3. Intensity transformations & spatial filtering

= Background
= Some basic intensity transformation

= Fundamentals of spatial filtering
= Smoothing spatial filters
= Sharpen spatial filters
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3.4 Fundamentals of spatial filtering

»Spatial filters vs. frequency filters
1) one-to-one correspondence in many cases
2) Spatial filters offer considerably more versatility because they

can be used also for nonlinear filtering, something we cannot do
In the frequency domain
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3.4 Fundamentals of spatial filtering

iimnga origin

Filter (IEJEES)
Mask (#&42)

Kernel (%)

Template (FR%R)
Window (B50)

g, yY)=w-1,-Df(x-Ly-D)+w(-L0)f(x-Ly)+...+wWO,0) f (X, y)+...+WLO) f (x+1L y)+wW(@LD f (x+1,y+1)




3.4 Fundamentals of spatial filtering

The general form of linear filtering
& (x,y) , FARST AmxnBIERRW(,))
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3.4 Fundamentals of spatial filtering
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3.4 Fundamentals of spatial filtering
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3.4.2 23 |8 K AH = M5
» HEXFEHNXER - &M

Correlation Convolution
_Q&ll‘%% . ,— Origin r w — Origin f w rotated 180°
- ® (a) O 0O O 1 0 0O OO0 1 2 3 2 8 00010000 8 2 3 2 1 (i)
¥
(b) o001 0000 o001 0000 (j)
1 2 3 2 8 8 2 3 2 1

v Starting position alignment

0 Zero padding E—
1 1
oOo0oo01000000O00O0

(c) 0O 0 0 O OO0 000001 00000000 (k)
1 2 3 2 8 8 2 3 2 1
(d)y o 0O 000O0O0T1TO0O0OO0OO0OOOOO 00000001 O0O0O0O0O0O0O0O0 (1)
12 3 2 8 8 2 3 21
*E* t_ position after one shift

(e) O O0OO0O0O0CO1TO0OO0O0O0O0O0O0O0 0O0000001 00000000 (m)
12 3 2 8 8 2 3 1
t Position after four shifts

(fh, o000 000100000000 OO0 000001 00000000 (n)

1 2 3 2 8 8 2 3 2 1
Final position 4

Full correlation result Full convolution result

(g) 000823210000 Oo0 0123280000 (o)

Cropped correlation result Cropped convolution result
(h) 08 23 2100 01 23 2 800 [§=)]

FIGURE 3.29 Illlustration of 1-D) correlation and convolution of a filter with a discrete unit impulse. Note that
correlation and convolution are functions of displacermnent.
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fBXFIESTRRIKR -
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3.4.2 %3 [B] I AH R I AR

Padded f

N 15T 1
E u *,n\ . ,— Origin f(x, y) : -
i : :
ZEEM: w(x, y) I I
AL 1 1 2 3 VIO
4 56
*E;é 7 89
: (a) (b)
v [nitial position for w Full correlation result Cropped correlation result
1T 2 3I
l |
_ 14 5 6 9 8 7
(X’Y)*f(x1y)— (3.4-1) 7 8 9 65 4
a b 9 8 7 3 21
1 6 5 4
DD w(s,t) f(x+s,y+t) 32
s=—at=-Db
B © (@ (e)
'S Rotated w Full convolution result Cropped convolution result
9 8 7
(X, yykf(x,y)= (34-2) 454 123
E_Z__I_: 4 5 6
S 123 7 89
D> w(s,t)f(x—s,y-t) | 456
s=—at=—b 78
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3.5 Smoothing spatial filtering
»The goal of smoothing spatial filtering

1) Inputf A |
[R5 E %

SgiEREas(smoothing)
(XM, noise reduction)

2)
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3.5.1 Smoothing linear filtering

»Two forms: uniform weights and un-uniform weights

1
uniformR= 2,19 i_§Z?:1zi

2)un—-uniform R= Z,l Z

Inversely proportional to distance
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Smoothing Linear Filters
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Smoothing Linear Filters

»Examplel: suppress noise but blur details (blending effect)

cconmE
% _
see A
- ot
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58 =
Tt 11111

e @l
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aaaaaaad aaaaaaaa; saadadaa -00""
. Blur effect
Noise
remove

» Template size
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Smoothing Linear Filters

»Example2: suppress noise but blur details (blending effect)

2) T"Iﬁl \/&%% . mll:l:ll
ﬁﬁ%{%ﬁ (1&#A4k blurring (Thliﬁﬁn \y Ha 9 E %
e 55 L/ i) V] GRILKIE)

Basic idea: Big mask is used to eliminate small objects from an image.
The size of the mask establishes the relative size of the objects that will be
blended with the background.

& thresholding B{EL (R K= E AY25%)
/ 15*151:;1&\ 7 resho |ng+ﬂ By A

(ST HESIqaNH

" Original image  Smoothed enhanced



3.5.2 EZ M (HEFF) Figis iR =8

Smoothing Nonlinear Filters (Ranking Filter)
= ERERMEFIRRR R BRI TS, HE]
- AR A A T .

"*J Can we find a novel filter that can suppress
noise while preserve details (edges)

@ F{EER85(Median Filter): suppress noise+
~ preserve edges

_

®Ranking Filter: The response is based on ordering (ranking) the pixels contained in the image area encompassed by the filter




3.5.2 IRzt (HEFF) B iR K B8

Smoothing Nonlinear Filters (Ranking Filter)

v HR{EEREE (Median Filter): $IMERS B EIRT X AETRIG RIS E R OIA 5
v B {578 3B7 8% (median filter) : R = median{z, [k=1,2,...,n xn}

The median,é&, of a set of values is such that half the values in the set
are less than or equal to & and half are greater than or equal to &

Example: Given the {Zl’22’23’24’25’26’27’28’29}
intensities covered by the .
mask: {10,20,20,20,15,20,20,25,100}
Zy | Z, | Z3 10 | 20 | 20 RankHEFF (AWM EIK)
;
24 | 75 | z5 || 20 | 15 | 20 | | {10,15,20, 20, 29, 20, 20, 25,100}
z, | 24 | z 20 | 25 | 100 K HE (S5 E)

¢
R =median{z, } =20

Please compute its median value



3 Image Enhancement

3.5.2 LM (HEF) FigIE

v Example: Median filters for suppress salt-and-pepper noise

=
B

NL 4
W
I\ g

HELEEE=impulse noise= white and black dots

Orlglnal input |mage

Incredible!

v Bk, REERSFLEHEREREES TN HERRE




3 Image Enhancement

536£E4thud3%§

Qhalnnn nn Qn ati al E |+n

v'So far, we have learn:

HHIRAE, /4%
B {5 454

Blur (smooth)

saAl BB 4
deblur (sharpen)
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first--and-second-order-derivatives

»Sharpening filter is based on the first & second derivative

. .. X _ F (X, +AXx) = (X,
The first order derivative : %‘WZM" L AA))( o) XeR
AX=1
of (X)
—megaEm: — - (D= T00 xeN
— s Al ﬁzf ’ 4
—HSHCEM =0 F(x-1)
X

—[f(x+1)— f ()][ F(¥)— f (x=D)]
— f(x+D)+ f (x=1)—2f (x)
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first- and second-order derivatives

»The features of the first & second order derivative
H[X 1u ensity tiansition Z4H [X In
f,(X) — f (X+1) _f (X) 6:5‘{:: l;:_jz‘/\_ Int iyt l ’@_:.?F‘_i:l;%—?
Constan LS i)
£7(x) = £/(x) — f'(x~1) gl ey TR HIRE il
= f(x+1)+ f (x=1) —2f () 5 e e i "W‘,; B
SHERE:—SBsLa | F TN
T M SBRERE T AN S S
Y 11] == ~ . Y v vY v v Y v v v .VYy v v Y
Ei?ﬂlzﬁ;#:_fq:/-lt'ql)’g E;:" 6(6|6|6|5[4]|3|2[1|1|1|1|1]|1|6]|6|6]6]|6]|—*
ERRTIIATF Istderivative 0 0-1-1-1-1-1 0 0 0 0 0 5 0 0 0 0
2nd derivative 0 0=1 0 0 0 0 1 0 0 0 0 5-50 00
BrExxE: —MSBEE ) g
BT, —MBEE—M - L A S {,‘ DS
T el S S R T T ;D 0% SR Bk 1 Lot TR T
{'-E{J*&{EEIJJ**&{EE(JRE 0 f -l — - 0O - O - O—e— @ - @--@- {_0_17}—*0---{9} I-_*g x
i, FFEzero—crossingqi|-  wleees’ Zwocosing |
=3 e Hist dernvative '
-4 |- O Second derivative |/
sg) 8
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Second Derivatives for Enhancement (the Laplacian)

§basic idea

. fixy) A
I E& | Vot (x y)= jzm E
f(x,y) g(x,y)

g(x,y)=f(x y)+c[V*f(xy)]

) How to compute V° (X, y) ?




3.6.2 T _MESHHE & 1ER

Second Derivatives for Enhancement (the Laplacian)

>3 Hlaplacian®F V° f (X, )
® R 3 f(xy) RILaplacian HF € X

5 o°f o°f
Vot = v +—
oM FEFH MRS A:

o° f
P =f(x+Ly)+ f(x=1Ly)—2f(X, y)\

o't f(x,y+1)+f(x,y1)2f(x,y)/@7

oy
o FE & BLaplacianEFH:

VA =[f(x+Ly)+ f(x=Ly)+ f (X, y+D)+ f(x,y-1)|-4f (x,y)




3.0.2 £
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Second Derivatives for Enhancement (the Laplacian)

» The template of Laplacian operators

R85

VA =[f(x+1Ly)+ F(x=Ly)+ f(x,y+D)+ f(x,y-D]-4f(x,y)

1|

N%%%;>

0] 1 0

1 -4 1

0] 1 0]
horizontal N vertical
“ RS | | RS

Vit =

horizontal
—riwm s

1 1

-8 | 1

1 1
vertical | |45°77 ]
it ol A B

135° 5[]
— w5
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Second Derivatives for Enhancement (the Laplacian)

>Examp le: | mage Sharpen I NEg (the north pole of the moon)

a

1 1 1 bc

de

FIGURE 3.38

1 _8 1 (a) Blurred image
of the North Pole
of the moon.

(b) Laplacian

1 1 1 without scaling.
(¢) Laplacian with
scaling. (d) Image
sharpened using
the mask in Fig.
3.37(a). (e) Result
of using the mask
in Fig. 3.37(b).
(Original image

courtesy of
NASA.)

g(x,y)=f(x, y)+V*f(xy) g(x,y) = f(x, y)+V*f(xy)
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Unsharp Masking and Highboost Filter

» Intuitive idea of image sharpening (enhancement)

JF (R 5
Original signal
Pl n
(e
Blurred signal
e

PIALARAR
Unsharpen signal —— 6‘)

JaN /
S/
B E S

Sharpened signal
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First Derivatives for Enhancement (Gradient, Sobel)

> FAHR B S S AL Bl 15

BNES 138
£ (X, Y) 9(%, y) = VF (%, )

of Q}T

r A BH__AEE. f=| —
HEHNHERE— I EE: \% {WEN

1/2

FRGENEERBESEERS: Vi=mag(Vi)=

2)+(5)

% REIHER B Vf = mag(VF) ~ Zf
X

_|_

g
oy
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First Derivatives for Enhancement (Gradient, Sobel)

of | |of :
» Vi ~|—|+|—=|G|+|G,| convolution mask|z |z |z
oX| |oy

@® Roberts operator(19657F) @ Sobel operator
i z|GX|+£Gy‘

oo = ln-zl+la -z | =g 2z z) - (@ +22,+2)
+|(z; + 224 + 2,) — (2, + 22, + 2,))|

1] 0 0 | -1 1] 0 | 1

0| 1 110 =21 0| 2
-1 1 0 | 1

\Yi z|G

X

The Roberts operator is one of the oldest operators [Roberts 65]

The primary disadvantage of Roberts operator is its high sensitivity to

noise, because very few pixels are used to approximate the gradient The idea behind using a weight value of 2 is to achieve some

smoothing by giving more importance to the center point




3.6.4 =T —MFHBIEHR1E®

First Derivatives for Enhancement (Gradient, Sobel)

'> Sobel % E B+ 5L (contact lens, B ZER§R)

11-2 1 -1 -11 0] 1
0o|l0] O -2 0| 2
1 2 1 -11 0| 1

4 -

e P
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Sharpening Spatial Filters
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Summary

Background
Some basic intensity transformation

Fundamentals of spatial filtering
Smoothing spatial filters
Sharpen spatial filters
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