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Single-Pixel Operations 3

I.1. Principle
-
y > y >

y B iixy)l | Herglxy)

Wz o R g|Z°— R

input image output image

= glx,y) = T(fix,y))

Single-Pixel Operations 4
I.2. Thresholding

If usu, then T(u)=0
If u>u, then T(u)=255

8-bit grayscale image
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—==  Single-Pixel Operations B

- 1.3a. Linear Gray-Level Mapping

TIR—>R
= ur>au+b
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—==  Sjngle-Pixel Operations 6
- 1.3b. Linear Gray-Level Mapping

‘ TIR—>R
=3 u>au+b

8-bit grayscale image
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Single-Pixel Operations
l.4a. Issue

Assume: 3(x,y)eZ?, g(x,y)&0..L-1
“Viewable” version, h, of g? Here is a solution:
V(x,y)€Z*, h(x,y)=nint[min{L-1,max{0,g(x,y)}}]
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G 1.4b. Issue

Assume: 3(x,y)eZ’, g(x,y)&0..L-1
“Viewable” version, h, of g? Here is a solution:
V(x,y)€Z’, h(x,y)=nint[min{L-1,max{0,g(x,y)}}]
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—==  Single-Pixel Operations

- lL.5a. Power-Law Gray-Level Mapping
T(u)=255(u/255)"
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I.5b. Power-Law Gray-Level Mapping

T(u)=255(u/255)"
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Single-Pixel Operations
I.5c. Power-Law Gray-Level Mapping

T(u)=255(u/255) ¥

Image Operations and Transformations
ll. Neighborhood Operations
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Neighborhood Operations 13
Il.1. Neighborhoods

et ot
. i » : i% .
City-block Chessboard
o dg
E p p

4-neighbors of p 8-neighbors of p
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Neighborhood Operations 14
11.2. Principle

input image

output image
) v 4

g(x,y) depends on the gray levels
from some neighborhood of (x,y) in f.
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Neighborhood Operations
Il.3a. Examples: Min Filters

X-ray image of a circuit board
corrupted by salt noise

3x3 min filtering
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Neighborhood Operations
I1.3b. Examples: Makx Filters

X-ray image of a circuit board
corrupted by pepper noise

r-
“‘ o a _.’

3 max filtering
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Neighborhood Operations
I.3c. Examples: Median Filters

X-ray image of a circuit board

corrupted by salt-and-pepper noise
Neighborhood Operations

I.3d. Examples: Mean Filters

g(x,y) is the average of the gray levels
from some neighborhood of (x,y) in f.
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—+= Neighborhood Operations 19

tng Il.4a. Correlation

S
aseen

v

y mask h
i h(-1,-1)h(-1,0) h(-1,1)

N
flx,») h(0,-1) |h(0,0)| h(0,1)|—,
J
input image il
i? % The gray levels are weighted coefficients
- ; that come from a mask h.
o= }‘ Neighborhood Operations 20

(= 1.4b. Correlation

h(0,0) | h(0,1) —»j N,y-ﬂ f(x-1,y) [ f(x-1,y+1)

)
h(1,0) | h(1,1) fix,y-1) | f(xy) | fx,y+1) ic
l mask h
: f(x+1,y-1)|f(x+1,y)[f(x+1,y+1)
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ﬁa Neighborhood Operations 21
[gfg Il.4c. Correlation
4 .
h 3
4 6
7
000|000
f g
0 0/0|0 7
0/0(1]0/0 2 6 4
g 0/0/0]|0|0 3 1
0/0|0|0]0
ﬁa Neighborhood Operations 22
!gfq Il.5a. Convolution
h(-1-1) | h(-1,0) | h(-1,1) :
! ? ? |  image f
h(O0, 1)\@0) h(*,ﬂ —> ] [f(x-1,y-1)| f(x-1,y)| f(x-1,y+1)
+
h(1,-0Y | h(1,8) | h(TTH~—X | f(xy-1) f(x,y+1)7>
5 li ask h
3 fx+1,y-1)[f(x+1,y)(f(x+1,y+1)
X N\ X \X /é/.
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Neighborhood Operations
I1.5b. Convolution
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—== Neighborhood Operations
(5 I.5c. Convolution

Consider an mxn mask 4 and an 1image f.
Consider the image g defined by:

m—1
2l

2 2

24

n—1
2= 2 1 0 L KGN by D

J

!
o (771 )(x.)

h*f 1s the convolution of /& with f
h 1s the convolution kernel
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Neighborhood Operations

Il.6a. Examples (cont’d): Mean Filters
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Neighborhood Operations

Il.6b. Examples (cont’d): Mean Filters

1

1

1
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g;'; Neighborhood Operations e 27
7 1l.6c. Examples (cont’d): Embossing Filters
e g 1T,
o 1] 0
o o -1
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Neighborhood Operations 28
Il.6d. Examples (cont’d): Prewitt Kernels

-1 -1 -1 -1 0 1

foe

horizontal edges _ vertical edges |
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Neighborhood Operations 29
Il.6e. Examples (cont’d): Prewitt Kernels

-1 -1 0 0 1 1

2 diagonal edges N diagonal edges

Neighborhood Operations 30
Il.6f. Examples (cont’d): Laplacian Kernels
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Neighborhood Operations

I1.7. Issues Truncation?
*
4 -. A
EE Default value?
/ *
f
§ [ ¢
Copy?
3k
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lll. Geometric Spatial Transformations
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Geometric Spatial Transformations

l11.1. Principle
T-1
S
y o % i
o \ /—\g(u’
N | &
Wz o R g|Z°— R
input image output image
§ g(u,v) depends on the gray levels
s from some neighborhood of (x,y) in f.
Geometric Spatial Transformations
lll.2a. Example: Image Scaling
0 ; 0 12 vV Q-1
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9(0,0)=£(0,0)
g(O)Q_l)zf((@DDNDﬂ’)) i
g(P-1,0)=F(M-1,0) g(u,v)=£f(x,y)
g(P-1,Q-1)=f(M-1,N-1) with x=? and y="
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Geometric Spatial Transformations
l1l.2b. Example: Image Scaling

y
X = e
- floy):
®--------- ¢

Nearest neighbour:

FOoy)=F(X,Y)
with X=? and Y="

Geometric Spatial Transformations
lll.2c. Example: Image Scaling

Y g vatl)

_Bilinear interpolation:
I_'(X;Vo)=(1-5)-f(Xo,Vo)+S-f(Xo+1,Vo)
f(6,Yo+1)=(1-5).f (X0, Yo+ 1)+s.f(Xg+1,yo+1)

FO6y) = (1-1).f(6,yo)+t.f(x,y,+1)
with s=? and t="?
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IV. Binary Single-Pixel Operations
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Binary Single-Pixel Operations 38
IV.1. Principle
y : y i
e - iy) | Lo alxy)
Z.= R g|Z°— R
v input image y v inputimage
xEre de— hixy) = T(f(x,y),g(x.y))
g h|Z?— R
® { output image




—==  Binary Single-Pixel Operations 39
(5 IV.2a. Arithmetic Operations

72— R

(x,y) = (fF+g)(x,y) = f(x,y)+g(x,y)
72— R

(x,y) = (fg)(x,y) = f(x,y)g(x,y)
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IV.2b. Arithmetic Operations

R =
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Binary Single-Pixel Operations
IV.3a. Logical Operations

h=f.g|Z*— R
(x,y) = (f Ag)(x,y) = min{f(x,y),g(x,y)}

h=f,g | Z>— R
(x,y) = (f v g)(x,y) = max{f(x,y),g(x,y)}
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VI COMPUTER SCIENCE
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Binary Single-Pixel Operations 42
IV 3b Loglcal Operatlons
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—+=  Other Transformations
- V.1.Image Registration

O L

fi17?— R

input image

v

Prof. Pascal Matsa k|s

v

T.?

® o
O
@

L1 72— R

y

input image

v

44



—<=  Other Transformations 45

ngg! V.2. Colour/Multispectral Transformations

oy

@ T,—>s e
O T, > (@
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T3
input image output image
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o= }" Other Transformations 46
(5 V.3.Image Transforms
;...;.. e . > y > y
; spatial spatial
domain domain
L flz?—R g|Z>—>R
- | inputimage | output image
. forward - 1/ inverse
T i
T,\transform ds el
E 6
transform transform

domain _)Tt domain

vp vp
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