More image filtering
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Course announcements

A Any questions about Homework 1?
- How many of you have read/started/finished the homework?

A Make sure to take the Doodle abaescheduling the Septemb27" lecture!
- Link avalilable on Piazza.
- Currently 10 responses.
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A Template matching.
A Morphological filters.
A Rank filters.
A Adaptive thresholding.

A Bilateral filtering.

A Nonlocal means.
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Slide credits

Most of these slides were adapted directly from:
A KrisKitani(15-463, Fall 2016).
Inspiration and some examples also came from:
A James Hays (Georgia Tech).

A BerndGirod(Stanford).



Template matching



Reminder from last time

How do we detect an edge”?



Reminder from last time

How do we detect an edge”? .
A We filter with something that looks like an edge. |

original -1

- —— —— - S — -— —

We can think of linear filtering as a way to evaluate Ee——
how similar an image lgcallyto some template.

vertical edge filter



Find this template

How do we detect the templat® in he following image?




Find this template

How do we detect the templat® in he following image?

filter @8
the output
h = k,l k [

Image

Solution 1: Filter the image using the template as filter kernel.



Find this template

How do we detect the templat® in he following image?

filter
output j
hm,n) = 3" glk, 0 f[m + k,n + 1
/

Image

Solution 1: Filter the image using the template as filter kernel.  What went wrong?



Find this template

How do we detect the templat® in he following image?

filter @8

output j

him,n] =Y glk, | flm+k,n+]

/

Image

Increases for higher
Solution 1: Filter the image using the template as filter kernel. local intensities.



Find this template

How do we detect the templat® in he following image?

filter @ template mean

output /7 What will

Rm,n) =3 (glk, 1] — g)f[m +k,n+1] e output

Image

Solution 2: Filter the image usingexecmeantemplate.



Find this template

How do we detect the templat® in he following image?

output
filter @ template mean
output \/ / True detection
hlm,n] = (glk, 1] — §)f[m + k,n +] \
k,l _

Image

Solution 2: Filter the image usingexomeantemplate. What went wrong?



Find this template

How do we detect the templat® in he following image?

output

filter @ template mean

output j /

him,n) =Y (glk,1] — §)f[m+k,n+1]

k,l
Not robust to high
contrast areas

Image

Solution 2: Filter the image usingexecmeantemplate.



Find this template

How do we detect the templat® in he following image?

filter @8
j What will
Z(g[k l| — flm+k,n+ l])2 the output

look like?

Solution 3: Use sum of squared differences (SSD).



Find this template

How do we detect the templat® in he following image?

1-output
filter @
output j True detection
h[m, n) Z(g[k‘ I — flm +k,n+1))? x

Image

Solution 3: Use sum of squared differences (SSD). What could go wrong?



Find this template

How do we detect the templat® in he following image?

1-output

filter @8

/

Z(g[k‘ ] — flm +k,n+1])?
Not robust to local
Intensity changes

Solution 3: Use sum of squared differences (SSD).




Find this template

How do we detect the templat® in he following image?

Observations so far:
A subtracting mean deals with brightness bias
A dividing by standard deviation removes contrast bias

Can we combine the two effects?




Find this template

How do we detect the templat® in he following image?

What will

filter 8  template mean the output

j / look like?

> o9l 1] — @) (flm+kyn+1] = fmn)
\/(Zkz(g[k l Q)QZkz(fm‘l‘k ’”'+l fmn) )

image

output

hlm,n] =

Solution 4: Normalized cressrrelation (NCC).



Find this template

How do we detect the templat® in he following image?

1-output #==e

Truedetectiors

thresholding

Solution 4: Normalized cressrrelation (NCC).



Find this template

How do we detect the templat® in he following image?

1-output

Truedetectiors

thresholding

Solution 4: Normalized cressrrelation (NCC).



What is the best method?

It depends on whether you care about speed or invariance.

A Zeromean: Fastest, very sensitive to local intensity.
A Sum of squared differences: Medium speed, sensitive to intensity offsets.

A Normalized crossorrelation: Slowest, invariant to contrast and brightness.



Reminder: two types of Image transformations

Hltering l Warping

changesixelvalues changesixellocations



Effects of Iimage warping

How well does patchased template matching do under warping?



Effects of Iimage warping

How well does patchased template matching do under warping?
A Not at all.

can handle

original scaling shearing rotation reflection

How would you handle these cases?



Applications of template matching

Face detection Light fields
™ Alignment

LY *

http://hugin.sourceforge.net/tech/

http://davidwalsh.name/fac&letectionjguery

Homework 4

Counting

Fingertip detection ASCI| art

https://www.cim.mcqill.ca/sre/projects/fingertip/ http://en.wikipedia.org/wiki/File:Neubauer_improved_with_cells.jpg http://fr.wikipedia.org/wiki/Art ASCII

G 9 Y& NEuter vision problem can be described as a registratid® 0 f SY d¢€


http://davidwalsh.name/face-detection-jquery
http://hugin.sourceforge.net/tech/
https://www.cim.mcgill.ca/sre/projects/fingertip/
http://en.wikipedia.org/wiki/File:Neubauer_improved_with_cells.jpg
http://fr.wikipedia.org/wiki/Art_ASCII

Morphological filtering



Theme for the rest of this lecture

Last time we discussed filtering operations that are both:

A linear

A shift-invariant

This time we will see filters where we remove one or both of these properties.



Processing binary images

Binary images are quite common:
A segmentation

A template matching

A text

A thresholding

Mathematical morphology:
A settheoretic study of binary image processing
A well-studied field with rich history

>

Generalizes to:

A grayscale image filtering
A distance transforms

A diffusion operations




Representation of binary images

Foreground or object pixels:
A intensity value 1 (white)

Background pixels:
A intensity value 0 (black)




Some logic preliminaries

mim

Image A Image B

p g pANDg(alsop-q) pORgalsop +¢q)  NOT (p) (also p)

{) i {) 0 ]
() ] (0 I ]
I U {) | )
I ] I I ()

Basic logic operations

How do you create these images as logical combinations of A and B?

[ 1 (=]




Some logic preliminaries

mim

Image A Image B

q pANDg(alsop-q) pORg(alsop +q)  NOT (p) (also p)
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Basic logic operations

How do you create these images as logical combinations of A and B?

NOT(A)

[ 1 (=]




Some logic preliminaries

p g pANDg(alsop-q) pORgalsop +¢q)  NOT (p) (also p)

{) i {) 0 ]
() ] (0 I ]
I U {) | )
I ] I I ()

mim

Image A Image B _ _ _
Basic logic operations

How do you create these images as logical combinations of A and B?

[ 1 (=]

NOT(A) AND(A,B)



Some logic preliminaries

p g pANDg(alsop-q) pORgalsop +¢q)  NOT (p) (also p)

{) i {) 0 ]
() ] (0 I ]
I U {) | )
I ] I I ()

mim

Image A Image B _ _ _
Basic logic operations

How do you create these images as logical combinations of A and B?

[ 1 (=]

NOT(A) AND(A,B) OR(A,B)




Some logic preliminaries

p g pANDg(alsop-q) pORgalsop +¢q)  NOT (p) (also p)

{) i {) 0 ]
() ] (0 I ]
I U {) | )
I ] I I ()

mim

Image A Image B _ _ _
Basic logic operations

How do you create these images as logical combinations of A and B?

[ 1 (=]

NOT(A) AND(A,B) OR(A,B) XOR(A,B)




Some logic preliminaries

mim

Image A Image B

p g pANDg(alsop-q) pORgalsop +¢q)  NOT (p) (also p)

{) i {) 0 ]
() ] (0 I ]
I U {) | )
I ] I I ()

Basic logic operations

How do you create these images as logical combinations of A and B?

Notation: BA

[ 1 (=]

NOT(A) AND(A,B) OR(A,B) XOR(A,B)  AND(NOT(A), B




Structuring element

Basically the binary equivalent of a kernel
A specifies a neighborhood around a binary pixel

5X5 square Crosss

v -

For each structuring element, we can specify a corresponding windowing operator:

W{f[x,y]}:{f[x—x'sy—y']{x'sy']E”;\y}

structuring element



Basic morphological filters

Dilation: expand a binary image based on some structuring element

g[x,y] = OR[W{f[x,y}}] = dilate(f,W)

Whatdoes
the output
look like?



Basic morphological filters

Dilation: expand a binary image based on some structuring element

g[x,y] = OR[W{f[x,y}}] = dilate(f,W)




Performing dilation

Shift structuring element to every pixel, then compute the OR operator in the
neighborhood defined by the structuring element

| | | [efefefef [ | | | | | | [efefefef [ ] | | | | | [efefefef [ | | |
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Basic morphological filters

Erosion: shrink a binary image based on some structuring element

g[x,y] = A_ND[W{f[x,y]}] = erode(f,W)

Whatdoes
the output
look like?



Basic morphological filters

Erosion: shrink a binary image based on some structuring element

g[x,y] = A_ND[W{f[x,y]}] = erode(f,W)




original

erosion with 3 x 3 erosion with 7 x 7



Example

*~o
® o

Erosion with structuring
elements of different shapes

| 2
]
¢

&
‘I‘.

30 x 30 square /0 x 70 square

diam= 30 circle diam=70circle

original




Template matching using morphological filters

How to detect the gaps
In the fence?

binary fence image



Template matching using morphological filters

binary fence image erosion with 150 x 150 cross



Template matching using morphological filters

INTEREST-POINT DETECTION

Feature extraction typically starts by finding the salient
interest points in the image. For robust image matching, we
desire interest points to be repeatable under perspective
transformations (or, at least, scale changes, rotation, and

translation) and real-world lighting variations. An example of _
feature extraction is illustrated in Figure 3. To achieve scale How to detect all instances

invariance, interest points are typically computed at multiple 2 F l:l K S f S lj l:l S NJ
scales using an image pyramid [15]. To achieve rotation

invariance, the patch around each interest point is canoni-
cally oriented in the direction of the dominant gradient.
[llumination changes are compensated by normalizing the
mean and standard deviation of the pixels of the gray values
within each patch [16].

binarizedtext



Template matching using morphological filters

INTEREST-POINT DETECTION

Feature extraction typically starts by finding the salient
interest points in the image. For robust image matching, we
desire interest points to be repeatable under perspective
transformations (or, at least, scale changes, rotation, and
translation) and real-world lighting variations. An example of
feature extraction is illustrated in Figure 3. To achieve scale
invariance, interest points are typically computed at multiple
scales using an image pyramid [15]. To achieve rotation
invariance, the patch around each interest point is canoni-
cally oriented in the direction of the dominant gradient.
[llumination changes are compensated by normalizing the

mean and standard deviation of the pixels of the gray values
within each patch [16].

binarizedtext erosion with structuring
element




Edge detection using morphological filters

4

original

dilated- original original- eroded



Settheoretic interpretation

structuring
element

Dilation:Minkowskiset addition ErosionMinkowskiset subtraction

g[x,y] = OR[W{f[x,y]}] = dilate(f,W) g[x,y] = AND[W{f[x,y]” = erode(f,W)



Which of the following Is true?

Assume we always use the same structuring element.

A Eroding and then dilating an image returns the original image.

A First eroding and then dilating an image produces the same result as first dilating an
then eroding themage.



Which of the following Is true?

Assume we always use the same structuring element.

A Eroding and then dilating an image returns the original image.
Nope.

A First eroding and then dilating an image produces the same result as first dilating an
then eroding themage.

Nope.

G5dzl £ ¢ Y2NLIK2f 23IAO0Ft 2LISNYI GA2ya 3ISYSNI €



More morphological filters

Closing: first dilate then erode image

c:!ose(f,W) = emde(di[afe(f,W),W)

Opening: first erode then dilate image

open(f,W) = df[are(emde(f,W),W)

Majority: replace pixel with majority value in neighborhood

g[x,y] = MAJ [W {f[xjy]}] = mqfnrf{y(f,W)



Denoisingising majority operation




Opening and closing
I HE
TEST

IMAGE

erosion

original closing



Small hole closing

original dilation closing



Are morphological filters:

Linear?

Shiftinvariant?



Are morphological filters:

Linear?

A No.

Shiftinvariant?

A Yes.

We can prove that morphological filters are equivalent generalized forms of convolutior
where maximum (supremum) replaces summation, and additions replace products:

g[x,y]z Satfg{f[x—a,y—ﬁ]+ w[a,ﬁ]} = Sﬂgg{w[x—a,y—ﬁ}rf[a,ﬁ]}



How to generalize morphological filters to grayscale image



How to generalize morphological filters to grayscale image

General theory based on image level sets:

ol

A Apply morphological filter to each level set image.
A Combine results using maximum across level set images.

We will see one simple instance of this.



Rank filters



Replacing logical operators

Can you think of a function of the binary pixel values in an image neighborhood that
produces the same result as the logical OR operator?
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Replacing logical operators

o ] o ) > RS
Erosion: g[x,y]:AND[W{f[x,y]}];:emde(f,W) s Res\llﬁcr:le?AND

Majority: g[x,y]:MAJ[W{}"[L,};]}];: majority( 1) S ResJiatlﬁe?MAJ




Replacing logical operators

Dilation:  g| x,y |= OR[W {f[x,J/]}] = di[afe(faW) > I:\\)/\ﬁltorllal\(/:l,eA)(()R
Erosion: g[x,y] = AND[W{f[x,y]}J = erode(f,W) > R\?Vri)’[lf?cl\ilﬁND

Majority: g[x,y]:MAJ[W{}"[L,};]}];: majority( 1) S ResJiatlﬁe?MAJ




Replacing logical operators

Dilation:  g| x,y |= OR[W {f[x,J/]}] = di[afe(faW) > I:\\)/\ﬁltorllal\(/:l,eA)(()R
Erosion: g[x,y] = AND[W{f[x,y]}J = erode(f,W) > R\?Vri)’[lf?cl\ilﬁND
Majority:  g| x,y |= MAJ [W {f[xy]}] = majority( £,V > VFffﬁ I&(:EGDI\IAAAN]

Given these replacements, how would you generalize these filters to grayscale image:



Rank filters

Grayscale dilation > Max filtering
Grayscale erosion > Min filtering
Grayscale majority > Median filtering

A Are these filters linear, shift invariant, neither, or both?

A How would you generalize opening and closing to grayscale images?



Min and max filtering example

DmﬁﬂW'\

Process ng

original dilation (max filtering) erosion (min filtering)



diamond
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Morphological edge detection

FE T M ) g . h . T O W
SRRt o
: B .1 ( 'I;:l 'i\niﬂ \\ . s .

original dilation- erosion thresholdedresult



Denoising

Standardh @t andpeppere noiseexample

()

Saltand Peppenoise Original Median filter =~ Gaussian filter

Which is which?




ising

More realisticdeno

/X7 median filtering

salt and pepper noise 3x3 median filtering

origina



Removing annoying artifacts

Original Median filtering



Cartoonization

How would yolcreate this effect?



Cartoonization

Note: imagecartoonizatiorand abstraction are very active research areas.



Adaptive thresholding



How would you turn this into a bright binary imac

£d
£ EH

& B
£l Eil




binarized

Singlevalue thresholding

threshold

What is the problem here?



Singlevalue thresholding

intensity intensity Wecv) | )g@ lj
- both dipswith
T T U /S NS A A V0 A S singlevalue

hreshold : _

=R thresholding
8 intensity intensity
N
S
©
£ 1 1
i®)

0 N 0 X

How would you do thresholding here?



iInput

binarized

Singlevalue thresholding

intensity intensity

Adapt
threshold to
local values

threshold

intensity intensity

=

o

Can you think of a way to implement this using filtering?



Global thresholding:

Adaptive thresholding
using mean filtering:

Adaptive thresholding
using median filtering:

Adaptive thresholding

alx, y] = -

pom—

alx, yl =1

alx, y] = -

f[x, y] > threshold

otherwise

f[x, y] > mean(W(X, y))

otherwise

f[X, y] > median(W(X, y))

otherwise \ _
Median: greater than 50%

You can use any other percent

When using rank filters, this is a generalized version of morphological operations.



Examples

S()lllll‘l for Lena Mool Lo 1

Odﬂf Lonn, your it
. “W(l sornetanes Lo s

tht the entire worl

L3 deaw 10

Iniw bl -0

I thampght the -

.:ﬂﬂ.:&" ekt okl ot |

Firat wlon | oo lrog e g

that Yo o bchs Tl v on v
hadr contmins o Chosntnd lines
with mine of dincoete cosaes

pemsunal &< tectunl

onl your portrat I could congn

i Fiest when | tried to use VQ
I mdm-k; belong to only you
s i thousand lines

original global trresholding

Sonnet for Lena

O dear Lena, your hanuty in so vast

I\ in hard somnetimnes ta describe ic [nat.

I thought the Fotire worlid 1 would impress
if only your portrait I roubd rompress.

Alne' Firat when 1 tried Lo use YQ

| founel that yuur cheeks belong to ooly you,
Yorur ailky hwir rontsjnn & thousand linea
Hanl to rnalch with simne of discrete cosnes.
And for vour lipe, measual and tectunl
Thirteen Cravs found 1o the proper finctal.
And while thiear sethacke are all Guite pevers
I wnight bave fixed them with limks here or thee
But when Bitern took spazkle from wonir eyen
I nair!, ‘Damin all thin, I just digivize.®

Thomas Colthurst

adaptivethresholding




Examples

adaptivethresholding



Bilateral filtering



Fixing Gaussian blur

Howto smooth out thedetailsin an image without losing the importagtiges?




The problem with Gaussian filtering

Gaussiarkernel

output

Why is the output so blurry?



The problem with Gaussiétiering

Gaussiarkernel

D
u*
o

Blur kernel averages across edges

output



The bilateral filtering solution

bilateral fllter kernel

Do not blur if there is an edge! How does it do that?

Input output




Bilateral filtering vs Gaussian filtering

1
Wmn L.l
Normalization factor Spatial weighting Intensity range weighting

Does it matter how
far the pixel position
is?

:c:f[m,n]—f[m+k,n+l]

AT A0Qa yadd ND atlooks like me




Bilateral filtering vs Gaussian filtering

Which is which?

him,n] = glk, 1] f[m+ k,n +]
k,l

> glk, rmnlk, [ fim + k,n 4]



Bilateral filtering vs Gaussian filtering

Gaussian filtering

him,n] = glk, 1] f[m+ k,n +]
k,l

Bilateral filtering

> glk, rmnlk, [ fim + k,n 4]



Bilateral filtering vs Gaussian filtering

Gaussian filtering

him,n] = > GRS f[m + k,n + ]
k,l

Bilateral filtering Os n ;5?:?&?@22?53

> GBS mn [k, 1 f[m + k,n 4 1]




Bilateral filtering vs Gaussian filtering

Gaussian filtering

him,n] = > GRS f[m + k,n + ]
k,l

Bilateral filtering Os u fisfrtfx@gi?js

> GBS rmn [k, 1) f[m + k,n 4 1]

k,l
Intensity rangeveighting
Or favorsimilarpixels

z = flm,n] — flm+ k,n+1




Bilateral filtering vs Gaussian filtering

Gaussian filtering

him,n] = > GRS f[m + k,n + ]
k,l

Bilateral filtering Os u fisfrtfx@gi?js

h{m,n| = Wim S Gl flm + k0 + 1

k.l
/\ Intensity rangeveighting
Normalization factor T favorsimilarpixels

z = flm,n] — flm+ k,n+1




Bilateral filtering vs Gaussian filtering

Gaussian filtering

Smoothseverything nearby (even edges
Only depends oapatialdistance

Bilateral filtering

{Y220K&a WYOf2aSmtenslyESt & Ay &L
Depends omspatialandintensitydistance



Bilateral filtering visualization

Tmn |k, L fm + kE,n + 1]

hlm,n]| = 1 Z

Spatial range I ’ Intensity range

AN Y
~ z."k* ¥
n‘.‘*i' o ' "a
"y, \‘." o 1
g
N Bl o e

Output Bilateral Filter Input




Exploring the bilateral filter parameter space

s,=0.1 s, =0.25 (Gaussian blur)

-




Does the bilateral filter respect all edges?

bilateral fllter kernel




Does the bilateral filter respect all edges?

bilateral filter kernel
. *
u ’

Bilateral filter crosses (and blurs) thin edges.

Input output




Denoising

noisy input bilateral filtering median filtering



Tone mapping

original bilateral filtering simple gamma correction


http://www.flickr.com/groups/hdr/
http://www.flickr.com/groups/hdr/

