Mapovanie farebného rozsahu



fone mapping:
upravenie intenzity

gamut mapping.
upravenie farieb



Gamut = rozsah farieb, ktoré dokaze
zariadenie zobrazit, alebo rozsah farieb v
obraze

Ma vaa n Ie gam UtU How does one print this color?

Napr. Prevod farieb
obrazu do farieb
zobrazitelnych
tlacCiarnou

04 0.6 0.8
X
This color never needed?




COLOR FIGURE 1.24A COLOR FIGURE 1.25A
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Deskriptor hranice gamutu
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Barco CRT (El,2&4) HP inkjet glossy (El) HP inkjet glossy (E2&4)

Figure 3.1.3 Gamuts projected onto a™b™ plane in CIELAB.
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Figure 3.1.5 Gamuts at primary and secondary hue angles in CIELAB.







Gamut mapping algoritmy

globalne GMA

Kompresia gamutu
Orezanie gamutu

lokalne GMA

Zavisi od okolitych bodov
Zachovava detaily

J. Morovic, To Develop a Universal Gamut Mapping Al-

gorithm. Derby, UK: University of Derby, PhD Thesis,
1998.




Typy mapovania

Orezanie gamutu
Meni body len mimo gamutu

Kompresia gamutu
Meni body aj vnutri



Orezanie

Ortogonalne
Radialne

Horizontalne (C)

|::E1] orth |:|:§:-::|F|E1| -::|i|::-|::-ir|g [:-1::| chord |:|i|:||:|ir|g

Vertikalne (L)



Kompresia
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Kvalita obrazu



Chyby obrazu Mozné priciny
kontdrovanie slab&ia bitova hil
blokovanie (blocking)

zibkovatost’ (jaggies)

kruhovanie (ringing)

opticky klam (aliasing)

pruhovanie (streaking)

Sablonovanie (patterning) | nizsie rozliSenie, z

nespravne zachytenie farby | obrazky zachyten€ z roznych kanalov

http://www.glitchet.com/resources

http://avaa.bavc.org/artifactatlas/



Metriky

d(a,b) >0, pre ¥V a,b € X

d(a,b) =0 & a=0b, pre Va,b € X

d(a.b) = d(b, a), Vab € X

d(a,c) < d(a,b) +d(b,c), pre ¥V a,b,c € X

d — metrika
X — metricky priestor



Porovnanie odpovedajucich si
pixlov obrazkov

stredna kvadraticka chyba
stredna absolutna chyba
L*a*b* chyba - AE

Chyba okolia

Chyba v skalovom priestore



Minkowského metrika

MSE - stredna kvadraticka chyba (y=2)
MAE - stredna absolutna chyba (y=1)

pre 1 kanal
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offset 1 pixel
(MSE = 230.7)

Original bird




Sinusoidal error
(MSE = 12.34)

offset 1 pixel
(MSE = 230.7)

Original bird



L*a*b* chyba - AE
AL*(ij)=L*(ij)—L*(i.j).

Aa™(i,j)=a™(i.j)—a*(i.j).

Ab*(ij)=b*(ij)— b i.7),

[AL*(ij)*+Aa*(ij)* +Ab*(i,j)?]




Chyba okolia
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SNR, PSNR
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Peak SNR
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additive additive highpass
white noise noise (“blue noise”)

SNR =10.00 dB
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GIGIEWE!

Normalizovana korelacia 2 obrazov
Strukturalny obsah
Czenakowskéeho korelacia
Priemerny uhlovy rozdiel



Normalizovana korelacia  priemerny uhlovy rozdiel
2 obrazov

2. 6d0.3)661) = ICGHNICE D

Ly
[ 1& ‘ N

Czenakowskeho korelacia (pre
striktne nenegativne vektory)

2504 min (Culi, 5), Culi. ) )

Sy (Caling) + Culi )




Signal x

Signal ¥

Luminance

| Measurement

Contrast
Measurement

Luminance
Comparison

SSIM - Structural similarity
iIndex

k4

Luminance

"I Measurement

Contrast
Comparison

Combination —»

Contrast
Measurement

Structure
Comparison

F 3

Similarity
Measure




Porovnanie

Intenzity

Kontrastu

~
I

SSIM(x,y) = [[(x, ¥)I* - [e(x, ¥))7 - [s(x, ¥)]
. C1=(0.01*Ly?
C2=(0.03*Ly

| = 2pbits per pixel _q

SS i ’ “2 Ly [y T+ C :| f:__} o (_T,] }
SSIM(x,y) = — Haz [y 1) (& 0xy __

(12 +p2 +Cy) (024 02 + Cy)




(a) Original image (b) Contrast stretched image, MSSIM = 0.9168; (c) Mean-shifted,
MSSIM = 0.9900; (d) JPEG compressed, MSSIM = 0.6949; (e) Blurred, MSSIM =
0.7052; (f) Salt-pepper noise, MSSIM = 0.7748.



Vyznamne oblasti

Vahovanie chyby podla vyskytu vo
vyznamnej oblasti

1. UrCenie vyznamnych oblasti
2. UrcCenie rozdielnych pixlov
3. Vahovana MSE alebo ina metrika



CenmeadiekeTrisis on.uk CenmeadtkeTrisisco.uk
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Detekcia a rozpoznavanie tvari



Detekcia vs. Rozpoznavanie

Detekcia — klasifikacia do 2 tried
Tvar vs. Nie-tvar

Rozpoznanie — klasifikacia do viacerych tried
Osoba A vs. Ostatné osoby



* Detekcia = najdenie vsetkych tvari,
tvarovych c¢rt (oci, usta, ...)

* Lokalizacia = detekcia jednej tvare

* Rozpoznanie, identifikacia = najdenie zhody
v databaze

* Autentifikacia = porovnanie s urcitou tvarou
(overenie ID), rozpoznanie veku, ...

* Sledovanie = Casovy sled tvari, poz, ...

* Rozpoznanie vyrazu = urcenie
emocionalneho stavu, ...



Detekcia

Je na obrazku tvar?
Ak ano, kde presne?

£ g Wr
i i | i




Probléemy

Rotacia okolo osi z: frontalna, 45°, profilova fotka
Rotacia okolo osi y ' Vs

Tvaroveé prvky brada, fuzy
okuliare, .

Vyraz tvare

Zakrytie Casti tvare:
ruka, vlasy, ...

Kvalita obrazu:
Velkost

Osvetlenie

Distortion
Sum
Kompresia






Pristupy k detekcii

1) Znalostneé metody:
Co tvori typicku tvar?

napr. vztah medzi Crtami tvare

2) Metody zalozené na invariantnosti:
Ktoré Crty, ktoré priznaky sa nemenia v kazdej poze, osvetleni, ...?

3) Prikladanie sablon:
Standardné vzory popisujuce tvar alebo Crty tvare

4) Podobnostné metody:
Modely zalozené na podobnosti tvari, naucené z trénovacich
obrazov



TABLE 1
Categorization of Methods for Face Detection in a Single Image

Approach

Representative Works

Knowledge-based

Feature invariant
— Facial Features
— Texture
— Skin Color
— Multiple Features
Template matching
— Predefined face templates
— Deformable Templates
Appearance-based method
— FHigenface
— Distribution-based
— Neural Network
— Support Vector Machine (SVM)
— Naive Bayes Classifier
— Hidden Markov Model (HMM)
— Information-Theoretical Approach

Multiresolution rule-based method [170]

Grouping of edges [87] [178]

Space Gray-Level Dependence matrix (SGLD) of face pattern [32]
Mixture of Gaussian [172] [98]

Integration of skin color, size and shape [79]

Shape template [28]
Active Shape Model (ASM) [86]

Eigenvector decomposition and clustering [163]

Gaussian distribution and multilayer perceptron [154]
Ensemble of neural networks and arbitration schemes [128]
SVM with polynomial kernel [107]

Joint statistics of local appearance and position [140)]
Higher order statistics with HMM [123]

Kullback relative information [89] [24]

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.24, NO.1, JANUARY 2002

Detecting Faces in Images: A Survey

Ming-Hsuan Yang, Member, IEEE, David J. Kriegman, Senior Member, IEEE, and
Narendra Ahuja, Fellow, IEEE



1) Znalostne metody

Pristup zhora-nadol:

Tvar reprezentovana pravidlami popisujucimi Crty
tvare a ich vztahy

Priklad:
Vyznamny rozdiel medzi priemernou intenzitou
strednej a hornej Casti tvare

Tvar ma vacsinou 2 oCi umiestnené symetricky, nos v H'

strede, usta, ...

Tieto pravidla riadia proces hladania



Frontalny obraz tvare velmi
podobny pre vsetkych, najma pri
nizkom rozliseni

L : htl.h.'l—!:.. - |-| l-' |
LE?%EEEE”LE_E:J
P o s



2) Invariantné priznaky

Pristup zdola-nahor:
Crty tvare (odi, nos, Usta ...)

Pomocou priznakov: hrany, intenzita, tvar,
textura, farba, ...

Kombinacia crt do skupin, overenie Ci skupina
tvori tvar



Correct Constellation Random Constellation

e Facial features must occur in a specific spatial arrangement.

» Form constellations from the candidate feature locations,

v Find comstellation that have the appropriate structure.

CGiven bwo feature posibions, locations and the amount
of uncertainty of the others can be estimated.




Detekcia pokozky

Farba koze — kompaktny zhluk vo farebnom priestore

Pouzivaneé priestory
RGB, HSV, HIS, YCrCb, YIQ, YES, CIE XYZ, ...
Histogram, Gaussovsky model, zmes Gaussianoy, ...

e if piskin|x) = @, classify as skin

e if p(skin|x) < @, classify as not skin

e if p(skin|x) = @, choose classes uniformly and at random







3) Prikladanie sablon

Sabléna
pevna: hrany, regiony

deformovatelna: kontury

Sablony su dané,
nevedia sa ucit
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4) Podobnostné metody

Neuronove siete

PCA (analyza hlavnych komponentov)
SVM (mechanizmy podpornych vektorov)
Bayes

HMM (skryté Markovove modely)
Adaboost



Klasifikatory

Pozitivne priklady:

Zachytenie variancie v datach

Rucné vystrihnutie tvare, normahzacna na Jednotnu

velkost (napr. 19x19) . X
ﬂ ﬂhﬂt. Py

;!'.F“ =N ! i = ‘4- = Ly
Negativne priklady: it o 205 AN B
Lubovolny obrazok neobsahujucif=
tvar




4) Metoda Viola/Jones

Real-time detekcia
Pomaly tréning

Hlavné myslienky
Integralne obrazy — rychle vyhodnotenie priznakov

Boosting — vyber priznakov/klasifikatorov

Kaskady — rychle odmietnutie ne-tvarovych vzoriek

P. Viola and M. Jones. Rapid object detection using a boosted cascade of
simple features. CVPR 2001.



1. Tréning — algoritmus deteguje tvar v stvorcovom
okne pevnej velkosti

- jednoduché obdiZnikové priznaky
* vyber priznakov AdaBoost algoritmom

2. Klasifikacia — skenovanie obrazu v réznych
skalach pevnym oknom

https://www.youtube. com/watch?v= hPCwaFOqf4



ObdIZnikové priznaky

Priznak f(x) =

> (body v bielej oblasti (R2)) —
> (body v Ciernej oblasti (R1))

Priznak = slaby klasifikator tvare
1 ak f(x)>06

h(x) = {
—1 mak
Pre kazdy priznak iny prah



Integralne obrazy

, (1,1)
Suma bodov viavo hore .

Suma bodov v obdiZnikovom
okne (ABCD) p6évodného
obrazu =

IO(A) — 10(B) — IO(C) + 10( D)
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Priznak f(x) =
> (body v bielej oblasti (R2)) — > (body v Ciernej oblasti (R1))
=10(A) - 210(B) + I0(C) - I10(D) + 2 IO(E) - IO(F)



Boosting

Kombinacia slabych klasifikatorov do
silnejsieho

Slaby klasifikator — presnost o0 malo lepsia nez
nahodna klasifikacia

ht(x)={-1,1}

Silny klasifikator



Boosting

Slaby klasifikator 1




Boosting

Zvysenie vah




Boosting

Slaby klasifikator 2




Boosting

Zvysenie vahy




Boosting

Slaby klasifikator 3




Boosting

Vysledny klasifikator — linearna
kombinacia slabych klasifikatorov




AdaBoost algoritmus

e Given example images (z1,¥1),---, (ZTn,Yn) where y; = 0,1 for negative and positive examples
respectively.

e Initialize weights wy ; = ﬁ, Qll for y; = 0, 1 respectively, where m and [ are the number of negatives

and positives respectively.

e Fort=1,...,T"

1. Normalize the weights,
wi,q

?

Wt i =
zj:l wtsj

so that w; 1s a probability distribution.

™

For each feature, j, train a classifier h; which is restricted to using a single feature. The error 1s
evaluated with respect to wy, €; = >, w; |hj(z;) — yil.

3. Choose the classifier, h¢, with the lowest error ;.

4. Update the weights:

. 1—e;
Wit = Weifly

where e; = 0 if example z; is classified correctly, e; = 1 otherwise. and 3; = li—*ﬁt

e The final strong classifier 1s:

h(z) = { 1 Zg;l athy(x) > %Z’{:l ot

0 otherwise

where o; = log dit




Kaskady

Na zaciatku klasifikatory odstrania Co najviac
negativnych vzoriek

Pozitivne klasifikované vzorky postupuju do
dalsich (komplexnejSich) klasifikatorov

Negativna klasifikacia znamena okamzité
vyradenie vzorky z dalSej klasifikacie
3 T

Klasifikator Klasifikator
| 2
F F \ F

NIE TVAR NIE TVAR NIE TVAR

TVAR

VZORKY Klasifikator \——




Postupnost’ klasifikatorov ma
znizujuce sa mnozstvo falosSne
identifikovanych tvari oo False Pos

Klasifikator |1 VAR

VZORKY

3 T

Klasifikator
|
lF

NIE TVAR NIE TVAR NIE TVAR




Tréning kaskady

Slabé klasifikatory: prah, aby sa minimalizovalo
mnozstvo falosne negativnych klasifikacii

Klasifikatory su postupne trénované na faloSne

pozitivnych vzorkach predchadzajucich klasifikatorov
K1 (1 priznak) — 100% detekcia + okolo 50% faloSne
pozitivnych vzoriek

K5 (5 priznakov) — 100% detekcia + 40% falosSne pozitivnych
vzoriek (20% kumulativna chyba)

K20 (20 priznakov) — 100% detekcia + 10% faloSne pozitivnych
vzoriek (2% kumulativna chyba)

o o o
50% 20% 2% TVAR
20 priznakov \——
T
\F

NIE TVAR NIE TVAR NIE TVAR

VZORKY



Parametre:
Pocet stupnov kaskady
Pocet priznakov v kazdom stupni
Prah v kazdom klasifikatore

=

Haarove wavelety
24x24 aprox. 160000




Implementacia

24 x 24 okno
Skalovanie detektora, nie obrazov

Tvar moze byt detegovana na viacerych prekryvoch
— postprocessing
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Normalizované
Skalované na 24x24
Zrkadlené

Y4

Trénovacie data

4916x2 tvari
10 000 nie-tvari



38 stupnova kaskada
1, 10, 25, 25, 50 ... priznakov v stupnoch

Celkovy pocet priznakov vo vsetkych stupnoch
6061

ROC curve for face detector with step zize = 1.0

MIT+CMU test set 130 obrazov s 507
tvarami







Detekcia profilu
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