Lecture-4

Computing Optical Flow
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Horn&Schunck Optical Flow
f (X, y,t) Image Sequence

df (x,y,t) _ of dx+af dy+af 0
dt ox dt oy dt ot

fx U+ ny + f; — () brightness constancy eq




—
Horn&Schunck Optical Flow

(X, y, 1) = f(X+dx, y+dy,t+dt)

@ Taylor Series

A a A
f(x,y,t):f(x,y,t)+§(dx+4/dy+ddt

fdx+ f dy+ fdt=0

fx U+ ny + f; — () brightness constancy eq

Interpretation of optical flow eq

fu+fv+f =0 i
f f ¥ P d=normal flow
V=——2Xyu—2>= ’ p=parallel flow
f, f, { o

JT2+£2

Equation of st.line
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Horn&Schunck (contd)
[ IR U+ v £ 4202 -+ +2 2k
@ - variational calculus
P
(f Ut v £ ), +A%Y =0 =t~
P
(Fu+f v+f)f, +A(&V) =0 v=v, - f, 5
J;& discrete version P=fu, + v, +1,
(Fu v+, +AU-1,)=0 D=+ il
(fu+fv+f)f +A-v,)=0 Ru=y, -+,

_
Algorithm-1

o k=0

o R
o Initialize
* Repeat until some error measure is satisfied
(converges)
u=u, — fx% I:J:fx v+fyvav+ft
DA 24
v:vw—ffg Y
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Derivatives

o Derivative: Rate of change of some quantity
Speed is a rate of change of a distance
Acceleration is a rate of change of speed

_
Derivative

df . f(x)— f(x—AXx) ,
— =lim = f = f

V= E speed

dt
a= Y cetora
— dt acceleration
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Examples

y=x"+x* y =sinx+e™

dy 3 d

XA -—Y::c:osx+(—1)e‘X

dx

_
Second Derivative

df,
dx

= ") =1,

y=x"+x*

ﬂ:2x+4x3

dx
2

Y _ 54105
dx
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Discrete Derivative
df F(X)— F(x—AX) _

—=lim,, = f'(x)
dx AX

df _ f(x)— f(x—l): £(x)

dx 1

ﬁ= f(x)— f(x-1)=f'(x)

dx

(Finite Difference)

_
Discrete Derivative

df

—= f(X)-f(x-1)="f '(X) Left difference

dx

df ,

& =1 (X) - f (X +1) = (X) Right difference
df

—= f(x+1)-f(x-1) = f'(x)

dx Center difference
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Example

F(x)=10 10 10 10 20 20 20
F’(x)=0 o 0 0 100 0 0

Left
0 0 0 10 -10 0

difference F'(X)=0

101 left difference
1 -1 right difference
-1 0 1 centerdifference
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Derivatives in Two Dimensions

06y)
& ¢ _tim, 0= F(x=Axy)
KSah g;( f(x y)—féx y —A4y)
Derivatives) 5: f,=limy : Ay i
(f,, f,) Gradient Vector

magnitude = /(2 + f7)

f
direction=6 =tan* -~

X

N f =f,+f, =Laplacian
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Derivatives of an Image

- Lot -1 -1 -1 prewit
P 0 0o
-1 0 1 1 1 1
f, f,
10 10 20 20 20 O 0 0 0O
10 10 20 20 20 0 30 30 0 O
I(x,y)=({10 10 20 20 20| I ,=|0 30 30 0 O
10 10 20 20 20 0 30 30 0 O
110 10 20 20 20| 0 0 0 0 0]
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Derivatives of an Image

10 10 20 20 20]
10 10 20 20 20
I(x,y)=|10 10 20 20 20| I, =
10 10 20 20 20
10 10 20 20 20

o O O o o
o O O O O
o O O o o
o O O o O
o O O O O
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Laplacian

_
Convolution

= B3
|
|
|
|
|

fix Ly+| fiey+fy fie L+l @-L1)y 2001y [ =Ly
fx Ly | L >)< 21| g0 |glm | —— h(X,Y)
Lyt fepel] ffen gLl | gaen [aln

iyt Ly+1mi- L Uiy Ligi, DnHfee Ly+ Ligi LLH
i Lyimi- LO w0, O+ Ly el L H
iz 1y D= L Dk fy- Digi - D+ Ly- Digi L- 1
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Convolution (contd)

h(x,y)=> > f(x+i.y+ g j)

i=—1 j=—

h(x,y)=f(X,¥)*g(x,y)

h(xy)= f(x-Ly-Dg(-1-D+ f(x,y-Dg(0,-D+ f(x +Ly-1)g(L-1)
+f(x=1y)9(=10)+ f(x,y)g(0,0) + f(x +1y)g(10)
+f(x=Ly+Dg(-1D+ f(x,y+Dg(0.) + f (x+1y+1Dg(L)
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Derivative Masks

-1 firstimage [_1 _1}"5“”1399 -1 first image
-11 11 -1 -1
-11 - second image 11
-11 f 11
y
f, f,

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




Synthetic Images

Horn & Schunck Results

PR N
BAA bbb A A RR R
E YRR S
B4R R AR
Bk kb kb b b
PAAA LR AL LR AL
F T

BAA R b AR

10 iterations

One iteration
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Lucas & Kanade (Least Squares)

o Optical flow eq foo Ty fu
fu+fyv=—f - {u}_ '
» Consider 3 by 3 window v
fxlu + fylv == ftl B fx9 fy9_ |~ ft9_
fxgu + fy9V == ft9 Au = ft

_
Lucas & Kanade

A 13 £
I'\UZIt

ATAu=ATf,
u=(ATA)ATF,

i

min > (fou+ fv+ )’
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Lucas & Kanade

min ) (fu+ fv+ f)?

11
Z(fxiu+ fyiv+ fg) T, =0

3 (fau+ v+ f)f, =0

_

D(faut fv+ f)f,=0

D (fau+ fv+ f)f, =0
Z fx?u + Z fxi fyiv = _Z fxi fti
z fafuu+ Z fy?V = _Z fi fy

D NRAS
p

Z fxi fyi Z fy?

_Z fxi fti
_Z fyi fti
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Lucas & Kanade

[ 17 7]
AR
L’- St Y [Z f.f
ul L PRI WA MBI
- i Z fxfz fyf —(z fli fyi)z - Z fof, z fxf 72 f f

f

yi 't

<

I A SL S
: S 2 123 1)
S f S f, =S £23 1,
- 2 ha 2 fi - fafy)?

u

without pyramids

Fails in areas of large
motion




Lucas-Kanade with Pyramids

_
Comments

o Horn-Schunck and Lucas-Kanade optical
method works only for small motion.

o If object moves faster, the brightness changes
rapidly, 2x2 or 3x3 masks fail to estimate
spatiotemporal derivatives.

o Pyramids can be used to compute large
optical flow vectors.










