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Image resizing

Change image size / resolution in Photoshop

Image Size

—‘ File Edit [Image| Layer Select Filter View Window

P v | ] Mook 1| e Width: | 2608 | pixels 3| preer——

Adjustments ’ : ] @
Duplicate.. Height: | 1952 | pixels % |

= Apply Image Autﬂ...

L% Calculations... . " |—|

V. X, — Document Size: TW

ﬁ y‘ anvas Size.,. . . "

é. 5.-‘, Rotate Canvas > : @

g, Crop Height: |8.133 | inches * |

.J‘ ‘\. Tom... : |

3 [T) i w Resolution: | 240 | pixels/inch % |

X 2 @ Variables ’

TR | |t ™ Scale Styles

',“ \)

Trap.. wiki

-~

™ Constrain Proportions
™ Resample Image:

| Bicubic (best for smooth gradients) =




Sampling

Reducing image size — down-sampling
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Is sampling really so easy
Moiré Patterns in Ima

Slides borrowed from Lingqi Yan (UCSB)



Is sampling really so easy?

W agon W heelllusion False M otion)

TEACH ME

wagon wheel effect

Slides borrowed from Linggi Yan (UCSB)



Aliasing

e Aliasing - artifacts due to sampling
 Why does aliasing happen?

— Signals are changing too fast but sampled too slow

f(x)

f recon (x)

e
_____
.........
e
e

Slides borrowed from Lingqi Yan (UCSB)



How to mathematically describe the
changing speed of a signal?

Slides borrowed from Linggi Yan (UCSB)



Smesand Cosmnes
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Frequencies cos2’ fX
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Higher Frequencies Need Faster Sampling

Periodic sampling locations

A

Low-frequency signal:
sampled adequately
for reasonable
reconstruction

High-frequency signal
is insufficiently
sampled:
....... AN \— reconstruction
................. incorrectly appears to
be from a low
» frequency signal

Slides borrowed from Linggi Yan (UCSB)



Undersampling Creates Frequency Aliases

NANN AT
R RIRIATRVIY

High-frequency signal is insufficiently sampled: samples
erroneously appear to be from a low-frequency signal

Two frequencies that are indistinguishable at a given sampling
rate are called “aliases”

Slides borrowed from Lingqi Yan (UCSB)



What are the frequencies of arbitrary signals

Fourier, Joseph (1768-1830)

French mathematician who discovered that any periodic motion can be written as a
superposition of sinusoidal and cosinusoidal vibrations. He developed a
mathematical theory of heat & in Théorie Analytique de la Chaleur (Analytic
Theory of Heat), (1822), discussing it in terms of differential equations.

the \ s house and killed himself BI paperofGalmswhlch he had
taken home to read shomy before his death was never recovered.

B Gaiois

Additional biographies: MacTutor (St. Andrews), Bonn

© 1996-2007 Eric W. Weisstein

Slides: Hoiem, Efros, and others



Fourier Transform

* Represent a function as a weighted sum of

sines and cosines.
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Fourier Transform

* Represent a function as a weighted sum of
sines and cosines.
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Fourier Transform

* Represent a function as a weighted sum of
sines and cosines.

Rt § 1 RN U R R ————————




Fourier Transform

* Represent a function as a weighted sum of
sines and cosines.

A | 2Acos(tw)  2Acos(3tw) 4 2A cos(5tw)  2A cos(Ttw) 5

2 T 37 om T

[TT—




Fourier Transform

e F(u) = ffooof(x)e_izmx dx

* f(0) = [J FWe™* du

e x:space, u: frequency, e'® = cos8 + isin®,

4 4
Fourier transform
\ J - frequency
4 dom ain
Inverse transform '< —
NG

Slides borrowed from Lingqi Yan (UCSB)



Fourier Transform of sinusoids

Signal f(x) Fourier Transform F(u)

f(x) = cos 2nkx Fuw)=i6(w+k)+6u—k)]

urce: fpcv.cs.columbia.edu



Fourier Transform of constant function

Signal f(x) Fourier Transform F(u)

F(u) =40(u)

urce: fpcv.cs.columbia.edu



Fourier Transform of Dirac function

Signal f(x) Fourier Transform F(u)

f(x)

urce: fpcv.cs.columbia.edu



Fourier Transform of box function

Signal f(x) Fourier Transform F(u)

F(u) =T sincTu

urce: fpcv.cs.columbia.edu



Fourier Transform of Gaussian function

Signal f(x) Fourier Transform F(u)

E(u) = xw/a g~ u%/a

urce: fpcv.cs.columbia.edu



Visualizing frequency content of images

Source: fpcv.cs.columbia.edu



Convolution Theorem

Spatial Domain Frequency Domain

gx) = f(x) *h(x) < G(u) = F(u) H(u)

Convolution Multiplication

gx)=f(x)h(x) <> Gu)=F@u)*H®W)

Multiplication Convolution




Sampling

* Sampling a signal = multiply the single by a
Dirac comb function

f(X) Fourier F(U)

1L = i




Sampling = Repeating Frequency Contents
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Fourier domain



Aliasing = Mixed Frequency Contents

Dense sam pling: /—\:/__\/—\ -
ey

-Fsl2 Fsl2

Sparse sam pling: / %: %\ ,
freg
-FSy in




How can we reduce aliasing?

Option 1: Increasing sampling rate
How large is enough?



Nyquist-Shannon theorem

* Consider a band-limited signal: has no
frequencies above f,

N

—fo fo

* The signal can be perfectly reconstructed if
sampled with a frequency larger than 2,



How can we reduce aliasing?

Option 2: Anti-aliasing
Filtering out high frequendcies before sampling

Filter to Avoid Aliasing
~ When Reducing Fs

g
E
| | | |
l V‘\
)
freq

Fsi2

Then sparse sampling W_\J I

-Fsyl2 -Fsyl2

Filtering




Filtering = Getting rid of
certain frequency contents



Visualzhg Im age Frequency Content

Slides borrowed from Lingqi Yan (UCSB)



FilterO utH igh Frequencies B lur)

Low pass filter

Slides borrowed from Lingqi Yan (UCSB)



FilterO utLow Frequencies O nly Edges)

High—pass filter

Slides borrowed from Linggi Yan (UCSB)



Filtering = Convolution
(= Averaging)



Convolution Theorem

Spatial
Domain
Fourier l Inv. Fourler
Transform Transfo rm
Frequency
Domain

Slides borrowed from Linggi Yan (UCSB)



Average Filter

Slides borrowed from Lingqi Yan (UCSB)



Average Filter

What is the Fourier transform of a rectangular
function?
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Average Filter = low-pass filter

Slides borrowed from Lingqi Yan (UCSB)



Wider kernel = lower frequency

Slides borrowed from Lingqi Yan (UCSB)



Gaussian filter

Y[Pixel]

-5.0

K[Pixel]




Guanssian filter

w
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Steps for anti-alisaing

1. Convolve the image with low-pass filters (e.g.
Average filter or Gaussian)

2. Sample it with a Nyquist rate



RegularSam p ling

Sam p le

Note pggies n rasterized triang le

where pixelvalues are pure red orwhite

Slides borrowed from Linggi Yan (UCSB)




Antialiased Sampling

Pre-Filter Sample

(remove frequencies above Nyquist)

Note antialiased edges in rasterized triangle
where pixel values take intermediate values

Slides borrowed from Linggi Yan (UCSB)



lasing

Antial




Today

* I[mage processing basics.
* Image sampling.
* Image maghnification.



Image maghnification




Image maghnification

Inverse of down-sampling (up-sampling)




Interpolation

What's the value In between?




Nearest-neighbor interpolation

Not continuous

Not smooth ‘

——90




Linear interpolation

Continous

Not smooth r —

(913 Jeaut|) apejodiau



Cubic interpolation

Continous |
Smooth | =

¢JaNag op am ue)

For eachinterval: vy =ax3+bx?*+cx+d



Bilinear Interpolation

N A R R A NN AR EEEEER A AEEEERR R R RRRaaannnnnns]

Tesssssssssssssssnnssssnnnnnsbasnnnnnnnnnnnnnnnnnnnnnnnnnnbonnnnnnnnnnnnnnnnnnnnnnnnnnnbonnnnnnnnnnnnnnnnnnnnnnnnnny

Want to sample
texture value f(x,y) at
red point

Black points indicate
texture sample
locations



Bilnear hterpolation

.............................

° ® ° ®
ST I T I S—
® ® ° ®
............................... S SR
® ® ° °

to0 U10
° ° ° °

Take 4 nearest sam p le
locations, w ith texture

values as labeled.



Bilnear hterpo lation
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And fractionaloffsets,
(5,t) as show n



Bilinear Interpolation

(V5]

Linear interpolation (1D)

lerp(x, vo,v1) = vo + z(v1 — vo)

Two helper lerps (horizontal)
uo = lerp(s,uoo, u10)

Uy = lerp(s,um,ull)



Bilnear hterpo lation

LLinear nterpolation (D)

lerp (x, , )= wn+ x(rn — )

Tw o helper lerps

uy = lerp (s, ugg, tp)

u; = lerp (s, g1, ug1)

Finalvertical lerp, to getresult:

® o ® ¢ f(x,y) = lerp (¢ ug, uy)




Bicubic Interpolation

bicubic




Comparison

nearest ) bilinear ) bicubic

0 1 2 3 4
I | ————
00 02 04 06 08 1.0 00 02 04 06 08 10 00 02 04 06 08 10




Comparison

Generally bilinear is good enough

N earest Bilnear



Super-Resolution

Original Bi-Cubic Super-Resolution



How to change aspect ratio!?




Challenge

Cropping may remove important contents



Seam Carving for Content-Aware Image Resizing

Shai Avidan Ariel Shamir
Mitsubishi Electric Research Labs The Interdisciplinary Center & MERL

Content-aware resizing




Basic idea

Problem statement: we need to remove n pixels from each row

Basic idea: remove unimportant pixels




Importance of pixel

How to measure importance of a pixel?
* A simple idea — edges are important

* Edge energy:
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Greedy algorithm

Remove pixels or columns with the smallest energy?

Least-energy pixels



Greedy algorithm

Remove pixels or columns with the smallest energy?

Least-energy columns



Seam carving

Find connected path of pixels from top to bottom

of which the edge energy is minimal




Finding the seam!?




Finding the seam!?

Going from top to bottom
* If M(i,j) = minimal energy of a seam going through (i,j)
* Then:

M(i, j)=E(@, j)+min(M(i -1, j 1), M(i -1, /), M(i -1, j +1))

* Solved by dynamic programing
58 |12]3
o 23 | o
7 3|42
4 | 5|7 | 8




Results

Original




Results

Scaling



Can we enlarge an image?




Seam insertion

Find k seams to insert

Then interpolate pixels




Questions?



Image completion

Restoration

Object
removal




Problem statement

Q
SR,
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Q=7-Q XX, Completion EIARIE E 411X K Q185 kX 4, 58 EREXIBQ ,
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Examplar-based methods

I )34 5 LN A A AN [X 3



Examplar-based methods




The order matters!
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Image Completion with Structure
Propagation

J. Sun, L. Yuan, J. Jia, and H. Shum
SIGGRAPH 2005
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(b)

F igure 3: Energy term s for structure propagation. (a) Curve
segm ents ¢y, (red) in the source patch, and curve segm ents
ci (vellow) in the target rectangle. Es (x;) m easures the
structure sim ilarity between ¢y, and c;. dist is the shortest
distance (black dotted line) from point c;(s) on segm ent c;
to segm ent cy,. (b) The green box shows the cost E | (xi)
on the boundary of the unknown region. T he red box show s
the cost E » (xi,x;) for neighboring patches.















Using local pathces may be insufficient

Criminisi et al. result



A 2 KBE

Scene Completion Using
Millions of Photographs

James Hays and Alexei A. Efros
SIGGRAPH 2007



Scene Matching for Image Completion




Data

2.3 Million unigue images from Flickr groups and keyword searches.




Scene Completion Result



The Algorithm

Input image Scene Descriptor
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Context matching

20 completions + blending 200 matches
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Scene Matching




Scene Descriptor
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... 200 total



Context Matching
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Using deep learning?

Fake Image

Auto-Encoder
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