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Image Filtering
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What is image filtering? >
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Image Filtering Methéds

e Spatial Domain
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e Frequency Domain (i.e., uses Fourier Transform)

f(x, y)— Transform

-

T(u, v)

Operation
R

R[T(u, v)]

Inverse
transform

- g (X, )

e e el

Spa}ial e e———_ e——_ SDAL12]

Transform domain

domain

domain

https://manara.edu.sy/


https://manara.edu.sy/

/|
Spatial Domain Meth&ds

Point Processing Methods
input image enhanced image

T [ g(x,y) = T[f(x,y)]

T operates on 1 pixel

Area or Mask Processing Methods

input image enhanced image
L - pa g(x,y) = T[{(x,y)]
N i e R T operates on a
neighborhood of pixels
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Point Processing Metkiads

e Convert a given pixel value to a new pixel value based on some
predefined function.

255

new
gray-level

0 o 255
origilnal
gray-level
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Point Processing Metﬁjﬁ@ds - Examples

Negative Contrast stretching
i f/ Thresholding
n /a : h 255 _I . _‘

Histogram
Equalization
E——>
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Area Processing Methdls

* Need to define:
(1) Area shape and size
(2) Operation

Area or Mask Processing Methods

input image output Image

=

AN
A

g(x,y) = T[f(x,y)]

N i i B o o T operates on a
neighborhood of pixels
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Area Shape and Size s

*Area shape is typically defined using a
rectangular mask.

» Area size Is determined by mask size.
e.g., 3x3 or 5x5

» Mask size is an important parameter!

Origin ™\

Image f

— ()(. y)

3 X 3 neighborhood of (x, y)

Spatial domain
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Operation

e Typically linear combinations of pixel

values.

* e.g., weight pixel values and add them

together.

e Different results can be obtained

using different weights.

e e.g., smoothing, sharpening, edge

detection).

mask
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Example o

wl|wd '||l."_-l

wad | W5 wg

WT| w3 w5

10| 5|3 0|00
4161 0/0.50 > 8

1118 0105

Local image mask Modified image data

neighborhood
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Common Linear Operdtions

eCorrelation

e Convolution
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Correlation 6)al
* Afiltered image is generated as the center of the mask visits every

pixel in the input image.
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Correlation — Exampléis

X |

1

|
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Geometric Interpretatian of Correlation

e Suppose x and y are two n-dimensional vectors:

X=(X, %, X) Y=Y, Yo ¥p)
e The dot product of x with y is defined as:
XY=XY, + XY, +..+ X Y,

using vector
notation: X.y = x|| y|cos(8)

» Correlation generalizes the notion of dot product
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Geometric Interpretatiofi of Correlation (cont’d)

measures the similarity between x and y

X.y=| x||y|cos(€) or cos(6) XY

[ X1y

Normalized correlation (i.e., divide by lengths)

ZE: ZE:h(k,l)f(i+k,j+l)
N D =——= e o
[Z Z hz(k,l)]llz[z Z f2@G+k, j+D]J¥?

k=—b |=—

NS

n
2
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Normalized Correlation

e Measure the similarity between images or parts of images.
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Application: TV Remaf&iControl

Example 1: TV Remote Control

Credit: W. Freeman et al, “Computer Vision for Interactive Computer
Graphics,” IEEE Computer Graphics and Applications, 1998

26/ 31
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Application : TV Remote Control (cont’d)

Example 1 (cont'd)
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Application : TV Reméte Control (cont’d)

Example 1 (cont'd)

,.E
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Application : TV Reméte Control (cont’d)

Example 1 (cont'd)
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Application : TV Reméte Control (cont’d)

Example 1 (cont'd)
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Application : TV Reméte Control (cont’d)

Example 1 (cont'd): Normalized Correlation

Template (left), image (middle), normalized correlation (right)
Note peak value at the true position of the hand

Credit: W. Freeman et al, “Computer Vision for Interactive Computer
Graphics,” IEEE Computer Graphics and Applications, 1998
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 Traditional correlation cannot handle changes due to:
* size
 oOrientation
» shape (e.g., deformable objects).
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Convolution oy

e Same as correlation except that the mask is flipped, both horizontally
and vertically.

H 7181 9 Y, 9 | 8 | 7
415 |6 |mmp|4 |56 |mmy|6 |54
/71 819 1 12| 3 312 |1
R o : oz
k:—g |=—g k:—% |=—g
For symmetric masks (i.e., ), Notation:

convolution is equivalent to correlation!.,, h*f=f*h
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Correlation/Convolutin Examples

LA UV
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How do we choose %ue mask weights?

* Depends on the application.
e Usually by sampling certain functions and their derivatives.

e

() 0 {

Good for Good for
Image Image
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Normalization of Ma%ﬁﬁNeights

* Sum of weights affects overall intensity of output image.

 Positive weights
* Normalize them such that they sum to one.

* Both positive and negative weights
e Should sum to zero (but not always)

w1 | wa 1,.._] 1 1 1 1 2 1
wd | wS| we 1 1 1 2 4 2
WT| w3 w3 1 1 1 1 2
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Smoothing Using Aveliaging

e Idea: replace each pixel by the average of its neighbors.
 Useful for reducing noise and unimportant details.

*The size of the mask controls the amount of smoothing.

1 I i l
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Smoothing Using Avefiaging (cont’d)

[ILTEERE S T

 Trade-off: noise vs blurring and loss of detail.

original 3x3 G X7

https://manara.edu.sy/


https://manara.edu.sy/

%f

Gaussian Smoothing s

* Idea: replace each pixel by a weighted average of its neighbors
* Mask weights are computed by sampling a Gaussian function

1 B X% + y2 7 % 7 Ganssian mask
2 ;
Golx.y) = S5 exp 20 T R TR Note: weight
| R a5 values decrease
¢ MR SR 200 with distance
f;.-:'};"-.' 2 4ot WlIEER. 42 from mask
T N, 224 8 422 conterl
s =l Eear A i e B LY
i | I BT ]
Wi i 0
x B 2 %
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Gaussian Smoothing (€ant’d)

mask size depends on ¢ . height = width = 5o (subtends 98.76% of the area)

* ¢ determines the degree of smoothing!
0=3

15 x 15 Gaussian mask
Effectof o

Al ity R T e T Jitiesn i

0.4 oL EHR SRS TR S Lapbiaiel. TR, LT
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Gaussian Smoothing (Eant’d)

Gaussian(sigma, hSize, h)
float sigma, *h;

int hSize;

{

int i

float cst, tssq, x, sum;
halfSize=(int)(2.5*sigma);

cst = 1./(sigma*sqrt(2.0*Pl)) ; hSize=2*halfSize:
tssq = 1./(2*sigma*sigma) ; i

iIf (hSize % 2 == 0) ++hSize;
for(i=0; i<hSize; i++) { /

x=(float)(i-hSize/2); wharlt = we

—
h[i]=(cst*exp(-(x*x*tssq))) ; i /1\1
} 0Bk .I'I =1
oz / |
sum=0.0; ue| i b
for(i=0;i<hSize;i++) ns- ,'f \\
sum += h[i]; ¥ } i
for(i=0;i<hSize;i++) /
. a2k ! LY
h[i] /= sum; { \
a1} ..,-" F_‘
} ol i A
=5 - _::1 ETTR R Q | z a
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Gaussian Smoothing siExample

O =1pixel O =5pixels O =10 pixels U =30 pixels
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Averaging

Gaussian
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Properties of Gaussian %
e Convolution with self is another Gaussian

Goy (X)* G (X) =

Il
)
2
ma
+
"
ma

e Special case: convolving two times with Gaussian kernel of
width g is equivalent to convolving once with kernel of
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Properties of Gaussian (c%’d)

o Separable kernel: a 2D Gaussian can be expressed as the
product of two 1D Gaussians.
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Properties of Gaussiafifcont’d)

e 2D Gaussian convolution can be implemented more efficiently using
1D convolutions:

gi.)= % Y hkDfG-Fk.j—1) =

fr=—n/2 [=n/2
12 12 _(};,E + F} |
’ expl——=—1/li-kj-D=
k=—n/2 I=n/2 L
ni/2 . _2 | |
2 expl=—] 2 exp|l-=1/fi-k.j-1)
k=—n/2 2 o [=—n/2 2 O
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Properties of Gaussiani{¢ont’d)

To convolve an image / with a nxn 2D Gaussian mask G with o = o,

. Build a 1-D Gaussian mask g, of width », with c:rg-

2. Convolve Eachmff gl getanew image I,

j Convolve each column of |, with g

—

- || -
by .
H -
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Example B
. 1 |2 |1 2 [ 3]s =2+6+3=11
2D convolution
H 5 = — —
(center location only) 2 |4 ]2 |*[3 |5 ]5]| =6+20+10=36 O(ng)
1712 | 1 4 la ls =4+8+86=18
65
The filter factors
into a product of 1D T 12 |1 1] x [ 1]2]1
filters: 2 |4 ]21=|>
1211 1
Perform convolution 2 13|53 11
along rows: T2 1] %3 |5 |5 |= 18

0 N I8 O(2n)=0(n)

: 1 11
Followed by convolution

. . -18
along the remaining column: 2] *
1 18

1
o)
w
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Image Sharpening s

* |dea: compute intensity differences in local image regions.

» Useful for emphasizing transitions in intensity (e.g., in edge

detection).
input image mask
1|-1] -4
1o (1olagloslod 1den|acd ad 1% |-1| &]-1
10 |10f10{10| 1 adeg| 2 ad 1]-1
10 |1of1of1o)1of 10 ec-“a-# a0
1o (10 ao{10lgof10|eo| aolad i
1o |10| 20|10 18] 1ofzc| 20| 2 : T —
: i Al e
'\.I“. \
I‘-
kS _ 1/9(-10-10-10-10+80-10-10-10-100 =0

(there is no wvariation in the gray-levels)

—
_- 1/9 (-10 - 80 - 80 -10 + 640 -80 -10 -80 -80) = 210/9 = 0

(there is wvariation in the gray-levels)
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