Computing Optical Flow
Lecture-/



Optical Flow

Motion vector (u,v)

— Image Displacement in x and y directions between
two consecutive frames

Motion Flow
Displacement Vector
Disparity (general case)
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Optical Flow Field Examples




Optical Flow - Examples
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Optical Flow

e Applications
— Motion based segmentation
— Structure from Motion(3D shape and Motion)
— Alignment (Global motion compensation)

e Camcorder video stabilization
e UAV Video Analysis

— Video Compression



ARTIFICIAL INTELLMIENCE I

Determining Optical Flow

Berthold K.P. Horn and Brian G. Schunck

Amficial Inwelligence Laborasory, Massachusetts Inptitwte of
Technology. Cambndpe. MA 02139, US A
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Optical flow is the distridution of appareal velooties of movement of bright-
nows palterns in an image Optical fow cam anse from relative motoa of
abjects and the viewer [6, 7] Consequestly. optical Bow cam give important
information showl the spatial arrangement of the objects viewed and the rase
of champe of this arrang [%]. D% n the optical Aow cam help 0
wgmenting images nto regions that correspond 1o def hpects [27)
Atlempts hive been made 10 perform such segmentation wsing diferences
belween successive image frames [15, 16, 17, 20, 29]. Several papers address the
problem of recovering the motons of objects relative to the viewer from the
optical Mow (10, 18, 19, 21, 29]. Same recemt papers provide a clear expositson
of this enterprise [0, 31], The mathematics can be made rather difficult, by the
way, by choosing an imcon coordinate sy In some cases in-
formation shoul the shape of an object may abso be recovered [1. 1K, 19]
These papers begin by assuming that the optical Bow has already been
determined. Alihough some refereace has boen made 1o schemes for comput.
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Horn&Schunck Optical Flow

Brightness constancy assumption

f(x,y,t) = f(x+dx,y+dy,t+dt)



Horn&Schunck Optical Flow

Brightness constancy assumption

f(x,y,t) = f(x+dx,y+dy,t+dt)



Taylor Series
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Horn&Schunck Optical Flow

Brightness constancy assumption
f(x,y,t) = f(x+dx,y+dy,t+dt)

‘ Taylor Series

A A A
f(x,y,t)= f(x,y,t)+5(x+dx—x)+5(y+dy—y)+g(t+dt—t)
0= fdx+ f dy+ fdt

O0=fu+fv+f,



Interpretation of optical flow eqg

fu+fv+f =0

o (u.y)
“h f d=normal flow

p=parallel flow

Equation of st.line



Horn&Schunck (contd)

j j {(fu+ fv+ )7+ 2(u2 +u?+Vv2 +V2)}dxdy

N\ T

Brightness constancy Smoothness constraint

‘ Min (Variational Calculus

(fu+fy+f)f, +A(Au)=0
(fu+ fv+ f)f, +A((A) =0

2, —
ANu=u,+u,
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Derivative Masks (Roberts)

1

first image
first image 11
(-1 -1 :
_ second image
second image 1 1
f

Apply first mask to 1st image
Second mask to 2nd image
Add the responsesto get f x, f y, f t

-1 -1].. .
J first image

11 .
second image
11

.I:

t



Laplacian

fo+f =f—f,



Horn&Schunck (contd)

j j {(fu+ fv+ )7+ 2(u2 +u?+Vv2 +V2)}dxdy

‘ . variational calculus
u= uav o fx E
(fu+ fv+ £)f, + A(A%U) =0 S
(fu+fv+f)f, +A((A%) =0 V=Va -1, o
‘ discrete version P=fau,+fv,+f

D=+ f]+f;
(fu+ fv+f)f +A(u-u,)=0

(fbu+ fyv+f)f, +A((v-v,)=0 A2y = u, tu,



Algorithm-1

k=0
nitialize Y
Repeat until some error measure Is satisfied
(converges)
yeu _f P P=fu,+fyv,+f
av X D
P D=A+f +f

v=v, —f —
D



Synthetic Images




Horn & Schunck Results
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Lucas & Kanade Method



Praceedingr DARPA Iwage Understanding Worksfhiap, April 198, pp. 121-130
esseatlally the samse but shorter versiom of this paper was presented and incheded im the
Prec 7th_Intl Joint Cosf_gn Artificial Lncllizonco (LICAY 1981, August 24-28,
Vanceuver, British Columbio, pp.674-679,
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An Iterative Image Registration Tachnique

wilh an Application to Sterea Vision

Pinsce D. Lucas
Tawap Kanade
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Lucas & Kanade (Least Squares)

e Optical flow eqg

fu+fv=-—f

e Consider 3 by 3 window

f U+ fylv =—f,

f ou+ fygv =—T,



Lucas & Kanade

Au

|l
—h
~+

ATAu=ATT,
u={(ATA)AT

Tt
. Ppseudo Inverse

find (u,v) st. min > (fu+f v+ f)?

|_east Squares Fit



Lucas & Kanade

min > (fou+ fv+ f)’

0
a—uZ(fin + fyiV+ ft)2 =0 Z(fxiu+ fov+ fi)f=0

%Z(fxiu + fyiv+ ft)z =0 Z(inu_l_ 1:yiV_i_ fti)fyi =0



Lucas & Kanade

Z:(fxiu + fyiv+ fti) 1:xi :0

S (fu+ fv+f)f, =0

Z 1:xziu + Z 1:xi 1:yiV — _Z fxi fti
Yt faut > fiv==> f.f,

Z F fyi Z fy2i ! N Z fyi i




Lucas & Kanade
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Lucas & Kanade

=2 o2 fatit 2 Sl 2

U =
Xfxzszyzz _(foifyi)z
foi.ftifoifyi _fozz'nyifn‘
VY =
fozszyzz _(foifyi)z
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Lucas-Kanade
without pyramids

Fails in areas of large
motion
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Comments

 Horn-Schunck and Lucas-Kanade optical
methods work only for small motion.

e |If object moves faster, the brightness changes
rapidly,

— 2x2 or 3x3 masks fail to estimate spatiotemporal
derivatives.

* Pyramids can be used to compute large optical
flow vectors.
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Lucas Kanade with Pyramids

e Compute ‘simple’ LK optical flow at highest level
o Atleveli
 Take flow u,,, v, , from level j-1

* bilinear interpolate it to create u,”, v,
matrices of twice resolution for level i

* multiply u,”, v;" by 2
* compute f,,f, f, using masks centered at
(x,y) and (x+u,” y+v,”)

* Apply LK to get u/(x, y), v/(x, y) (the
correction in flow)

 Add corrections u/ v/, i.e. u,=u; +u;
—_— * 4



Pyramids

* ' * '
U, =u,; +u1.,vl. =V +Vl-

pyramid pyramid
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*

~N N R W= O

Interpolation

*

o o
<
I
~N N AW N = O
o
o



1-D Interpolation

y=mx+c

f(x)=mx+c

(N (¢)



2-D Interpolation

f(x,y):al+a2x+a3y+a4xy Bilinear

X (3.6) X (4,6)
O
Xas X @)



Bi-linear Interpolation
Four nearest points of (x,y) are:

(x, ), (%, 1), (x, 1), (x, )
(3,5),(4,5),(3,6),(4,6)

x = int(x) 3 (3.2,5.6)

Y= int(y ) 0 X @o X 48
_ A Xaen X s
x=x+1

y=y+1 0



Bi-linear Interpolation

f(x,y)=¢.¢, f(x y)+68f(x y)+
e.6,f(x.y)+e.6,f(x,)

Homework
£ =Xx—X g =x—x=4-32=.8
g:;_y £,=y—y=6-5.6=.4
£ =x—x £, =X— x=32-2=.2

B £,=y—y=5.6-5=.0
s=yy 2
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Lucas-Kanade
without pyramids

Fails in areas of large
motion
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