UNIVERSIDADE FEDERAL DO RIO GRANDE DO SUL
INSTITUTO DE INFORMATICA
PROGRAMA DE POS-GRADUACAO EM COMPUTACAO

GIOVANE ROSLINDO KUHN

Image Recoloring for
Color-Vision De cients

Thesis presented in partial ful lIment
of the requirements for the degree of
Master of Computer Science

Prof. Dr. Manuel Menezes de Oliveira Neto
Advisor

Porto Alegre, April 2008



CIP — CATALOGING-IN-PUBLICATION

Kuhn, Giovane Roslindo

Image Recoloring for
Color-Vision De cients / Giovane Roslindo Kuhn. — Porto Ale
gre: PPGC da UFRGS, 2008.

61f.:il.

Thesis (Master) — Universidade Federal do Rio Grande do Sul.
Programa de Pds-Graduacao em Computacgédo, Porto Alegre, BR—
RS, 2008. Advisor: Manuel Menezes de Oliveira Neto.

1. Color Reduction, Color-Contrast Enhancement, Coler-to
Grayscale Mapping, Color Vision De ciency, Dichromacy,-Er
ror Metric, Image Processing, Monochromacy, RecoloringAl
rithm. I. Oliveira Neto, Manuel Menezes de. Il. Title.

UNIVERSIDADE FEDERAL DO RIO GRANDE DO SUL

Reitor: Prof. José Carlos Ferraz Hennemann

Vice-Reitor: Prof. Pedro Cezar Dutra Fonseca

Pro-Reitora de P6s-Graduacédo: Prdflquiria Linck Bassani

Diretor do Instituto de Informatica: Prof. Flavio Rech Wagn
Coordenadora do PPGC: Ptofuciana Porcher Nedel
Bibliotecaria-Chefe do Instituto de Informatica: BeatRegina Bastos Haro



“Knowledge becomes knowledge, when it's in the mind of everyone.”
— ANONYMOUS






ACKNOWLEDGMENTS

| dedicate this work to two people in particular: Roberta llladdes, my faithful com-
panion, even in the distance gave me all your love and corepsabn, fundamental that
| do not give up the master's program, make my bags and gethacie. Edir Roslindo
Kuhn, my dear mother, for her thirst for life and strength ihcdlt moments, which
spread me and keep moving forward.

| thank immensely my advisor Manuel Menezes de Oliveira Neten with his post-
abolitionist method, he always took me to my limit and madegrev professionally
in a unprecedented way in my life. | thank him for the variooswersations about his
experience both in professional and private life, whichaiaty were a learning process
for me. | would also like to thank for his style of work, whiclhways yielded the best
jokes in the labs and conversations at parties.

| would like to thank Flavio Brum, a dichromat who was the g@reepiration for
the development of this work and responsible for valuahilespess suggestions. | thank
Sandro Fiorini, an anomalous trichromat, for the variowssiteonies of the dif culties
faced by him on daily tasks. | am grateful to Carlos Dietrioh the discussions about
mass-spring systems and for the base code to solvers on thea@PGPU. | thank Ed-
uardo Pons by illustrations developed for this work and lierpapers submitted, Barbara
Bellaver for the provision in the development of videos te gapers of this work, Le-
andro Fernandes by the partnership in the submission of btteegapers, and André
Spritzer by English revisions.

| thank the professors Carla Freitas, Jodo Comba, Luciadald@d Manuel Oliveira
for their mastery in leading the Computer Graphics GroupRRGS, and for their will-
ingness to assist the students in the program. Thanks tegsafs Paulo Rodacki, Jomi
Hubner and Dalton Solano dos Reis, from the Regional Unityas§Blumenau (FURB),
for the letters of recommendation. | also thank my colleagnghe Computer Graphics
Group, that always propitiated a creative and relaxed enuiient in the labs, important
for the development of this work and my intellectual growth.

Thanks to my parents José Cildo Kuhn and Edir Roslindo Kulmmfg education
and freedom of choice, my brothers Giselle Roslindo Kuhn\dial Roslindo Kuhn by
affection even in the distance, and my family and all friemdt® understood my absence
in the last festive events. | also thank my neighbor MéarciaeaMs and her family, with
all the fundamental support and friendship during my stai?amto Alegre. Thanks to
Triangle Fans, the best soccer team in the world, okay, irC&eworld at UFRGS, for
the glorious moments in the eld, and | also thank Polar beat always refreshed my
moments in Porto Alegre.

| thank CAPES Brazil by partial nancial support for this vkoand a special thanks
to my friend Vitor Pamplona for nancial help throughout miag in Porto Alegre.






TABLE OF CONTENTS

LISTOFFIGURES. . . .. .. ... . o
LISTOFTABLES . . . .. .. . . . . . o
ABSTRACT . . . e
RESUMO . . . . .

1 INTRODUCTION . . . . . . s d .
1.1 Thesis Contributions. . . . . . . . . . . . ...
1.2 Structure ofthe Thesis. . . . . . . . . . . .. ... ... ....

2 RELATEDWORK . . . . . .. . . . e
2.1  Simulation of Dichromat's Perception . . . . . ... ... ...
2.2  Recoloring Techniques for Dichromats. . . . . . ... ... ..

2.2.1  User-Assisted Recoloring Techniques
2.2.2  Automatic Recoloring Techniques

2.3  Color-to-Grayscale Techniques. . . . . . . ... ... .....
24 SUMMANY . . . . o e e e e

3 MASS-SPRING SYSTEMS . . . . . . . . ... . . . ...
3.1 De nition of Mass-Spring Systems . . . . . ... .. ... ...
3.2 Dynamic of Mass-Spring Systems . . . . . ... ... ... ..
3.3 Summary ... e e

4 THE RECOLORING ALGORITHM FOR DICHROMATS

4.1 TheAlgorithm . . . . . . . . . ... ..
4.1.1  Modeling the Problem as a Mass-Spring System . . . . . ..
4.1.2 Dealingwith LocalMinima . . . .. ... ...........

4.1.3  Computing the Final Color Values

4.2 Exaggerated Color-Contrast. . . . . ... ... .........
4.3 ResultsandDiscussion . . . . . .. .. ... ...
44  SUMMary . . . . .. e e e

5 THE COLOR-TO-GRAYSCALE ALGORITHM . . . .. .. .. ..
5.1 TheAlgorithm . .. .. .. .. ... .. ... .. ... ...

5.1.1  Modeling and Optimizing the Mass-Spring System

5.1.2 Interpolating the FinalGraylmage . . . . . ... ... ... .....
5.2  Error Metric for Color-to-Grayscale Mappings . . . . ... ..

11
13
15

17
20
20

21
21
22

22

23

24
26

29
29
30

31

33
33
34
35
36
38
39
44

45
45

45

46



5.3 Resultsand Discussion . . . . . . . . . .

54 Summary

6 CONCLUSIONS . . . . . ..

REFERENCES



11

1.2
1.3
1.4

2.1

2.2
2.3

2.4

2.5
2.6

3.1
3.2

4.1
4.2
4.3

4.4
4.5
4.6
4.7
4.8
4.9

4.10

5.1
5.2
5.3

LIST OF FIGURES

Visible electromagnetic spectrum as perceived by rioictats and

dichromats . . . . .. . .. .. . . .. . 17
Examples of scienti ¢ visualization for dichromats . . . . .. .. 18
Opponent soldiers identi ed by the armor colorinthe @uéd . . . . 19
Color-to-Grayscalemapping . . . . . . . . . . o o 91

Geometric representation of Brettel et al.'s algoritbreimulate dichro-

mat's perception. . . . . . . ... 22
Example showing a limitation of user-assisted recotptechniques . 23
lllustration of difference histogram used by Jefferaod Harvey to

sample the setofkeycolors . . .. ... .. .. ... ........ 24
Example showing a limitation of image-recoloring teicue by Rasche

etal . . . .. 25
USAtimezonemap . . . . . . . . i i 26
Effect of the use of random numbers to initialize the atgm by
Rascheetal. . .. ... ... .. . .. . .. . .. . ... . 27
Example illustrating a simple mass-spring system . . .. .. .. 29
Example illustrating the textures to represent a simphss- sprlng
systemonGPU . . .. ... ... ... .. . 30
Approximating each dichromatic color gamut by a plane..... . . 34
Dealing with local minima on the mass-spring optimizati . . . . . 36
lllustration shows the result of the use of a heuristiatoid local

MINIMA . . . . . . e e e e e e 36
Example for protanopes - Images of natural owers . . . ...... . 40
Example for deuteranopes - Colorpeppers. . . . . . .. .. ... 41
Example for protanopes - Signora in Giardino by Claude&io. . . 41
Example for deuteranopes - Still Life by Pablo Picasso. .... . . . 42
Example for tritanopes - Photograph of a chinese garden .. . . 42
Example of our exaggerated color-contrast approachemesult of
asimulated ame . . . .. ... 43
Example of our exaggerated color-contrast approashiénti c vi-
sualization . . . . ... 43
The mass of particle in the mass-spring system . . .. .. ... 46
Example of our contrasterrormetric . . . . . ... .. ... .... 48

The impact of the weighting termonthemetric . . . . . . . ..... 49



5.4
5.5
5.6
5.7
5.8
5.9
5.10

Performance comparison of various color-to-graysalglerithms . . 50
Example of grayscale preservation . . . . . ... .. .. ... .. 51
Four grayscale renditions of Claude Monet's Impregstidunrise . . 52
Color image Impressionist Sunrise by Claude Monet . . ...... . 52
Grayscale example - Pablo Picasso'sLovers . . . . . ... ... 53
Grayscale example - Photograph of a natural scene . . ........ 54
Grayscale example-Buttery . . . . . .. ... .. ... ... ... 55



11

4.1
4.2

4.3

5.1

LIST OF TABLES

Classi cation of color vision de ciencies and the respee inci-

dence in the caucasian population . . .. .. .. ... ......

Time to quantize images with various resolutions . . . ...

Performance of various recoloring algorithms for dm:hats on im-
ages of differentresolutions . . . . ... ... ... ... ....
Performance comparison between our technique and Rasdl.'s

forvariousimages . . . . . . . . . . . ...

Summary of the performance and overall contrast er@aymed by
the various techniques when applied to the test images

51






ABSTRACT

This thesis presents an ef cient and automatic image-ogoaj technique for dichro-
mats that highlights important visual details that wouldestvise be unnoticed by these
individuals. While previous techniques approach this faawbby potentially changing
all colors of the original image, causing their results tok@nnatural both to dichromats
and to normal-vision observers, the proposed approackmwes as much as possible, the
naturalness of the original colors. The technique desdribb¢his thesis is about three or-
ders of magnitude faster than previous approaches. This also presents an extension
to our method that exaggerates the color contrast in thémezbimages, which might be
useful for scienti ¢ visualization and analysis of chartslanaps.

Another contribution of this thesis is an ef cient contra&sthancement algorithm for
color-to-grayscale image conversion that uses both lunt@and chrominance infor-
mation. This algorithm is also about three orders of magieittaster than previous
optimization-based methods, while providing some guaesbn important image prop-
erties. More speci cally, the proposed approach presegvag values present in the color
image, ensures global color consistency, and locally ee®luminance consistency. A
third contribution of this thesis is an error metric for avating the quality of color-to-
grayscale transformations.

Keywords: Color Reduction, Color-Contrast Enhancement, Color-tayScale Map-
ping, Color Vision De ciency, Dichromacy, Error Metric, lage Processing, Monochro-
macy, Recoloring Algorithm.






Recoloracdo de Imagens para Portadores de De ciéncia na Pegpcao de Cores

RESUMO

Esta dissertacao apresenta um método e ciente e autontgioecoloracao de ima-
gens para dicromatas que destaca detalhes visuais imigsrtgure poderiam passar des-
percebidos por estes individuos. Enquanto as técnicasarteabordam este problema
com a possibilidade de alterar todas as cores da imagenmaligesultando assim em
imagens com aparéncia nao natural tanto para os dicromadéa$ogpara os individuos
com visdo normal, a técnica proposta preserva, ha medidaskivel, a naturalidade das
cores da imagem original. A técnica é aproximadamente tiens de magnitude mais
rapida que as técnicas anteriores. Este trabalho tambérsempa uma extensao para a
técnica de recoloracdo que exagera o contraste de coresagarimrecolorida, podendo
ser util em aplicagBes de visualizagdo cienti ca e anélesgrd cos e mapas.

Outra contribuicdo deste trabalho € um método e ciente peake de contrastes du-
rante a conversao de imagens coloridas para tons de cinzesgu&nto as informacdes de
luminéncia e crominancia durante este processo. A técnageopta é aproximadamente
trés ordens de magnitude mais rapida que as técnicas aesgn@seadas em otimizacao,
além de garantir algumas propriedades importantes da imad#ais especi camente,
a técnica apresentada preserva 0s tons de cinza preseintesyean original, assegura a
consisténcia global de cores e garante consisténcia ledahidnancia. Uma terceira con-
tribuicdo desta dissertacao € uma métrica de erro paraasaijualidade dos algoritmos
de converséao de imagens coloridas para tons de cinza.

Palavras-chave:Algoritmo de Recoloracéo, De ciéncia Visual de Cores, Dimiatismo,
Mapeamento de Cores para Tons de Cinza, Métrica de Erro, ddomatismo, Processa-
mento de Imagem, Realce de Contraste, Reducao de Cores.






1 INTRODUCTION

Color vision de ciency (CVD) is a genetic condition found approximately4%
to 8% of the male population, and in abo0#4% of the female population around the
world (SHARPE et al., 1999), being more prevalent amongasiaas. According to the
estimates of the U.S. Census Bereau for the world populatiertan predict that approx-
imately 200,000,000 (two hundred million) people suffemfrsome kind of color vision
de ciency. Human color perception is determined by a setlaftpreceptors (cones) in
the retina. Once stimulated, they send some signals to #ie, bvhich are interpreted as
color sensation (WANDELL, 1995). Individuals with normailor vision present three
kinds of cones calleded, green andblue, which differ from each other by having pho-
topigments that are sensitive to the low, medium, and highuencies of the visible
electromagnetic spectrum, respectively. Thus, indiMslwath normal color vision are
calledtrichromats Except when caused by trauma, anomalies in color visioogpgion
are caused by some changes in these photoreceptors, or agsbece of some kind of
cone. Thus, there are no known treatments of surgical puwesctapable of reverting
such a condition.

B T ool color vision
B W coocones absent BB i
. - green-cones absent g '

. - blue-cones absent

Figure 1.1: On the left, the visible spectrum as perceivettibliromats and dichromats.
In the middle, a scene as observed by a subject with normai gaion. On the right,
the same scene as perceived by a subject lacking green-@mesranope). Note how
dif cult it is for this subject to distinguish the colors assated to the fruits.

Changes in the cones' photopigments are caused by naturatieas of some pro-
teins, causing them to become more sensitive to a differemd of the visible spectrum,
when compared to a normal vision person (SHARPE et al., 19896¢h individuals are
calledanomalous trichromatdn case one kind of cone is missing, the subjects are called
dichromats and can be further classi ed ggotanopesdeuteranopgsandtritanopes
depending whether the missing cones are red, green, orrelsgectively. A much rarer
condition is characterized by individuals having a singleno kind of cones, who are
calledmonochromatsFigure 1.1 shows the visible electromagnetic spectruneesepved
by tichromats and dichromats, and compares a scene asvyeettsi an individual with



normal color vision and a subject lacking green-cones @tanbpe). Although there are
no reliable statistics for the distribution of the variol&sses of color vision de ciencies

among all ethnic groups, these numbers are available faraheasian population and are
shown in Table 1.1 (RIGDEN, 1999).

. Incidence (%)
Classi cation Nen ‘ Women
Anomalous trichromacy 59 0.37
Protanomaly (red-cones defect) | 1.0 0.02
Deuteranomaly (green-cones defect.9 0.35
Tritanomaly (blue-cones defect) | 0.0001| 0.0001
Dichromacy 21 0.03
Protanopia (red-cones absent) 1.0 0.02
Deuteranopia (green-cones absent)1.1 0.01
Tritanopia (blue-cones absent) 0.001 | 0.001

| Monochromacy | 0.003 | 0.00001|

Table 1.1: Classi cation of color vision de ciencies andetihespective incidence in the
caucasian population (RIGDEN, 1999).

Color vision de ciency tends to impose several limitatipapecially for dichromats
and monochromats. Children often feel frustrated by nondp@ible to perform color-
related tasks (HEATH, 1974), and adults tend face dif @dtto perform some daily ac-
tivities. Figure 1.2 shows some images of recent works irstienti ¢ visualization eld,
and their respective images simulating the dichromat'sgmion. Note how dif cult it
is for the dichromats to distinguish the colors used to regmethe datasets, and to reach
a better understanding of the data meaning.

(b) (©) (d)

Figure 1.2: Scienti ¢ visualization examples: (a) Visuaiion of a ame simulation
and (b) how this image is perceived by a subject lacking gossres (deuteranope). (c)
Simulation of a uid dynamic and (d) how this simulation isrpeived by a protanope
(i.e., a subject lacking red-cones).

Another important segment that permeates our daily life @sd ignores the limi-
tations of CVDs is the industry of digital entertainment. spite the respectable 32.6
billion-dollar billing obtained in 2005 by the gaming indos (consoles and computer)
and the expectation of doubling this amount by 2011 (ABI Red® 2006), this segment
leaves out of its potential market a signi cant part of pagiidn consisting of color-vision
de cients. Figure 1.3 illustrates a common situation fabgdCVDs dealing video games
and digital media in general. The image on the left preseatsrguter game scene show-
ing the colors of opponent soldiers. On the right, one seesdme image as perceived
by deuteranopes. Note that the colors are essentiallytingisshable.



Figure 1.3: Opponent soldiers identi ed by the armor colothe Quake 4 (ld Software,
Inc, 2006). On the left, the image as perceived by subjectis marmal color vision.
Note how the colors of the soldiers’ armors are almost imtigtishable to these indi-
viduals. The image on the right simulates the perceptiomnbjexts lacking green-cones
(deuteranopes).

Recently, several techniques have been proposed to raotdgies highlighting vi-
sual details missed by dichromats (ICHIKAWA et al., 2004; KIAA; SHIMAMURA,
2005; RASCHE; GEIST; WESTALL, 2005a,b; JEFFERSON; HARVEXQ06). Al-
though these techniques use different strategies, thegpalioach the problem by po-
tentially changing all colors of the original image. In cegsence, their results tend to
look unnatural both to dichromats and to normal-vision obses. Moreover, they tend to
present high computational costs, not scaling well withrtbber of colors and the size
of the inputimages. This thesis presents an ef cient andraatic image-recoloring tech-
nique for dichromats that preserves, as much as possileeaturalness of the original
colors.

Despite the very small incidence of monochromats in the dvpdpulation, color-to-
grayscale is, nevertheless, an important subject. Duedioaggic reasons, the printing of
documents and books is still primarily done in “black-andie”, causing the included
photographs and illustrations to be printed using shadgsayt Since the standard color-
to-grayscale conversion algorithm consists of computieduminance of the original im-
age, all chrominance information is lost in the process. Aesalt, clearly distinguishable
regions containing isoluminant colors will be mapped torgyka gray shade (Figure 1.4).
As pointed out by Grundland and Dodgson (GRUNDLAND; DODGS@B07), a sim-
ilar situation happens with some legacy pattern recogniigorithms and systems that
have been designed to operate on luminance information @&@yycompletely ignoring
chrominance, such methods cannot take advantage of a ticbesof information.

Figure 1.4: Color-to-Grayscale mapping. On the left, isthant color image. On the
right, grayscale version of the image on the left obtainedgithe standard color-to-
grayscale conversion algorithm.



In order to address these limitations, a few techniques baea recently proposed
to convert color images into grayscale ones with enhancettast by taking both Iu-
minance and chrominance into account (GOOCH et al., 200Ba}N&ODLAND; DODG-
SON, 2007; NEUMANN; CADIK; NEMCSICS, 2007; RASCHE; GEIST; W8TALL,
2005b). The most popular of these techniques (GOOCH et)5& RASCHE; GEIST,;
WESTALL, 2005b) are based on the optimization of objectiuactions. While these two
methods produce good results in general, they present bigpatational costs, not scal-
ing well with the number of pixels in the image. Moreover tli® not preserve the gray
values present in the original image. Grayscale preservadi a very desirable feature
and is satis ed by the traditional techniques that perfowocto-grayscale conversion
using luminance only. This thesis presents an ef cient apph for contrast enhance-
ment during color-to-grayscale conversion that addretbese limitations.

1.1 Thesis Contributions
The main contributions of this thesis include:

1. A new ef cient and automatic image-recoloring technidoedichromats that pre-
serves, as much as possible, the naturalness of the oragiloas (Section 4.1). An
extension of this technique that exaggerates color cdrdras might be useful for
visualization of scienti ¢ data as well as maps and charec(i®n 4.2);

2. A new ef cient contrast-enhancement algorithm for celmgrayscale image con-
version that uses both luminance and chrominance infoom#&8ection 5.1);

3. A new contrast error metric for evaluating the quality ofae-to-gray transforma-
tions (Section 5.2).

1.2 Structure of the Thesis

Chapter 2 discusses some related work to ours. In partjaulemvers the state-of-
the-art techniques in terms of image recoloring for dichaitsrit also reviews the current
approaches for color-to-grayscale conversion. Chaptevigws the basic concepts of
mass-spring systems, which provide the background for nstetteding the techniques
presented in this thesis. Chapter 4 presents the detaiteqiroposed image-recoloring
technigue for dichromats, analyzes some of its fundamgmtglerties and guarantees,
introduces an extension for exaggerating color contramst, @esents various examples
illustrating the obtained results. Chapter 5 describesd#tails of the proposed color-
to-grayscale technique, introduces a new perceptual eredric for evaluating the qual-
ity of color-to-grayscale transformations, and discussere results. Finally, Chapter 6
summarizes the work presented in this thesis and concludbsdwections for further
investigation.



2 RELATED WORK

There is signi cant amount of work in the literature thatestipts to address the prob-
lems of image recoloring for color-vision de cients and @oto-grayscale conversion.
This chapter begins covering some techniques to simulatpehception of dichromats,
then it discusses some recent image-recoloring technigudékese subjects. Finally, it
covers several approaches of color-to-grayscale comverstor both cases.€., image
recoloring and color-to-grayscale mapping) the proposelrtiques are compared to the
state-of-the-art ones.

2.1 Simulation of Dichromat's Perception

The simulation of dichromat's perception allows indivitkievith normal color vision
to experience how these subjects perceive colors. SucHations became possible after
some reports in the medical literature (JUDD, 1948; SLOANDMLACH, 1948) about
unilateral dichromatsi.g., individuals with one dichromatic eye, but with normal wisi
in the other eye). These reports account for the fact thatsppextral colors and neutral
colors are perceived as equals by both eyes. The spectoab@ke blue and yellow for
protanopes and deuteranopes, while for tritanopes théses@re cyan and red.

Using this information, some researches have proposeaitpads to simulate the
colors appearance for dichromats (MEYER; GREENBERG, 188&TTEL; VIENOT;
MOLLON, 1997; WALRAVEN; ALFERDINCK, 1997; VIENOT; BRETTEL.2000). In
this thesis, all simulations were performed using the dtigor described by Brettel et
al's (BRETTEL; VIENOT; MOLLON, 1997), the most referenctsthnique to simulate
the dichromat's perceptions.

Brettel et al. use two half-planes in the LMS color space present the color gamut
perceived by dichromats. The half-planes were based orefiwts of unilateral dichro-
mats in the medical literature. Each class of dichromacydmastype of missing cone,
and they confuse colors that fall along lines parallel toakis that represent the missing
cone. Brettel et al. assumed the intersection between sueh and the half-planes as
the colors perceived by dichromats. Figure 2.1 illustratggometric representation of
Brettel et al.'s algorithm to simulate the perception oftealass of dichromacy.

Although these simulation techniques allow individualshwiormal color vision to
appreciate the perception of dichromats, as we noted inkdnagles of Figures 1.1t0 1.3,
they do not help to minimize the limitation of these indivadisito perceive the contrast
between the colors.
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protanope deuteranope £ tritanope

Figure 2.1: Geometric representation of Brettel et algoathm to simulate perception of
dichromats. The green represent the reduced color gamigiobanats. The orthographic
projection of coloiQ onto the reduced surface gives the c@3perceived by dichromats.
Figure adapted from (BRETTEL; VIENOT; MOLLON, 1997).

2.2 Recoloring Techniques for Dichromats

The image-recoloring techniques for dichromats aim at mizing the constraints
faced by these subjects in the perception of colors. Bdgi¢he colors of the resulting
image are changed to allow dichromats to perceive colorashin portions of images
where they originally missed it. Recoloring techniques loarbroadly classi ed asser-
assistedandautomatictechniques.

2.2.1 User-Assisted Recoloring Techniques

Daltonize (DOUGHERTY; WADE, 2002) is a web application fecoloring images
for protanopes and deuteranopes.(subjects also known as red-green colorblind). The
technique splits the image into luminance, red-green, dne-yellow channels. It re-
quires three user-provided parameteesi-green stretch factoused to increase the con-
trast in the red-green channdéliminance projection scajdhat tells how much of red-
green channel is projected into luminance channel;dne-yellow projection scaleéhat
informs how much of red-green channel is projected intolyleiéow channel.

Fidaner et al. (FIDANER; LIN; OZGUVEN, 2005) also proposedeahnique that
projects information from one channel into other chanriiis,in the Daltonize approach.
They worked with the differences between the original insagged the simulated images
for the respective dichromacy, that corresponds to thermmftion lost by dichromats.
They required €88 3 matrix, de ned by the user, that speci es how the differesice
between the original and the simulated dichromatic imageslsl be accumulated to the
channels of the original image.

Working on the HSL color space, laccarino et al. IACCARINle, 2006) modulate
the original image colors using six user-provided paramnsetBixels with hue (H) close
to green color are modulated by the rst three parameterdevplixels with hue close to
red are modulated by the other three parameters.

The quality of the results obtained with user-assistedlogitm techniques is highly
dependent on the user-provided parameters. Essentiatigl-@and-error strategy is re-
quired to choose the best set of parameters for each in@diMicthage. Another limitation
is that the presented user-assisted techniques are bagmdnbroperations, hence they
may introduce new color confusions. Figure 2.2 illustrated situation. The red and
blue colors in (a) have become indistinguishable by a dantgre in (c) after (a) has been



recolored using Fidaner et al.'s technique.

(@) (b)

Figure 2.2: Example showing a limitation of user-assisesthhiques based on point op-
erations. (a) Color image as perceived by a subject with abaolor vision. (b) Same
image as perceived by a subject lacking green-cones (deaee). (c) Simulation of
deuteranope's perception after recoloring the image (egusidaner et al.'s technique.
Note that red and blue colors in (a) have become indistitgtik in (c).

2.2.2 Automatic Recoloring Techniques

Ichikawa et al. (ICHIKAWA et al., 2003) used an objective tion to recolor web
pages for anomalous trichromats. The objective functims tio preserve the color dif-
ferences between all pairs of colors as perceived by triohts in the reduced anomalous
trichromats' gamut. A genetic algorithm was used to mininilze objective function.
Note, however, that this problem is relatively simpler, athtgroups are trichromats and
no reduction in color space dimension is required. Ichikaival. (ICHIKAWA et al.,
2004) extended their previous technique for use on cologéesabut they did not con-
sider the preservation of color naturalneiss.,(preservation of colors that are perceived
as similar by both trichromats and anomalous trichromats).

Wakita and Shimamura (WAKITA; SHIMAMURA, 2005) proposed echnique to
recolor documentse(g, web pages, charts, maps) for dichromats using three olgect
functions aiming, respectively, at: (i) color contrast ggevation, (i) maximum color
contrast enforcing, and (iii) color naturalness preséomatHowever, in their technique,
the colors for which naturalness should be preserved muspée ed by the user. The
three objective functions are then combined by weightirgrspeci ed parameters and
optimized using simulated annealing. They report that dwnts with more than 10
colors could take several seconds to be optimized (no irdéon about the specs of the
hardware used to perform this time estimate were provided).

Jefferson and Harvey (JEFFERSON; HARVEY, 2006) select askey colors by
sampling the difference histogram (Figure 2.3 e) betweeiribhromat's color histogram
(Figure 2.3 c¢) and dichromat's color histogram (Figure 2.3 They use four objective
functions to preserve brightness, color contrast, colothé available gamut, and color
naturalness of the selected key colors. Again, the userspesify the set of colors whose
naturalness should be preserved. They optimize the comhlobjective functions using
a method of preconditioned conjugate gradients. They tepoes of several minutes to
optimize a set of 25 key colors on a P4 2.0 GHz using a Matlablamentation.

Rasche et al. (RASCHE; GEIST; WESTALL, 2005a) proposed doraatic recol-
oring technique for dichromats as an optimization thaistti® preserve the perceptual
color differences between all pairs of colors using an aftresformation. Such trans-
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Figure 2.3: (a) Color image and (b) simulation of protanepeéew for image (a). (c)

and (d) are the 3D color histograms for the images shown irard) (b), respectively.

(e) Difference histogram obtained by subtracting (d) fraxn (The RGB color space is
discretized into 1,000 equal volume cubes. The gray shadecabe is proportional to
the number of pixels in the image with the corresponding R@RBes. Figures extracted
from (JEFFERSON; HARVEY, 2006).

formation, however, does not capture color variations@loany directions and does not
ensure that the mapped colors are all within the availableugaRasche et al. (RASCHE;
GEIST; WESTALL, 2005b) addressed these limitations usiegrstrained multivariate
optimization procedure applied to a reduced set of quashtieéor, which are in turn used
to optimize the entire set of colors. The authors did not icrsthe problem of natu-
ralness preservation and the technique can arbitrariipgiahe colors of the original
images (Figure 2.4 c). Moreover, the algorithm does notesaall with the number of
quantized colors and the size of the input images.

The image recoloring technique presented in this thesisopgimize hundreds of
colors in real time, and can be used to create images thatshanech more natural look
(Figure 2.4 d). Contrary to all previous automatic techeguhe proposed approach is
deterministic, always producing the same result for a gimpat image.

2.3 Color-to-Grayscale Techniques

Mapping a color image to grayscale is a dimensionality rédogroblem. Tradi-
tional techniques use projections or weighted sums to mdpee tdimensional color
space to a single dimensioe.g, the luminance value okYZ YCbCr, L*a*b*, or HSL
color spaces). These are the common methods implementedimercial applications,
such as Photoshop (BROWN, 2006) and Gimp (JESCHKE, 2002gsd lapproaches,
however, do not take into account any chrominance infoilmnatmapping isoluminant
pixels to the same gray value, as shown in Figure 1.4 (b).

A popular dimensionality reduction technique is Principamponent Analysis (PCA)
(DUNTEMAN, 1989). However, as pointed out by (GOOCH et abp3a; RASCHE;
GEIST; WESTALL, 2005b), since PCA ignores the directiongwmow variation, small
detail can be missed in favor of larger detail.

Grundland and Dogdson (GRUNDLAND; DODGSON, 2007) apprazaathr-to-grayscale
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Figure 2.4: Blue sky and building: (a) Color image. (b) Siatidn of deuteranope's view
for image (a). (c) and (d) are the results produced by RaschE'seand the proposed
techniques, respectively, as seen by deuteranopes. Natedllors of the sky and yellow
foliages in (a) were unnecessary changed by Rasche etm@ireach (c), not preserving
the naturalness of such colors. Compare such a result watlorle obtained with the
proposed technique (d).

problem by rst converting the origindRGB colors to theirY P Q color space, followed
by a dimensionality reduction using a technique they cglledominant component anal-
ysis which is similar to PCA. In order to decrease the computati@ost of this analy-
sis, they use a local sampling by a Gaussian pairing of pitkels limits the amount
of color differences processed and brings the total cosbiwert anN N image to
O(N?2log(N?)). This technique is very fast, but its local analysis may ragitare the
differences between spatially distant colors and, as dtresmay map clearly distinct
colors to the same shade of gray. Figure 2.5 (a) illustrdtedtSA time zones map us-
ing distinct isoluminant colors for each time zone. Notet thahe result produced by
Grundland and Dogdson's approach, shown in (c), the colotrast between some time
zones €.g, HST and AKST time zones, CST and EST time zones) were noepred,
illustrating the limitation previously described. The gsaale image (d), obtained using
our color-to-grayscale approach, successfully mappeddheus time zones to distinct
shades of gray.

Neumann et al. (NEUMANN; CADIK; NEMCSICS, 2007) presentedempirical
color-to-grayscale transformation algorithm based orGbkroid system (NEMCSICS,
1980). Based on an user-study, they sorted the relativenlumse differences between
pairs of seven hues, and interpolated between them to dibiairelative luminance dif-
ferences among all colors. Their algorithm requires theisgaion of two parameters,
and the reported running times are of the order of ve to texoses per megapixel (hard-
ware specs not informed).

Gooch et al. (GOOCH et al., 2005a) nd gray levels that beprasent the color
difference between all pair of colors by optimizing an olajex function. The ordering
of the gray levels arising from the original colors with @ifént hues is resolved with a
user-provided parameter. The cost to optimizeNan N image isO(N#), causing the
algorithm to scale poorly with image resolution.

Rasche etal. (RASCHE; GEIST; WESTALL, 2005b) formulatesi¢blor-to-grayscale
transformation as an optimization problem in which the pptaal color difference be-
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Figure 2.5: USA time zone map: (a) Color image. (b) Luminaintage. (c) Grayscale
image produced by Grundland and Dogdson's (GRUNDLAND; DCHBN, 2007)
method. (d) Grayscale image obtained using the color-&ysgrale approach presented in
this thesis. Note in (c) how the color contrast between sqragally distant regions were
not preserved by Grundland and Dogdson's approadp HST and AKST time zones,
CST and EST time zones). The grayscale image shown in (dessitdly mapped the
various time zones to different gray values.

tween any pair of colors should be proportional to the pgszkdifference in their corre-
sponding shades of gray. In order to reduce its computatiet) the authors perform the
optimization on a reduced sé& of quantized colors, and this result is then used to opti-
mize the gray levels of all pixels in the resulting image. Togl cost of the algorithm
is O(kQk? + kQkN?). A noticeable feature of their algorithm is that in order p tb
help the algorithm to scape local minima, the minimizatiomgedure is initialized using
a vector of random values, which causes the algorithm toym®eon-deterministic re-
sults. Thisisillustrated in Figure 2.6, which shows theygcale images produced in three
executions of their algorithm. Note that in the result showkigure 2.6 (b) the island
is barely visible, illustrating a situation in which the opization got trapped in a local
minima. Figure 2.6 (e) shows the result produced by the dolgrayscale algorithm
presented in this thesis.

2.4 Summary

This chapter discussed the most relevant techniques tdatencolor perception by
dichromats. Although these techniques do not minimize ithédtion of these individ-
uals to perceive color differences, they are important beeahey eliminate the need
for the presence of dichromats along the development atsl déshe image-recoloring
algorithms.

The chapter also presented the state-of-the-art on imeg@ering techniques for
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Figure 2.6: Effect of the use of random numbers to initiattze algorithm by Rasche et

al. (RASCHE; GEIST; WESTALL, 2005b) on the generated gralsanages. (a) Image

containing isoluminant colors. (b) to (d) Grayscale imageserated by three executions
of the Rasche et al.'s algorithm. (e) Grayscale image prediny the color-to-grayscale

algorithm presented in this thesis. Note that in (b) thenglsle Royale National Park is

barely visible, while our color-to-grayscale techniquegarved the contrast in (e).

dichromats. Basically, these techniques aim to minimizelithitations faced by these
subjects in the perception of color contrasts. It was disediswo kind of approaches for
image recoloring: user-assisted and automatic techniqlies user-assisted recoloring
techniques, despite the low computation cost, do not talkedaocount any analysis on
the image to choose optimal parameter settings, hence thgyntnoduce new color con-
fusions. On the other hand, automatic recoloring techrsiquee optimization methods
to choose the best set of colors in the dichromatic imageghviginds to generate better
results than user-assisted techniques. However, thentiaueomatic methods are com-
putationally expensive and not suitable for real-time mapions. Contrary to all current
automatic methods, the proposed image-recoloring algaritan optimize hundreds of
colors in real time and can produce images with more natac. |

Furthermore, this chapter presented several approachesl@o-to-grayscale conver-
sion. These techniques convert color images into grayseade with enhanced contrast
by taking both luminance and chrominance into account. Kéntiurrent optimization
methods, the proposed color-to-grayscale technique ermetistic, can optimize hun-
dreds of colors in real time, and scales well with the sizénefihput image.






3 MASS-SPRING SYSTEMS

This chapter reviews the basic concepts of mass-springregsind provides the back-
ground for understanding both the image-recoloring andohar-to-grayscale techniques
proposed in this thesis, which are cast as optimizationlpros.

3.1 De nition of Mass-Spring Systems

A mass-spring system consists of a set of particles (noaes)ected by springs that
deform in the presence of some external forces, as illestrat Figure 3.1. When com-
pressed or stretched, the springs apply internal reactiae$ in order to maintain their
rest length (GEORGII; WESTERMANN, 2005). The system termstabilize when
the external forces are compensated by opposing internad@do These features make a
mass-spring system a exible optimization technique thatiroizes a set of parameters
(e.g, the positions of the particles) that best satisfy some tcaimés €.g, the sum of
internal and external forces is zero). Modeling a problena asass-spring system ba-
sically consists of mapping some properties of the problernhand to the variables of
the mass-spring system: (i) particles' positions, (ii)tjzdes' masses, (iii) springs' rest
lengths, and (iv) springs' current lengths. For examplegaplication could map a given
property of the problem as the mass of particles in the sydiethis case, particles with
bigger masses tend to move less. Alternatively (or in aoldito this rst mapping), the
application could restrict the particles to only move alangjven axis.

Figure 3.1: Simple mass-spring system with three part{@eB , andC), and two springs
(S: andS,). Figure extracted from (DIETRICH; COMBA; NEDEL, 2006).

Due to its properties, simplicity and low computational qgdexity, mass-spring sys-
tems are used as an optimization tool in many areas, ingudltdy deformation and
fracture, cloth and hair animation, virtual surgery sintigla, interactive entertainment,
and uid animation.



3.2 Dynamic of Mass-Spring Systems

Considering a set of particles connected by springs, maasgssystems are simulated
by assigning some mass to each particle and some rest leng#th spring. The entire
system must obey Newton's second law:

Fi = mia (31)

wherem; is the mass of nodB;, a; is the acceleration caused by forleg which is the
composition of internal and external forces. Therefore,ftirce applied to nodg; can
be obtained from Hooke's law by summing the tensions of &ldfprings that conne&;

to its neighbors; : X

F= k@ 0 p) 32)
i2N l

whereN is the set of neighbors linked #, [ andlﬁ’ are, respectively, the rest length

and current length of the spring betwenandP;, k; is the stiffness of the spring, and

pi andp; are the current positions & andP;, respectively.

Verlet integration (VERLET, 1967) is often used to express tlynamics of each
node. This type of integration is frequently used in simola of small unoriented mass-
points, being especially interesting when it is necessanyldace constraints on the dis-
tances between the points (VERTH; BISHOP, 2004). With a ste@ t, the new posi-
tion of a nodeP; attimet + t can be computed as:

pt+ 0= "Waapw pe 33)
|

Recently, some researchers have demonstrated ef cienementations of mass-
spring systems on GPUs (GEORGII; WESTERMANN, 2005; TEJAEBRTL, 2005;
DIETRICH; COMBA; NEDEL, 2006). In each integration stepetforces acting on each
mass poinP; are accumulated in a fragment shader, requiring informathmut the par-
ticles' geometry and the system topology, which are usistiyed in three textures (Fig-
ure 3.2): geometry texturetoring the particles' positiomeighbors texturestoring the

list of neighbors of all mass-points, andighborhood texturserving as a neighborhood
header.

Figure 3.2: Texture representation of the mass-springgsyshown in Figure 3.1. Each
pixel represents one mass-point, and the pixel shader éstablecover the information
of all linked springs from neighborhood and neighbors textuFigure extracted from
(DIETRICH; COMBA; NEDEL, 2006).

The resulting algorithms (TEJADA; ERTL, 2005; DIETRICH; GABA; NEDEL,
2006) perform in real time even for large systeresy( 65K mass-points and 275K



springs). The solutions proposed in this thesis for bothgenaecoloring and color-to-
grayscale transformations are cast as optimization pnobknd modeled as mass-spring
systems with every mass poiAt connected to every other mass pditoy a springS; .
This xed and implicitly de ned topology lends itself to ari eient GPU implementation,
since no topology setup is needed.

3.3 Summary

This chapter detailed the key aspects of mass-spring sgst@moptimization tool
with low computational cost that can be ef cient implemehb®th on CPU and on GPU.
The understanding of the mass-spring's dynamic is fundamhmthe comprehension of
both the image-recoloring and the color-to-grayscalertegles proposed in this thesis,
as they are approached as optimization problems and moagledss-spring systems.






4 THE RECOLORING ALGORITHM FOR DICHROMATS

This chapter presents our image-recoloring techniqueitbrdmats. It also analyzes
some fundamental properties and guarantees of the algnihd introduces an extension
to the proposed method that exaggerates the color contraseiresult image. Along
the chapter, several examples are used to illustrate théggsoduced by the proposed
technique.

4.1 The Algorithm

Our image-recoloring technique for dichromats was desigo@chieve the following
goals:

Real-time performance

Color naturalness preservationlt guarantees that colors of the original images
will be preserved, as much as possible, in the resulting @sag

Global color consistencylt ensures that all pixels with the same color in the orig-
inal image will be mapped to the same color in the recoloreatjien

Luminance constancylt ensures that the original luminance information of each
input pixel will be preserved in the output one;

Local chrominance consisteneyit guarantees that chrominance order of colors
inside the same cluster will have preserved in the recolonege;

Color contrast preservationlt tries to preserve the color difference between pairs
of colors from the original image in the recolored one.

The proposed algorithm uses a mass-spring system to optthmzcolors in the input
image to enhance color contrast for dichromats. As predant&ection 2.1, the color
gamut of each class of dichromacy can be represented by tli#plaaes in the LMS
color space (BRETTEL; VIENOT; MOLLON, 1997), which can beisiactorily approx-
imated by a single plane passing through the luminance ¥i@éNOT; BRETTEL; MOL-
LON, 1999). For each class of dichromacy, we map its colorigdmthe approximately
perceptually-uniform CIE L*a*b* color space and use lesgtrares to obtain a plane
that contains the luminance axise(, L*) and best represents the corresponding gamut
(Figure 4.1). This is similar to what has been described bgcRa et al. (RASCHE;
GEIST; WESTALL, 2005b), who suggested the use a single planboth protanopes



Figure 4.1: Approximating each dichromatic color gamut lylane in the CIE L*a*b*
color space. , = 1148, 4= 811,and =46:37.

and deuteranopes as a further simpli cation. Based on @astisquares tting, the an-
gles between the recovered planes and the L*b* plane gre 1148, 4= 811,
and  =46:37, for protanopes, deuteranopes, and tritanopes, resplctiigure 4.1).
These angles are used to align their corresponding plariee tob* plane, reducing the
optimization to 1D along the b* axis (the luminance values legpt unchanged). After
the optimization, the new colors are obtained by rotatirglane back.

Our algorithm has three main steps:ifijage quantization(ii) mass-spring optimiza-
tion of the quantized colors, and (ili¢constructiorof the nal colors from the optimized
ones. The rst step consists in obtaining a §bdf quantized colors from the set of all
colorsC in the input imagé . This can be performed using any color quantization tech-
nique (GONZALEZ; WOODS, 2007), such as uniform quantizatiomeans, minimum
variance, median cut or color palettes.

4.1.1 Modeling the Problem as a Mass-Spring System

Working in the CIE L*a*b* color space, each quantized cogpr2 Q is associated
to a particleP; with massm;. The positiong of the particleP; is initialized with the
coordinates of the perceived color by the dichromat afteigdaimut plane rotation:

p=M D(q) (4.1)

whereD is the function that simulates the dichromat view (BRETTEIENOT; MOL-

LON, 1997), andM s a rotation matrix that aligns the gamut plane of the diotab
with the L*b* plane. We connect each pair of particsandP; with a springS;; with

elasticity coef cientk; = 1 (Equation 3.2), and rest length = kg gk, the (Eu-
clidean) distance between col@gsandg in the L*a*b* space. Note thed| and g are the
guantized colors as perceived by a trichromat.

At each optimization step, we update the positignendpg of particlesP; andP; and
computeS; 's current length a&j’ = kp pk. Given the restoring forces of the springs,
the system will try to converge to a con guration for whit‘-‘h = I forall §;. Thus,
after stabilization or a maximum number of iterations hasrbeeached, the perceptual
distances between all pairs of new colors/positibasg ) will have approximately the
same perceptual distances as their corresponding painsasitiged colorgq; §) from
Q. The nal setT of optimized colord; is obtained by applying, to each resulting color
A, the inverse rotation used in Equation 4.1

t=M g (4.2)



In order to enforce color naturalness preservation, we edhlre massn; of each
particleP; as the reciprocal of the perceptual distance (in the L*a*ice), between
andD(q):

a 1

kg  D(e)k
Equation 4.3 guarantees tlzatty color perceived similarly by both trichromats and dichr
mats will have larges masses, causing their correspondarggbes to move less If
trichromats and dichromats perceigeexactly the same waye(g, achromatic colors),
the particle would have in nite mass. In this case, we sing#ythe forces acting on the
particle to zeroi(e., F; = 0 in Equation 3.1).

4.1.2 Dealing with Local Minima

Like other optimization techniques, mass-spring systemageone to local minima.
Figure 4.2 (b) depicts the problem with a con guration ob&ad right after the quantized
colors g have been rotatedgti = M q. In this example, particle®,; and P, have
large masseq{; is in nite) since they are perceived as having, respecjiville same
and very similar colors by trichromats and dichromats. T@ngs (S:3; Si4; Sp3; So4)
connectingP; andP, to P; andP,4 apply forces that constraiR; and P4 from moving
to the other half of the b* axis (Figure 4.2 b). Figure 4.3states this situation, where
the resulting optimized image (c) does not represent amy sant improvement over the
original image perceived by the dichromat (b).

Once the plane that approximates the dichromat's gamutées &ligned to the L*b*
plane, pairs of ambiguous colors with considerable chaimgggominance will have their
a* color coordinates with opposite sigresd, the red and green colors in Figure 4.2 b).
We use this observation and the topology of our mass spristgsyto deal with local
minima using the following heuristiave switch the sign of the b* color coordinate of all
rotated quantized colors whose a* coordinates are posdivewhose perceptual distance
between the color itself and how it is perceived by the claskobromacy is bigger than
some threshold (Equation 4.4).

Although at rst this heuristic might look too naive becaus®e would just be replac-
ing some ambiguities with another ones, it actually has smtienal: (i) it avoids the
ambiguities among some colors found in the original image(@halthough there is the
possibility of introducing new ambiguities, as we switck 8ign of the b* coordinate for
some colors, we are also compressing and stretching tresciased springs, adding to
the system a lot potential energy that will contribute taweithe solution.

Even though such a heuristic cannot guarantee that thensysié never run into
a local minima, in practice, after having recolored a hugmiper of images, we have
not encountered yet an example in which our system was tdappe local minimum.
Figure 4.2 (c) illustrates the con guration obtained by g the described heuristic to
the example shown in Figure 4.2 (b). Figure 4.3 (d) shows treesponding result of
applying this heuristic to the example shown in Figure 4)3 (a

(
e if (qr2 > 0) and D(g)k >
pi otherwise

In Equation 4.4pP is the b* coordinate of colog andqr? is the a* coordinate of the
rotated colormgt;. The threshold enforces that colors that are perceptually similar to both
dichromats and trichromats should not have the signs af itfieioordinates switched, in



order to preserve the naturalness of the image. In the exathtrated by Figures 4.2
and 4.3, the rotated quantized colgs preserved its b* coordinate. According to our
experience, = 15 tends to produce good results in general and was used fonafjes
shown in this work.

@) (b) (©

Figure 4.2: Dealing with local minima. (a) A set of quantizedors. (b) A con guration,
obtained right after plane rotation, that leads to a locaimum: sinceP; cannot move
at all (it is an achromatic color) arfé, can only move a little bit, they will constrain the
optimization to the yellow portion of b* axis, leading thdion to a local minimum. (c)
By switching the sign of the b* coordinate &f,, the system escapes the local minimum.

(@) (b) (©) (d)

Figure 4.3: Example of the use of a heuristic to avoid localima: (a) Reference im-
age. (b) Simulation of a deuteranope's view of the image )n (&) Simulation of a
deuteranope's view after recoloring the reference imagegube mass-spring optimiza-
tion without the heuristic described by Equation 4.4. (d3@&eproduced by our technique
with the use of Equation 4.4.

4.1.3 Computing the Final Color Values

The last step of the algorithm consists in obtaining the rceédues for all pixels of
the resulting image from the set of optimized coltysk 2 f 1;::;kTkg, wherekTk is
the cardinality ofT . For this task, we have developed two distinct interpotasiolutions:
per-cluster interpolatiorandper-pixel interpolation



4.1.3.1 Per-cluster interpolation

LetCx C beacluster formed by all colors @that are represented by the optimized
colortx. The nal valuetX, associated to the m-th coldf, 2 Cy is then obtained as

tk = tx + (L ;rc O:a;re a:b) (4.5)

whered:L , d:a , andd:b are respectively the L*, a*, and b* coordinates of the ddfece
vectord = (&  &). & 2 Q is the quantized color associated to the optimized color
tk. Equation 4.5 guarantees that the nal caffjrhas the same luminance&s. ry is an
interpolation of ratios that indicates how close the transkd valudy, is to the optimal
solution. This interpolation is guided by Shepard's met(®idEPARD, 1968), a standard
technique for distance-weighted interpolation:

P Tk Kkt tik

KTK W
= —p kal k% 9K fori 6 k (4.6)
i=1 Wi

wherew,; = 1=kg gk? is the distance-weighted term suggested by Shepard (SHEP-
ARD, 1968). This transformation also guarantees local rimance consistency, as all
chrominance values inside a clust@y are computed relatively to the optimized color
tk. Equation 4.5 can be ef ciently implemented both on a CPU anch GPU. On the
CPU the cost to compute all cluster ratios using Equationsi@kQk?) for a setQ of
quantized colors, and the cost to interpolate each pixabusquation 4.5 given an image
with N N pixels isO(N?). Thus, the total cost of computing the nal image colors
from the sefl of optimized colors i©O(kQk? + N?).

Since the nal colors are computed by optimizing the set adiafized colorL), the
quality of the results depends directly on the quality of gi@ntization algorithm used.
According to our experience, the transformation expresgedquation 4.5 produces ex-
cellent results in combination with k-means. Unfortungté&means is not very fast.
Table 4.1 compares the times of uniform quantization ancekims for various image res-
olutions and number of clusters. In the case of uniform gmation, we discretize the
RGB space using a uniforh0 10 10grid. The quantized color is given by the grid
color closest to the input one. Uniform quantization is fésit tends to lead to poorer
results when used in combination with the transformationettby Equation 4.5.

Quantization Image resolution (pixels)

technique 640 x 480| 800 x 600| 1024 x 768
Uniform 0.055 0.087 0.150
K-means 64 2.082 3.338 5.517

K-means 128 3.932 6.029 10.432
K-means 256 7.545 11.972 20.049

Table 4.1: Time (in seconds) to quantize images with varregslutions on a 2.2 GHz
PC. For k-means, we used the code available at (ZHANG, 2006).

4.1.3.2 Per-pixel interpolation

One can bene t from the speed of uniform quantization by @ening a more expen-
sive reconstruction of the nal set of colors, achievinguiés similar to the ones obtained



when using k-means. In this case, the nal shading of eacklpsxobtained by opti-
mizing it against the set of already optimized coldrsThis is modeled by setting up a
mass-spring system, and creating springs between thentyise! (treated as a particle
initialized with Equation 4.4) and all optimized coldis k 2 [1;::;kTk]. For this re-
ning optimization stage, we force the particles assodatethe shades i to remain
stationary by setting the forces acting on them to z&roirf Equation 3.1). For each
color g, 2 C, we de ne its mass am., = 1=k&, D(6&y)k. This way, we allow a
color to change by an amount directly proportional to théed#nce of how it is perceived
by trichromats and dichromat$his mechanism guarantees the color naturalness in the
resulting image

The cost of this optimization procedure@kQk? + kQkN?) foranN N image,
which can be signi cantly higher than the mapping de ned bg per-cluster interpolation
technique Q(kQk? + N?)) for large values okQk or N. However, since the color of
each output pixel can be computed independently of eactr,atiee computation can
be ef ciently implemented in a fragment program. Table 4dnpares the times for
recoloring images with various resolutions using différa@igorithms.MS-PC CPUand
MS-PC GPUare respectively the CPU and GPU versions of our mass-splgayithm
using per-cluster interpolation to obtain the nal colokS-PP GPUoptimizes the nal
colors using our per-pixel interpolation method as desctilm the previous paragraph.
Table 4.2 shows that in all of its variations, our approach few orders of magnitude
faster than Rasche et al.'s approach. All images (and exectitnes) reported for the
technique of Rasche et al. (RASCHE; GEIST;, WESTALL, 2005B)yevobtained using
the software available at (RASCHE, 2005).

Recoloring Image resolution (pixels)

technique 640 x 480| 800 x 600| 1024 x 768
Rasche 225.16 349.31 580.49
MS-PC CPU 0.41 0.46 0.54
MS-PC GPU 0.20 0.22 0.26
MS-PP GPU 0.22 0.23 0.27

Table 4.2: Performance of various algorithms on images fééreint resolutions. Times
measured in seconds on a 2.2 GHz PC with 2 GB of memory and or-arGe 8800
GTX GPU. Quantization times not included. All techniquesdia set of 128 quantized
color. Mass-spring (MS) optimized the set of quantized lsing 500 iterations. Our
per-pixel interpolation version (MS-PP GPU) obtains thal nolors using 100 iterations
for each pixel in the image.

4.2 Exaggerated Color-Contrast

For applications involving non-natural imagesd, scienti ¢ and information visual-
ization) contrast enhancement is probably more importzart preserving color natural-
ness. This comes from the fact that colors used in such apiolics tend to be arbitrary,
usually having little connection to the viewer's previouperiences in the real world. In
scienti ¢ visualization, the details presented by the data are interactively explored via
transfer functions (PFISTER et al., 2001). Until now, tf@n$unction design has largely
ignored the limitations of color-vision de cients. Poputalor scales usually range from
red to green, colors that are hard to be distinguished by didstomats.



By supporting real-time recoloring of transfer functions dichromats, our approach
can assist color-vision de cient to exploit the bene ts ofenti ¢ visualization. This kind
of assistance can be made with the following changes in cagéwecoloring algorithm:

1. Modifying the spring's rest length to exaggerate the @sitbetween the colors
during the optimization process; = x kg gk, wherex is a scalar used to
exaggerate the perceptual difference between any pail@f goand¢;

2. De ning the mass of particl®; as: m; = 1=k(a;; )k, wherek(a;; )k is the
distance from colog to the luminance axik . Thus, less saturated colors present
bigger masses and tend to move less, as expected, thisyaeske achromatic
colors;

3. Initializing the mass-spring system witl= O (Equation 4.4), since we do not need
to preserve the naturalness of colors.

4.3 Results and Discussion

We have implemented the described algorithms using C++ &8l Gand used them
to recolor alarge number of images. The reported times weesared usinga 2.2 GHz PC
with 2 GB of memory and on a GeForce 8800 GTX with 768 MB of mgmbigures 4.4,
4.5,4.6,4.7, and 4.8 compare the results of our technigai@stjRasche et al.'s approach,
and Table 4.3 summarizes the performances of the algoritBmee Rasche et al.'s tech-
nique is not deterministic, for the sake of image comparismneach example shown in
this work, we run their software ve times and selected thstlvesult. For these exper-
iments, the input images were quantized using the follovailggrithms and number of
colors: Figure 4.4 Flowers(uniform, 227 colors), Figure 4.5Bell Peppergk-means,
127 colors), Figure 4.6Signora in Giardingk-means, 128 colors), Figure 4.&till Life
(uniform, 46 colors), and Figure 4.85hinese Garde(k-means, 128 colors).

Rasche et al.| MS-PC CPU | MS-PP GPU
Image (size) Time Time Time
Flowers(839 602) 315.84 0.85 0.16
Bell Pepperg321 481) 114.63 0.27 0.09
Signora in Giardind357 241) 60.68 0.26 0.08
Still Life (209 333) 47.34 0.08 0.06
Chinese Garde(239 280) 44.06 0.23 0.08

Table 4.3: Performance comparison between our technigli®asche et al.'s for images
of various sizes and different quantization strategiesneTmeasured in seconds shows
that our technique scales well with image size.

Figure 4.4 Flowers has839 602pixels and our GPU implementation performed its
recolorization in 0.158 seconds. ThisZ000 faster than Rasche et al.'s approach. Our
CPU implementation was stili72 faster than Rasche et al.'s for this example.

In the example shown in Figure 4.5, while Rasche et al.'s @ggr (c) enhanced the
contrast among the colors of the peppers, our techniqueadserved the color natural-
ness of the crates, yellow peppers, and other vegetablbe tveickground (d).

In Figure 4.6, Monet's paintin§ignora in Giardinavas recolored to enhance contrast
for protanopes. In this example, note how dif cult it is fdretse individuals to distinguish
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Figure 4.4: Images of natural owers: (a) Photograph. (bin8amage as perceived
by protanopesife., individuals without red cones). (c) Simulated view of atprope
for a contrast-enhanced version of the photograph reabloyeRasche et al.'s approach.
(d) Simulated view of a protanope for the result producedumtechnique. Note how our
approach enhanced the overall image contrast by selgctili@hging only the colors for
which there is a signi cant perceptual difference betweemchromats and dichromats.
As a result, it preserved the naturalness of the colors (treperspective of the dichro-
mat) of the owers' nuclei and of the background foliage (queme images (b) and (d)).
For this 839 602-pixel image, our approach performs approximately @,0faster than
Rasche et al.'s technique.

the red owers from the green leaves and grass (Figure 4.6Qn)r approach clearly

improved the perception of these owers, while preservimgmaturalness of the sky and
the other elements of the scene, as perceived by the pradfaure 4.6 d). Compare
our results with the ones produced by Rasche et al.'s appr@ic

Figure 4.7 shows a Pablo Picasso's painting recolored fotedanopes. Both Rasche
et al.'s result (c) and ours (d) enhanced color contrastphiyt ours preserved the natu-
ralness of the yellow shades as seen by the dichromat (b).

Chinese Garden (Figure 4.8) provides an example of imagaameg for tritanopes.
Note how our technique preserved the naturalness of thewiilg enhancing the contrast
for the purple owers. Rasche et al.'s approach, on the oktzard, recolored the sky as
pink and did not suf ciently enhanced the contrast of thegbeirowers.

Figures 4.9 and 4.10 illustrate the use of our exaggerata-contrast approach.
Figure 4.9 shows the result of a simulated ame. Red and gceéors in (a) mean high
and low temperatures, respectively. Note how dif cult itf@ deuteranopes to distin-
guish regions of high from regions of low temperatures in (Bigures 4.9 (c) and (d)
present the results produced by our image-recoloring aaggetated color-contrast ap-
proaches, respectively. Figure 4.10 (a) shows the visatédiz of carp dataset using a
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Figure 4.5: Color peppers: (a) Original image. (b) Simwlatof a deuteranope's view
for image (a). (c) Simulation of a deuteranope's view for tegults produced by Rasche
et al.'s technique. (d) Simulation of a deuteranope's viewthe results produced by our
approach, which preserved the color naturalness of thegréte yellow peppers, and
other vegetables in the background.

€Y (b)

(c) (d)

Figure 4.6: Signora in Giardino by Claude Monet, courtesyAdtyclopedia.com: (a)
Colorimage. Simulated views for a protanope for: (b) thgioal one, (c) result produced
by Rasche et al.'s approach, and (d) result produced by thgoged technique.

multi-dimensional transfer function and (b) presents th&alization as perceived by
deuteranopes. Note how dif cult it is for deuteranopes tstidiguish the colors asso-
ciated to the dataset. Figures 4.10 (c) and (d) show sintuldtsvs of a deuteranope
for the results produced by our image-recoloring technifguedichromats and by our
exaggerated color-contrast approach, respectively.
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Figure 4.7: Still Life by Pablo Picasso, courtesy of Art@media.com: (a) Color image.
(b) Image in (a) as perceived by subjects lacking greens(heuteranopes). (c) and (d)
are the results of Rasche et al.'s and our techniques, regglgcas seen by deuteranopes.

@) (b) (© (d)

Figure 4.8: Photograph of a chinese garden: (a) Color im&ewulated views of tri-
tanopes for: (b) the original image, (c) the recolored imbag&asche et al.'s approach,
and (d) the recolored image using our technique. Note the &ky and the enhanced
contrast for the purple owers.
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Figure 4.9: Simulation of a ame: (a) Color image. Simulateelws of deuteranopes for:
(b) original image, (c) result produced by our image-redgalptechnique for dichromats,
and (d) result produced by our exaggerated color-contmsbach using = 2.

(@) (b)

() (d)

Figure 4.10: Visualization of a carp dataset using a muitiehsional transfer function:
(a) Color image. Simulated view of deuteranopes for: (byiodl image, (c) result pro-
duced by our image-recoloring technique for dichromatd, (@) result produced by our
exaggerated color-contrast approach using2.



4.4 Summary

This chapter presented an ef cient and automatic imagetoeimg algorithm for dichro-
mats that, unlike the current image-recoloring methodewal these subjects to bene t
from contrast enhancement without having to experienceuto@tural colors. The pro-
posed method uses a mass-spring system to obtain the seinébgolors in the resulting
image, and can be ef ciently implemented both on CPU and odeno GPUs.

The chapter also introduced an extension to the proposegkehrecoloring algorithm
that exaggerates color contrast. This kind of feature mimghuseful for applications
dealing with non-natural images, like scienti ¢ and infation visualization.



5 THE COLOR-TO-GRAYSCALE ALGORITHM

This chapter describes our color-to-grayscale technilateuses both luminance and
chrominance information. It also introduces a new errorrimédr evaluating the quality
of color-to-grayscale transformations and discussesthdts obtained with the proposed
technique.

5.1 The Algorithm

Our color-to-grayscale algorithm is a specialization a# tkecoloring algorithm for
dichromats presented in Chapter 4. In the recoloring algoriwe searched for an opti-
mal color contrast after projecting samples from a 3D cqgbaice into the 2D color gamut
of a dichromat. For the color-to-grayscale problem, we de&or the optimal contrast
after projecting samples of a 3D color space now into a 1Drcspace. For this purpose,
many of the same strategies used in the previous chapterecaubed here. Not surpris-
ingly, both algorithms have many things in common, inclgdine number and order of
the steps, and the use of a mass-spring system as the opittmitzzol.

Thus, like the previous proposed algorithm, this one alstheee main steps. The
rst step consists in obtaining a sétof quantized colors from the set of all coldZsn the
input imagel , and can be performed using any color quantization teclenifjbe second
step performs a constrained optimization on the valuesefuminance channel of the
quantized colors using a mass-spring system. At this stageshrominance information
is taken into account in the form of constraints that spechew much each particle can
move (Section 5.1.1). The nal gray values are reconstaifiiem the set of gray shades
produced by the mass-spring optimization (Section 5.IRs nal step guarantees local
luminance consistency preservation.

5.1.1 Modeling and Optimizing the Mass-Spring System

Similar to the recoloring algorithm for dichromats, thearsto-grayscale mapping is
modeled as a mass-spring system whose topology is a congpégib (.e., each particle
P; is connected to each other parti® by a springS; with xed stiffnessk; = 1).
Each particleP; is associated to a quantized colgr2 Q (represented in the almost
perceptually uniform CIE L*a*b* color space) containingse massn;. Here, however,
the particles are only allowed to move along the L*-axis of ttolor space and each
particleP; has its position; (in 1D) initialized with the value of the luminance coordiea
of §. Between each pair of particléB;; P;), we create a spring with rest length given by

= oM kg gk 5.1)
Qrange



where Qrange IS the maximum difference between any pair of quantizedrsaio Q,
Grange IS the maximum possible difference between any pair of lamoe values, and
kg g k approximates the perceptual difference between cajoasid . Note that
since the luminance values are constrained td_thaxis, Gange = 100.

The instantaneous force applied to a partigles obtained by summing the tensions of
all springs connecting; to its neighbor#®; , according to Hooke's law (Equation 3.2). At
each step of the optimization, we updﬁ‘?[eratsti L;j, and the new positiop; (actually
the gray level ;) according to Verlet's integration (Equation 3.3). Theuléiag system
tends to reach an equilibrium when the perceptual diffeesfetween the optimized gray
levels are proportional to the perceptual differences aptba quantized colors iQ.

In order to enforce grayscale preservation, we set the mas¥ particle P; as the
reciprocal of the magnitude @&f's chrominance vector (Figure 5.1):

-1
k(g ;b)k

Note thatd = k(a ; )k is the distance from colog to the luminance axi& . Thus,
less saturated colors present bigger masses and tend tdesev&or achromatic colors,
whose mass should be in nity, we avoid the division by zemoaly by settingF; = 0
(Equation 3.2). This keeps achromatic colors stationary.

Figure 5.1: The mass of particle associated with a quantinéat § is computed as the
reciprocal of its distancd to the luminance axit : m; = 1=(k(a; ; j )k). This enforces
grayscale preservation, as achromatic colors will remtaticmary.

5.1.2 Interpolating the Final Gray Image

The last step of the algorithm consists in obtaining the giayes for all pixels of
the resulting image. For this task, we have adapted the tyooaphes described in
Sections 4.1.3.1 and 5.1.2.Rer-cluster interpolatiorand per-pixel interpolation The
choice for one interpolation method depends on the ap@rcaeéquirements.

5.1.2.1 Per-cluster interpolation

Consider the sai 2 Q of quantized colors and the respective associategis2tG
of optimized gray levels. LeCy ~ C be a cluster composed of all colors@nthat in the
optimization are represented by the quantized cgloiThe nal gray level associated to

them-th colorck, 2 Cy is then obtained as

o + rekeg  GRk lum(¢y)  lum(&)

ra =
gray(G) & reke &k otherwise

(5.3)



wherelum is the function that returns the coordinate L* of a color ie ttfa*b* color
space, and is Shepard's (SHEPARD, 1968) interpolation of ratios, iis tbase com-
puted as

P -
KQK \r, ik Gil
=1 Wki et

D

Mo = —Po K% 3K fori 6 k (5.4)

r indicates how close to the optimal solution is the gray valy@andw,; = 1=keg gk?
is the distance-weighted term. For the quantized cgldhat represents the cluster, all
gray values inside thk-th cluster are computed with respect to the optimized geagll
ok- Therefore, this transformation ensures local luminameesistency.

Again, given the se@Q of quantized colors, the cost of computing all cluster msatio
using Equation 5.4 on the CPU®(kQk?), while the cost of interpolating each pixel of
animage wittN N pixels isO(N?).

5.1.2.2 Per-pixel interpolation

In this approach, each pixel's nal shading is computed byirajzing it against the
setgc 2 G of previously optimized gray levels. This is achieved byngsh mass-spring
system, with springs connecting the current pixel (whidngated as a particle initialized
with the pixel’s luminance value) and all optimized grayele\,. In this re ned opti-
mization stage, the particles associated to the optimizay lgvels are kept stationary
by setting the forces that act on them to zefpif Equation 3.2). Equation 5.2 is then
used to obtain the mass of the pixel being optimized. In tages all pixels with achro-
matic colors endup having in nite masses, remaining stetryg. This ensures that all gray
shades in the original color image will be preserved in tlsailteng grayscale image.

5.2 Error Metric for Color-to-Grayscale Mappings

We introduce an error metric to evaluate the quality of cedegrayscale transforma-
tions. It consists of measuring whether the difference betwany pairs of colorss; §)
in the original color image have been mapped to the correfipgriarget difference in
the grayscale image. For this purpose, we de ned an errastiimm using root weighted
mean square (RWMS):

X
ey um(e)  lum(g)))? (5.5)
j2k U

rwms(i) =

where,rwms(i) is the error computed for thid' pixel of the input color imagé, K is
the set of all pixels if , KK k is the number of pixels ith, j = ( Grange =Gange )K& -
&k is the target difference in gray levels for a pair of colaérsand §, andlum is the
function that return the component L* of a color. Since thigedénces are computed in
the approximate perceptually uniform L*a*b* color spaeange = 100 and C,ange iS
the maximum distance between any two colors in the color @had he weight(1= If
is used to suppress the bias toward large valueg of

ForanN N image, evaluating Equation 5.5 for every pixel ofould takeO(N 4),
which becomes impractical for large value\of We can obtain a very good approxima-
tion to this error function by restricting the computatianthe sety 2 Q of quantized



colors, given by:

\

u

1 X KKk _ .

t o e 5 ilum(e) lum(g)j ’ (5.6)
i2q

rwmsq(i) =

In Equation 5.6 K K is the cluster of pixels represented by the quantized color
q, ,‘f = (Grange =Qrange )K& gk, & is the color of the-th pixel, andQange IS
the maximum distance between any two quantized colof3.iWe have compared the
RWMS values produced by Equations 5.5 and 5.6 for a set of &g@sof natural scenes,
paintings, charts, and maps. From this study, we found Heataverage relative differ-
ence between the two results was ohi7% Given these relatively small differences
but its signi cantly smaller cos©O(kQkN ?), all contrast errors shown in this work were
computed using the metric represented by Equation 5.6., Alsl contrast error images
shown in this thesis, the green shade shown at the bottone eftbr color ramp indicates
rwms = 0:0, while the red shade at the top representsis = 1:2.

Figure 5.2 illustrates the use of our contrast error meffigure 5.2 (c) is the error
image for the pair of color and grayscale images shown onrégyh.2 (a) and (b), re-
spectively, using a set of 64 quantized colors. The gragscahge was obtained as the
luminance of image (a). As expected, the largest errorsexgrate on the berries pixels,
since these present the biggest contrast lost. Smallerseare spread over the several
green shades of the leaves.

(@) (b) (© (d)

Figure 5.2: Example of our contrast error metric. (a) Colnage. (b) Luminance im-
age of (a). (c) Error image computed using Equation 5.6. E&ngekt contrast errors
concentrate on the berry pixels.

Figure 5.3 illustrates the impact of the weighting tékmi‘j‘ 2 on the metric. Figure 5.3
(b) shows a luminance image obtained from (a). The contrast anage is shown in
Figure 5.3 (c) and was computed from a set of 128 quantizeasrolThe error image
shown in (d) was computed using the RMS eriicg.(removing the weighting term from
Equation 5.6). Note that the region around the head of theeibythas bigger contrast
error, which has been captured by the error image in (c),entwas missed by the RMS
error image shown in (d).

5.3 Results and Discussion

The described algorithms have been implemented in C++ arSLGand used them
decolorize a very large number of images. The reported tinege measured using a 2.2
GHz PC with 2 GB of memory and on a GeForce 8800 GTX with 768 MBiefnory.
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Figure 5.3: (a) Color image, (b) the luminance version ofgméa), (c) RWMS error
image. Note the perceptual error around the head of therlyttand (d) RMS error
image.

Figure 5.4 compares the times for quantization and de@hgyimages with various
resolutions using different algorithms. Using the sameaton introduced in the pre-
vious chapterMS-PC CPUis our mass-spring algorithm using per-cluster interpohat
in combination with k-means, andS-PP GPUis our mass-spring algorithm using per-
pixel interpolation with uniform quantization. In the caskek-means, we used a set of
128 colors and the code available at (ZHANG, 2006). In the aduniform quantiza-
tion, we discretized thRGB space using an uniford0 10 10grid. Figure 5.4 shows
that in all of its variations, our approach is a few orders @igmtude faster than both
Gooch et al's and Rasche et al.'s approaches. All imagesaecdution times shown in
this work regarding the techniques of Gooch et al. (GOOCH.eRa05a) and Rasche
et al. (RASCHE; GEIST; WESTALL, 2005b) were obtained usinfware provided by
these authors at (GOOCH et al., 2005b) and (RASCHE, 200&)ertively.

Figure 5.5 compares the results produced by various tegbsigith respect to grayscale
preservation. One should note that only the luminance inflagand the result produced
by our method (f) are capable of preserving the original skaaf gray. The luminance
image, however, failed to distinguish the shades of theuarisoluminant circles. Gooch
et al.'s (Figure 5.5 c) and Rasche et al.'s (Figures 5.5 d grtéahniques changed the
original gray shades in the resulting images.

Figures 5.6, 5.8, 5.9, and 5.10 compare the results, peafuca) and the overall con-
trast errors produced by the various algorithms. Tabledninsarizes these data. Follow-
ing the authors comments on image quality, we did not use aagtigation with Gooch
et al.'s algorithm. For Rasche et al.'s and ours, the inpages were quantized as shown
on the second column of Table 5.1.

Table 5.1 also shows that our approach simultaneously pietee smallest RWMS
error and is by far faster than Gooch et al.'s and Raschéstadhniques. The luminance
image, on the other hand, presents the biggest overallagirgrrors, which is something
that was already expected, since the color-to-luminanggpimg completely ignores the
chrominance information of the original image.

Figure 5.6 shows four grayscale renditions of Claude Marigtpressionist Sunrise
(Figure 5.7), with their respective contrast error imagesimed using our metric. This
example illustrates the robustness of our technique tolbdadye images. Th8unrise
has(839 602)pixel and our GPU implementation performs the decoloriain 0.435
seconds. Thisigbl fasterthan Rasche etal.'s approach @@d®10 faster than Gooch
et al's. Our CPU implementation is st@B47 faster than Rasche et al.'s a@8; 379
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Figure 5.4: Performance comparison of various algorithma @.2 GHz PC with 2 GB
of memory and on a GeForce 8800 GTX GPU using images of difteresolutions.
Gooch et al. performed in 12,276 and 30,372 second&#® 480)and(800 600)
pixel images, respectively. Except for Gooch et al., aleotiechniques used a set of 128
guantized colors. Our mass-spring (MS) approaches ophitze set of quantized colors
using 1,000 iterations. TH&PU version obtained the nal gray levels by optimizing each
pixel with 100 iterations. Its results are detailed for bettisualization. Note how the
proposed approach scales well with the size of the input @mag

faster than Gooch et al.'s.

Picasso Lovers (Figure 5.8) provides an example for whiehrésult produced by
Gooch et al.'s technique presents a large contrast errgu{€5.8 h). For this same image,
Rasche et al.'s approach produced a relatively small csingmaor, but in the resulting
grayscale image it is hard to distinguish between the laghi®w skirt and the man's red
clothes. For the photograph shown in Figure 5.9, the oveaaitrast error produced by
Gooch et al.'s technique (Figure 5.9 h) is about the sameeaarth found in the luminance
image (Figure 5.9 g).

Figure 5.10 illustrates the dif culty of Rasche et al.'s apach to capture some subtle
shading variations among isoluminant colors. In this examine smooth yellow hallo

around the butter y's head has been missed, while it wasuwaptby Gooch et al.'s and
our techniques.
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Figure 5.5: Example of grayscale preservation. (a) Originbr image with isoluminant
circles; (b) Luminance image obtained from (a). Note it mapsoluminant circle to the
same shade of gray; (c) Result produced by Gooch et al.'sitggb. Note that the two
shades of green and the shade of orange turned into white mresllting image; (d) and
(e) are two results produced by Rasche et al.'s approaclGréyscale image produced
by our approach; Note that only the luminance image (b) aaddbult produced by our
approach (f) preserved the original gray shades. The sesiutiwn in (d), (e) and (f) took
a set of seven uniformly quantized colors as input.

Label | Image (size) Quant. (#colors)

#1 | Sunrisg(839 602) uniform (264)

#2 | Lovers(301 407) k-means (255)

#3 | Boats(193 282) uniform (141)

#4 | Buttery (128 164) k-means (120)
Image | Lum. Gooch et al. Rasche etal. | MS-PC CPU | MS-PP GPU
Label | rwus Time | rwms | Time rRwms | Time | rwms | Time | rRwMs

#1 | 0.707| 33,501.4| 0.557| 326.78| 0.564| 1.32| 0.429| 0.43| 0.425
#2 | 0.690| 1,882.5/0.699| 87.36| 0.498| 0.96| 0.486| 0.36| 0.477
#3 | 0.634 328.3| 0.624| 20.10f 0.513] 0.35]0.432| 0.17| 0.428
#4 | 0.582 57.3| 0.535| 5.54| 0.443| 0.21| 0.365| 0.15| 0.362

Table 5.1: Summary of the performance and overall contrest produced by the various
techniques when applied to the test images. Time measurseconds. Our approach
presents the smallest RWMS error for all examples and ig sagtly faster than the
other techniques. The speedups increase with the image dte theSunriseimage,
with (839 602) pixel, our GPU implementation ig51 faster than Rasche et al.'s
(CPU) approach and7; 910 faster than Gooch et al.'s (CPU).
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Figure 5.6: Four grayscale renditions of Claude Monet's fespionist Sunrise (Fig-
ure 5.7), with their respective contrast error images oletiusing our metric. (a) to
(d) are grayscale images with their corresponding pertmiastrast error images (e) to
(h), respectively. (a) Luminance image. (b) Grayscale ena@duced by Gooch et al.'s
method using its default parameters. (c) A grayscale imageéyzced by Rasche et al.'s
approach. (d) Grayscale image produced by our approach. BWivbr images: (e)
rwms = 0:582 (f) rvms = 0:535 (g) rwms = 0:443 (h) rwms = 0:365 (i) Error
scale: red means bigger error.

Figure 5.7: Color image (Impressionist Sunrise by Claudexdocourtesy of Artcyclo-
pedia.com).
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Figure 5.8: Pablo Picasso's Lovers: (a) Color image (coyrtd Artcyclopedia.com). (b)
to (e) are grayscale images with their per-pixel contragiramages (g) to (j), respec-
tively. (b) Luminance image. (c) Grayscale image produce@boch et al.'s method us-
ing its default parameters. (d) A grayscale image produ@stRe et al.'s approach. Note
that it is hard to distinguish between the lady's yellow skind the man's red clothes.
(e) Grayscale image produced by our approach. (f) Erroescald means bigger error.
RWMS error images: (g) to (j).
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Figure 5.9: Photograph of a natural scene: (a) Color imdgpeo(e) are grayscale images
with their per-pixel contrast error images (g) to (j), resipesly. (b) Luminance image.
(c) Grayscale image produced by Gooch et al.'s method ussmigeifault parameters. (d)
A grayscale image produced Rasche et al.'s approach. (gsGake image produced by
our approach. (f) Error scale: red means bigger error.(§).to
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Figure 5.10: Buttery: (a) Color image. (b) to (e) are gragkcimages with their per-
pixel contrast error images (g) to (j), respectively. (bniinance image. (c) Grayscale
image produced by Gooch et al.'s method using its defaulirpaters. (d) A grayscale
image produced Rasche et al.'s approach. (e) Grayscaleipraguced by our approach.
(f) Error scale: red means bigger error. RWMS error imaggkstd (j).



5.4 Summary

This chapter described a new color-to-grayscale techrtigteuses both luminance
and chrominance information to preserve the contrast,donithe input color image, in
the resulting grayscale one. The proposed method is basgthass-spring optimization
and is almost three orders of magnitude faster than curpgimization-based techniques.

This chapter also presented an error metric for evaluatiegquality of color-to-
grayscale transformations. It measures the error betweemifferences of any pairs
of colors in the original image and the corresponding défees in the grayscale image.
The proposed metric is based on a RWMS error.



6 CONCLUSIONS

This thesis presented an ef cient naturalness-presenvrage-recoloring algorithm
for dichromats based on mass-spring optimization. Cont@previous automatic tech-
niques, the proposed method allows dichromats to benermfamntrast enhancement
without having to experience unnatural colors. Besidesdeédeterministic, our technique
has many attractive properties: (i) it satis es global eatonsistency; (ii) ensures lumi-
nance constancy; (iii) maintains local chrominance cdesisy/; and (iv) can be ef ciently
implemented on modern GPUs. Both CPU and GPU versions ofrtipoped algorithm
are signi cantly faster than previous approaches (ICHIKAW al., 2004; WAKITA;
SHIMAMURA, 2005; RASCHE; GEIST; WESTALL, 2005b; JEFFERSQONARVEY,
2006). It has also presented an extension to our imageen@egimethod that exagger-
ates the color contrast for dichromats in the result imagechS feature is useful for
applications involving non-natural imagesd, scienti ¢ and information visualization).

A second contribution of this thesis is an ef cient massisgbased approach for
contrast enhancement during color-to-grayscale imageersion. The proposed method
is more than three orders of magnitude faster than previptisnzation-based tech-
niques (GOOCH et al., 2005a; RASCHE; GEIST; WESTALL, 2005%)ile producing
superior results both in terms of contrast preservationiaradje guarantees. Our algo-
rithm satis es a global consistency property, preserves/ggale values present in the
color image, maintains local luminance consistency, isgletely automatic, and can be
ef ciently implemented on modern GPUs.

Another contribution of this thesis is an error metric forksating the quality of
color-to-grayscale transformations. The proposed meii@sed on a RWMS error that
measures whether the difference between any pairs of coldhe original image have
been mapped to the corresponding target difference in tnesgale image.

The quality of the results produced by our image-recoloangd color-to-grayscale
technigues depend on the quality of quantization performeideir rst stage. For low-
guality images, the quantization algorithm may fail to gate a good set of quantized
colors, causing the result images to exhibit artifacts.héligh we ensure a continuous
mapping among the colors/gray-shades in any given clusierently the algorithms do
not ensure a continuous mapping among different clustenstdctice, however, after ex-
tensive tests on a large number of images, we have not naigedbjectionable artifacts
due to these limitations.

This work opens up several avenues for future exploratiors. the proposed ap-
proaches were designed to deal with static images, we plaxglmre ways to extend
our techniques to perform video sequences recolorizatemalorization. Preliminary
results show that we can enforce temporal coherence bwlinitig the mass-spring
optimization with particles computed for previous framasd by keeping those parti-



cles stationary. Temporal coherence is not preserved layereltechniques (GOOCH
et al., 2005a; GRUNDLAND; DODGSON, 2007; JEFFERSON; HARV,2006; NEU-
MANN; CADIK; NEMCSICS, 2007; RASCHE; GEIST; WESTALL, 2005MWAKITA;
SHIMAMURA, 2005).

We believe that our image-recoloring technique can havesaip®impact on the way
dichromats interact with digital media, as it nally prowd a practical way of disam-
biguating colors without contradicting, as much as possitiieir memories about how
the world looks like. We hope these results will inspire tlesign of new applications
and interfaces for dichromats.

With regarding to our color-to-grayscale technique, thegjua combination of high-
delity capture of color differences, grayscale preseimat global consistency, local lu-
minance consistency, and speed makes our technique a godidate for replacing stan-
dard luminance-based color-to-grayscale algorithms imtipg and pattern recognition
applications.
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