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Typy hran




Hladanie hran

skimame body v okoli (pomocou derivacie)

Ak sa intenzity prilis neliSia - pravdepodobne tam
nie je hrana

Ak sa lisia - bod mb6ze patrit hrane



Metody hladania hran

konvolucné masky

diskrétna aproximacia diferencialnych operatorov
(miera zmeny Iintenzity)

Informacia o:
existencia v’
orientacia ?



Diferencovanie 2D

AAxy) 1(0rLy) -1 (-Ly)
ox 2

ol (x,y) _ (X, y+1)—1(x,y—-1)




Diferencovanie




Diferencovanie a sum




prah 20

prah 50

Vyhladenie

original Gaussovskeé vyhladenie



Nasledky Sumu
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Vyhladenie

Sigma = 50

800 1000 1200 1400 1600 1800 2000




Gradlent

[VE[~G, 1+]G, |



velkost gradientu
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Gradient




Roberts

Najjednoduchsie masky

Len body hran
Nie orientacia
Vhodné pre binarne obrazy
Nevyhody:
Velka citlivost na sum
Nepresna lokalizacia
Malo bodov na aproximaciu gradientu




Sobel

Hlada horizontalne a vertikalne hrany
Konvolucné masky:




prahovanie

|

hrany










Prewitt

Podobne ako Sobel
Masky:







Prewitt




Druha derivacia




Laplacian

2 2
v2p = O 12:+81;
oxX° oy
o° f . . .
v fGi,j+D)-2F@,j)+ f(,j-1)
o° f

=f@+1 ))-21(0,))+f(0-1])

T =

Konvoldcia [1, -2, 1]



Laplacian

Nevyhody:
Velmi citlivy na sum
Produkuje dvojité hrany
Neurcuje smer hrany



Laplacian

(<

5x5

3x3




Laplacian Gaussianu

Marr — Hildreth operator, LoG operator

Vyhladenie pomocou 2D Gaussianu BIEECHSE

Nasledna aplikacia Laplacianu




Laplacian Gaussianu

VS =V? €, *| =V°G,*]

a

_ Laplacian of Gaussian
Gaussian




ab

¢ d

FIGURE 10.14
Laplacian of a
Gaussian (LoG).
(a) 3-D plot.

(b) Image (black
IS negative, gray is
the zero plane.
and white 18
positive).

(¢) Cross section
showing zero
Crossings.

(d) 5 X 5 mask
approximation to
the shape of (a).







Canny

1. Good detection — maximalizovat' signal-to-
noise pomer

2. Good localization — detekovany bod hrany by
mal byt Co najblizsie ku stredu skutoCnej
hrany

3. Only one response to a single edge

JOHN CANNY: A Computational Approach to Edge Detection
IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.
PAMI-8, NO. 6, NOVEMBER 1986



Canny

1) Vyhladenie Gaussianom
2) Gradientny operator
Velkost gradientu
Smer gradientu
3) Vyber maxim v danom smere
4) Prahovanie dvoma prahmi






Canny
Vyhladenie Gaussianom

Velkost gradientu &ENERERS

. S
Smer gradientu



Canny

——

VS=V & *| =VG_*I




M = VS|




Non-maximum suppression

Check if pixel is local maximum along gradient
direction

requires checking interpolated pixels p and r



&
(radient
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(Forsyth & Ponce)




Canny

T1

T2



Canny priklady

Gauss 5xb, T1=255, T2=1




Canny priklady

Gauss 5xb, T1=255, T2=220




Canny priklady

Gauss 5xb, T1=128, T2=1




Canny priklady

Gauss 9x9, T1=128, T2=1







Kirsch - kompas operator

Rotujuca maska

Smery: 0,45 ,90 , 135, ...

Sila hrany — maximum cez jednotlivé masky
Smer hrany — maska davajuca maximum

-3 -3 5 -3 5
-3 0 5 -3 0 5 -3 0

-3 -3 5 -3 -3 -3 -3 -3 -3 -3 -3 -3

o



Robinson




Gradient
direction
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Northeast

Northwest
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Farebné obrazy

Previest na sedotonovy a pouzit niektory z
predchadzajucich metod

Problém ak je hrana medzi dvomi farbami s
rovnakym jasom

Vo farebnom obraze vieme urcéit 90% hran z
Sedotonového obrazu

Zvysnych 10% hran z farebného obrazu



Farebné obrazy

Sekvencny pristup:
Jednotlivé kanaly samostatne







Metody

» output fusion methods

Catpur
Decomposidon  Gradient Edge Detectdon  Fusion

 multi-dimensional

gradient methods | mage | —

Iuld- dimnensional
Decomposidon  Gradient Gradient Edge Detection

e vector methods



Vektorovy pristup

= (R%,Gy,B)
Ry, ,y ’B,y)

h R -::"'{"_r' .-"L'Z'.-'- A OB
=H V=K V¥ ———|——|__

-!: X i 1 |'”.-||. '] i |'|

smer

velkost




Vector order statistics

e Pouziva sa R-ordering
e Okno W velkosti n pixelov

e Vector range (VR) edge detector — najjednoduchsi
VR=D(x™ x))
x® — median , x(" - outlier
citlivy na sum
e Vector dispersion edge detectors (VDED)

VR specialny pripad VDED kde a;,=-1 a a\,=1, a;=0
1=2,...n-1



Fig. 5. Test image ‘Lena’ distorted with the Gaussian and impulsive noises

Fig. 7. VDED detector: edges of the noised image ‘Lena’




Minimum vector range

Uvazujeme k rozdielov — odstranime citlivost na Sum
(impulsive, exponential noise)

MV R = min
g

L

Minimum vector dispersion — odstrani citlivost aj na
Gaussov sum

_Tlfi. JI_J = ”1:1 n { ‘ XI n—g41) =S )

i=12,...,k kil<n

Pouziva a-trimmed mean






Nearest neighbour vector range

NNVR = D[.\:(n}, Z W,x“}}
i

NemoOze byt pouzité na homogenne oblasti

Kombinaciou MVD a NNVR

NNMVD = min; 1 D7+ =" w,x ()] I

|.. =1




Fig. 8. NNVR

Fig. 10. NNMVD detector: edges of the noised image '

Lena'

R A
r: o
KR

Fig. 9. MVD detector: edges of the noised image ‘Lena’



Difference vector operators

Kazdy pixel reprezentovany ako vektor v RGB
Viypocitame gradient v 4 smeroch
VAl =¥ — X
Vlge = [¥ao: — Xooe|
Vs = [Yas: = Xase]

|‘Ff|135::_ - ”}'!135:- - ‘135”

DV = max(Vf|q., V|45 [VFlgge s V F 1352 )

X, Y su 3D vektorové konvoluéné masky



Zakladna maska pre okno 3x3
V(X,y) — pixel, v(Xq,Y,) - Stredny pixel

.-"'ED::- — 1-'( X 11 yD ,, }'ID::- = 1'( X4| . yD ’

Xz =v(X_1, Y1), Yise = v(Xq,Y 1)

Xgoe = v(Xg, Y1), Yooo = v(Xg,¥ 4)

Xiase = v(Xq, Y1) Vigse = v(X_4,Y 1)
Pred detekciou mbézeme obraz filtrovat — treba pouzit
vacsiu masku
Ak okno W je velkosti n x n (n=2k+1) vytvorime sub-okno
velkosti N = (n?-1)/2

Configuration of sub-windows for VD filters



- £l ,sub, | sub, suby |
J\d —f(vd11 !Vd12 "”’Vdiﬂr"lj J

( sub, ., sub, sub, |
Vy = vy vest,..vy'i)

where: d = 0°, 45° 90°,135°.

Podla typu sumu mbézeme pouzit rézne filtre

Vector median filter

'f"h'rl'v" (.1"1! 1'21 ---,1'.I"-.,||' ’ = 1'['1}

Efektivny pri redukovani impulsného sumu

Vector mean filter

Efektivny pri redukovani Gaussovho sumu



Kombinaciou predchadzajucich

a-trimmed mean filter

1 N(1-2a)
N(1-2a) ~

fc: trim (."1.1 Va VYN ..l =

where: a is within [0, 0,5) interval.

Adaptive nearest neighbour filter

N
fadap V1.v2,. VN ) = Z Wy,
i=1
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Fig. 14. DV_adapt detector: edges of the noised image 'Lena’
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Fig. 13. DV_a-trim detector: edges of the noised image 'Lena’




Difference vector iba v 2 smeroch

horizontalne a vertikalne

DV_hv = max(|Vf|.,|Vflgq: )

Ludsky vizualny systém je viac citlivy na horizontalne a
vertikalne hrany

casovo menej narocny

horizontalne a vertikalne rozdiely vo vektoroch
prispievaju k detekcii diagonalnych hran — detekované
hrany su tensie



Fig. 18. DV_hvaaspt detector: edges of the noised image ‘Lena’

Fig. 17. DV_hv,sm detector: edges of the noised image 'Lena’




Detekcia hran pomocou
zgrupovania

Orange Cyan

(1,0.4.0) (0,0.72,1) —
4 J ‘ U:(0.69,~0.22,~0,69)

Cyan
(0,0.72,1)

Orange
(1,0.4,0)

Red

(a) (b)

Figure 1: (a) edge between two color regions (b)

the best linear combination.
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Sobel edge detection on gray
Mandrill image

edge detected using proposed
method resulted clusters



Color Edge Detection Based on
Morphology

bc, de — hrany
f(x) — originalna
funkcia

Erodovany -
aghijf
Dilatovany -
akmnof
Vysledny f (X) -
agpgmdef

Figure 1. The sketch map of the new algorithm

_ [ﬁl (x) i Jx)Z2(fo X))+ [o(x)/2
ot i () < (fs @)+ fio (D12

Fi%)




Color Edge Detection Based on
Morphology

1. Erozia a dilatacia kazdého pixla na kazdom
farebnom kanale

Vypocitaj f (x) 2 krat

Vypocitaj gradient farebného obrazu
Detekcia hran

Odstranenie sumovych hranovych bodov
(izolovany bod)

a bk~ w0 D

Jin Zou; Hongsong Li; Bin Liu; Renfei Zhang : Color Edge Detection Based on Morphology ,2006. ICCE '06.
First International Conference on _Communications and Electronics, 2006 , Page(s): 291 - 293


http://dx.doi.org/10.1109/CCE.2006.350812

Color Edge Detection Based on
Morphology

=]
)
it

Figure 4. The edge image with morphology preprocess

Figure 3. The edge image with Sobel operator




