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Segmentacia obrazu

m Hlavnym cielom segmentacie je rozdelit’ obraz
na casti, ktoré maju silnu korelaciu s objektmi
alebo oblast’ami realneho sveta zobrazenymi

v obraze.




Uplna vs. CiastoCna segmentacia

m Pri dlastocne] segmentacii je cielom rozdelit’ obraz na

Castl, ktoré si homogénne z hl'adiska vybranej
vlastnosti, napr. jasu, farby, odrazivosti, textiry apod.




Uplna vs. CiastoCna segmentacia

m Uplna segmentacia - rozdelenie obrazu na disjunktné

oblasti, ktoré zodpovedaju objektom realneho sveta




m Kazda oblast’ moze byt reprezentovana uzavretou
hranicou a kazda uzavreta hranica popisuje oblast’.

m Nejednoznacnost’ obrazovych dat je hlavaym
segmentacnym problémom, ¢asto sprevadzanym
informacnym sumom.

m Cim viac apriorne] informacie je k dispozicit pri

segmentacnom procese, tym lepsie vysledky pri
segmentacii mozno dosiahnut’.



m Segmentacia moze byt’ na zaklade
= trovni Sedej,
= farby,
B textury,

o hibky alebo
= pohybu.



Segmentacia na zaklade Girovni Sedej

® Jednoducha metdda moze viest” k nepresnostiam v
segmentacit




Segmentacia na zaklade textury

B Umoznuie seementovat’ povrchy obiektov z
J€ SEZ p y OD]j

rOznou texturou




Segmentacia na zaklade pohybu

m Je potrebny medzikrok — vypocitat’ optical flow field




Segmentacia na zaklade hlbky

m Uzitocné pri mobilnych robotoch
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Image segmentation

Potrebujeme definovat’ a implementovat’ kritéria
podobnosti

= Co chceme aby bolo v kazdom regiéne podobné?
= Pxistuje nejaka vlastnost’, ktora sposobi, ze region
bude zmysluplny objekt ?



Gestalt laws

A series of factors affect whether elements should be grouped
together.

® Proximity: tokens that are nearby tend to be grouped.
® Similarity: similar tokens tend to be grouped together.

® Common fate: tokens that have coherent motion tend to

be grouped together.

e Common region: tokens that lie inside the same closed

region tend to be grouped together.

® Parallelism: parallel curves or tokens tend to be grouped

together.
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Gestalt laws

Closure: tokens or curves that tend to lead to closed
curves tend to be grouped together.

Symmetry: curves that lead to symmetric groups are
grouped together.

Continuity: tokens that lead to “continuous” curves tend
to be grouped.

Familiar configuration: tokens that, when grouped, lead

to a familiar object, tend to be grouped together.
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Segmentacne kritéria

® Segmentacia je rozdelenie obrazu I na mnozinu regionov
S,, ktoré spliaju nasledujuce kritéria :

1. U§, =95 Rozdelenie pokryva cely obraz

2. SN S =0, 1#] Ziadne regiony sa neprekryvaja

3. VS, P@S) = true Homogenita je splnena pre
kazdy region

4. P& U S) = false, Zjednotenie susednych regionov

1# 1, S; adjacent Sj nespiﬁa kritéria.



Segmentacné metody

Pixel-based
* Histogram
* Clustering
Edge-based

Region-based
* Region growing
» Split and merge
Model-based

Physics-based
Graph-based



Thresholding, modifications

Local adaptive thresholds, rozdeli obraz na podobrazy a urci
threshold pre kazdy z nich

Band thresholding, nech D je mnozina intenzit

I for f(i,j) € D,

0 otherwise.

Multiple thresholds.

Semi-thresholding, potlaca pozadie, uzitocné ak obraz je
analyzovany clovekom

f(i,7) > Threshold,

for  f(i,7) < Threshold.




Automaticky threshold

p-tile thresholding, ak vieme Ze objekt pokryva 1/p
obrazu

Tlacené znaky na papieri => 1/p histogramu

Analyza tvaru histogramu, r6zne objekty na pozadi
zodpovedaju bi-modalnemu histogramu. Najd1 stredy
medzi médmi

optimal /M | optimal | optimal
threshold o
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~ distribution of objects
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Multispektralne prahovanie

m Multispektralne kombinuje prahovanie
z viacerych zloziek

m Farebny obraz

m Remote sensing

m Meteorologicke satelitne obrazy

(a) (b)

(c)

Figure 6.7: Rccursive multi-spectral thresholding. (a) Band 1 thresholding. (b) Band 2
thresholding. (¢} Multi-spectral segmentation.




m Segmentacia leteckej snimky




Hierachické prahovanie

m Hierarchické kombinuje prahovanie z viacerych
urovni

|| S
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Figure 5.8: Hierarchical thresholding: (a) pyramid level n, segmentation to objects and back-
ground; (b) pyramid level n — 1, showing where the thresholding must be repeated for better

pPrecision.




Segmentacia zaloZena na
hranach

®m Nijdem hrany (lokalne) potom ich pospajam a
vytvaram oblasti

m Sledovanie hranice



Sledovanie hranice

m Ak nie je znama hranica, ale v obraze su zname oblasti,
mozeme detegovat’ hranicu. Pozname tri typy hranice
oblastt:

® vnutornu,
= vonkajSiu a
® rozSirenu.

®m Vnutorna hranica je vzdy cast’ou oblasti, ale vonkajsia
nikdy nie. Preto dve susedné oblasti nemaju spolocnu
hranicu, ¢i pouzijeme vnutornu hranicu alebo
vonkajstu.



Rozsirena hranica je definovana ako jednoducha spolocna

hranica medzi dvoma susednymi oblast’ami, ktora je
Specifikovana saradnicami obrazovych bodov. Ma lepsie
vlastnosti ako vnutorna alebo vonkajsia hranica.

21 )

(a) (b) (c)

Figure 6.16: Boundary locations for inner, outer, and extended boundary definition. (a) Inner.
(b) Outer. (c¢) Extended.




Sledovanie vnutornej hranice

najdeme najvrchnejsi, o

-1) oV s b , Figure 6.14: Inner boundary tracing. (a) Direction notation, 4-connectivity. (b) B-connectivity.
ﬂa] ave] Sl @) I’Q.ZOV y (¢) Pixel neighborhood search sequence in 4-connectivity. (d), (e} Search sequence in 8

connectivity. (f} Boundary tracing in 8-connectivity (dotted lines show pixels tested during the

bOd Obj ektu, border tracing).

a h'adame d’alsie body hranice bud’ v 4. susednosti alebo
v 8-susednosti - treba osobitne uvazovat’ o sledovani dier.



sledovanie vonkajsej hranice

m nicktoré pixle mozu byt” sucast’ou vonkajsej hranice
viackrat.

.]_ | S— !

Figure 6.15: Outer boundary tracing; e denotes outer border elements. Note that some pixels
may be listed sceveral times.




m sledovat’ hranicu je mozné aj v Sedo- urovnovych
obrazoch, kde zatial neboli identifikované oblasti —
potom je hranica reprezentovana jednoduchou cestou
obrazovych bodov s vysokym gradientom v obraze.



UrcCovanie hranice s vyuzZitim informacie
o umiestneni hranice

m vyuziva apriérnu informactu.

m T3 sa moze ziskat’ z nejakej znalosti vyssieho stupna alebo zo
segmentacie na nizsej urovni rozliSenia.

®m Jedna moznost’ je urcit’ hranicu ako umiestnenie vyznamnych
lokalnych hran, ktora su blizko k predpokladanej hranici. Nové

body hranice st hf'adané v smere kolmom na predpokladanu
hranicu.

Figure 5.40: A priori information about boundary location.



m Druha moznost’ je zalozena na apriornej znalostt
koncovych bodov, predpoklada sa nizka aroven sumu
a relativne rovna hranica. Spojnica medzi koncovymi bodmi
sa iterativne deli a hl'ada sa najsilnejsia hrana umiestnena
v smere kolmom na spojnicu medzt dvoma bodmi delenia.
Tento proces iterativne zjemmuje priebeh hranice.

Detected border Exact border

Figure 5.41: Divide-and-conquer iterative border detection; numbers show the sequence o

division steps.




Urcovanie oblasti na zaklade
hranice

m Ak je znama uUplna segmentacia - tato uloha je
jednoducha.

m Ak je znama iba Ciastocna segmentacia - netrivialne,
pretoze mame iba Casti hranice, ktora nevytvara
uzavretu krivku.



Urcovanie oblasti na zaklade
hranice

® Jedna z metdd prahuje data z ClastoCnej segmentacie
s roznym prahom. Tie oblasti, ktoré sa najlepsie zhoduja
s Clastocnymi znamymi hranicami, su akceptované ako
spravne.

®m [na moznost’ je vyuzit’ pravdepodobnost’ toho, ze
obrazovy bod sa nachadza vo vnutri uzavretej oblasti
ohranicenej ciastocnou znamou hranicou. Body hranice
sa popisuju ich polohou a smerom lokalnej hrany:.
Hl'ada sa protil'ahly pixel hrany.



Figure 5.42: Region forming from partial borders: (a) original image; (b) thresholding;
(c) edge 1mage; (d) regions formed from partial borders.




Simultanne hPadanie hranice

m Je zalozené na pozorovani, ze informacia, obsiahnuta
v polohe jednej hranice moze byt’ uzitocna pre
identifikaciu polohy druhej hranice.

m Ak sa definuje ohodnocovacia funkcia, ktora kombinuje
cenu hrany z l'avej a pravej casti hranice, potom je
mozné pouzit’ na optimalnu detekciu hranice bud’
heuristické hl'adanie v grafe alebo metédy dynamického
programovania.



Watershed - segmentacia
s vyuzZitim povodi

m Pri tejto metdde reprezentuju oblasti segmentovaného
obrazu zberné nadrze, a reprezentuju lokalne minimum.

Watershed line ~ Catchment basins S e v,._Wa[ersheds

~ Catchment
" basins

(a)

Figure 5.49: One-dimensional exzample of watershed segmentation: (a) gra
image data; (b) watershed segmentation—local minima of gray-level (altitude)
basins, local mazima define the watershed lines.

y-level profile of
yeeld catchment




Watershed - segmentacia s vyuZitim
povodi

m Hranice oblasti su tvorené bodmi, kde sa urovne
jasu menia najrychlejsie
® Pouzivame Intensity

Gradientny obraz

Gradient magnitude




Dva pristupy pre watershed

m Prvy pristup cez watershed segmentaciu spociva
v najdeni cesty veducej od daného pixla smerom dolu
k lokalnemu minimu v zbernej nadrzi. Tu sa pixle
usporiadaju podl'a toho, v ktorom minime sa skondi ich
cesta.

m Pri druhom pristupe kazdé minimum Sedej urovne
reprezentuje jednu zbernu nadrz a stratégia spociva
v plneni tychto nadrzi smerom nahor.
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Vypoctova zlozitost’

m Sortovanie O(n log n)

m Watershed O (n)
= Obraz obvykle 256 urovni sedej => bin sort O (n)



Ly St )

4

(d)

Figure 5.51: Watershed segmentation.: (a) original; (b) gra
tion, histogram equalized; (c) raw watershed segmentation
region markers to control oversegmentation. Courtesy W. Higgins, Penn State Univer.

dient image, 3x 3 Sobel edge detec-

7 (d) watershed segmentation using

£y.




Segmentation as Clustering

 Pixels are points in a high-dimensional space

- color: 3d
- color + location: 5d

« Cluster pixels into segments




Segmentation as clustering

» Cluster similar pixels (features) together

R=255
G=200
57250 (R=245J

=220




Segmentation as clustering

» Cluster similar pixels (features) together
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Mean-shift

m zhlukuje body obrazu (pixely) na zaklade
podobnostt ich vzhl'adu a blizkosti ich pozicie
pomocou konvergencie do lokalnych maxim
spojen¢ho suradnicového a intenzitného
priestotru

Mean shift




Mean-shift

v kazdej iteracii pre urcita poziciu pocita gradient
hustoty bodov v blizkom okoli a pohybuje sa v smere
oradientu, az kym nedosiahne lokalne maximum
tento proces je iniciovany v kazdom bode vysledok

suradnice lokalneho maxima pre kazdy bod

zhlukovanie obrazovych bodov (pixlov), ktoré
dokonvergovali do rovnakého maxima s urcitou
toleranciou



Finding Modes in a Histogram

B -+

@R A

0 How Many Modes Are There?
 Easy to see, hard to compute



Mean Shift

[Fukunaga and Hostetler 1975, Cheng 1995, Comaniciu & Meer 2002]

12

e,

2 4 =3 a8

Initialize random seed, and fixed window W
Calculate center of gravity ‘X’ of W (W] =Y, ewx

Translate the search window to the mean
Repeat Step 2 until convergence

Iterative
Mode Search

I



Intuitive Description
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Intuitive Description

Region of
interest

VAN

Center of
mass

vector

Mean Shift J

Objective : Find the densest region

Distribution of identical billiard balls



Intuitive Description

Region of
interest

VAN

Center of
mass

vector

Mean Shift J

Objective : Find the densest region

Distribution of identical billiard balls



Intuitive Description

Objective : Find the densest region
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Mean Shift Mode Detection

What happens if we

reach a saddle point
?

4

Perturb the mode position
and check if we return back

Updated Mean Shift Procedure:

* Find all modes using the Simple Mean Shift Procedure

* Prune modes by perturbing them (find saddle points and plateaus)
* Prune nearby — take highest mode in the window




Real Modality Analysis

Tessellate the space Run the procedure in parallel
with windows



Real Modality Analysis

O
®
O
PY ®
O
®
®
O

The blue data points were traversed by the windows towards the mode



Real Modality Analysis

An example

Ihlh-LJdI:IN-P-ﬂIII
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Window tracks signify the steepest ascent directions



Mean Shift Strengths & Weaknesses

| > > > = O)
® ©e o o o o o 00000 o O o o

Strenqths :

 Application independent tool
« Suitable for real data analysis

» Does not assume any prior shape
(e.g. elliptical) on data clusters

« Can handle arbitrary feature
spaces

* Only ONE parameter to choose

* h (window size) has a physical
meaning, unlike K-Means

Weaknesses ;:

» The window size (bandwidth
selection) is not trivial

* Inappropriate window size can
cause modes to be merged,
or generate additional “shallow”
modes =» Use adaptive window
Size
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Segmentation

Example

...when feature space is only
gray levels...



Segmentation

Example




Segmentation

Example




Clustering-based segmentation

m Mozeme pouzit’ K-means algoritmus




K-Means Clustering

Vygeneruj zaciatocné rozdelenie
N4jdi centroid kazdého zhluku
Pre kazdu farbu:

— Vyrataj vzdialenost” od kazdéhu centroidu
— Prirad’ k najblizsiemu zhluku
Vyrataj nové centroidy
Opakuy, kym nie sa zhluky stabilné (MSE <
prah)



K-Means Clustering




K-Means Clustering




K-Means Clustering




K-Means Clustering




K-Means Clustering




K-Means Clustering




K-Means Clustering




K-Means Clustering




Clustering: K-Means




Ako najst’ spravne K

Optimal number of clusters

Zlomovy bod:
spocCitame WSS
pre rozne K
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Number of clusters k

Nc¢
« Within Cluster Sums of Squares : WSS = Z Z d(x, Xc )2
s AC;
i=1 x€C;
Nc¢

- Between Cluster Sums of Squares: RSS — Z IC;l - d(Xc,, ’-()2

|

C; = Cluster, N, = # clusters, X = Cluster centroid, X = Sample Mean



Clustering: K-Means

Note: Visualize segment with average color



Clustering-based segmentation

1. Select an image: |imgs/Pa170028.pg ~| 2.Select a processor: |KMCluster

Cptions:

Init Method |0

G40+480 (E07118): RGB(20,22,1)

K-means clustering of color.



Clustering-based segmentation

1. Select animage: |imgs/P1010021.JPG 2. Select a processor: |KMCluster 3. Click process==

Qptions:

Init Method |0

640%480 (636,95): RGB{102,130,151) Process done ! (590,209): RGB(0,46,255)

K-means clustering of color



Clustering-based segmentation

m Clustering na zaklade farby a texttry

Original Images  Color Regions  Texture Regions




Clustering-based segmentation

B K-means rozne variacie:
® Rozne sposoby inicializacie.
m Rozne zastavovacie pravidla.
® Dynamické metody urcovania spravneho poctu grup
K pre dany obraz

m Problém: segmentacie na zaklade histogramov a
klasteringu mozu produkovat’ nejednoznacné
regiony.



Clustering-based segmentation

Examples from the UC Berkeley’s Blobworld system.



Region growing — narastanie
regionu

m Narastanie regionu zacina s jednym pixelom
potencionalneho regionu (seed) a snazi sa narastat’
pridavanim pixlov na zaklade podobnosti.

m Prvy vybrany pixel moze byt’ bud’ prvy neoznaceny
pixel alebo z mnoziny ,,seeds® urcenej pre dany obraz

m /Zvycajne sa pouzivaju statistické texty na urcenie ktory

pixel moéze byt’ pridany k skimanému regionu

m Region je populacia s podobnymi vlastnost’ami



Region growing

Image

segmentation




Techniky dodatocného spracovania
narastania oblasti

m obrazy segmentované narastanim oblasti casto obsahuju
prili§ vela oblasti (slabé narastanie) alebo prili§ malo
oblasti (silné narastanie) ako vysledok neoptimalneho
nastavenia parametrov.

m Na zlepsSenie segmentacnych vysledkov bolo
vytvorenych viacero technik dodatocného spracovania.



® Jednoduchsie techniky dodato¢ného spracovania
znizia pocet malych oblasti v segmentovanom
obraze.

= V jednom kroku sa odstraniuja hranice medzi
susednymit oblast’ami vzhl'adom na ich kontrast
a zmeny smeru pozdlz hranice.

= V druhom kroku sa vysledky prvého kroku
modifikuju tak, aby pasovali presne so znamymi
obrazovymi hranami.



Split-and-merge

1. Start with the whole image.
2. If the variance is too high, break into quadrants.
3. Merge any adjacent regions that are similar enough.

4. Repeat steps 2 and 3, iteratively until no more splitting or
merging occut.

—> Idea: good
Results: blocky




Split-and-merge

Split and merge example

Split and merge example




Split-and-merge




Split-and-merge

A satellite image. A large connected region  More compact sub-regions
formed by merging pixels  after the split-and-merge
labeled as residential after procedure.

classification.



Modely aktivnej hranice — hady
(snakes)

m Had je spline, ktory minimalizuje energiu — pricom
energla zavisi na jeho tvare a umiestneni v obraze.

m [okalne minima tejto energie zodpovedaju hl'adanym
vlastnostiam obrazu.

m Funkcia energie, ktora sa minimalizuje je vazena
kombinacia internych a externych sil.



Modely aktivnej hranice sa pouzivaju pri segmentacit, porozumeni
obrazu a pri analyze dynamickych obrazovych dat.

Hady sami neriesia problém najdenia hranice, ale robia to v interakcii
s uzivatelom alebo nejakym vyssim procesom porozumenia.

T4ato interakcia musi Specifikovat’ pociatocny bod a priblizny tvar
hranice.

Apri(’)ma informacia posuva hada k vhodnému rieSeniu.

Na rozdiel od ostatnych modelov obrazu, had je aktivany, vzdy si
hl'ada polohu s minimalnou energiou.

(a) (b) (©)

Figure 8.6: Active contour model—snake: (a) initial snake position (dotted) defined interac-
tively near the true contour; (b), (c) iteration steps of snake energy minimization: the snake
is pulled toward the true contour.




Figure 8.7:
g

Snake-based detection of the untravascular ultrasound catheter (dark line posi-
tioned inside the coronary artery lumen) in an angiographic X-ray image of a pig heart: (a)
original angiogram; (b) initial position of the snake; (c) snake deformation after 4 iterations;
(d) final position of the snake after 10 iterations.




m Munkcia energle, ktora sa minimalizuje, je vazena
kombinacia vnutornych a vonkajsich sil.

m Vnutorné sily vyplyvaju z tvaru hada, kym externé sily
z obrazu a/alebo z vyssich drovni porozumenia.

m Had je definovany parametricky ako
V=[x 6);
kde x(5) a y(s) st stradnice pozdlz hranice a

sye z |0,1].



Minimalizovana eneroia sa da napisat’ ako
g

1 1

FLLO

E = j E, . (v(s))ds= j {LE,, (V(S)D]+[E,,, (V)] +[E_ (v(s)]} ds

kde E.

mt
vzhl'adom na ohybanie (obsahuje parametre ako

elasticitu a tvrdost’),

reprezentuje vautornu energiu splajnu

- Eobm:(
ktoré t'ahaju hada k liniam, hranam a zakonceniam) a

reprezentuje sily obrazu (obsahuje parametre,

m | reprezentuje vonkajsie ohranicujuce sily (napr.
apriorna znalost’ z vyssieho procesu).



(b)

Figure 8.8: A snake attracted to edges and terminations: (a) contour illusion; (b) a snake
attracted to the subjective contour. Adapted from [Kass et al. 870].

m Z BEulerovo-Lagrangeovych podmienok vyplyva, ze
splajn, ktory minimalizuje energiu, musi splnat’
d
g Vg — Ev — O

kde E,_je parcidlna detivacia E vzhfadom na dv/ds a

E, je parcialna derivacia E vzhl'adom na v.

Rovnica sa zvacsa riest numericky.



(a) (b)

Figure 8.9: Snake growing: (a) lengthening in tangent direction; (b) energy minimization

after a growing step.
m Iny koncept pridava este jednu energiu do vautornych sil, ked’
pozera na krivku ako na balon, ktory sa nafukuje. To umoznuje
hadovi prekonat’ 1zolované energetické doliny, pricom to dava

lepsie vysledky.

Figure 8.10: Active contour model—balloon: (a) initial contour; (b) final contour after infla-
tion and energy minimization. Adapted from [Cohen and Cohen 92].




Figure 8.11: B alloon-based image segmentation of an ultrasound image of a fetal head: (a)
wiatial position of the balloon; (b) balloon deformation after 10 iterations, (c) final position
of the balloon after 25 iterations. Courtesy V. Chalana, MathSoft, Seattle, WA.




