Computing Optical Flow
Lecture-6
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Optical Flow Field 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



Horn&Schunck Optical Flow

Brightness constancy assumption
f(x,y,t) = f(x+dx,y+dy,t+dt)
‘ Taylor Series
& & &
f(x,y,t)= f(x,y,t)+5dx+5dy+gdt
fdx+ f dy+ fdt=0

fu+fv+f =0



Interpretation of optical flow eqg

fu+fv+f =0

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

‘ in

(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)
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Apply first mask to 1st image
Second mask to 2nd image
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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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10 iterations

One iteration



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
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ATAu=A'f,
u=(ATA)A"

T,
\Pseudo Inverse

min > (fau+ fav+ f)° Least Squares Fit




Lucas & Kanade

min > (fu+ fv+ f,)

Z(fxiu+ fyiv+ fti)fxi :O

S (fu+ fv+f)f, =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
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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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