Konvoluce

(Fr9)t)= [ f(D)glt = 7)dr

$ZL1}{L1—'L1
fg
i -
D.B'?f
o 0.&}
_ &
o.aF
IFN
-2 -1.% -1 -0.32 0.3 1 1.5 2-2 -1.3% -1 -0.5 1



V]astnosti
fg=g%*[f

fr(g#xh)=(f*g)*h
a(f *xg)= (af)*g= [+ (ag)
f(g+h)=(f*g)+ (f*h)
fxd=0xf=1Ff



Dirac delta funkce

sz) =4 T=0 /ﬁ(ﬂz)dﬂ:=1
J 0, z#0

fm flz)dlr —a)dr= f(a)

5() 5@_x@T

al 0 1o T

olar) =



Dirac delta funkce




Diskrétni konvoluce

5101165 225 16 g o

10165 255 165 255 s |

225 165 1W

225 | 165 255 255 255 255,255
5255 266

o5 165 25 5

(fxg)[n] => 0 . flk]-g[n — k]

255x2

165x1




Hranice

Convolution
mask




Osetreni hranice

« Zero padding
« Mirror extension

e Periodic extension



VIneéni

frekvencni analyza



Fouriler transform

Fourierovy rady

{dn) - UONSvH, feH _‘
Uplny ortonormalini systém g

cr = ( f, @) — Fourlterovy koeficienty

HC
f = Z Euzdrj'.z._'
i=1



flx)= - au i+ Zﬂ,, cos (nx) 4+ Zb sin (n x),

do l j{r]dr

fj (x)cos(nx)dx
= - fj (x)sin(nx)dx
N Jon



Eje

Fouriler transform

= cos(f) + jsin(#)

F(k) :f flx)e 2k dp.

flz) = f F(k)e* = dk

Fxastence F'T — stact f £ Ly

F=R(F)+iL(F)=|F|-e#"D



_— Vlastnosti FT
* linearity

Flaf(z) + bg(x)] = aF[f(x)] + bFg(x)] = aF(k) + bG (k).

e convolution convolution theorem
FIf1Flgl = FIf * g
e shift shift theorem

Fulf(z — 20)](k) = e 2720 p(K).

e rotation rotational theorem
F{f(Rer)} = F(Rok)
« scaling similarity theorem

Fa[flaz)](k) = la| ' F (E) |

(L



2D Fourier transform

{ Dun( T, Y ) } - JLE’ —2mi(wrt-vy) }

Flu, tl—f/fle y e T TRy
fle,y) = ffFIEE v)e TR gy dy

L2



The 2D Basis Functions 27 (Ux+Vy)

The wavelength is 1/ \/u2 +y2. Thedirection is u/v .



Zobrazeni spektra

ampl log(ampl + 1)



Obdéelnikovy puls

10—

0.8 .
1.0 KLE:— ]
i i — C ]

- o
0.5 3 " ]
* T % w02k .
-"_':| | I::: |:|+|:|: ﬁuﬁ ﬁ ﬂ ﬂuﬂ ]
-1 0 -y = 05 1.0 [ U \j U U ]
-liLE:— —

._ L L

' _D+"-1- 1
-5 Q 5
i X/TT

sin(mwx)

sinc(x)

[1(¢) {1 for [ < 5 FA{II(t) }(x)

0 otherwise T









Otazky

1) Proofs & calculations
2) FT(d) =77

3) Symmetry of the FT



Dirac delta funkce




Example: What is the Fourier Transform of
the Dirac Function?

{5(.3;‘){(1] 7ox=0

otherwise

Proof : Consider any function f(x)
S(x) * o(x) = f(x)

FT(H) -Flo(x)] = F;[y)



a) oft) b)
e(t)
-t q +H—s
«— -t 5 +H—
+ +
-
4
Im s(t) t,




Diskrétni Fourier Transform

N -1

F — E ifk{::_—'.firlnkl.'rf'hr
n — - a
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Time domain

B b 40 4 8 48 4 &b 4L &
0 20 40 60 80 100
Sample index (n)

i I FEFT, N=100, A f=1 I

15 -10 5 0 5 10 15
f (H2z)




Example: What is the Fourier Transform of: F (o)
Q)

AL e

"X
-1 1

f(x) f(x)
.r 1

I
*

h(x)

-0.5 0.5 -0.5 0.5

F(o) F(o)

B S

H(o)



Convolution theorem

Filfxg)(t); = Fw) - G(w)

FHF(w)-Gw)} = (f*9)(t)



Filtering in the Fourier domain

high pass Gaussian high pass band pass

low pass Gaussian low pass directional



Digitalizace spojitého obrazu

Vzorkovani (sampling)







Matematicky model vzorkovani

Frekvencni oblast

Hu.v) = Flu, v+ Slu.v)

‘;Iezel—L L (u—s;z—’i—g)

_|'— e






Matematicky model vzorkovani

Obrazova oblast fle.y) - sz y) =dlz,y)

Iyl=2 Ztﬁ:ﬂ—z_‘u:ﬂy Ay
T




spatial domain frequency domain

. A A A
f, ) ‘ ) h‘
(1T — \ *
—; —>—
F(u) u
filx) = > o(z —nX)f(z)
i A A A

replicated copies of F(u)



H(u) = rect(
/ }

) \/ \/

Qi‘/

N) F(u)
<
K]
5 X o(u)H(u
f@)= ¥ fnX)dx —nX)xsine= Fy(u)H (u)

= n;i:oo f(nX)sinc%(;p — 5 X)



Nyquistova podminka

Vzorkovani bez ztraty informace

= o,

Ay =

W,



Zpetna rekonstrukce obrazu

Vyriznuti jednoho spektra a nasledna inverzni FT
Odpovida interpolaci v obrazové oblasti







Vzorkovani s nedostatecnou
frekvenci

KT &
1
/\ﬁ
A

] ;.-. :FI -.I' -
@ s f{Hz)

0
i)

AN

0 L i y ; .
s 1{Hz)

Wil &

1:'3 ] = P R P P
/‘\ EART R A T
0 /’ . S .

) 2isi3 s f{Hz)
Aliasing (]

farid 2fs/M fs f{Hz)




Netradicni vzorkovani

Nepravouhly rastr (rovnobéznik, hexagon, ...)
- co nejlépe pokryt rovinu (u,v) pomoci supp(F)

Adaptivni vzorkovani — proménna frekvence dle charakteru
obrazu

Compressive sensing

Bézné kamery a scannery neumoznuji ani jedno



PSF - Point Spread Function

- teoreticky Dirac delta function.

- realita jina

o)~
point source point spread function

- PSF lidského oka

8 6 4 2 0 2 4 & 8



Kvantovani obrazu

Kvantovani — diskretizace oboru hodnot signalu
-- vzdy ztratoveé

Kvantizér Q: R~ L
L={0, 1, ..., k} (k = 255)



Kvantizer

P(x, y) = trunc(I(x, y) + 0.5)

(4 blts per plxel



Vznik falesnych kvantizacnich hran

(KvantizaCni sum)




Rolling shutter




Rolling Shutter Total Shutter
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Barevne prostory

‘RGB ...... aditivni
*CMYK .... subtraktivni (tisk)

e ostatni“ ... HSV, HSL,
YIQ, YUV (NTSC, PAL)

*na zarizeni nezavisle prostory
(sRGB ... CRT)

profile connection space (PCS)
CIE XYZ nebo CIELAB



Barevné prostory

Yellow Red

Magenta

Cyan Magenta Green Blue

Additive (light) Subtractive (paint)

Additive and subtractive color combinations



Barevné prostory

HLS space

HSV space
Hue

.

Value

HSV ... hue, saturation, value

HLS ... hue, lightness, saturation.

Saturation

Saturation



Barevné prostory

YIQ ... Y intenzita, I, Q barevnost
NTSC



Barevne prostory
- .

60 120 180 240 300 360

= colour cone
= H = hue / colour in degrees < [0,360]

= S = saturation € [0,1]

*V=valuet From RGB to YIQ |[edi]
Y 0.299 0587 0114 ][R
Il = 10596 —-0274 —-0.322] |G
) 0.211 —=0.523 0.312 ] B

" conversio

2+(B-R)/(max—min), if max=G
4 + (R-—G)/ (max—min), if max=B

H=H+360, if H<O

0+(G-B)/(max—min), if max=R
= H=60 x



CIE XYZ

CIE 1931 XYZ ICC standard
| 520\ |

0.9

-------- predloha odrazejici svétlo

0.8+

. 4 4 L

°7] X . nasvicené pod uhlem 45 stupil

0.6 ~ pozorovanem ve smeru kolmem

0.51}
y ,‘»
0.41

pfi osvétleni o sile 500 luxu
standardni iluminant D509
°3 50 (denni svétlo

- 0 barevné teplote 5000 K)
& =  1920s,

o3 o4 05 o6 o7 os W.D.Wright and John
Guild

021

0.1+




Barva - gamut

sRGB

R 0.6400 0.3300

G 0.3000 0.6000

B 0.1500 0.0600

W 0.3127 0.3290 (D65)
T sRGB




image column s & artd

color image Flower

image
row
;

; RGB image

K.
R 2556 255 255 125 O O 0 255 255
G O 1256 2585 255 2868 255 255 125 0 O 0 0

B O 0 0 0 0 125 285 255 2B 255 25 125

RGB (K. Plataniotis)






Barevny senzor

Bayer pattern (Eastman Kodak)

color filter array (CFA)

RGB barevne filtry na fotosenzoru

50% zelena, 25% Cervena, 25% modra

RGBG,GRGB, RGGB



Incoming light

Filter layer

Sensor array

Resulting pattern




CYGM

RGBE

Foveon X3 sensor

3 CCDs



E. Dubois



Lighthouse

-

original
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Lighthouse
red original

{ mm
P"' n] m'l'"

i




Lighthouse
green original




Lighthouse
blue original




Formation of Color planes

—

-



Lighthouse
red subsampled




Lighthouse
green subsampled




Lighthouse
blue subsampled




Lighthouse
Bayer CFA image




Interpolace

bilinear interpolation

G, :%(GL + G, +G; +G,)



Interpolace

bilinear interpolation

>

1
RC = Z(RNW + RNE + RSW + RSE) RS :%(RSW + RSE)



Lighthouse

red interpolated




Lighthouse

green interpolated




Lighthouse

blue interpolated




Lighthouse

Interpolated
color image




Lighthouse

l.e'}' 4

original

Ay

ST
o

=
R
> V-an
AL

-

-~

N
- AR

et

miﬁ" i

-



;ﬂs
e

(il llm nu !
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Lighthouse

red
interpolated

with bilinear
interpolator



J

i "'

o "W/ .

Lighthouse

red
Interpolated

with bicubic
Interpolator



Vylepseni

» Interpolace ®

e Predfiltrovani ©



;ﬂs
e

(il llm nu !

f'

Lighthouse

red
interpolated

with bilinear
interpolator



| Lighthouse

prefiltered red
Interpolated

with bilinear
Interpolator



Lighthouse

Interpolated
color image




Lighthouse

Prefiltered
Interpolated
color image




Lighthouse
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original
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Predzpracovani obrazu

 |Image enhancement (subjective)

* Image restoration (objective)



Image enhancement

®* Zmeny kontrastu a jasu

« Potlaceni Sumu

« Detekce a zvyrazneéni hran




Zmeény kontrastu a jasu

Histogram
Linearni zmeny kontrastu a jasu
Nelinearni zmeny kontrastu a jasu, ekvalizace

Lokalni operace



Histogram

Select an Image: Select an Image:

Duarter j |F|owe; ;I

Histogram




Histogram - tmavy

:: Dol Z: Lol :Z SDD

Z:Z T




Histogram - svétly

012

01
0.08 -

0.08 -

0.04 -

0.02 r

300

240

200

150

100

50




Histogram — nizky kontrast

0.08

0.07 -

0.06 -

0.05 +

200 20 300

.'.:: 8 oo o5




Histogram — vysoky kontrast

I:II:I?- T T T T T

0.06 - .

0.05 - .

0.04 - .

0.0z - .

0.0z - .

0.01 -

o A0 100 150 B 300




Histogram

histogram obrazku s hodnotami Sedi Vo, 17, -+, [ 4
n,
p(rk) —
N

n,: pocet pixlu s hodnotou intenzity r,

n: celkovy pocet pixli obrazku

Intenzita — realizace nahodné veli¢iny R s n¢jakou hustotou
pravdépodobnosti

histogram — odhad hustoty pravdépodobnosti

Pr(R=r)~ p(r,)



Zm¢ény kontrastu a jasu

yEQ

E1IT +— YIB(]

i

Light

Dark

Light

Dark



kontrast






Bright Grey Level Image
el

—— Brightneﬁ
A SR l Clipping




Categories of illumination

changes
* Point-wise transforms -7

Light

Dark

Dark =+——— Light

 Global x local
 Linear X nonlinear




Zmény kontrastu a jasu — linearni

Select an Image:

Fout j Adjusted Image

Histogram Histogram

Output vs. Input Intensity
1

0.5

O perations:

Intensity Adjuztment -

- Brighthesz
- Contrast







Negativ

Mamogram



Nelinearni transformace Sedi

ampl log(ampl + 1)



Output

C (i

Gama korekce

2.5



Gama korekce
Output = (input)9ama  gama= 3,4, 5




Gama korekce
Output = (input)92ma  gama = 0.6, 0.4, 0.3




Select an Image

Gama korekce

CircLit

Histogram

j Adjusted Image

]

0.5

Output vs_ Input Intensity

=

0 0.5

Gamma:

.1
0.50433

—

- Brightneszs

- Contrast

- Gamma

Cloge




Gama korekce

1.0000

0.8000

0.6000

0.4000

0.2000

0.0000
0 32 64 96 128 160 192 224



Ekvalizace histogramu

Select an Image: Output vs. Input Intensity

1

I Flower j Equalized Image

0.5

Operations:

Histogram Histogram
Hiztogram E gualization -




Ekvalizace histogramu

DN DN’

reseni -> kumulativni histogram



Histogram - ekvalizace

motivace — spojité hodnoty intenzit

hleddme s = T(r)

(1) T(r) monotonné rostouci pro0<r<1
(zachovava poradi ¢erna -> bila)

(2) T(r): [0,1] ->[0,1] (zachovava rozsah hodnot)

Totéz pro inverzni r = T 1(5)

Pir(1), Poyt(S) hustoty pravdépodobnosti intenzit



Histogram - ekvalizace

piredpokladejme
s:T(r):jorpm(w)dw, 0<r<1

(kumulativni) distribu¢ni funkce (CDF) pro p;, (r),
spliiuje podminky



Ekvalizace histogramu

|
50 100 150 200 250



Original Histogram Cumulative Histogram

Equalized Histogram Cumulative Equalized Histogram




Ekvalizace histogramu

value his Qe Em

1@RaE ™
C A ‘ ‘
. _|II||nu.|.|.||JJ.HHIIHIlululum [



Cumulatve Histrgram

250

200



0.25 T T T T T

0.05

g R = B I 200

0.25 T T T T T

0.2 F .

0.05

] o0 1500 200 240 300




Barevné histogramy

3x15x3 3x4x3 8x3x3



L wt;,
\ . O o’ “{\) || /
| »:Q P [
|, O o °
\ .

e
(a) Source image.

(b) RGB color histogram.

(c) Source image.

(d) RGB color histogram.



Co-occurence matrices




Co-occurence matrices

-~

0

e N O

T N O

- = ~

0

N O N
& N O

-+ ~N O

e |

I ! 1
.JJ-!L-J-Q

L)

L)

LJ

L 0
7
-
-

—-
2

|

e decckhada-
|
|

2

0

WAt ke

Image |

Vertical Diagonal

Horizontal



Co-occurence matrices — Haralick descriptors

Descriptor Equation Meaning
Variance Z z G- D2 P, )) 1?;121 (;f contrast of the
i) g
Entropy 2. 2 P j)leg PG, ) suavity of the image
i i
Energy z z P*(i, j) uniformity of the image
L
: . . homogeneity of pixels
Homogeneity | 2 X 7)1+ 1i = /) dismgbuﬁotz P
rd
i’[ofl)lredtir Z Z;: (W) level of distortion
{,Ifl;:iftfce Z ; P(i, j) /i — j)* inverse level of contrast



Barevné histogramy

charakterizace obrazu

CBIR

127



Lokalni upravy kontrastu




Histogram - specifikace

histogram,

@T

>
S1.T

histogram,

S

4




Thresholding

Fixel walue histogram

1SaH5

1 AR

AR

1 I 1
=

Fixel walue hiEtDEFEm

=




Thresholding I

Fixel walue histogram

L
AR
AR

= AR

threshold: 80 threshol



High dynamic range images




High dynamic range images







electrical interference

ultrasound imaging



Potlaceni Sumu v obraze

Modely Sumu

Linearni filtrace

Nelinearni metody



Modely Sumu

Aditivni nahodny sum

g=f+n
».tepelny, fotograficky sum, kvantizacni Sum*

jednoduchy model



¥

0.44

0.3

0.2

0.1

Modely Sumu

Gaussovsky bily Sum (AGWN)

* White — n(7,j) independent in both space and time
 Zero-mean— [(i,j)=0
* Gaussian - n(7,j) 1s random variable with distribution

IE

207

1
p(x)= O_m}e

L] L] L] L] L]
-dg =30 -2g -14a 1] g +20 43 4o — X



Aditivni Sum




Modely Sumu

Impulsni Sum (sul a pepr)

P(f) = 1- K
P(1)= K/2
P(0)=K/2




I NOIse

Impulse noise Gaussian noise



Mira Sumu v obraze

Rozptyl
Signal-to-noise ratio (SNR)

SNR = 10 log (D()/D(n))  [dB]

M—-IN-=1_

> 2 y)

x=0 y={
M~1N-1

S S Uf(x, ) = fx, )P

x=0 y=0




r

ly Sum

ky bi

Gaussovs

m
T
(=
N
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A4
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umeérovani v ¢ase

Pr




A4

r

A4

o

umeérovani v ¢ase

Pr

s oa e




Prumeérovani v ¢ase

g1, -+, gy — nezavisla pozorovani
g = I + 1y

ng ~ p(0, 0°)

- J.?l\‘r
1
I=N a§—1: gr = [ +n

n ~ p(0,0°/N)



Prumeérovani v ¢ase







Prumeérovani v ¢ase




Konvolu¢ni filtry

Rotujici okno




Konvolu¢ni filtry

Rotujici okno




kno

/ 4

L Y 4

jicio

Rotu



Konvolu¢ni filtry

Primérovani (prosté a vazené)

Primérovani podél hran

Rotujici okno

Filtry ve frekvencni oblasti






Prumeérovani v obraze

GB[I], = ;Gt(H p-ql)/,

I size of the window ‘

>

small o large o

limited smoothing strong smoothing

157



Prumeérovani v obraze

Filtered Image

Select an Image: Image Noise Type:

T E

Mean: m Filtering Neighborhoad:




Prumeérovani v obraze

Filtered Image

Select an Image: Image Moize Type: Muoize Removal Filker:

Diensity: Filkering Meighborhood:




Adaptivni prumérovani

~—

.IO.







Gaussian Smoothing
f M.
11+

Same Gaussian kernel everywhere

output

Averaaes across edaes = blur



Bilateral Filtering

Kernel shape depends on image content
Avoids averaging across edges



Bilateral Filtering

> Gl *

normalization space weight range weight
factor

BF[I], = I

q

1

164



Bilateral Filtering

Gaussian blur

e P
o . | GBI}, = > Gollp=al),
;r- _: = space

= space =»

Bilateral filter
[Aurich 95, Smith 97, Tomasi 98]

BFI[1], = I 3G, (Ip-al)GAL=21),
s

space range

<= 93UBl —p

normalization
<+ space =¥

165



Bilateral Filtering

G \lp-al) G \|I.—1,]




Bilateral Filtering

space

167



Vyuziti redundance




Single — image ,,prumérovani

=




From Bilateral Filter to NLM

ly@-y)lI? li=jll?

1 . |
X(DpL = Fz yle 7 e P
"

) J

| |
intensity weight  spatial welght—> 00

ly@-y)I?
207

| 1\
X Dniw =7 ) Y0) @
|
J

170



From Bilateral Filter to NLM

ly@-yD)I?

. I\ z
YDy == ) YD
| A
J

l Patch similarity

assp(yo-y(n)))

o 1 , >
X(Dniy = Ez y(J)e 20
l .
)j

171



Non Local Means (NLM)

Baudes et al. (2005)
Use a weighted average based on similarity

] 1 (Gp*|u(x+.)—ulyHt-)]2)(0)
NLu(x) = — /r{r— 3 T u(y) dy,
Q

(G lu(x+.) —uly +.)*)(0) = / Go(t)|u(x +t) — uly + t)|*dt.
RE






Block-Matching and 3D filter (BM3D)




Block-Matching and 3D filter (BM3D)

Block matching

Inverse 3D
transform

Filter /

thresholding

L

&

3D grouping Denoised 3D group

3D transform



Block-Matching and 3D filter (BM3D)

e Use hard thresholding or ...
* Each patch in the group gets a denoised estimate

* Unlike NLM — where only central pixel in reference patch
got an estimate



Block-Matching and 3D filter (BM3D)

* Element-wise averaging
* Identical blocks
* Multiple blocks

* 3D transform (e.g., DWT,
DFT, DCT)




Filtrace ve frekvencni oblasti

noise

\ 4



| ow-Pass Filtrovani

Zachovat co nejvic signalu

Low pass filter

>

A

L/

<




Hladky low-pass filtr
ve frekvencni oblasti

LPF image, r, =13 LPF image, r, =10



Butterworth filtr
low pass

-n=1,4, 1




Butterworth LPF with

d n=1

Butterworth filtr 1 a | i

LPF image, r, =13 LPF image, r, =10



Nelinearni filtry

Median

Original Image




Median Filtrace

Prumerovani
(@) o 0
- 5 @)
@ o Q
« Median
nelinearni
@) sort @ median

184



Nelinearni filtry

Median

Original Image




Nelinearni filtry

Median

Gaussian filter Median filter

2




Nelinearni filtry

Median

3px medianAfiIer 10px median filter



Median

Gaussian noise

Gaussian

Median

Salt and pepper noise

Gaussian




Median filtrace

Torn Ridge left the Pennaylvania
governorship last October, when U.S.

Tom Ridge left the Pennsylvania

it tgsege W g Supet s ey
governorship last October, when U.S.

A R e o s 1
President Georga W. Bush appointad President George W. Bush appointad e i T
him to haad the newly creatad Office of him to head the newly created Office of e

T e Tealy vassnel!  HWNue
[ DRSS S S U

Homeland Security. Homeland Security.

Median filter (5x5)
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Nelinearni filtry
Median
Rychlost

Tvar



Medianovy filtr, detekce Sumu
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Minimalizace funkcionalu




InfraCerveny obrazek - splajny




Autofluorescencni snimky oka
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Wavelety




Aktualni smér vyzkumu

* Ridké reprezentace obrazkii
* Slovniky

* CNN
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Noisy input BM3D DN-CNN-S DN-ResNet-13
sigma = 25



Pre-Trained Image Processing
Transformer CVPR 21

N01sv ( 0-50)

CBM3D [ 6]

Hanting Chen'?, Yunhe Wang?? Tianyu Guo'-?, Chang Xu®, Yiping Deng?*,
Zhenhua Liu?? 6, Siwei Ma™®, Chunjing Xu?, Chao Xu', Wen Gao®*



Inpainting




Inpainting - Adobe, Midjourney, ...




Detekce a zvyraznéni hran

Jednoduché metody zaostreni obrazu

Detekce hran



Detekce hran

Nespojitost v normale povrchu

Hloubkova nespojitost

Nespojitost v barvé povrchu

Nespojitost v osvétleni



Detekce hran




Detekce hran

Hrany — hranice objektu
segmentace, registrace, rozpoznavani

Co je hrana?

Hrana — singularita, nahla zmeéna ->
gradient



Line
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Courtesy of A.Campilho



Idealni a ,,ramp* hrana




(b)

Jednoduché metody zaostreni obrazu

a / Unsharp masking

e S@D =10~ (a0

j’ig{pm - fsharp (I'.I y) = f{I, y) + k% H(I’ y)

V

Sharpened Sipnal
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Neostré maskovani - Laplace
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Jednoduché metody zaostreni obrazu

Unsharp masking (neostré maskovani)

Erightness

L
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original



smoothed (5x5 Gaussian)



smoothed — original



Neostré maskovani







Prehnané zaostieni obrazu - Laplace




Laplacian

(linearni operator)
2 2
OX oy
Vi =[f(x+1Ly)+ f(x=1Y)
+ (X y+D)+ f(x,y-1)—-41(x,y)]

4, 8 OkOli 0o | -1 ] o0 -1 | -1 | -1

—1 4 -1 -1 8 -1

0 —1 0 —1 —1 —1




Laplacian

Zvyseny vyznam stredniho pixelu

1 -2 1 2 1 -2
-2 4 -2 1 4 1
1 -2 1 2 1 -2




Fourier Transform

L~

delta function

Gaussian



Detekce hran




Ideal Ramp




Idealni a ,,ramp* hrana

Original First Derivative




Idealni a ,,ramp* hrana

Original First Derivative

A : ol(x, y)
! TRSH = Edge Detected
51(1‘,)/’) | ™ > ige  Detecte,
Ox ' : l :
—I

\ 4



Idealni a ,,ramp* hrana

Original First Derivative

A . : ) '
ol(x,y) | o g" ¥) CIRSH = Edge Not Detected
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Detekce hran

Detektory zalozené na 1. derivaci obrazu
Detektory zalozené na 2. derivaci obrazu
Detektory které nepracuji s derivacemi

Detekce hran ve Fourieroveé oblasti



Diferencovani a konvoluce

Pro 2D funkci, f(x,y): Muzeme aproximovat

o _ hm(f (x+&y) /f (x,y)) of S 0)-f(x,.0)
ox &0 g g Ox Ax

Konvoluce




Gradient obrazku

_ [of 9Of
V= [Szc’ﬁy

Gradient ukazuje ve smeéru nejrychlejsi zmény intenzity

I V=30
Vf—

Smér gradientu je dan
__ —1(9f ,0f
6 = tan (a_y/ﬁ_a;)

Sila hrany je dana velikosti gradientu

VA= /(D7 + (33

N



Jednoducheé detektory zalozené na 1. derivaci

Roberts
Prewitt
*Sobel

0
o) ~ fle + 1,91~ flo o]
£









Jednoduché detektory zalozené na 1. derivaci

Roberts Operator

1 0
G, ~
o -

Sobel Operator
(-1 0 1]
G ~|-2 0 2

X

=1 0 1

Prewitt Operator

-1 0
G, ~|-1 0

-1 @& 1

[S— S —Y
e}

Courtesy of A.Campilho



Comparing Edge Operators

Good Localizati
Gradient: Vf p— [g:{:’ gi] 00d Localization

Noise Sensitive
Poor Detection

Roberts (2 x 2): 0 |1 110
1|0 0 |-1
Sobel (3 x 3):
-110 1111
-110 0
110 -1(-111
Sobel (5 x 5):
11210 |2 |1 1123 ]2 ]1
ol Il el el 213 12> 1° 12 ] Ppoor Localization
3|50 |53 0101919191 Less Noise Sensitive
21-3]0 [3 |2 2 1-31-5(-3|-2] Good Detection
11210 ]2 |1 al2]32]1

[Slide from Srinivasa Narasimhan’
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Hrany a Sum




Signal

Kernel
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Canny

- malo, dobre, jednou

- vyhlazeni

- prvni derivace
- detekce hrbetl

- non-maximal suppression



Canny Edge Detector
(J. Canny’1986)

Original image

l

Smoothing by Gaussian convolution

l

Differential operators along x and y axis

l

Non-maximum suppression

Hysteresis thresholding locates edge strings

!
Edge map

244



Non-maximum suppression
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Hysteresis thresholding

lhhlll MH

---1"g

high threshold low threshold hysteresis threshold
(strong edges) (weak edges)






Canny Edge Detector



http://robotics.eecs.berkeley.edu/~sastry/ee20/images/canny1.gif
http://robotics.eecs.berkeley.edu/~sastry/ee20/images/lena.gif
http://robotics.eecs.berkeley.edu/~sastry/ee20/images/canny2.gif
http://robotics.eecs.berkeley.edu/~sastry/ee20/images/canny3.gif
http://robotics.eecs.berkeley.edu/~sastry/ee20/images/canny4.gif
http://robotics.eecs.berkeley.edu/~sastry/ee20/images/canny5.gif

Effect of o (Gaussian kernel size)
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Smoothing

Eliminates noise edges.
Makes edges smoother.
Removes fine detalil.



Tradeoff between smoothing and localization

1 pixel 3 pixels /7 pixels

Smoothed derivative removes noise, but blurs edge.
Also finds edges at different “scales”.
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Idealni a ,,ramp* hrana

]

Gray-level profile /

/

First
derivative




Detektory zalozené na 2. derivaci
D. Marr, E. Hildreth

f(x) f(x)
/I j\
X X

f(x) £ (%)

/fx /\x e

°(x)




Detektory zalozené na 2. derivaci

D. Marr, E. Hildreth (1980) -- LoG

[ |
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2D edge detection filters

Laplacian of Gaussian

il

A

S
%o

b
s

Gaussian
1 _ulHe?
ho(u,v) = ——=e 202
’ 2o

v the Laplacian operator:

o2 92
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Convolution

0’ 0’
— A )| —h |x
ox’ (1) ox* . d Laplacian of Gaussian

Sigma = 50
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Laplacian of Gaussian operator
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Laplacian Gaussianu

Sum, prichody 0

r2

h(r) =—e 2°°

V2h(r) =
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Mexicky klobouk
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original Zero-crossings
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Zero crossing mnoziny AG*f
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Importance of Scale




Scale-Space Edge Detection Examples




Porovnani Canny a Marr

original




Whitening

original image ‘whitened” image
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(i) Canny: 0 =8
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