1) ﬂ:HHT =T'AATI) =IT'G 1" where G = AA "

® Solve for G first by writing equations for every jin M

® Then G =AAT by SVD (since U = V)

Slide 13 Factorization with noisy data

4- nOise [LJI%%L[HI}&E . Z}n‘x,n :21r\n/£3 3§n+2nl'§<n

pJF'J SVvD ELJFFJ#H J £ rank £% 3 [ fFF T W i approximation < [ =5 "
S il fiohL assume orthogonal fIfifid ™+ > PP HEREY A 15 - ALERER R
focus &rmER+ - I'] Bd ik 4 perspective effect - |é.?ﬂﬂjig Y2 T missing data > [
camera i’ I'JEIHH -5k » [HIF= camera ﬂ;ﬁi‘ﬁﬁﬂjﬁL ]J;qajtg I E Sﬂglﬂif:[ A > T
FII2 IR Aol 3 512 i construction -

Slide 15 Why missing data?
VTR WRL full {9 - 3 i tracking fURy s - =5 PTRT SEHS - fi
tracking point ElfJir 4 i AR SES — B video ?%‘iﬁ'ﬁ SRR [faﬁl



Frame number
s
o
o

800

0 500 1000 1500 2000 2500 3000 3500
Track index

[f J%Frm Fi&lf‘ﬂ E | 2| B fﬂfu’*ﬁu “UERL track point < 57— {i frame
iﬁ?ﬂ{ﬁi 2 — (i frame pJé B EIpuRla — {f# track point & 2] [FJ if‘ 100
frame > 1) El¢fﬁ°}ﬁr€ £| missing data’“iﬂ“#iglc[ﬁiﬁ RO HT_}&F? | missing
date frd? 57— {[#HiELL occlusion > occlusion EIJ?F’ feature point B[ = fafE! o 2577
([l tracking failure- fi' =L tracking fi algorithm ﬁ&iﬁ@*"ﬁﬂ;fﬁj Sl F FH‘IH"_I&?
Brl) i E Ay measurement matrix W {7 partial field > 2 &5 ¥ apply
factorization -

Slide 16 Tomasi & Kanade
Lucas Kanade #¢1i+" Hallucination/Propagation fiv ¥ 1% - qézg’[ﬁfjl?ﬂ , ]’@l%ﬂ M
gL W%ﬁ DU view » E[ZS {4 measurement matrix SRl [l 8*4 fiy matrix :

U171 U2 U1z U4
U21 U222 U2z U24
U31 U3z U3z U341

Uq1 U4q2 Ugz ?

=
[

U

V Vi1 V12 Uiz V14
V21 V22 V23 V24
V31 7Vza V33 Usg
| Va1 V42 V43 ?

EUHIUSTPA Rl TP view plRE RLEE E > NI T ﬁl% apply
factorization matrix - 7@%% FI&]Fﬁ E,Ilﬁ_[ EENL lﬁ&ﬁ“ﬁp | |ﬁ matrix




e o PERECYpy matrix A iU RL redundant [ information > FT] recover
F”EHJ:I%F' ) 32%' e %“ [RIF=ZS PR DR 2Pl view g Sr 40 ﬁ'?”ﬁbf?
(e = fla VIeW ’“'I*Eﬁ MZS PR T B 2~ i 6%4 fi full filled matrix :

Ujp U122 U3 Ui4
U1 U2 Uz U24
Weys = U3z1 Uz2 U3z Uz4
V11 V12 Vi3 V14
V21 V22 V23 Va4

. V31 V32 U3z Vszq
[N I eE apply factorization 7 o

Slide 17 Tomasi & Kanade
T
e v P Wexs = Rex3S + texi€;

R: rotation matrix ; t: translation matrix

4 [ shape =5 FTHIFIE > [ RLZ5 MR UA0E 3 fiw image 19 projection
matrlx » FikkL rotation “[1_F translation  FAT JIEIISFU FZ5{Fe1E | missing point fiUE[igR
image #EH= T M [F# ™ oy fit H shape > [ﬂt'r = “Iﬁ&f}m]}l 3 3= image
fﬂi\‘%& IJEJ o PRIFES PR U ALY YR image fiY prolectlon matrix o

Slide 18 Tomasi & Kanade
5 MR T ML 1 AL o > [y 1 3 (R shape 171> 511513 (ks
{_J:J[U@Qmage HIF[JH‘ FF' ) W[I*-%]FE]@%H TR

! ! / T I 7 !

[ Uy Ugp Ugg ] = 1 [ 81 83 83 ]
! ] ! T ] / !

[ Vg1 Vgp sz ] = I [ 51 Sy 83 ]

g '4*F‘J4 7 S 7375 1155194 orthogonal » [N [ i rotation matrix
H [IE[ N |4 J;‘I:IJ4 I:L I;LFI'[J_LL'_‘L—J Frr[m[ J:J} s [i shift FILJEVLJ[II: y [EI 3D J;‘I:I 2D F[JJFLE’F
L7k centr0|d



1 ot
Ugp = Usp — Ay sl =s,— ¢
' ¥ p p
Vap — Vap 4

roo_
@, =

1 1

§(U41 + w42 + waz) c = §(Sl + 85 + 53)
1

b, = §(U41 + vag + Vag)

SRR shift S LIRS ™ R Rl o

[ u Ve U i 2%3 o matrix » L 51 52 %3 | 45 3%3 1 matrix » 77
I} g K5 2%3 19 matrix » PRFES PRI IO (e BILTR[ LA B L
YR A EL Resg - UTiERL 4 [ image fiY orthogonal rotation matrix -

Slide 19 Tomasi & Kanade

] {5 R L= row 341 2B b 1KY column £F4r o 47 4 missing data
fv column & » =5 iR 4 ff |mage » 3 {f point » gREHER T ETH 4 7 image [y
projection matrix » Tt Fjﬁlﬁﬁﬂﬁ”a‘m i 3D Flfj%!ﬁ[[i%_‘\]é o

U111 U122 Uiz

Slide 20 Tomasi & Kanade

S ORI » PRI 9 full submatr > RIS
%+ FiiiL[vkli’rgrﬁFF 1 > 1) =" kL NP-hard pJFHfJ H o 2R 7 i factorization — £
FE AR 3 2 {a;pwwi— BRI » TR T e o s 4 £
SRRV lﬂﬁiﬁﬁﬁ”‘ A lﬁ”ﬁ error %’7 propagate °



Slide 21 Shum, Ikeuchi & Reddy

PER JEJ:E—‘FF PRIF=E |~ RN Y factorization with missing data point
A7tk o Shum, Ikeuchi A1 Reddy - 1995 = F117 PCA p factorization fo ik -
Shum I fL Microsoft Research fii— {j director ; Ikeuchi I Jﬁr]il CMU przssz
T FUA B S5 i Computer Vision 5 i) ReddyiI 1995 = (i Turing Award 5
H=E o iﬁ[ﬁijfii Shum 7 CMU Pd,, Ph. D. Egﬁﬂj Frm °

[ PCA ﬂl SVD £l [ /e %E'N JPd? RLPSELRE — ffd matrix W L4 F%n {f#f m-d
fv vector » i PCA L4 HiiERLET - {fv mean vector #1 covariance sigma - 11| £l %
= giglmﬁﬂglﬁguﬁfg gjgr : [W-et"—USVT|
[ FIERS Y norm g8 o SR Y= F ] missing data [UEERRi R~ By o (EERLYD
E £| missing data F'LJFFE' g %" 1 PR R o RS (PRl 75 usv’ It il rﬁlﬁ[ﬁ norm
Bl A FUERLART W ORI 12— [ g ffiE entry i norm $ - - |7 | missing
data ﬁfﬁ* CHR i entry BiEpe ) PR IS fF’ﬁ}{ﬁ’ SVD ElfJFHJElEH;EJ?} least square
} IR o [ PERES (T W RS rank fLr o RIF=USVT > 55 RIES U S m*r i, matrix ;
S £ r*r A9 matrix 5 V' EL r*n i matrix [HIFSR] SVD cast 55 least square fo IR
FIFVE[RY entry T+ 0By error contribution > Fy N EIFVEE TR e PIERE TARRL
B R USVTﬁj@ﬂW » ¥ 50 rank £ r o [RIPRLSEF uv fiEminimization > £5-
A uv I O ELE T

min¢:% Z(qij —t; _“iT"j)2

gjj is visible

Slide 22 Shum, Ikeuchi & Reddy
iﬁil%w Eb m*n fiY matrix ; S £b r*r iy matrix - i £ degree of freedom £% r; V

£% r*n iy matrix > degree of freedom £% n*r-n-C; : U £ m*r iy matrix - degree of

freedom £b m*r-m- C | U E% m*r i matrix > Firl }%F—Fu Frﬁl £] m*r fEAdge (E
FL U £% orthogonal fi matrix » [XF==— & column f*% norm £% 1> ~ (= @[ column

VR @I f > [K]F=degree of freedom ¥ Fﬁ L m*r-m-CZ‘ oV EIfJ‘[‘?jiEJ fﬁ]fﬁl o Hﬁ
i USVT [V degree of freedom £% dofTotal = dofU+dofS+dofV » PN [F=di W I F,JEI
“EJ%;@ dofTotal {[i entry | fifi » §FF* '] recover [pIfs » PNIF=t=defTotal % JHH
(i3 least square i ; 7FE“§' ILJFF[ T %MEILJ:'HB“#@ £ return -



Slide 23 Shum, Ikeuchi & Reddy

PES U Al fﬂﬂ%"@ff fbr A {IEE £% non-linear FOFHIRE - P‘F[ AR v o Ay
linear function WE(* ' u s slu i > il u s Fof v oo A R e 2w
Eb - o Algorithm g™

1) initialize v

2) update u=B"(w—t)

3) update v=G'w

4) stop if convergence, or go back to step 2

[f] initial f v 7 paper /| tkL randomly & 2 {1y i kL] Hi randomly i % 9 v
ST “74\&7* G PRI E paper -

Slide 24 Shum, Ikeuchi & Reddy
gl[ﬂﬂmip JE,}‘:}?’!‘E SRS 'Etk[ initial | IJ@JEﬁI sensitive » Frl Y1 V- il F[ﬁu
&ﬁjt’ifjgﬁ' X

Slide 25 Linear fitting

Flde iz FJ,i/[lm initialize ﬁ]ﬁv Linear fitting lﬁ[ﬁiﬁiij\iﬁi— it B e
1) factorization with missing data [ 3% » [l T oRL iterative > 7 Rl 20 %’* 1
Z|| local optimal < Bl |25 {1 '] 2| lg]ﬁpf#“#p%ﬁfi P {5 P9 1 procedure FAE
initialize AR v o i #HZ5 FHERES IF?FTU local optimal F=1. - lﬂ[ﬁiﬂ;i
Jacobs 7+ 2001 & AR fiy linear fitting fiv 3 -

75 MR A S rank B r iUW o ST Wl _WH
iE;P%WiL— & m*m iy matrix >[5 {5 column ff#— i vector » A7 W
L n i m-d 55 i vector space s BT IEI;I—FU FW ' kL~ {[#'m dimension v vector
space » ' kL7 1 W AY rank £ Wl%ﬂﬁfvector AL JF £~ R AN
EJ%J[’%T': s Bl iﬁf[ﬁi vector space #/[iF £ dimension £% 3 fiYJ vector space -
i@%ﬂ (7% it matrix A £ 3%3» i g o FRipsf 'I@fﬁ?ﬂif’;xwwz-o iﬁf[ﬂ
LIV o [H LF“H",%F i A kL full rank T?ll span — {fil = AEAUAE] > T RLPYEL S
column I []# ﬁﬁkl‘iﬁwﬁurﬂh Pdﬂﬁ[:uﬁ case iV space BFE HFIF| T A& -
F’?I?'FJ v SVD B4 FiERLEL - 17” = & matrix > S S RREPERY vector
space Tt [F[HE o



Slide26 Linear fitting

e YN T case F] noise U ITF > Z5{9pY matrix £ 3*n > ] rank FEE £ 2
[T+ MURUERLTY SVD frds— W 1> g n WREEELETR 3D (s F
fiv distance felf& /] < SVD Ell*fﬁiﬁiri [E‘ﬁﬁlfﬂi ° IR R W fi J%ﬁ&&#ﬁ@&l'j
iﬁf[ﬁ' matrix > £l rank B‘z}*ffgﬂz °

R JNI2 ) noise ElfJ‘[ﬁi[}ﬂ LR E'Uiﬁf[ﬁ‘ matrix i~ rank £L 3 Eﬁ%ﬁ » A
Er’,’ﬁ??} M Y column =2V = fiil vector » f*’jfﬁﬁﬁ“{ﬁﬁi&@"ﬁcﬁfj vector space L /fie i
Sl Fﬁ RETR A5 S (% | missing data > BT 25 1= 207 = i column B RS [
space > L — pld-pu= ;“FA' °

Lc N span(4,.4,.4,)
(i.].k)
Bl |25 {7 T2 % s column vector & E”TM’?}EU space » IREFSIMRY LRl
MV & I T3 = 2VElipy column space i ﬁliﬁlﬁ*ﬂiwl e

Slide 27
'ilﬁl-l[_{ example #0125 RS rank £% 1 A9 matrix {1 {287 R

\_.



Example;

all possible fillings .. dinear hull 5, -

PIEL rank B3 1> ZH (= SVEV— {5 column vector - fiiE 55— f[# vector space
’Hi.&}lﬁj’ﬁﬂf vector span fit & - A £[|pY vector space HiERLEG [T Y vector
space ° AT TS I'F'TEJF]TJ [t 1D p vector [4, 2, X]#I[6, X, 3] -

(1[4, 2, X715 % vector space P17 :

... linear hull 5,

1M1[6, X, 3551 vector space I :



=

Il

R i i vector space iy 4 & JiRLIE [ se0

iﬁi’%@?ﬁ&ﬁ?’;’%ﬁ%\p@ vector space fiEfl rank £ 15 &' fﬁfﬁ R F9#— [l matrix 57
Ay E vector space > - HiERLES ([ approximation matrix o Bl Z kT
e

3
all possible fillings

4
R=| 2
2
"
Y Y

T =2D I it 1) apply [ 3D e [ RIS LRI rank 453
kL AVERL 4 pfjﬁ:‘ﬁ » {45 constraint 7 L -



Slide 28 Linear fitting
5 M Ao Hi fE vector space JERLK ¥ E | triplet RS vector space FU%
& W AR vector space o [lIFRLE 1S matrix g SUEERT ATl
1= DeMorgans Raw “Lf$ii L iRl L iy complement space » L4 HiERLAT
J triplet F’?J%Mu vector space [V E I fi*J complement space El@?%;’a;% = (EfR

SR L
L= ﬂSr # E:Ui

NS R S FPHTNE g3 Nt L matriXaiF%i[a{ matrix }*F'-*[fjp@fg~ i vector
space’ iﬁ]’[ﬁ' vector space (¢ %EIfJBTj‘:ﬂSt (1 F;lﬁiﬁq@iﬁ flet matrix ¥y — i column

vector fﬂ*’@lif’\ St;@ﬁ space ° i Nt f&fi Jﬁ“jri £ —|ﬁ vector space ° [fi| 7 R

?ﬁ;ﬁt}{ﬁiﬁfﬁf Nt §ﬁ[m’£ﬁ7}— & Agny— [l S pY vector space => N=[N, Na,... Ni]
M MR pVRL L PR auiiERL N oy complement space > ~J3iEkRL null space °
M F ; f
PRIFFIR] SVD » #5248k o[ v 3 {4 Frssf i = {ldf vector i)Y it space HiEkL L
iﬁf[ﬁ' space ° [jY[HN 53] v A El singular value ~-[* » /[ 4% 0.001 prH:ZH s BURTERL
S H A Rl S pY approximation [ 5E [ null space i rank kL 3 Tl RL 45
T f M2 F M
PR TR LS TR vector space @ PRIFREE return A {4 unstable -
iﬁf[ﬁ“&i} f' I frHE apply "% singular value with missing data - ﬁ??{ﬂﬂ [T
PepadifN A initialize 2 (IR EPY PCA m-d o3k > R ORETERAS N -
f f ; =
iﬁf@ﬁﬂ il 1€ paper » B LL matlab [ code  figure out HH'%IFEJE“H? °

Slide 30 Factorization for projective projection

3D 2+ HI“E n [’ﬁ&f’}{ﬁ% B> 3 /7% = m & projection matrix » A[Jf’ Fiili&
(R T m i image v o FTE1 A £ projection [UyA™: fif -

PPN A =1 fITE 2 rank £y 4pY factorization » {EI A @F ﬁ'[]":fm tH -

ST {ihL pi e _F— {f# projection matrix (3*4) > H,— o JPIET f[ﬁ'%ﬂﬁf&ﬁ%?ﬂ%‘fj

[ image R E]- [H gy fiBRL image coordinate o [ FEIEE - [ A HERL
projective depth -



projective
depth ﬂ;‘qu = Hj P;

St RPN T o 5 - (WS- i image [ SHEE ey
matrix i Jﬁf,ﬁﬂ ES ’?’lﬂﬁi

Ay Al 0 A, IT,
A A R N « P 11
21:(121 22:(122 ) 2 :qz _ :2 [P1 P, pn]
4dxn
_ﬂ“mlqml ﬂ’mzqmz Tt ﬂ’mnqmn a _Hm _
3mxn 3mx4
Slide 31 Sturm & Triggs
v — (€ij N qip) - (Fijqip) ).
p — JpP

leij A Gipl|”

[pj— (it 3D 2+ 'EFJHI’IUEFFp ok £ [l image plane _HRVREY UG | ;aj"E coherency
pfjﬁgﬁfﬁﬁ s P FERR o B eij BRBT 0 ([ image B 5T ]ﬁ image _Ffv eplpole )
Fij £% [ (s image 1 fif][i¥ fundamental matrix o A7, =151~ f [*%“IO HFEYA] image j
PR il > SRFE T o 2 2O TRl IREERY 2] image T WP i - JHENE
R
(@) }lﬁj’éj— 9= image i fi*J cordinates #{/*'| Ti ~[=normalize -

2 [’F‘[;%’r image [ty 1/ [ti]fv fundamental matrix »> epipoles -

(3) Initialize Aip K% 1 o F|[H ] Fpapuzv=" s (0 PURE By A -

(4) FIPREES A ff > BT matrix Woe

(5) }lﬁj’ matrix W [ balance -

(6) Jf matrix W [=SVD 55 i -
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Slide 32 Sturm & Triggs

Compute an initial estimate of the projective depths z;;,
withi=1,..,mand j=1,..,n.

Repeat:

(1) normalize each row of the data matrix Z, then normal-
ize each one of its columns;

(2) use singular value decomposition to compute the ma-
trices M and P minimizing |Z — MP|?;

(3) for ¢ = 1,..,m and j = 1,..,n, find the value of z;;
minimizing |2;;p;; — M P;|? using linear least squares;
until convergence.

DR FUE [ O iteration ([ {1, 2[5 iteration FF%I'F‘E, t
[0 M AP PRI o 157 (EE SVD & o JJkIE M ATP 7#1&%}@4&@ [
Y EF B il ErPr{e 0 SVD s BT M AP ETHERY i iteration - ]
LR M AP

Slide 33 Mahamud et. al.

Compute an initial estimate of the projective depths z;;,
with¢ =1,..,m and j = 1,.., n and normalize each column
of the data matrix Z.

Repeat:

(1) use singular value decomposition to compute the ma-
trices M and P minimizing [Z — MP|?%;

(2) for j = 1 to m, compute the matrices R; and Q; and
find the value of z; maximizing |R;z;|> under the con-
straint |Q;z;|* = 1;

(3) update the value of Z accordingly;

until convergence.

Projection matrix [fi =' €| missing data : *'| Mahamud fiv 3% ([ {FEES
FLA s A 5 W matrix {845l measurement > [fiy &' <Y rank
o, ';F[ t‘rfjj 4 o

PEREY I'F'ﬁ%ﬂiiﬁﬁiﬁ:i‘ﬂ z~M~P [i'I'|i#% projection points » Fl [ §5 2~ M

P & minimize iﬁ]’[ﬁ' energy function -

Slide 36 Mahamud et. al.
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Slide 37 Mahamud et. al.

Compute an initial estimate of the vectors P; ..., P, and
normalize these vectors.

Repeat:
(1) for ¢ = 1 to m, compute the unit vector m; that mini-

mizes |sz,,|2,

(2) for j =1 to n, compute the unit vector P; that mini-
mizes |Dij|2;

until convergence.
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