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LAV RE

center

The image of an object is reversed from its
3-D position. The object appears smaller

Image g when it is farther away.

plane




FLAETNAREY: Eis

(a)

£=X:>x=F£,y=F£
F 7 Z Z

All points in this ray wil
have the same image

|
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R : ey IRY S eeyyif ki

WA EEMRE: X' =R-X+T

X' =X+T ¥ mesE [R] = [R]-[R,] - [R]
10 0 - - cosf, 0 sing,

[R.]=|0 cosf. —sind. [R,]= 0 1 0
0 sinf  cosd, | —sin6, 0 cos@,
cosd. —sinf. O] 1 -6, 0,

[R.]=|sinf, cosd. O [R1=[R1=| 6. 1 -6
0 0 1] -0, 6. 1
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Object before

A | motion
X '-.
A NE

T
X C’
X'’ Object after
f— .
motion
>Y

Rotation and translation wrt. the object center :

X=RIX-C+T+C [R]:0,0,6; T:7,7,T

X2 Ty) Tz
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MV: motion vector



EXHMTS

O =#iEzibs
D(X;t,t,)=X'-X=[D,,D,,D,]"

O Z#HE@ib=E
d(x;t,t)=x'-x=[d.d]

OO BRETER 2
w(x;t,t,)=x'

w(x)=x+dx)

L] IJIL%E ( r_gii>

_od _|od, od,
ot | ot ot
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S ElEAN

O EEEXE, EsifREXH

r —f+—Changed region —}+— Unchanged region
| Moving |
object / Background
< | = (o be covered

Frame k

| Frame k+1

|

Uncovered-|___ I |
Background !4 l ‘I‘ object !
| |

| | |




R A B B

O FETRMBHEBNBEIZE )T MAI2DE )

Boom up Tilt up

Track right Pan right
e Dolly c

backward

Dolly forward

Track left Pan left

Boom down Roll

Tilt down



FHHLER: ER(track) 5 mh

X'l | X
Y |=|Y
Z'_ _Z
M ALK Z
d.(x,y)

d,(x,p) |

FT./Z |
FT,/Z




FEHA 1 (Pan) 5 0 (Tilt)

X' X 1 0 0, ]
Y’ :[Rx][Ry] Y [Rx][Ry]: 0 1 _Qx
Z' Z -0, 0, 1

MR Y0, <Z,X0, K Z,PBLZ' ~ L

d (x| [ 6,F
_dy (x,y)_ —0.F




FEHLHE(Zoom)FAR (Roll)

D *E (ZOom) . 1%SIZE5E:’L\:§EE% (%EE) %&Eﬁ%
x| | px d.(x,y) {(l — p)x} ’
B = —F'|F
L/} LO;V} ~ Lly (x, y)} (1-p)y (p )
O % (roll)
B | cos@. —sind, || x |1 0. [ x
B | sin@.  cosd. || y N 0 1 |y

_dx(xay) _ —92_)/
_dy(x,y) - sz
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NNNAN s /’/’ﬂﬂﬁ_ﬂ_\\“s\
SN N Nt 77 AV AV RN H\\'\\
N ffff,_\\_llﬁ
- - "“m Ly
. NN
VY A S T T N \\\R!"////
S/ 4 VN N N NN .. T
A ANNN] N e L T T ey

(a) (b)

Camera zoom Camera rotation around Z-axis (roll)
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O ZE—DBFEHITERS. . 0. ZEMEENRK
il

O JL{AJARE -
x']  [cosf, —sin@ || x+6,F+t
Y _p_siné’z cosd. __y—6’xF+ty_
:_c1 —cz__x_+_c3_
G G Y] G

—

O XMERGTERBF/ENSH, SHHREFE—T456, 7
SRS —ARB O S




WS T = SR B B = 45 R

O ZeiRyENEsh R RSB Z EHEIEZR R FHIE E)

O —fixlER:

X' o n||X| |T,
Y'\=\n, v || Y|+ T,
I,

'
Z v, K L Z

A 4

Perspective Projection

P (hx+nry+nF)Z+TF

(rx+nry+nF)Z+TF

' F(r4x+r5y+r6F)Z+TyF
y:

(rx+nry+nF)Z+TF
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T 5 AR B

O skt
B EZ5EREERED
B BfEFRIERE

_ Gy tax+ayy . by +bx+b,y

X , Y=
l+cx+c,y l+cx+c,y

O SEEREG AT AT B S N B & B S ERY X S5
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O 15 (6175%):
B EEB—1"=aEMEE—P=/aK

dx(xay) _ Ay +ax+a,y
dy(xay) - bO —I—b1x+b2y
0 Wt (31 2H);

B &SR AR ARG A —ANHi

d(x,y) |G tax+ayy+azxy
dy(an/) B b0+b1x+b2y+b3xy

I
X
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BT vs. e

O B @ FH A —EMSEIRR 4B E018E[E
O FLEEIGFeEENERL TRFNA MM IT IR

O Jeii: BETEIRENHNTN "B’ ZHiEz), Wik
TR B RRESIE

Eill: BkiFEEEMERA TR,
BN EIFRZTEMN.

hil: S5ESIEMIkEES), SRk
i By =Y i




R IE

ERREGERANERAT, UAETTHECRGETT
BEE=ERE — XRAEIE
Under "constant intensity assumption":

y(x+d,,y+d,,t+d)=w(x,y,t)

But, using Taylor's expansion:

0O O

y(x+d,,y+d,,t+d,)= t//(xy,t)+%;” al//d 8wd

t

Compare the above two, we have the optical flow equation:

a—l//dx+a—l/jdy+a—l’”dt=0 or a—l/jv +8—WV +al/j 0 or Vy' V+6—W:O
Ox oy ot ot



IfAIER R 1E

1 zl:f(x,y,t+1)+f(x+1,y,t+1)+f(x,y+1,t+l)+f(x+1,y+1,t+1)]
1

4
— G0+ fG L0+ f ey L0+ Ly + L)

1
Iy zZ[f(x+1,y,t)+f(x+1,y+1,t)+f(x+1,y,t+1)+f(x+1,y+1,t+1)]

_%[f(x,y,t)+f(x,y+l,t)+f(x,y,t+1)+f(x,y+1,f+1)]



EEEITTRI = X %

[ %UILH;FE1X@|/§'|\7I‘EEFV HERRE=
O YI%&AE v, BREIEERE X H
O FlEESERXE Vy=0, EREFHED

B APIEAGEXE, @it ARER, ERENEREIIIS
HY X 13

AN

0
leTv+a—lf=0

v=ve +tve,




FL1Z[E)E (Aperture problem)

http://elvers.us/perception/aperture/
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BENETHRY—ARZ (&

O =1MEZEE>
B e ERIAIEES?
B R afrERMEITEEIEH?
B R EEHSH?

limh



1k
BN EHHR— 2/
SHFA.

BTk
AWK T AE TR,
BMRPIERIH—L
SHmIE.

e N e
N w
a \\“\m

—

e e e

(b)

-

- = =

S

(c)

(d)

Hrgok: ZTM% FEHIRS)

ETB%:

B—1MEEE—IED
g, ERMBEEE
Z B H—EFBHR,

BT X

B 72 95 T X,
BIMXENN—ER
—H B ERERE T
Bir, HAH—LSHE
&



--------------------------------------------------------------------------

Backward motion estimation

Time r — At

:l{x:m—.ﬂfx ;

Target frame

--------------------------------------------------------------------------

Time t + At

e .'q

: ﬂ/{l{x: t, t + Af

X

Anchor frame

Target frame

Forward motion estimation

e hoa : w1 (X)
B Fxiol - W, (X)
EEH a

R —MEE S/
IEEfj[E) = : d(x)

&ty d(x;a),xe A
RJREFT R 441 -

w(x;a)=x+d(x;a),xe A



EEEHEMN (1)

O EFuFmZEENMN (DFD criterion)

Eppp(a) = Z‘Wz (x+d(x;a))— ‘//1(X)‘p — min

xeA
p=1:MAD; P=2:MSE
(‘3EUFU . n ) o (‘Jd(x) " )
5 =2 }; (o (w(x;a)) — ¥ (x)) S Vi (w(x;a))
O ET3RAZEHEMN (OF criterion)
(i)(—;ld +dd(!}1d,_,+(tg—z1)—() or Vzld+(z2—z1)—(}
En(@) = (V wl(x))rd(x; a) + y,(x) — wl(x)‘ — min
xeA
ab"ﬂnw . ad(X)

= 2 Z (V’{,{".»‘l(X)Td(X; a) + o (x) — 'z.,-t".:l(x)) da Vi (x)

xCA

Ja



EEEHEN (2)

O IENMEAEN: FIAZIMYFEEIN (smoothness) 23R
(important in pixel- and block-based representation)

E,(a)=3 Y |d(x;a)~d(y:a)]

xeAyeN,

WprpEpep (@) + W E (a) — min

O DIMHEREN] (Bayesian criterion): & X FIGHEER
P(D=dly,,y,) > max

P(¥ =D =d;v)P(D =d;y)

PD =d|¥ =) = PO¥ = v 0n)

dyap = argmaxg {P(¥ =D =d;¢v)P(D =d;vn)}

dyap = argmaxg {P(€ =e)P(D =d;i)}
= argming {—log P(€& =¢)—logP(D =d;y,)}



ANELEN z 8] AV B &R

O OFi=ZEAN (OF criterion) REZEEE/NHIIER TR
R4

O ZFOFREHENT, HEFRREEMVHEI IRRERT, AF
0% R ﬁﬂf%

O ZzEaAR, sm%FNADFDIRZEEN

O ZE-TBayesian/EN] (Bayesmn criterion) AYIZEH{&TT AT A
WEHAEBE S FaARIE T DFDR AT



R E D7

Ll

FERER

B BEEDFDAEN (p=1) T#HXH

B (REXR2HENE

B SENEZENSHBBERAN, FAFHTEEFAEENAIEZR
B BOERYRERIR R E AR LUA B AR R D 1R ZR AT 18]

O ETHERER

B EEEDFDEN (p=2) FIOFEN (p=2) XK
v BEEETLHEEITTESE
v FEOFAENT, BEAUSRIFNE
BT EET VBN ESRE, 28R
KRB RFHIVIEHE

O ZodRRERREg
B ARG ERE, EEERRRR
B ERBANEER RN
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RILACE X

O BRix— 1M RAMEGR=EEEE—E/IED), BRIz
EIT BN RNEHEH

O RICECE X (BMA): (R FHZE, BT RETHT—TMV
(1 MV, 2 parameter)

B 35%BMA (EBMA)
B REREE




RICELE L (BMA)

O #hA:
B RixRPABEFREREE—1NFBED, A—TMV
HIEIE P

B Hids/MUIRBRDFDIRE, #HitMV
O HireHHE:

Eppp(dy) = Dy, (x+d,,) =y (x)” — min

xeB,,
O ikmE:
B SR
vV BRXRREFEXRE—ITMV
v A[{ERAMADEN, B p=I

B RREREX
B BYRERER v DERBERER



Z5%5BMA (EBMA)

tl_\

Bestynatch

L: ciu'ch 1'ggigl

B |.]

II1

Current|blogk




BYGEBEEBMARRE

O g
B EER~T: MxM
B RR~T: NXN

B EZEEHE: (—R,R)in each dimension
B TP 1 pixel (assuming integer MV)
O #={E# (Operation counts):
(1 operation=1 *“-”, 1 “abs™, 1 “+”)
B FMRIAVEMNGERELLRE: N?
B BN ESERFERHIEIEME:(2R + 1)?
B EE—: (M/N)2(2R + 1)2N? = M?(2R + 1)?
v s TR
O fHl+F: M=512, N=16, R=16, 30 fps
B SER{EE =2.85x10"8/frame*30 frame/s =8.55x10"9/s

O ERATBAESE/REE (VLS #7332
m REESSIIEM



[

[

0O O 0O 0O

TR FEFEEBMA

MV1Ei‘|‘E3, Tﬁ%?ii’t?ﬂz Erm— 2, TG
MTE, DHTKUEESE

G ERBEEBMA: step size=1/2 pixel in both
dimension

x| -

B HirmXEBYGES

FRIRTFT =

B EERZEIBERmMeHIT2E RN

HEERE

B 4EFTE %’511%%1*&, FH 0 _EEIMITR{E TR
RIRE L

O ??Eu BUBEHITRER, ARENERERIAFGEHERT
H

¢



@ @ Q@ @ @) @ @ @
@ @ Q@ @ @ @ @ @
@ @
Bm: @ @
current
block o @
@ @
B: |
matching O @) () ] O O @ )
block
@ @ Q @ @ @ @ @




W 2% 14 1

(=]

LI

(iy) x1,y) @xpy)  (24+1,2y)
O O e— O
) I ) )
A\ A\
(2x,2I+1 ) (2I+1 2y+1)
—
O O O—0—0O
(x,yrh) (x+1}y+1)
) ) ) )
A\ A\ A\ A\

O[2x,2y]=1[x,Y]

O[2x+1,2y]=(1[x,y]+I[x+1,y])/2
O[2x,2y+11=(1[x,y]+I[x+1,y])/2
O[2x+1,2y+1]=(I[x,y]H[x+1,y]+I[x,y+1]+I[x+1,y+1])/4
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BMARIRE X

O e EBMATTEE?
B EFERERERERNNE:
v HERZEABLEATRE = MR ERIR
vV IREZAIRERSR, TUNAIEERI T RIRIER
B EHREE=/EN (DFD)
O ZFHPYRIRFEE
B = FRE (Three-step)
B ETHIERE (2D-log)
O BEFZHVIREE L
B BEESRHELI, BLESVLSIXIY




+6

-6 1-5 14 -3 1-2 1-1

1 ] i+ i3 i+ +5 i+
—0O o=

2]

R,: initial search step

Search step L
L=| log,R,+1 |

Total number:8L+1

For example

R=32

EBMA:4225 = (2R+1)?
3Step:41 = 8*5+1



"HEXNEIREFR

-6 1-5 -4 1-3 13-4 1-1 i+1 1+ 3 1+ i+5-i;l-ﬁ
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[1
I
[—
M
—




EBMA7ZZE (/a1 85 (1)

O R (BRIAFRIAELEE)
B ETHRFEBEEEANER, ShRNENERLEEREE 2
v RRFE: AIFZZEBMA (deformable BMA)
B A MRPAREEEZTEENEIEHRIXNR
v BRRFBE:
> ETXEEEbTT
> ETMRRERENE T
I Al
v OETARBAMELURE ‘BRI




EBMAZZZERYIE1SR (11)

O Eapimiil
B JRRE: EKPIE MY
B RFR:
v IAERBFEE LRI
vV BERGE
v ETMEERIEEE 1T
O XMV L s
B Yz E L EEILTER, =i URE
B NizFERIEAN IR ER R
B RAFR: ETXERESGEIT

0 BEEANHEE

L] ﬁ#lﬁﬁm :
v ORREE: ZRRERERE
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AJ iZ AL BR UL Fc

O ZATHEGRILE S AFEZZ[EFHBIES), JTEZIEhE
. Hal. S ESMiEs

O AT RILACE X
B ARESMIEINE SR &

’4"ﬂ’
P
’fd -
- -
- - -7 =
- - - ‘;’
- ~ "’ ;’/
- - ots
- - -
- -
- -
- -
-
-

Tracked Frame

Anchor Frame



A] 1o UN Ty

O ET<rzsE 2Rt
. HETSHNEHERTES STHRDIESR
n EARSNEHERER

o

K
d-m (X) — Z ‘ﬁmﬁ (x)d-m?k; X € B-m'
k=1




A)

oS

UNiTy

O zaifhitEiA

E(a) = ) [p2(w(x;a)) — ¢ (x))"
xeB
w(x;a) = x + Z Ok (x)dg
keK
O ET#HERNEE
OF OE oE , "
7@ = |7 @) o)
OFE L OYg(w(x;a))
T @) = 2;38( ) ————(x)
OFE B L OUa(w(x;a))
g(a) =2) e(x;a) 3y ¢ (x)
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E R ES LY

O BMATRETERE
B RIEFERAFERZE, BN LULE|EERILE
B SERNREEFEANTES
B ETHRPIEBEDREHANZREEIER

%’7%##11311‘755&

B R AR O]

0 Eﬁfﬁpﬁ&\T*HMI%ﬂt HFHITIR 7 9= T HIEED
3
v BERESE—NMRIETEXIEENgR R

B AREBRNIBRTCERNUE S T ER D NEVIIRRF
v BEETEE

B AUNATARNEEGET, BERASHHINREFNEH
FZEBMAR IR F




¥ 3 B 5 0 0

wz.l : J =k

(3.3)

Anchor frame

U3 W 8000000101

Target frame

(_191)



7 ERILAECE LA (HBMA)

L

Number of levels: L

Ith level image: Y, ,(X),Xe A, =172
Interpolation operator: d~f(X) =U(d,_ (X))

Error function: D, | ¥, (X +d,(X) +¢,(X) =¥, (X)

XeA;
Update motion vector: d(X)= d (X)) +q,(X)

MV at Ith level prediction:
d; 0 (X) = u(dz—l,Lm/zj,_Ln/z | (X))=2d 1 m/2){n/2] (X)
Total motion:
d/(X)=q,(X) +U(q; (X)) +U(q; ,(X) -+ U(q,(X) +dy (X))
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Example: Three-level HBMA

(b)

(d)

®

Predicted anchor frame (29.32dB)




HBMAEB - E

O

I

[585%4
m EGER~: MxM
B BHRRF: NxNatevery level; Levels: L
m HRoHE:
V' Istlevel: R/2&-D  (Equivalent to R in L-th level)
v Other levels: R/2¢-D (can be smaller)
EBMA
B BERT=MxM, RRF=NxN, BERSEE=(-R, R)
mREs: MPQR+1)
HBMA [-th level #{E# (B R~: M/2L)
(/2 Fler /2 +1f

HBMA 2 3{E#

ZL: (M / 21—/)2(2R /ol 4 1)2 ~ %4@2)4/’/2[32

1=1

EBMA /HBMA: 3.4%72) =3(L =2); 12(L =3)
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N VREP 7S

o RAEAIIEX R BBEE (PCF)

| Time ¢ / WI (X) = WE (X + d)
T (D =

'Z(f)"?;(f) :ejZ;m’Tf
VAIA]
e PCR(X) = FOH(f)) = 8(X +d)

i Backward motion estimation

dix:|r f_ﬂy\ Target frame W(f) =

; Forward motion estimation :

[J Note
B BARA R RN FE)E N E R
B T ZNATEGEE
B e XNERT AR
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S REL SOEE )

[0 FlowNet
B F—NETREFIANRME
B fE T E#HESFlyingChairs
B LT U-Netg LB L&)

FlowNetSimple

*: upconvolved

[1] Philipp Fischer, et al. “FlowNet: Learning Optical Flow with Convolutional Networks.” In ICCV 2015.



ETEE XIS E R AT

[0 PWC-Net

B Feature pyramid

B Cost volume layer: store the matching costs for associating a
pixel with its corresponding pixels at the next frame

B Context network: enlarge the receptive field size of each
output unit at the desired pyramid level

Image Image Upsampled flow Feature Feature T T T e S » Upsampled flow
pyramid 1  pyramid 2 i ! pyramid 1  pyramid 2 - - '
L. - " )| .
e rew e . i ! I e s NS 1----
. | | | | :
i . ¥ . ! Warping layer [
! Warping | i
LI B L N j T
1 - I
1 ]
:“"l """"" "l‘"". | : :'""l """"" l'"'- i —  Cost volume layer
i b | Energy 1 i - )
i _ _ : | minimization | E ‘ : |
l —» Optical flow estimator [«—
Refined flow FesipTAEi e asaaty s Refined flow {
. i Post-processing . 4—- Context network

[1] Deqing Sun, et al. “PWC-Net: CNNs for Optical Flow Using Pyramid, Warping, and Cost Volume.” In CVPR 2018.



ETEG TR mAhT

[0 PWC-Net

B PWC achieves the best performance at that time
B SpyNet has the lowest complexity

5 MPI Sintel test (final pass) MPI Sintel test (final pass)
' eFlowNet2
§ 5 eSpyN etF lowNetC
856 58
.g g ®FlowNetS
2. 2.
éﬂ 54 . ®S2F-IF éﬂ 7
it ] FlowFieldsCNN ®MRFlow o
) PWC-Net-small 8D
g ol % ol ®FlowNet2
Z *DCFlow z
.PWC Net ePWC-Net-small
5 5 - ®*PWC-Net | | |
1072 100 10° 10* 0 50 100 150 200
Running time (seconds) Number of parameters (millions)

[1] Deqing Sun, et al. “PWC-Net: CNNs for Optical Flow Using Pyramid, Warping, and Cost Volume.” In CVPR 2018.
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[0 RAFT

N ‘%ﬁ%}$$TE?§“Fkkﬁﬁﬁ%%NEl’\Jcost volume; inferencetl
i 22 R EITE—X

0 L1Jcﬂé§zs—4\GRU, BRIAREZSY, EIL ERLIRH
RIER; BAEERN—MEN RS

S 7 SRR RERZ 1L RE

" )4%%%
> [ ]
A
J e e e (@ ® f@
orrelation Volumes l
A > >

‘:ll"
M
* rame
3 H ext :
3 b e I ;
1 p S e ' H H ] )
T pomd ' : ! ' :
— — ; ! : : :
771 | T ' Optical Flow
rame
‘ontext Encoder

[1] Teed Zachary, et al. “RAFT: Recurrent All-Pairs Field Transforms for Optical Flow.” In ECCV 2020. (Best paper)




ETEE XIS E R AT

O EFTransformergisE: GMFlow
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[1] Xu, et al. “GMFlow: Learning Optical Flow via Global Matching.” In CVPR 2022. (Oral)
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B Best performance and efficiency than RAFT

Things (val, clean) Sintel (train, clean) Sintel (train, final) Param Time
Method #refine.
EPE so_10 S10-40 $10+ BEPE so_10 S10-40 S10+ EPE so_10 S10-20 S104 (M) (ms)
0 1428 147 3.62 4048 404 0.77 430 26.66 545 099 6.30 35.19 25 (14)
3 6.27 069 167 1763 192 047 232 11.37 325 0.65 400 20.04 39 (21)
) 466 055 138 1287 1.61 039 190 961 280 053 330 17.76 58 (31)
RAFT 391 11 431 053 133 1179 155 041 173 919 272 052 3.12 1743 3 78(41)
23 422 053 132 1152 147 036 1.63 900 269 052 305 17.28 133 (71)
31 425 053 131 1163 141 032 1.55 883 269 052 3.00 1745 170 (91)

0 348 067 131 897 150 046 1.77 826 296 0.72 345 1770 47  57(26)
GMFlow 1 280 053 101 731 1.08 030 125 6.26 248 0.51 281 1567 4.7 151 (66)

Table 3. RAFT’s iterative refinement framework vs. our GMFlow framework. The models are trained on Chairs and Things training
sets. We use RAFT’s officially released model for evaluation. The inference time is measured on a single V100 and A100 (in parentheses)
GPU at Sintel resolution (436 x 1024). Our framework gains more speedup than RAFT (2.29x vs. 1.87x, i.e., ours: 151 — 66, RAFT:
170 — 91) on the high-end A100 GPU since our method doesn’t require a large number of sequential computation.

[1] Xu, et al. “GMFlow: Learning Optical Flow via Global Matching.” In CVPR 2022. (Oral)
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[1] Shi, et al. “VideoFlow: Exploiting Temporal Cues for Multi-frame Optical Flow Estimation.” In ICCV 2023. (Oral)
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1 VideoFlow
B Using three frames as an example
B Other structures similar to RAFT
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Figure 2. Overview of VideoFlow in the three-frame setting. Given a triplet of frames as input, VideoFlow jointly estimates bi-directional
optical flows from the center frame to the adjacent previous and next frames. After building dual cost volumes, it recurrently fuses bi-
directional flow features and correlation features to update flow predictions. The orange block on the right illustrates the recurrent flow

refinement block.

[1] Shi, et al. “VideoFlow: Exploiting Temporal Cues for Multi-frame Optical Flow Estimation.” In ICCV 2023. (Oral)
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[1] Wang, et al. “Tracking Everything Everywhere All at Once.” In ICCV 2023. (Best student paper)
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Figure 4: Pseudo-depth maps extracted from our representation,
where blue indicates closer objects and red indicates further.

[1] Wang, et al. “Tracking Everything Everywhere All at Once.” In ICCV 2023. (Best student paper)
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