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Pyramids

Very useful for representing images.

Pyramid is built by using multiple copies of
Image.

Each level in the pyramid is 1/4 of the size of
previous level.

The lowest level is of the highest resolution.

The highest level is of the lowest resolution.
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Gaussian Pyramids (reduce)

g,(i, j) = Z Zw(m n)g,(2i+m2j+n)

b

Level |

g, = REDUCE[g, 4]



Convolution
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Reduce (1D)

2
g(0)= Zﬁ(m)gm (2i+m)
=2
g/ (2)=w(-2)g, ,(4-2)+w(-Dg, ,(4-1+
w0)g,  (HD+w(l)g, (4+D)+w(2)g,  (4+2)

g2,(2)=w(=-2)g,,(2)+w(-D)g,_w3)+
w(0)g,_,(H)+w(l)g,_,(5)+m2)g,,(6)



Reduce

Gaussian Pyramid
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Gaussian Pyramids (expand)

&Oﬂ—ZZmNmuﬁp’q)

i 2

8in = EXPANDI[g, , |




Expand (1D)

= A i—p
g, (i) = ZW(p)gl,n_l ;
pP=

1

10 ()= W-2)g,,, (22 +(-D)g, () +

W0)g,, | (5)+vv<l>%(‘%1>+v’><z)gl,m )

Eln (4)=w(-2)g I.n—1 3)+w(0)g I.n—1 (2)++w(2)g I.n—1 (1)



Expand (1D)

gl,n —

gz,n(3)=ﬁf(—2)gzﬁ% )+w(=1)g, . 1(E)+

w(0)g, i )‘I'W(l)gz 1( )+W(2)gz = )

El.n 3)=w(-Dg /-1 (2) +w(l)g /-1 (1)



Expand

Gaussian Pyramid

¢l,1 = EXPAND[g 1 ]



Convolution Mask

[W(_z)a W(_ 1)9 W(O)a W(l)a W(2)]



Convolution Mask

e Separable

w(m,n) = w(m)w(n)

*SYmmetric
W(i) = (i)

[C9 b? a9 b9 c]



Convolution Mask

e The sum of mask should be 1.

a+2b+2c=1

*All nodes at a given level must contribute the
same total weight to the nodes at the next
higher level.

a+2c=2b



Convolution Mask

e o 0
oo d e 0o o o
a+2c=2b b_l C=%(2b—a)




Convolution Mask

w(0) = a
1

W(=1) =) =

1
W(=2)=W(2)= ;-

a=.4 GAUSSIAN, a=.5 TRINGULAR
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Approximate Gaussian
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Gaussian

w(0) = a

1
W(=1) =) =

1
W(=2)=W(2)= ;-



g(x)

Gaussian
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Separability




Algorithm

 Apply 1-D mask to alternate pixels along each
row of image.

* Apply 1-D mask to each pixel along alternate
columns of resultant image from previous
step.



Gaussian Pyramid




Laplacian Pyramids

e Similar to edge detected images.
 Most pixels are zero.
 Can be used for image compression.

L, =g, ~ EXPAND|g,]
L,=g,—EXPAND|g,]

L,=g,— EXPAND|g,]



Fig 5 Fimedour kevels ot che Gaussian ond Laplss jan pyoomid. Soussian imogss, uppec oo, wers obesinedoy sxpondig, proomid amos (Fig 40
through Goussion mearpolacion. Each level ofche Laplac fan pyooid is dhe dithemenes berween the coresponding and ne bl ghes levek of e
Gaugsian pyeamid

(=1

CRA] TS DI TD=100 100 S LY A PO 100 SIS vyl 3331



Coding using Laplacian Pyramid

*Compute Gaussian pyramid

81:82>83-84
«Compute Laplacian pyramid

L, =g —EXPANI,]
L, =g,— EXPANIg,)
L, =g,—EXPANDg,]
L4 =84
*Code Laplacian pyramid



Decoding using Laplacian pyramid

* Decode Laplacian pyramid.
e Compute Gaussian pyramid from Laplacian

ramid.
Py g, =1,
g, = EXPAND[g,]+L,
g, = EXPAND| g,|+ L,

g =EXPANI g, |+ L,

* g IS reconstructed image.



Laplacian Pyramid

iFig 41
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Image Compression (Entropy)
Bits per pixel
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Image Compression
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Combining Apple & Orange




Combining Apple & Orange




Algorithm

Generate Laplacian pyramid Lo of orange
Image.

Generate Laplacian pyramid La of apple
Image.
Generate Laplacian pyramid Lc by

— copying left half of nodes at each level from apple
and

— right half of nodes from orange pyramids.
Reconstruct combined image from Lc.



Reading Material

e http://ww-bcs.mit.edu/people/adelson/papers.html

—The Laplacian Pyramid as a compact code,
Burt and Adelson, IEEE Trans on
Communication, 1983.

* Fundamental of Computer Vision,
Section 4.5.

http://www.cs.ucf.edu/courses/cap6411/
book.pdf




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

e compute f, from a block displaced by
u,*(x,y), v,-*(x,y)

* 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, =1u,; +u1.,vl. =V +Vl-

pyramid pyramid
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1-D Interpolation

y=mx+c

f(x)=mx+c

(N (¢)



2-D Interpolation

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

O X

X X



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

(x, ), (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



f(x,p)

Bi-linear Interpolation

=¢.6,/(x,)

£.6,/(x,)

£.8,f(x,0)+¢,6,f(x,)
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Lucas-Kanade
without pyramids

Fails in areas of large
motion
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