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Pyramids and Blending




CSES97F

e Ste Goal: Image Compositing
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Penn State Compositing Procedure

1. Extract Sprites (e.g using Intelligent Scissors in Photoshop)

Composite by
David Dewey
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Penn State Need blending tO aVOid Seams
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Penn St Alpha Blending / Feathering

S

Tptend = Al + (1-00) L1,
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penn Stat Setting alpha: center seam

Distance

Transform
bwdist

Alpha = logical(dtrans1>dtrans2)
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Penn State Setting alpha: blurred seam

Distance
transform

Alpha = blurred
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Penn State Setting alpha: simple averaging

Alpha = .5 in overlap region
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rmse - Setting alpha: center weighting

Distance
transform

Alpha = dtrans1 / (dtrans1+dtrans2)
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Affect of Window Size

Penn State

right

11
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Pemn State Aftect of Window Size




CSES97F

Penn State GOOd WindOW Size

“Optimal” Window: smooth but not ghosted
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« Key Insight:

Coarse structure should blend very slowly
between 1images (lots of feathering), while
fine details should transition more quickly.

Natural to cast this 1n the Frequency Domain.
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Penn State FOurier Domain: A SUM Of SineS

Any periodic function can be rewritten as a weighted sum of sines.

Basic building block: A SIN( WX + @)

Add as many as you want to get any function you want!

example : g(') = sin(2pf ) + (1/3)sin(2p(3/) )
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Penn State Fourier Spectra

I frequency

0.3
/f 2f ff

example : g(') = sin(2pf ) + (1/3)sin(2p(3/) )
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Penn State EXtenSion tO ZD

provides a basis for decomposing any 2D image into
a linear combination of oriented frequencies.

spectrum
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Penn State Example: Man-made Scene

amplitude of fourier spectra

in Matlab, check out: imagesc(log(abs(fftshift(fft2(im)))));
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Penn Statc Manipulating Frequencies

fourier transform and inverse fourier transform allow us to move back and
forth from spatial to frequency domain.
=> can make a change in frequency domain and see what happens to image!
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e Stae Low and High Pass filtering

note artifacts!
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rmsee - Smoother low/band-pass filtering

low-pass:

Gaussian

LoG or DoG
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remsee 21 convolution theorem example
equlvalence of operatlons in spatial and frequency domains

. comvolation < multiplication
h(x.y) i

g(x.y) |G(S,.S,)|

spatial domain frequency domain
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Penn State Upshot of all this...

* Convolving with Gaussian 1n spatial domain
1s performing low-pass filtering in
frequency domain

e Convolving with LoG/DoG filter in spatial
domain 1s performing band-pass filtering in
frequency domain
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Penn State Recall: Gaussian Smoothing at
Different Scales

original sigma =1
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Penn State Gaussian Smoothing at
Different Scales
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Penn State Gaussian Smoothing at
Different Scales

original sigma = 10
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Penn State Pyramid Representations

Because a large amount of smoothing limits
the frequency of features in the image, we do
not need to keep all the pixels around!

Example, 1f we smooth so much that we have
uniform 1mage, we only need to store 1 grey value!

Strategy: progressively reduce the number of
pixels as we smooth more and more.

Leads to a “pyramid” representation if we
subsample at each level.
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Fonn State Gaussian Pyramid

High resolution » Low resolution

High res

M.Black, Brown Univ.
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rmsue - Upper Levels have Lower Resolution

High resolution » Low resolution
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ransere - Aside: Binomial Approximation

The Binomial Approximation is useful for
designing discrete Gaussian filters

_ n! n
ilrfi'.f' = T T = J
rl(n—r)t \r

n = number of elements 1n the 1D filter minus 1
r = position of element in the filter kernel (0, 1, 2...)

Note: generates the binomial coefficients
1.e. coefficients of (X+y)"n
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ransere - Aside: Binomial Approximation

. T n)

Easy to use 1f you a, =— L T E( J
remember Pascal’s EC N
triangle! n = number of elements in the 1D filter minus 1

r = position of element in the filter kernel (0, 1, 2...)

1 1
121 Pascal’s
1331 Triangle
14641
1 510105 1

and so on...
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ransere - Aside: Binomial Approximation

Look at odd-length rows of Pascal’s triangle:

11

e [121]/4 - approximates

Gaussian with sigma=1/sqrt(2)

1 331

14641 .
I~ [14641]/16 - approximates

1 510105 1 . L
Gaussian with sigma=1
and so on...

Cascaded filters: [1 2 1]/4*[121]/4—[14 64 1]/16
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rmsee - (Generating a Gaussian Pyramid

Basic Functions:
Blur (convolve with Gaussian
to smooth image)

DownSample (reduce image
size by half)

Upsample (double image size)
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Penn State D OWI]S ample

-

Recall: this is a bad idea unless you have
previously blurred (smoothed) the image!
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Upsample

_

How to fill in the empty values?

Interpolation:

 1mitially set empty pixels to zero

» convolve upsampled image with Gaussian filter!
e.g. 5x5 kernel with sigma = 1.

* Must also multiply by 4. Explain why.
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remsee Korming the Gaussian Pyramid

Low resolution g 01 =(G; * gaussian) ¥ 2

s ” T down-sampi

blur .
G, =10, * gaussianm v 2

High resolution

Iram & Basri

M.Black, Brown Univ.



CSES97F

e Stae Specific Example

From Crowley et.al., “Fast Computation of Characteristic

Scale using a Half-Octave Pyramid.”

General idea: cascaded filtering using [1 4 6 4 1] kernel to generate
a pyramid with two 1mages per octave (power of 2 change in
resolution). When we reach a full octave, downsample the image.
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Penn Stat Effective Sigma at Each Level
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Penn Stat Effective Sigma at Each Level

[ image siart )

CAN YOU
EXPLAIN HOW

THESE VALUES
ARISE?
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e Ste Gaussian pyramid
W/ \\
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A low-pass
representation
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rensee - From Gaussian to Laplacian Pyramid

A band-pass
representation
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Penn State LOG Op erator

0.08 T T T L T

/% | Second derivatives:
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M.Hebert, CMU
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Penn State Approximating LoG with DoG

LoG can be approximate by a Difference of two
Gaussians (DoGQ) at different scales

VZG ~ (3 Q Best approximation when:
o~ Lgq ao 51:%. ﬂgzv’ﬁﬁr
A

M.Hebert, CMU
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Penn State LaplaCian Pyramids

 Given input /

» Construct Gaussian pyramid 7¢,..,1°,

+ Take the difference between consecutive levels:

« L=, —1I,,

» Image /%, Is an approximation of the Laplacian at
scale number &

M.Hebert, CMU
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remsae (yenerating the Laplacian Pyramid
L, =G, —expand(G,, )
Gaussian Pyramid Gf — LI_ + E‘}{pﬂnd(Gi_l_]) Laplacian Pyramid

L. =G,

-
=

Iranm1 & Basri
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Crowley etal.

(
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Or Using the Half-Octave Pyramid...

]'illl T, |::'_I f *”3.':.|.H5 1
Level (0 [ gn,ao=1j ) @—" Li[aap = 115
| } _
oyl O f *”J-‘.-:.rcs v .Lj.[ He A = 1
Level 1 (_c.lll'.rr 1h=agim,a=1) ) @—— Lylop = 1.7
] } ,
Palm, ¥ Tgams = =
( gampling -)
palm, 1) L] *”3.‘;.:.55 2
Level 2 [ gin,a =1) ] @—' Lylop = 2.4)
¥ 5
min, 1) Tgmnma 2y ;
X + Stage k = 1
Level 3 E'“'“'E lj+gin.o=1) ] Le(onp = 3.3)
| }
pain, 1) i. Tgax |

[_ gampling

)

Y



CSES97F

Penn State Laplacian Pyramid (cont)

* Coarse layer of the Gaussian pyramid predicts the
appearance of the next finer layer.

 This prediction is not exact
« Laplacian pyramid stores the difference.
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Lossless Image Decomposition

256x256 128x128

64x64

]

we can recover the
original image if we just
have the coarsest
Gaussian and all the
laplacian “correction”
images.

The Laplacian Pyramid as a Compact Image Code Burt, P., and Adelson, E. H.,
IEEE Transactions on Communication, COM-31:532-540 (1983).
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remsae RECOVEring the L =G, —expand(G, )
Original Image G =L +expand(G, )

Irani & Basri
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Fenn St Pyramid Blending

Burt and Adelson, “A multiresolution spline
with application to image mosaics,”ACM

Transactions on Graphics, 1983, Vol.2,
pp.217-236.
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Pen

Picture Mergimg with Spline

%

For every Row:
C(i) = Hyi-x)A(1) + H (i-x)B(i)

HE(1) e ___Hrii}

o HEIGHT
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Fenn St Pyramid Blending
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laplacian

level
4

© (@ | (k)

laplacian

level
2

laplacian

level
0

(a)

left pyramid right pyramid blended pyramid
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e Stae Pyramid Blending

(d) (h)
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e Stae General Region Blending

* General Approach:

1. Build Laplacian pyramids L4 and LB from
images A and B

2. Build a Gaussian pyramid GR from selected
region R (mask that says which pixels come

from left and which from right)

3. Form a combined pyramid LS from LA and LB
using nodes of GR as weights:
* LS(ij) = GR(Lj)*LA(Lj) + (I-GR(1)))*LB(1))

4. Collapse the LS pyramid to get the final
blended 1mage
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Penn State Blending Regions

right

—_— blended
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Penn State Horror PhOtO

© david dmartin (Boston College)
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penn Stte CMU Comp Photo Fall 2005

/ﬁ_

© Chris Caméron
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remsee http://wiki.panotools.org/Enfuse
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Penn State Example
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Penn State HOW it Works

Image fusion maps each pixel P{i, x, y) of every input image i to a single pixel Qfx, y) in the output image: Pfi, x, y) — Q(x, y), where x runs
from 1 to the common width of the images, y from 1 to the common height, and 1 from 1 to the number of input iImages n.

Enfuse allows for weighting the contribution of each
w(P(L,z,y))P(L,z,y)+ ...+ w(P(n,z,y))P(n,z,y) = Qz,y), W)
where

= each wis non-negative to yield a physical intensity and
= the sum of all wis one to leave the total intensity unchanged.

The pixel weights w themselves are weighted sums with the same constraints

w(P) = Wap fop(P)+
Wsat fsat(P)+
Weont Seont (P, Teont )+ &
Went Jent (£ Tent )

The exposures + weight masks are then blended
by pyramid blending (using another program
called “Enblend”)
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Penn State HOW it WOrkS

Input Images Image - Laplacian Pyramid Weight Map - Gaussian Pyramid

o ' o=

Fused Pyramid Final Image

Figure 3. We fuse differently exposed images using a Laplacian decomposition of the images and a
Gaussian pyramid of the weight maps, which represent measures such as contrast and saturation.
Image courtesy of Jacques Joffre.

http://research.edm.uhasselt.be/~tmertens/papers/exposure fusion reduced.pdf
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Penn State Weight MaS S

500

considerin
contrast
only

1500

2000

1000 2000 T 3000 : 4000 5000 8000

considerin
saturation
only

1000 2000 3000 4000 s00n 6000
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Weight Masks

considering
exposure
only

default
JIT*contrast+
23*saturation
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remsee Simplification: Two-band Blending

« Brown & Lowe, 2003
— Only use two bands: high freq. and low freq.
— Blends low freq. smoothly

— Blend high freq. with no smoothing: use binary alpha
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Penn State StOp Here
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e 2-band Blending
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High frequency (A < 2 pixels)









