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Resune

Dans ce travail de recherche nous posons le probeme suivancomment reproduire des donrees
multispectrales avec un syseme d'impression jet d'encremulti-colorants? Deux approches sont
compaees utilisant le méme syseme d'impression: une pemere approche par mocklisation
d'imprimante et une seconde approche par halftoning avec dision d'erreur vectorielle.

Le domaine de recherche dans lequel nousevoluons est l'igarie multispectrale et nous nous
ineressonsa la reproduction spectrale de la couleur, nais nous restreignons donc au spectre
du visible. Les donrees que nous manipulons, e ectance gectrale d'une surface ou pixel d'une
image spectrale sont typiquement repesentees par un veteur de 31 valeurs de 400nma 700nm
avec un pas de 10nm. Une image spectrale peut étre decritegr 31 images en niveaux de gris.
L'ineret de la reproduction spectrale de la couleur est de pouvoir ceer une copie parfaite et
ainsi de esoudre les probemes les au phenonene de netanerisme: une s@ne originale et sa
reproduction apparaissent identiquesa un observateur hunain lorsque obsenees dans les mémes
conditions d'illumination que lors de I'acquisition de la sene originale; si l'illumination change
l'observateur humain percevra des dierences entres les dux images.

Si le ptenonene de netanerisme est un avantage en reprodiction couleur (c.a-d dierentes
combinaisons d'encre permettent de reproduire une méme Veur colorinetrique, c'est un in-
conwenient pour la reproduction spectrale de la couleur. Pur contréler spectralement notre
syseme d'impression nous avons besoin de connatre laeponse spectrale ce syseme. Létape
dite de caracerisation spectrale de l'imprimante permet detablir la relation suivante: d'une
combinaison de colorant envoyeea l'imprimantea la e ectance spectrale imprinee sur le pa-
pier. Nous utilisons les mockles d'imprimante de Murray-Davies (pour des impressions mono-
colorant), Neugebauer et Yules-Nielsen (pour des impressins multi-colorants) chacun dans leur
forme spectrale. Tous ces moctles fonctionnent de faconimnilaire: ils disposent de e ectance
spectrales cecrivant les limites du gamut spectral de l'imprimante. Les limites correspondenta
toutes les combinaisons binaires possibles entre les codmts du syseme d'impression et sont
aussi appekes les primaires de Neugebauer (NPs). Ces malds produisent une estimation de la
e ectance spectrale d'une combinaison d'encre envoye@ l'imprimante en calculant la somme
ponccee des NPs par la surface occupee par chacune d'edls pour une combinaison d'encre
donree. La pecision de ces moctles est directement leea la moctlisation du prenonene de
dot gain: une combinaison de colorant impriree apparatra plus sombre que la combinaison
souhaite envoyeea l'imprimante. L'inversion du moce le de Murray-Davies permet de moctliser
le dot gain mecanique qui est lea la ceformation de la go utte d'encre lorsqu'elle estejecee sur
le papier. Le facteurn du moctle de Yules-Nielsen permet de tenir compte du dot gaioptique
pour estimer la e ectance spectrale d'une combinaison dencre. Ce second dot gain est da
aux multiples interactions entre les rayons lumineux arrivant sur le papier recouvert ou non de
gouttes d'encre, se eplacant dans le papier etemergeahpar des zones recouvertes ou non de
gouttes d'encre.

Pour reproduire des donrees spectrales avec notre imprintde nous sommes inereses par la
relation inverse du mockle spectral de I'imprimante: d'une e ectance spectralea une combinai-
son d'encre pour contréler I'imprimante. Cette transformation est appeke sparation spectrale
des colorants et est eali®e en inversant le mocele spetcale de Neugebauer. Cette inversion
est un probkme d'optimisation dans lequel un criere d'optimisation est minimise: dierence
spectrale, dierence colorinetrique ou combinaison de chacune d'elles. A chaque ieration du
processus d'optimisation une nouvelle combinaison de calant est obtenue produisant une esti-
mation de la e ectance spectrale tesiee. Cetteetape dans la chame d'operation menanta la
reproduction spectrale de la couleur permet de comparer pouwne e ectance spectrale donree
sa reproduction suivant un criere purement coloriretri que ou purement spectrale. Ceci permet
d'illustrer la eduction du pkenonene de netanerisme avec une reproduction spectrale. Parmi
les nethodes testes pour l'inversion du mockle spectrd de Neugebauer, l'inversion par minimi-
sation d'une fonction de colt nous donne les meilleurs esltats pour ce probeme. La nethode
gue nous avons ceveloppee permet d'obtenir la meilleure @composition d'une e ectance spec-
trale par les NPs. Cette nethode est utiliee pour l'oper ation de gamut mapping spectrale



comme petraitement avant letape de sparation spectr ale des colorants. Une fois I'image spec-
trale transfornee en image multi-canaux ai chaque canal repesente un colorant du syseme
d'impression, l'operation appeke halftoning va transformer chaque pixel de chaque canal en
donree binaire pour ceposer une goutte d'encre et pour ne ps en ceposen la position du pixel
dans l'image. En variant la distribution spatiale des gouttes d'encre lillusion d'un niveau de
colorant sera ceee. La sparation spectrale des colorats suivie par le halftoning pour chaque
canal cecrit notre premere approche pour la reproduction spectrale de la couleur.

Notre seconde approche par halftoning avec di usion d'errer vectorielle permet de combiner
en une seule operation les deux transformations pesentat dans l'approche par mocklisation
de l'imprimante et halftoning. Cette technique de halftoning est une adaptation de I'algorithme
pour des images couleursa des images spectrales. Chaqueglide I'image spectrale est remplace
par la NP la plus proche dans l'espace de dimension spectraléa dierence (c.a-d. l'erreur)
entre le pixel et la NP =lectionree est ponceee et diu e sur les pixels voisins avec un ltre
de poids. Une NP corresponda une combinaison binaire des tmrants et donca une commande
pour ceposer ou non des gouttes d'encre. Cette technique dhalftoning est relativement lente
pour diuser l'erreur accumuke et laisse des marques vidiles dans limage halftoree. Une
fois rameree au gamut de l'imprimante les erreurs ceeessont plus faibles mais restent parfois
visible. Nous avons cherctea limiter la di usion d'erreu r au pixel les plus proches de facona
eviter une trop grande accumulation d'erreur, pour cela la construction de Itre base sur la
distance de pixela pixel voisin dans la egion du ltre ae & propoe. Cette cereration de ltre
a monte des aneliorations dans l'image halftoree quanta la visibilie de I'erreur accumuke et
la conservation des cktails pesents dans l'image origirale. En n nous avons compae les deux
approches par la reproduction de donrees spectrales extites de 'acquisition couleur spectrale
d'une peinture. Une douzaine de e ectance spectrales masgees ontet rapporees au gamut de
l'imprimante en utilisant notre technique de gamut mapping spectrale. Ces donrees spectrales
ont ensuite et reproduites en simulation et compaees en termes de dierence spectrale et
dierences colorinetriques ainsi qu'en termes de distribution spatiale des NPs. Les performances
des deux approches sont proches avec un avantage pour le halfing par di usion d'erreur
vectorielle, cette technique produisantegalement des ditributions de NPs stables et beaucoup
moins bruiees que pour la premere approche.
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Abstract

In this research work we are addressing the problem of how toeproduce multi-spectral data
with a multi-colorant inkjet printing system. Two approach es using the same printing system
have been described and compared: a rst approach by specttgrinter modeling and a second
approach using halftoning by spectral vector error di usion (sVED).

The eld of research is the eld of multi-spectral imaging, we are interesting in spectral color
reproduction, i.e. the data we are manipulating belong to the visible spectrum. The spectral
re ectance of a surface or the pixel of a spectral image is tyjgally represented by a vector of 31
values spanning the visible spectrum from 400nm to 700nm wit a sampling interval of 10 nm.
A spectral image can be represented by 31 grayscale images)eofor each wavelength. Spectral
color reproduction aims to produce a perfect, spectrally iéntical, copy of an original scene or
document, and hence to solve the problem of metamerism. An dginal scene and its spectral
color reproduction will thus appear identical under any viewing illuminant.

Metamerism can be an advantage in color reproduction, i.e. berent colorant combinations
can produce the same colorimetric value. But in spectral calr reproduction we want to know
the spectral response of the printing system. To control spetrally our printing system we
need to characterize the printing system with a spectral prhter model: for a given colorant
combination the printer model will estimate the resulting spectral re ectance on the paper. We
use the Murray-Davies model (for mono-colorant prints), the Neugebauer model and the Yule-
Nielsen modi ed Neugebauer model (for multi-colorant prints) in their spectral form. All these
models follow a similar approach to estimate the spectral reectance of a colorant combination:
a weighted sum of the spectral re ectances representing th@rinter gamuts limits. These limits
correspond to all the binary combinations between the avaible colorants and are called the
Neugebauer primaries (NPs). The accuracy of these models directly related to how the dot gain
phenomenon is taken into account in the estimation: the e edive printed colorant combination
will appear darker than the theoretical colorant combination sent to the printer. The inverse of
the Murray-Davies model allows us to estimate the mechanichdot gain due to the deformation
of the ejected drop of ink on the paper. The n factor introducel by the Yule-Nielsen modi ed
Neugebauer model allows us to model the optical dot gain dueat the multiple light and paper
interaction: the ray of light penetrating the paper by an area covered by colorant or not, and
leaving the paper by another area covered or not by colorantthis phenomenon increases the
resulting dot size.

To reproduce spectral data we are interested in the inversealation given by the spectral
printer model: we want to know the colorant combination required to reproduce a spectral re-
ectance target and for controlling the printer. This trans formation is called spectral colorant
separation; it is obtained by inverting the spectral printer model. Since the model is not ana-
lytically invertible, we treat this as an optimization prob lem in which a criterion is minimized:
spectral di erence, color di erence or combination of these di erences. Each iteration of this op-
timization process provides a new colorant combination giing a closer estimation of the desired
spectral re ectance target. The choice of criterion de nesthe type of reproduction and allows
comparing color reproduction obtained by minimizing color di erence, and spectral color repro-
duction by minimizing spectral di erence. We can also illustrate the reduction of metamerism
with spectral color reproduction. Among the tested methodsfor spectral colorant separation,
the constrained minimization routine gave us the best resuk for inverting the spectral printer
model. Our proposed method gives the best decomposition of spectral re ectance into a sum
of NPs. This method can be used as a spectral gamut mapping adgithm and is applied as a pre-
processing before performing spectral colorant separatio Once a spectral image is transformed
into a multi-colorant image the operation of halftoning wil | be performed on each colorant chan-
nel independently. This operation transforms each pixel ino binary values which correspond to
commands for the printer: 1 to lay down a drop of ink in a certain location and 0 not to. By
varying the spatial distribution of the drops the halftonin g operation can create the illusion of
di erent color levels. Spectral colorant separation folloved by independent halftoning of each
colorant channel describes our rst approach for spectral olor reproduction.



Our second approach by spectral vector error di usion combnes both spectral colorant sep-
aration and halftoning in one operation. This is an adaptation of the vector error di usion
halftoning technique for color images to spectral images. Ech pixel is replaced by the closest
NP and the dierence (i.e. the error) is weighted and diused to the neighboring pixels. A
Iter weight is used to di use the error. A selected NP corresponds to a binary colorant com-
bination and equivalently to a command for the printer to lay down or not drops of ink. The
sSVED halftoning technique is relatively slow to di use the error, meaning that a stable spatial
dot distribution is reached after a large number of pixels. The spectral gamut mapping applied
before sVED is shown to reduce this slowness e ect but not copletely. We have designed new
Iters to di use the error in order to avoid spreading error t o already distant pixel in the area of
the lIter. This approach has shown good results in avoiding brge error accumulation and good
edge preservation comparing to the rst approach.

Finally we have compared the two presented approaches by reépducing spectral re ectance
data. These spectral targets came from a spectral color acdgition of a painting. A dozen
measured spectral re ectances were rst gamut mapped to thespectral printer gamut with our
spectral gamut mapping technique. We have simulated the remduction of these data by the
two approaches. The second approach by sVED given better pésrmances in term of spectral
and color di erences, but also provides a more uniform spathl dot distribution than the rst
approach.






Long Resune

\Spectral Color Reproduction:
Model based and vector error
di usion approaches"

Chapitre 1

Introduction

Motivation

Avec un syseme conventionnel de reproduction couleur il st possible faire l'acquisition couleur
d'une s@ne et d'en imprimer une copie cle pour des condtions d'illumination donrees a
l'acquisition eta la restitution. Si les conditions d'ill umination changent un observateur humain
percevra des dierences entre l'originale et sa reproducion: ptenonene dit de netanerisme.
Pour esoudre les probkemes lesa ce ptenorrene nous devons utiliser un syseme de reproduction
spectrale de la couleur.

Le concept de reproduction spectrale de la couleur a cepet aborce dans le passe par Hunt
(1975) lorsqu'il cecrivait le proede holographique co uleur de Lippman comme etant le seul
syseme capable d'enregistrer et de reproduire des donres couleur spectrales. Depuis l'inerét
pour le multi-spectral n'a cess de crotre, pour la simpk raison que toute l'information couleur
est disponible quand on travaille avec des donrees spectles. la ou un syseme classique
d'acquisition couleur enregistre des informations leesaux interactions entre une surface et un
illuminant speci que, un syseme d'acquisition multi-s pectral va permettre de simuler la couleur
de cette surface pour dierentes conditions d'illuminati on.

Un syseme de reproduction spectrale de la couleur suivra dsetapes similairesa un syseme
de reproduction couleur classique, mais rapporeesa deslonrees spectrales: acquisition spec-
trale de la couleur, stockage et reproduction spectrale deal couleur. Les parties acquisition
et reproduction spectrale de la couleur utilisent des techologies similairesa I'acquisition et la
reproduction couleur.

Des sysemes d'acquisition spectrale ontet construitsa partir de caneras et de ltres (Hard-
eberg, 1999; Schmitt, 2005). Avec ce type d'installation ilest possible de faire de l'archivage
d' uvres d'art de haute qualie: I'information est enregi stee sur des bandes de longueur d'onde
plus eduites et plus nombreuses que les ltres traditionnels rouge, vert et bleu. Dans l'objectif
de projeter des images multi-spectrales des Itres ontee ajouesa des projecteurs couleur clas-
sique (Boosmann and Hill, 2003; Hill, 2007).

L'apparition de plus en plus courante d'imprimantes multi- colorant, avec comme premier but
d'augmenter le gamut couleur de I'imprimante, a ouvert le ctemin de la reproduction spectrale
de la couleur. Les premeresetudes scienti ques de ces semes d'impression ont pore sur la
eduction du netanerisme (Kohler et Berns, 1993), la ® lection des colorants (Kohler et Berns,
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1993; Tzeng et Berns, 1999, 2000) et la caractrisation smpérale des imprimantes (Balasubra-
manian, 1999; Wyble et Berns, 2000, Hersch et al., 2004). Psiinaturellement la reproduction

spectrale de la couleur (Taplin et Berns, 2001; Berns et al.2003; Kraushaar et Urban, 2006).
Une chame compkte d'operation pour la reproduction spectrale de la couleur existe donc et
certains travaux de recherche tentent d'harmoniser cette hame en suivant un sctema similaire
a la reproduction couleur (Rosen et al., 2003; Derhak et Roen, 2006).

Dans ce travail de recherche nous avonsetude divers aspas de la reproduction spectrale
de la couleur. Cela recessite de comprendre certaines ogations pour le traitement des donrees
spectrales comme la caracerisation spectrale des imprimntes, legamut mapping la ®paration
des colorants et l'operation de halftoning. Dans nos travaux nous avons caraceri®e une im-
primante jet d'encre multi-colorant avec un mocele spectral d'imprimante. Des nethodes pour
inverser ce mockle et e ectuer la eparation spectrale des colorants ontee proposes et discuees.
Cetteetape d'inversion est importante car elle permet de transformer une e ectance spectrale
en une combinaison de colorants pour contréler l'imprimarte. Dans letape de halftoning nous
avons utilie une technique de di usion d'erreur. Nous avonsegalement propos une seconde ap-
proche pour la reproduction d'images spectrales par halftning par di usion d'erreur vectorielle.
Cette seconde approche utilise le méme syseme d'impresm multi-colorant et fournit de bons
esultats.

Plan de la tlese

Dans le premier chapitre nous pesentons en plus du probine pos les dierentes publications
scienti ques produites durant ce travail de these. Les notations mattematiques et abeviations
sont regroupeesa la n de ce chapitre.

Dans le Chapitre 2 vous trouverez les bases de la colorineie, en particulier les relations
entre source lumineuse, observateur standard et surfacesechissant la lumere. Un syseme de
reproduction metanerique de la couleur y est explique avec en paralele un syseme de reproduc-
tion spectrale de la couleur. Si la technologie utilisee esla méme les dierences interviennent
en terme de dimension des donreesa traiter: 3 dimensions @ur la couleur et 31 dimensions
pour une e ectance spectrale (31 valeurs cecrivant un spectre de 400nma 700nm avec un pas
de 10nm).

Dans le Chapitre 3 nous parlons de moctlisation spectrale ds imprimantes, aussi appelee
forward printer model. Nous cherchonsaetablir une relation entre une combinason de colorant
envoyeea l'imprimante et la e ectance spectrale impri mee. Les mockles de Murray-Davies,
Neugebauer et Yules-Nielsen y sont expo®s. Le ptenoneadedot gain estegalement introduit.

Le Chapitre 4 pesente nos lesultats exgerimentaux pour la caracerisation spectrale de notre
imprimante jet d'encre multi-colorant.

Le Chapitre 5 concerne la relation inverse pesente dandes deux chapitres peedents, a
savoir la transformation d'une e ectance spectralea im primer en une combinaison de colorants
pour controler limprimante. Cette transformation dite d e sparation spectrale des colorants
permet dillustrer la eduction de metanerisme dans la r eproduction spectrale de la couleur.
Cette operation est ealise en inversant le mocele spectral de I'imprimante, c'est un probeme
d'optimisation.

Au Chapitre 6 nous pesentons l'ogeration de halftoning qui est la dernere transformation
appligiee a l'image avant son impression. Cette ogeration intervient donc apes la sparation
spectrale des colorants et I'image spectrale est alors reggenee sous la forme d'une image multi-
canal, un canal par colorant. Le halftoning va binariser cecanaux incependamment les uns des
autres, chaque valeur de pixel devenant une commande pouithprimante de ceposer ou non une
goutte d'encrea la position du pixel. Dans ce chapitre nouspesentonsegalement une seconde
approche pour la reproduction spectrale de la couleur par dusion vectorielle de I'erreur. Cette
technique de halftoning combine en une operation la £paation spectrale des colorants et le
halftoning pour chaque canal. Nous parleronsegalement das ce chapitre de gamut mapping
spectral par l'inversion du moctle spectral de l'imprimante.
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En n dans le Chapitre 7 nous comparons exgerimentalement s deux approches pesentes
pour la reproduction spectrale de la couleur.

Chapitre 2

Bases de colorinetrie et chane d'ogerations pour la rep ro-
duction d'image couleur

Ce chapitre cecrit les bases de la colorinetrie pour la regoduction couleur, le ptenorene de
netanerisme et la chame typique des operations appligieesa une image pour sa reproduction
couleur y sontegalement expligLes.

Colorinetrie

Nous nous restreignonsa la con guration suivante pour le @lcul de la valeur colorirmetrique
d'un signal lumineux: une source lumineuse est eechie sur une surface dont les proprees
sont connues (e.g. la e ectance spectrale d'une surface @ papier recouverte d'encre jaune).
L'observateur standard CIE 1931 et les courbes cecrivant a sensibilie spectrale (voir CMFs
Figure 2.1 (a)) sont utilies pour deduire les valeurs destristimulus X, Y et Z correspondanta
ce signal (voir Equation 2.1).

Le calcul des tristimulus X, Y et Z ewele que deux surfacesde e ectance spectrale dierente
obsenees sous une condition d'illumination ce nie peuvent donner la méme eponse colorinetrique:
c'est le prenonene de metanerisme, voir Equation 2.8. Si les conditions d'illumination changent
l'observateur humain percevra des dierences, voir Equation 2.9.

Dierences spectrale et colorinetriques

Pour comparer des e ectances spectrales entre elles, larpmere dierence est obtenue en cal-
culant la distance Euclidienne entre deux e ectances spetrales (voir Equation 2.12). En plus
de cette information la dierence CIE 1976 dans I'espace CELAB est calcukeegalement pour
plusieurs conditions d'illuminations (voir Equation 2.13), cette dierence renseigne sur l'erreur
percue par un observateur humain. La dierence CIE 1994 egegalement utilie avec les coef-
cients recommancdes pour les arts graphiques (voir Equaton 2.15).

Chame de traitement de l'image pour sa reproduction coule ur

La cha™me de traitement de I'image pour sa reproduction coleur est pesente Figure 2.5. Avant
d'étre reproductible, une image RVB (Rouge, Vert, Bleu) va subir plusieurs transformations:

1. l'operation de gamut mapping: toutes les couleurs d'uneimage ne sont peut-&tre pas
reproductibles dans le volume de couleur (c.a-d. le gamutouleur) de I'imprimante: cette
operation va rapporter les donrees de l'image vers le gamude I'imprimante (ou d'unecran
si on utilise ce nedia) tout en minimisant la perte d'inform ation.

2. la eparation des colorants consistea exprimer une vatur colorinetrique d'une image en
une combinaison de colorant qui sera utiliee pour contréer I'imprimante.

3. le scaling adapte la esolution de limagea celle de I'mprimante. C'est gereralement une
oreration de suechantillonnage de I'image.

4. le halftoning est la dernere operation qui rend I'imag e imprimable en transformant chaque
pixel de l'image en une commande pour I'imprimante de ceposr ou non une goutte d'encre
a telle ou telle position.
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Pour la reproduction couleur d'image spectrale la méme chae de traitement est suivie, la
dierence venant de la dimension des donreesa traiter: de 3 dimensions pour une image RGBa
31 dimensions pour une image spectrale lorsque chaque pix@# l'image (c.a-d. une e ectance
spectrale) est cecrit par un vecteur de 31 valeurs couvrantle spectre du visible de 400nma
700nm.

Halftoning

Nous utilisons une imprimante jet d'encre multi-colorant pour reproduire nos images. Ce type
d'imprimante ne peut gererer que deux niveaux par colorant: 0 ou 1. Cette valeur binaire
corresponda une commande pour ceposer ou non une goutte dncre. L'ogeration de halftoning
devient recessaire quand le nedia utili pour reproduire un niveau de couleur ne peut que
cererer un nombre limie de niveau (Hains et al., 2003; Ulichney, 1987a; Lau et Arce, 2001).
En variant la distribution spatiale de points (c.a-d. des gouttes d'encre) lillusion de niveaux
de couleur peut etre ceee.

Il existe deux familles de halftoning: la premere va chertera grossir la taille d'un point
sur une grille (c.a-d. le pas entre deux centres de point retant constant) pour ceer l'illusion
d'un niveau de colorant, technique dite de halftoning par malulation d'amplitude ou amplitude
modulated halftoning (AM). La seconde famille va varier la distribution spatiale de points de
taille constante pour ceer lillusion de niveaux de couleur, technique dite de halfoning par
modulation de fequence oufrequency modulated halftoning(FM). Nous utilisons une technique
de diusion d'erreur (technique dite scalar error diusion (SED)) avec Itre pour poncerer
I'erreura distribuer. La Figure 2.9 illustre la technique de halftoning par SED. Dierents ltres
existent: Floyd-Steinberg (Floyd et Steinberg, 1976), Jawis-Judice-Ninke (Jarvis et al., 1976),
pour di user l'erreur au cours de l'operation de halftonin g. Cette technique halftone une image
pixel par pixel (voir Equation 2.19) en suivant un chemin de parcours d'image de ni comme
monte a la Figure 2.8. Deux exemples, un pour chaque famile de halftoning sont pesents
Figure 2.11 pour I'halftoning AM et Figure 2.12 pour I'halft oning FM.

Chapitre 3

Caracerisation spectrale des imprimantes: tleorie

La caracerisation spectrale de notre syseme d'impresson permet detablir la transformation
d'une combinaison dem colorantsa la e ectance spectrale imprirree sur le papier. Cette trans-
formation est aussi appeke le mocele de I'imprimante (ouforward printer model). Le moctle
inverse de l'imprimante permet de transformer une e ectance spectrale en une combinaison de
m colorants.

Un moctle d'imprimante permet d'estimer la couleur imprimee pour une combinaison de col-
orant envoyeea l'imprimante. Pour cela quelques parametres cecrivant le syseme d'impression
sont recessaires: e ectances spectrales cecrivant Is limites du gamut de I'imprimante ainsi que
des rampes mono-colorant pour cecrire le recouvrement du @pier de 0%a 100%.

Nous utilisons des moctles d'imprimante de type regressio based (Wyble et Berns, 2000)
pour caraceriser notre syseme d'impression: mocele de Murray-Davies (Murray, 1936) pour
les impressions mono-colorant et le phenonene de dot gainles moctles de Neugebauer (1937)
et Yules-Nielsen (Yules et Nielsen, 1951) pour les impressis multi-colorant.

Moctle de Murray-Davies et dot gain

Le moctle de Murray-Davies (MD) produit une estimation de la e ectance spectrale d'un niveau
de colorant en calculant la somme ponceee de la e ectance du papier vierge d'encre et celle du
papier compktement recouvert par le colorant employe (voir Equation 3.1).
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Ce moctle permet d'illustrer le prenonmene de dot gain. Les Figure 3.1 (a) et Figure 3.1
(b) permettent de comparer les e ectances spectrales impinees et mesuees d'une rampe de
cyan avec celles simukes par le moctle de MD. La simulatin par MD pesente une evolution
lireaire des e ectances spectrales de la rampe de colonat alors que la mesure de cette rampe
montre une relation dierente entre les niveaux de la rampe. Le rendu colorinetrique de la
rampe mesuee et simuke illustre clairement le dot gain,les valeurs imprinees de la rampe sont
plus sombres que les valeurs souhaites.

Il y a deux types de dot gain (Viggiano, 1983): un dot gain meanique lea la deformation
de la goutte d'encreejecte sur le papier et un dot gain opique lee aux multiples interactions
entre les rayons lumineux arrivant sur le papier et se propagant entre le papier et les couches
d'encres imprimees.

L'inversion du mocele de MD permet detablir la relation e ntre la valeur treorique et la
valeur e ective d'un niveau de la rampe imprinee. Suivant |'Equation 3.2 une table de correction
(LUT) peut ainsi étreetablie. L'utilisation de cette LUT dans le mockle de MD permet d'a ner
I'estimation des ke ectances spectrales. Les dierences entre les e ectances spectrales dans la
Figure 3.1 (a) et la Figure 3.1 (c) sont eduites, la valeur eective utilieea la place de la valeur
treorique a permis de corriger le moctle de MD en intensite, en revanche le rendu colorinetrique
montre toujours une kgere dierence colorinetrique e ntre les mesures et les estimations.

Le dot gain optique peut etre ajoue au mockle de MD avec I'utilisation du facteur n de
Yules-Nielsen (1951). La valeur de ce facteun dans I'Equation 3.9 est obtenue par optimisation:
plusieurs estimations des ke ectances spectrales d'uneampe sont ealieesa partir du mockle de
MD et de dierentes valeurs pour n. Les e ectances simukes sont compaeesa celles impmees
en calculant les dierences colorinmetriques et spectrales, voir les Figures 3.3 (a), 3.3 (b), 3.4 (a)
et 3.4 (b) ainsi que les Tableaux 3.2 et 3.3.

Mockle de Neugebauer etequations de Demichel

Pour des impressions multi-colorant le mocele de Murray-Davies n'est plus su sant et est rem-
plae par le mockle de Neugebauer (NG). Le mockle de NG va stimer la e ectance spectrale
d'une combinaison de colorants en calculant la somme ponake des primaires de Neugebauer
(NPs) pour cette combinaison donree. Le poids des NPs remsentent les surfaces occupees par
chacune des NPs. Les NPs repesentent toutes les couleurslgles que peut produire un syseme
d'impression. Une imprimante m encres disposera de™ NPs, voir Equation 3.32 pour le moctle
spectral de NG.

La communication avec une imprimante se faisant par des comibaisons de colorants, une
estimation du niveau (c.a-d. surface occupee) de chaqueNP pour une combinaison de colorants
donree est recessaire: le mockle statistique de Demiche(1924) nous permet de ealiser cette
estimation. Voir Equation 3.21 pour une combinaison de deuxcolorants, Equation 3.25 pour
une combinaison de trois colorants et Equation 3.30 pour geralisationa m colorants.

Moale de Yules-Nielsen et facteur n

Le dot gain optique peut aussi &tre prit en compte dans I'edimation de la e ectance spectrale
d'une combinaison de colorants, et ce toujours sous la formdu facteur n, voir Equation 3.36
pour le mockle spectral de Neugebauer modie par Yules-Nelsen.

La valeur du facteur n est calcuke pour chaque syseme d'impression. La dedution d'un
facteur na partir des dierentes valeurs pour chaque impression mono-colorant ne donne pas
forement les meilleurs esultats pour moctliser le dot gain optique de combinaisons multi-
colorant. Un facteur n obtenu par optimisation sur unechantillon de combinaisons multi-colorant
permettra d'aneliorer les performances du moctle de l'imprimante.

Le diagramme pesent Figure 3.5 regroupe les dierentesetapes de la caracerisation spec-
trale de limprimante: de la transformation valeur treori quea la valeur e ective pour chaque
colorant d'une combinaison, estimation des poids pour chage NPa partir des valeurs e ectives
des colorants, puis estimation de la e ectance spectralepar Neugebauer ou Yules-Nielsen.
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Conclusion

Les mockles d'imprimante pesenes pour la caraceris ation de notre syseme d'impression sont
relativement simples et pesentent la caraceristique d'etre facilement inversible. Cette informa-
tion est importante car c'est le mockle inverse de l'imprimante qui permettra de communiquer
avec l'imprimante et d'obtenir une combinaison de colorant pour reproduire une e ectance
spectrale donree.

Chapitre 4

Caracerisation spectrale des imprimantes: exgriment ation

Ce chapitre pesente les esultats exgrimentaux pour la caracerisation spectrale de notre
syseme d'impression. Notre syseme est constitte d'une imprimante jet d'encre Epson Photo
Stylus 2100 avec 7 colorants. Le jeu de colorant fournit avetimprimante aee remplae par
un jeu comprenant les colorants cyan, magenta, jaune, noirouge, vert et bleu (voira la Figure
4.1 les Z = 128 primaires de Neugebauer de notre syseme d'impressig). Du papier photo
Epson 194g/rn2 aek slectionre apes une rapide comparaison de di erents types de papier.
Pour communiquer avec l'imprimante nous utilisons un pilote d'imprimante cede. Les donrees
prétesa l'impression doivent étre pesenees au pilote sous la forme d'une image TIFF CMYK
+ canaux spots. Chaque canal de limage TIFF doit aussi &trebinarie de facona commander
gu'une goutte d'encre soit cepose ou non, la esolution de I'image devant correspondrea celle
de l'imprimante.

Pour construire le mockle de I'imprimante nous avons suiviles etapes cecrites dans la car-
acerisation spectrale de I'imprimante avec le moctle spectral de Neugebauer. Les rampes mono-
colorants pour les 7 colorants ontet imprinees et mesuees et, par l'inversion du mocele de
Murray-Davies, autant de LUTs ontek ceees.

Une mire constitiee de 4175 combinaisons de colorant est iprinee et mesuee. Environ
10% de ces combinaisons sont utilies pour calculer le nigiur facteur n pour ce syseme.
Les graphes pesenes Figure 4.4 cecrivent les performaces de notre moctle par rapporta la
valeur du facteur n choisie. Le Tableau 4.3 ecapitule les performances pourel moctle spectral
de Neugebauer et le mockle spectral de Yules-Nielsen appiiesa notre syseme d'impression.
Le mockle de Yules-Nielsen donne les meilleurs esultatsle dot gain necanique et le dot gain
optiqueetant pris en compte dans les estimations par ce maale.

Pour aneliorer les performances du mockle de l'imprimante, le choix d'un mocle comme
le mockele cellulaire de Neugebauer devrait epondrea nc attentes. En utilisant des primaires
de Neugebauer internediaires (et non uniquement les NPs dcrivant les limites du gamut de
l'imprimante) le prenomene de dot gain est mieux moctlise.

Chapitre 5

Inversion du mockle spectrale de l'imprimante

Ce chapitre traite de l'inversion du mocele spectral de l'imprimante utiliee dans le chapitre
peecdent: l'inversion du mockle spectral de Neugebaue. Cetteetape dans la chaine d'ogeration
pour la reproduction d'image spectrale couleur est appek sparation des colorants. Pour chaque
e ectance spectralea imprimer la £paration des color ants fournit une combinaison de colorants
pour controler lI'imprimante et reproduire cette e ecta nce spectrale. L'inversion du moctle
spectral de l'imprimante est rendue possible par la esoltion d'un probeme d'optimisation. La
solution du probeme une fois einjecee dans le moctle spectral de I'imprimante doit produire une
estimation de la e ectance spectrale pour la combinaisonde colorants obtenue. La dierence
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entre la e ectance spectrale estinee et la e ectance spectral cesiee est minimale pour les
parametres du probeme d'optimisation (Equation 5.1).

Cette operation de sparation de colorants permet de comgrer en simulation la reproduction
couleur et la reproduction spectrale d'une donree spectrke. Le processus d'optimisation compare
a chaque ieration une e ectance spectrale estinee av ec la e ectance spectrale tesiee (Equation
5.3). Le choix du criere pour comparer ces deux e ectances spectrales permet de ¢ nir une
reproduction spectrale ou une reproduction colorinetrique pour la reproduction de donrees
spectrales.

Comparaison des nethodes d'inversion

La nethode que nous avons ceveloppee pour l'inversion dumoctle spectral de I'imprimante a

et compaeea plusieurs methodes d'inversion exista ntes. Les trois nethodes compaees sont:
l'inversion par egression lireaire ierative (LRI, vo ir Section 5.2.1), l'inversion avec minimisa-
tion d'une fonction de colt avec contraintes (CMR, voir Sedion 5.2.2) et notre methode dite

d'inversion optimale pour les poids (WI, voir Section 5.2.3. Notre nethode suit le processus
inverse des etapes constituant le moctle spectral de Neugbauer: inversion optimale pour les
poids des primaires de Neugebauer. La solution de ce premiprobeme epond aux contraintes

du mockle de Demichel (voir Equation 5.15). Ensuite utilisant la formulation du mocele de

Neugebauer ¢ ni par I'Equation 5.20 un jeu de colorants eg extrait du jeu de poids obtenu

apes inversion du premier probeme.

La comparaison des nethodes d'inversion existantes avecaire nethode a monte que la
nethode CMR fournissait les meilleurs esultats pour I'i nversion du moctle spectral de Neuge-
bauer (voir Tableaux 5.1a 5.3). Malge cela notre nethod e d'inversion WI a monte que sa
premere etape pouvait étre utilisse comme technique de gamut mapping spectral: le produit
des poids des primaires de Neugebauer par leur e ectancepgctrale nous donne la meilleure
estimation dans le gamut spectral de I'imprimante de la e ectance spectrale cesiee. Uneetude
des performances de cette technique de gamut mapping speatrest pesente dans I'Appendix
B.

Comparaison entre reproduction couleur et reproduction sp ectrale de
donree spectrales

Pour cetteetude la nethode d'inversion CMR aet utilis ee. Cette nethode permet facilement de
changer le criere d'optimisation et ainsi de €lectionner le type de reproduction cesie: dierence
colorinetrique CIE 1976 pour une reproduction couleur sots un illuminant donre (voir Equation
5.22), dierence spectrale sSRMS pour reproduction spectale (voir Equation 5.24). Nous avons
aussi tese un criere colorinmetrique inegrant quatr e illuminants (voir Equation 5.22) et un
dernier criere combinant une dierence colorimetriqu e CIE 1976 sous un illuminant et une
dierence spectrale. L'importance accorceea la dier ence colorimetrique ou spectrale dans le
dernier criere pesengt peut etre ajusee avec un par anetre alpha (voir Equation 5.25).

Letude des esultats de I'experience conduite pour comparer ces dierents crieres a monte
qgue le criere purement colorinetrique donnait les meill eurs esultats pour chaque illuminant
teske. Le criere purement spectral a monte la meilleur e performance en termes de dierence
spectrale mais aussi des dierences colorinetriques pls homogenes pour les illuminants teses
par comparaisona l'approche purement colorinetrique (voir Tableaux 5.4a 5.0). Le troiseme
criere tese qui moyenne quatre dierences colorimet riques pour quatre illuminants donres
se situait en terme de performance entre le purement coloriatrique et le purement spectral.
Enn, le quatreme criere tese a permis devaluer I' evolution des dierences colorinetriques
et spectrales en fonction de la valeur du paranetre alpha. @ peut observer que certaines
combinaisons de colorants satisfont chacune des deux appiees simultarement: voir Figure 5.6
al un alpha diminuant l'importance de la dierence spectr al SRMS garde cette dierence presque
constante tout en diminuant les dierences colorinetriq ues. Sur ces esultats on peut donc
observer une anelioration de la reproduction spectrale parapporta une reproduction purement
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colorinetrique, plusieurs conditions d'illumination po uvant &tre prises en compte simultarement.
Ajouter plus d'illuminants au criere & ni par 'Equati on 5.22 devrait permettre de trouver
une combinaison de colorants satisfaisant un tes grand nmbre de conditions d'illumination.

Mais cela ne devrait aussi optimiser que seulement pour I'akervateur de e&rence, le criere

d'optimisation avec le paranetre alpha semble etre un boncompromis entre une reproduction
purement spectrale et purement colorinetrique.

Chapitre 6

Halftoning par di usion d'erreur vectorielle spectrale (s VED)

Dans les chapitres pe@dents nous avons pesent la cla'ne d'ogerationsa appliquera une image

spectrale pour sa reproduction. Cette chae d'operatims est une adaptation de celle utilise
pour la reproduction d'images couleursa la reproduction dimages spectrales: caracerisation
spectrale du syseme d'impression, eparation des colants puis halftoning des canaux colorants.
La dernere operation de halftoning traite chaque canal colorant indkependamment les uns des
autres, apes cette transformation chaque pixel de chaquecanal a une valeur binaire qui corre-
sponda une commande pour I'imprimante de ceposer ou non ue goutte d'encrea la position

du pixel. Le halftoning par diusion d'erreur vectorielle ( VED) permet de combiner en une
seule operation letape de sparation des colorants et ce halftoning (voir en Figure 6.1 la mise
en paralkle des deux chames d'ogerations).

Le halftoning par VED pour image spectrale (SVED) est une adtation de la technique de
halftoning par VED pour image couleur (Haneishi et al., 1996 Kouzaki et al., 1999; Kawaguchi et
al., 1999). Le halftoning par VED est lui m&éme bas sur la technique de di usion d'erreur scalaire
(Ulichney, 1987a) (voir Section 2.6.2). Avec le halftoningpar sVED tous les canaux colorants
sont halftores simultarement. Successivement chaque piel est rempla® par sa primaire de
Neugebauer (NP) la plus proche en distance Euclidienne (voiFigure 6.2). Une primaire de
Neugebauer correspond a une combinaison binaire des colants du syseme d'impression et
donca une commande pour l'imprimante. La dierence entre la NP slectionree et le pixel
halftore (c.a-d. I'erreur) est di ueea l'aide d'un Itre de poids, suivant le chemin de parcours
dans l'image, allant de gauchea droite et de bas en haut.

Evaluation du halftoning par sVED

Une premere evaluation du halftoning par sVED sur des images spectrales a monte un com-
portement de l'algorithme similaire a celui des images coleurs: la distribution spatiale des
points est visuellement ageable, le halftoning par VED etant connu pour aneliorer la qualie
des images halftorees par rapport au halftoning par di usion d'erreur scalaire, et ce en utilisant
les mémes Itres de poids pour di user l'erreur dans l'image (Floyd et Steinberg, 1976; Jarvis,
Judice et Ninke, 1976). Mais le halftoning par VED (et par sVED) estegalement tes lenta
di user l'erreur, cecietant dda une trop grande accumul ation de I'erreur durant le halftoning.
Cette accumulation d'erreur appara sous la forme de traree dans l'image et esulte souvent en
une perte de cktails, voir Figures 6.3 (a)a 6.3 (f). L'image spectrale de la mire ColorChecker
MacBeth (CC) permet d'observer clairement le cebordement de l'erreurd'une zone de l'image
aux autres suivant le chemin parcouru par le ltre.

Anelioration du halfoning par sVED

La dernére transformation appligieea une image avant son impression est lescaling. Il consiste
en un suechantillonnage de l'image a n d'adapter sa esodutiona celle de l'imprimante. Une
simulation de cette operation est eali®e Figure 6.7 ou la esolution est augmente trois fois:
on peut observer que l'augmentation de la esolution va pemettre de eduire la visibilie de
la lenteur de l'algorithme. Les Figures 6.9 (a) et 6.9 (b) pesentent deux images halftorees de
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l'image spectrale de la mireCC pour une imprimante 6 colorants en (a) et 7 colorants en (b).
Pour chacune des images halftorees l'image originale aetagrandie d'un facteur deux de facon
a simuler le changement de esolution. Les debordementsde l'erreur en Figure 6.3 (f) sont
maintenant moins visibles dans la Figure 6.9 (b).

Spectral gamut mapping

Le suechantillonnage de l'image ne esout pas tous les ppbemes du sVED, le halfoning des
pixels de limage en partie sittes en dehors du gamut de l'inprimante va cererer des erreurs
a di user trop importantes. Poureviter de di user des err eurs trop importante s le cepart

de l'algorithme les images spectrales sont mappees vers lgamut spectral de I'imprimante en
utilisant la technique de gamut mapping spectral decrite dans I'Appendix B.

Les Figure 6.10 (a) et (b) pesentent les rendus colorinetiques de I'image spectrale de la mire
CC pour I'imprimante 6 colorants et 7 colorants respectivemen Les images halftorees de ces
images rappores au gamut spectral de chacune des imprimaes sont pesentes Figure 6.12 (a)
et (b) respectivement. On peut observer pour chacune des immantes une nette anelioration
de la qualie de lI'image halftoree: conservation des cetails dans l'image, tes faible cebordement
de l'erreur.

Contrdle de l'erreur

Malge l'operation de gamut mapping comme pe-traiteme nt avant le SVED nous pouvons tou-
jours observer un kger e et de bord. M&me rapporee au ganut spectral de l'imprimante les
erreurs gereees par le sVED modi ent grandement les e ectances spectrales dans l'image spec-
trale, voir Figures 6.14 (a) et (b) et Figures 6.18 (a) et (b) pour des exemples de e ectances
spectrales extraits de I'image spectrale de la mireCC. Pour continuera eduire la visibilie de
I'erreur di uee nous avons chercltea controler I'erre ur en agissant directement sur la forme des
e ectances spectrales avant la lection de la NP (voir les diagrammes Figure 6.13 et Figure
6.17).

Cette approche pour contréler la di usion d'erreur a montre de bon comportement lors de
changement de egion dans l'image, mais elle a aussi parfeiceerioe la qualie de l'image
halftoree (en particulier lors du contréle de I'erreur par clipping). Cela a indigle la di culea
trouver une valeur de seuillage unique pour une image entee. Une adaptation de la condition
et/ou de la valeur de seuillagea l'information locale de lI'image devrait aneliorer le controle de
l'erreur dans le sVED.

Design de nouveaux ltres

Une dernere approche a et etudee en travaillant dir ectement sur le design des lItres pour
di user l'erreur. Une approche par perturbation d'un Itre existant ou ceation d'un nouveau
Itre en accord avec l'information locale de I'image n'est pas nouvelle (Ulichney, 1987b). La
egle principale suivie est que la somme des poids d'un lte doit resteregalea 1 (voir Equation
6.7). Pour chaque pixel halftore un nouveau lItre est donc cee (voir diagramme Figure 6.21).
Nous avons d'abord teste une simple permutation des poids @in ltre existant, voir Figure
6.23 (a) et (b). Compaees aux images halftorees avec le fre orignal sans permutation (voir
Figure 6.12 (a) et (b) les images obtenues sont un peu plus biees et les e ets de bord un peu
moins visible.
En n nous avons cherctea utiliser I'information pesen te dans I'image pour ceer de nouveaux
Itresen di usant une plus grande quantie d'erreur aux pi xels proches du pixel ha tore et en
evitant d'accumuler trop d'erreur aux pixels pluseloign es du pixel halftore. La valeur des poids
des ltres est calcuke en fonction de la distance du pixel lalftorea ses voisins dans la egion du
Itre. Les images obtenues (voir Figures 6.25 (a) et (b)) n'ont quasiment plus d'e ets de bord
visibles mais sont egerement bruiees. Cette derner e approche une fois combireea une remise
a zro de l'erreur devrait permettre d'aneliorer encore la qualie de I'image halftoree.
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Chapitre 7

Comparaison des deux approches propoes pour la repro-
duction spectrale couleur

Dans ce dernier chapitre nous avons compae exgerimentament les deux approches pour la re-
production de donrees spectrales. Les donrees spectrada reproduire proviennent de I'acquisition
spectrale d'une peinture (Dupraz, Ben Chouikha et Alque, 2007). A partir de cette acquisition
une douzaine de e ectances spectrales ontee utili es pour ceer des patchesa valeur spectrale
unique, voir Figure 7.1 et Figure 7.2.

Les e ectances spectrales ontet reproduites en simulation pour notre imprimante 7 col-
orants. Dans la premereetape nous avons mapge les donees spectrales au gamut spectral de
l'imprimante avec notre technique de gamut mapping spectré(voir Appendix B). Chaque patch
est de taille 256 256 pixels.

La comparaison des deux approches peut se faire du point de gwes dierences colorinetriques
et/ou spectrales (voir Tableau 7.2) et du point de vue des pathes halftores (c.a-d. comparai-
son des distributions spatiales des NPs). La valeur de la eectance spectrale de chaque patch
halftore est estimee en calculant la moyenne des NPs peentes dans chaque patch. La premere
conclusion est que la reproduction par sVED est plus perforrante, les plus petites dierences
colorinetriques et spectrales etant obtenues pour cette approche. Les performances des deux
approches restant proches il est recessaire de comparegalement les distributions spatiales de
NPs (voir Figures 7.4a 7.9). Des ltres identiques ontet e utilises (Jarvie, Judice et Ninke, 1976)
pour le halftoning par di usion d'erreur apes la sparat ion des colorants et pour le halftoning
par diusion d'erreur spectrale vectorielle. La seconde aproche a produit des distributions
beaucoup moins bruiees et plus ageables visuellement. Cependant des experimentations sur
d'autres images spectrales doivent encore etre conduitggur comparer pleinement ces approches
pour la reproduction de donrees spectrales.

Chapitre 8

Conclusions et Perspectives

La Figure 6.1 pesente les deux chames d'operations poula reproduction qui ontee tesees dans
ce travail de recherche, chacune utilisant le méme sysem d'impression. L'approche par di usion
vectorielle de l'erreur spectrale (SVED) o re l'avantage de ne recessiter que peu de paranetres:
les e ectances spectrales primaires de Neugebauer (NPs)Cette approche ne esout pas tous
les probemes et en introduit de nouveaux. Cette approcheetant purement une approche par
halftoning les aneliorations ne peuvent venir que de I'algorithme lui-mé&me. L'ogeration de gamut
mapping spectral propoee permet de limiter la visibilite de l'erreur dans l'image halftoree et
le design de nouveaux ltres pour di user I'erreur en fonction de l'information locale contribue
aussia l'anelioration de I'algorithme.

Letape de gamut mapping spectral est importante car elle permet de simuler la reproduction
ou devaluer la possibilie de la reproduction spectrale de la couleur pour dierents sysemes
d'impression. La sparation des colorants est e ectlee dans notre cas par l'inversion du mocele
spectral de NG. Une inversion d'un mockle plus physique comme le mockle de Clapper-Yule
pourra étreegalement tesee.

Le halftoning par sVED peut encore étre anelioe en continuant I'adaptation des Itres avec
l'information locale dans l'image. Le plus ineressant avec cette approche est qu'elle permet
de manipuler les donrees spectrales plus longtemps dans hame d'operation de la reproduc-
tion spectrale et qu'aucune dierence colorimetrique n' est impligiee. D'autres techniques de
halftoning pour des images couleur font varier le parcours dns l'image et di usent I'erreur dans
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toutes les directions. Une approche similaire pour des imags spectrales devrait aussi eduire les
marques laisees par le halftoning par sVED.

En n la technologie par jet d'encre aee utilie pour no s experimentations: la comparera
d'autres techniques d'impression serait ineressant. Ure recherche des meilleurs colorants pour
une image spectrale devrait aussi aneliorer la reproductn: la reproduction d'une peinture avec
des proprees spectrales tes dierentes de celles des colorants du syseme d'impression est une
frieuse limitationa une parfaite reproduction spectrale de la couleur. La reproduction spectrale
de la couleur doit étre vue comme une anelioration de la repoduction couleur classique avec la
eduction du ptenonene de netanerisme.
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Chapter 1

Introduction

1.1 Motivation

With a conventional color reproduction system it is possibke to make a color acquisition of a scene
under a given illuminant and to print a faithful color reprod uction of it. For instance a painting
and its color reproduction viewed side by side under the illminant used for the acquisition
will appear identical even if the spectral properties of thepainting pigments are di erent from
those of the inks. This phenomenon is called metamerism. Hoswer the human observer will
distinguish di erences between the two color images if the llumination changes, due to the loss
of metamerism. This problem can be solved with a spectral calr reproduction system.

The concept of spectral color reproduction is not new, Hunt (975) reviewed the Lippman
color holographic process as the only system able to recordosctral color information. But
due to complex implementation it was not used. Since a few dexles the interest for spectral
color reproduction system has increased with the growing éd of multispectral imaging. Indeed
multispectral imaging o ers the great advantage to disposeof the full spectral color information
of a surface. When a color acquisition system records the ool of a surface under a given
illuminant, a multispectral acquisition system can record the spectral re ectance of a surface
and allows us to simulate its color under any illuminants.

A spectral color reproduction work ow is made of several st@s: a spectral color acquisition,
a spectral data storage and a spectral color reproduction. Bth spectral color acquisition and
spectral color reproduction systems use similar technoldgs as for color acquisition and color
reproduction.

Spectral color acquisition system have been built based onigdital cameras and lters (Hard-
eberg, 1999; Schmitt, 2005). Such systems allow to make highuality archives of scenes or
paintings by recording information for a larger set of wavekngths than the traditional red, green
and blue Iters. With a similar approach of using lters and r egular projector spectral display
system have been built using 6-primary display (Boosmann ad Hill, 2003; Hill, 2007).

The introduction of multi-colorant printers in color print ing, for a primary goal of increasing
printer color gamut, has o ered new possibilities in spectial color reproduction. The rst works
with a spectral use of multi-colorant printer were focused m reducing metamerism (Kohler and
Berns, 1993), on colorant selection (Kohler and Berns, 1993Tzeng and Berns, 1999, 2000)
and spectral printer modeling (Balasubramanian, 1999; Wylte and Berns, 2000; Hersch et al.,
2004). Then spectral color reproduction of spectral imagesvas introduced (Taplin and Berns,
2001; Berns et al., 2003; Kraushaar and Urban, 2006). A compte work ow for spectral color
reproduction is existing and research works are being cared out to connect acquisition and
reproduction of spectral image (Rosen et al., 2003; Derhakrad Rosen, 2006) as it could be done
in a color reproduction system.

In this research we have investigated the various aspects afpectral color reproduction. It
requires us to understand the processes involved in a mulfigectral color reproduction system
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such as spectral printer modeling, gamut mapping, colorantseparation and halftoning. In our
work a multi-colorant inkjet printer have been characterized with a spectral printer model.
Methods for inverting this model have been proposed and disessed. The inverse model is
important because it establishes the transformation from pectral re ectances to colorant values
for controlling the printer. In our spectral color reproduction work ow error di usion halftoning
technique has been used. Also we proposed an alternative Hdning technique called spectral
vector error di usion to print spectral image with the same multi-colorant printing system. This
second approach o ers advantages since it requires less dato characterize the printing system
and o er good results.

1.2 Thesis outline

This thesis is organized as follows. In Chapter 2 you will ndbasis of colorimetry, in particularly
the relationship between light source, observers and re etive objects. The metameric color
reproduction system is there described in parallel to the spctral color reproduction system.
Such systems use the same technology to reproduce or to recoimages but they di er on the
dimension of the data they manipulate. A color can be expressd by three values when spectral
re ectance could need up to 31 values and more (here 31 valuaseans a spectral re ectance
covering the visible spectra from 400nm to 700nm with 10nm sps). The terminology for the
printing work ow is listed and explained, nally the halfto ning techniques will be introduced.

In Chapter 3 we talk about spectral printer characterization, we are interested in nding the
relationship between a colorant combination and the resuling spectral re ectance printed on the
paper. This transformation is called the forward printed model. Starting with a monochromatic
print up to multi-colorant print we introduce the following printer models in their spectral form:
the spectral Murray-Davies model, the spectral Neugebauemodel and the spectral Yule-Nielsen
modi ed Neugebauer model. By describing these models we wipoint on the non-stability of a
printer device, the dot gain phenomena, its non-linearity and how to take this in account in the
characterization.

In the following Chapter 4 we experiment and evaluate the spetral Neugebauer model and
the spectral Yule-Nielsen modi ed Neugebauer (YNSN) model This chapter allows to introduce
our experimental setup based on a multi-colorant printing s/stem.

The two previous chapters were focusing on controlling the gectral response of a printing
system, we were establishing the forward printer model of tle printer. In Chapter 5 we are
interested by the inverse transformation: the inverse prirter model. This operation allows to
perform the colorant separation and to nd the colorant combination to command the printer to
reproduce spectral re ectance data. Also in this chapter wil be discussed the di erences between
colorimetric and spectral reproduction and how metamerismcan be reduced with spectral color
reproduction. This will be evaluated during the inversion of the printer model.

Halftoning is the last transformation applied in the spectral color reproduction system before
printing the image. After the colorant separation with the i nverse spectral printer model the
spectral image is transformed in a colorant image, this imag is halftoned channel independently
before printing. In Chapter 6 we proposed an alternative to the spectral color reproduction
work ow by halftoning directly the spectral image before printing. An evaluation and discussion
of this halftoning technique called spectral vector error d usion is done in this chapter. Also a
spectral gamut mapping technique based on the inverse prirgr model.

Finally a comparison between the two described spectral colr reproduction work ow is done.
One following the similar steps as in a metameric color reprduction work ow and a second using
spectral vector di usion as work ow.
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1.3 Publications

In Characterization of an eight colorant inkjet system for spetral color reproduction (Hard-
eberg and Gerhardt, 2004) presented at the CGIV conferenceni Aachen, we tested and
evaluated the spectral Neugebauer model for an eight ink priting system.

In Caracerisation spectrale d'un syseme d'impression jet d'encre huit encres (Hardeberg
and Gerhardt, 2005) for journal Revue traitement du signal we continued to investigate
properties of the spectral Neugebauer model.

In Inversion of the Spectral Neugebauer Printer Model(Alsam, Gerhardt, and Hardeberg,
2005) at the AIC conference in Granada we have inverted the spctral Neugebauer equation.
The problem is solved by optimization technique.

In Spectral Colour Reproduction by Vector Error Di usion (Gerhardt and Hardeberg, 2006)
at the CGIV conference in Leeds we presented a technique foraiftoning spectral images
and asked the question if this techniques can be used to repduce spectral data.

In Controlling the error in Spectral Vector Error Diusion (Gerhardt and Hardeberg,

2007a) at the EI conference in San Jose we showed the problenfi error accumulation

in spectral vector error di usion and proposed techniques ér reducing the error spread
during the halftoning process. Techniques based on prepr@ssing of the spectral image
before halftoning and error thresholding during the halftoning process were used.

In Spectral color reproduction versus color reproduction(Gerhardt and Hardeberg, 2007b)
at the larigai conference in Grenoble we compare the reprodttion of spectral data based
on di erent approaches for the colorant separation processThis transformation is an opti-
mization operation in which a criterion is minimized: a CIEL AB di erence for colorimetric
print and spectral di erence for spectral print.

In Towards spectral color reproduction (Hardeberg and Gerhardt, 2007) presented at Ninth
International Symposium on Multispectral Colour Science aad Application, we gave an
overview of the multispectral imaging eld and some recent alvances in spectral color
reproduction.

1.4 Notation in this document
Vectors are represented in lowercase boldface letters, e.g, and they are written as column

vectors, a' is the transposed vector ofa, the term a describes thej th element of an N
element vector, 2 3

A

An (N M) matrix constitutes of N rows andM columns, an element at theith line and
j th column will be written a;

2 3
;. ap aim
a1 ap azm
A= ) . )
ani1 anz2 aMN
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The diagonal matrix L, = diag(a) describes a square matrix of sizeN N) full of 0 where
the diagonal values are lled with the vector a of size N 1):

2 3
a 0 O 0
0 a O 0
L= 0 0 a3 0
0O 0 O ay

The discrete integral is de ned by:

4 X2 ixN
f(x)dx = f(Xi)

X1 i=1
The product of matrix A of size M N) by a vector b of size N 1) is de ned by:
Ab = ¢
where c is a vector of size M 1) and each element of this vector is de ned by:

X
G= arb=aib+ +anh
r=1
foriandwithl i M.
The product of two matrices A of size M N)and aB ofsize N P) is de ned by:
AB =C

where C is a matrix of size (M P) and each element of this matrix is de ned by:
Cj = ar by = ajiby + ajaly + + @i by

for each pairi andj with1 i Mand1l | P.
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1.5 Abbreviations
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The abbreviations used in this document are listed in Table 11.

Abbreviation

AM
CIE
CMFs
CMR
FM
GM
LRI
MD
NG
NP
NPs
RGB
SED
VED
WI
YNSN
sGM
sRMS
sVED

amplitude modulated

Commission Internationale de I'Eclairage
Color Matching Functions

Constraint Minimization Routine
frequency modulated

gamut mapping

Linear Regression lIteration
Murray-Davies

Neugebauer

Neugebauer primary

Neugebauer primaries

Red Green Blue

scalar error di usion

vector error di usion

Weight Inversion

Yules-Nielsen modi ed Neugebauer model
spectral gamut mapping

spectral root mean square

spectral vector error di usion

Table 1.1: Abbreviations used in this document
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INTRODUCTION



Chapter 2

Basics and Fundamentals

2.1 Introduction

In this chapter we recall some of the basic concepts of colarietry, particularly the relationship
between light sources, observers and re ective objects. Fdnstance how to compute the tristim-
uluss CIEXYZ and CIELAB of an object knowing its spectral re ectance property, illuminant
and observer conditions. The problem of metamerism will bentroduced as well as the metrics
used in this thesis work. The metrics allow to evaluate the dierence between two spectral re-
ectances or two tristimuluss. Further and complete information on colorimetry can be found
for instance in the books of Hunt (1975); Wyszecki and Stileg1982a); Sharma (2003).

The spectral re ectance of an image, a painting, or a test cha have to be measured. In case
of a test chart its grid structure make it easy to measure with measuring device such as Gretag
Macbeth Spectrolino. Spectral image measurement of paintig requires other measurement
devices. These devices are often made of digital camera andtquisition are performed for
di erent wavelengths (Hardeberg, 1999; Schmitt, 2005).

Once colorimetric data or spectral data have been recorded &would like to reproduce them.
The color reproduction work ow describes the processes imve in the reproduction of a color
image. The metamerism phenomenon is used in color reproducin (Kohler and Berns, 1993;
Ostromoukhov, 1993) and the description of color reprodudbn by a cmyk and a multi-colorant
printer will illustrate how metamerism is an advantage in color reproduction. In Section 2.5
of this chapter will also introduce the spectral color repraduction work ow we are using in our
work. It is based on a multi-colorant printer system but with spectral colorant separation instead
of a colorant separation process.

We use a multi-colorant inkjet printer to reproduce spectral images. Such printer can produce
binary levels per colorant (i.e. a drop of colorant is laid davn or not) and this means that an
n colorant printer can produce only 2" levels per pixel. To create the illusion of printed color
levels a transformation will be applied to the image, operaion called halftoning. This is the
last transformation applied to an image before printing and it converts the colorant value of
each pixel into a binary value, various techniques exist foralftoning (Ulichney, 1987a; Lau and
Arce, 2001; Hains et al., 2003). In Section 2.6 of this chaptewe brie y explain the amplitude
modulated and frequency modulated halftoning techniques.A particular attention will be given
on the second technique such as error di usion halftoning ad vector error di usion halftoning.

2.2 Colorimetry for re ective objects
We know that the human eye has three cones, each of them behawvdike a narrow band Iter on
the visible spectrum. The CIE (Commission Internationale de I'Eclairage) has de ned o cial

Standard Observers with the color matching functions (CMFs). The CMFs describe average
observer sensitivity, they have been obtained after expernent in 1931 and 1964 (Wyszecki and

37
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Stiles, 1982b). The color matching functions of both Standad Observer are shown in Figure 2.1
(@) and (b). CMFs 1931 %( ), ¥( ) and Z( ) consider an angle of 2 when looking at a colored
surface and CMFs 1964X1o( ), Y15( ) and Zio( ) an angle of 10.

CIE CMFs 1964

CIE CMFs 1931 2
: : Zu0(,)

18f Z()

16

14r
14F

121 X10(, )
Y10(.)

12f

o R

osf o8r

Tristimulus Values
-
Tristimulus Values
-

061 1 06
04f ] 04r

0.2 4 02

0 . [} L
400 450 500 550 600 650 700 400 450 500

wavelength | (nm)

@ (b)

550 600 650 700
wavelength | (nm)

Figure 2.1: CIE color matching functions X( );y¥( ) and z( ) for the 2° 1931 standard observer
in (&) and CIE color matching functions Xio( );Yi0( ) and Zio( ) for the 10° 1964 standard
observer in (b).

The color perceived by a human observer is the result of the ieraction between an observer,
the spectral properties of a surface and an illuminant de nel by its spectral power distribution
(SPD). Colorimetry has de ned o cial standard SPDs (CIE, 20 04) that describe common illumi-
nant such as daylight illuminant, arti cial illuminant (us ed in museum or in shop for example).
In Figure 2.2 the SPDs of various standard illuminants are dsplayed for both dayligth illuminant
(a) and uorescent illuminant (b).

CIE illuminants CIE Fluorescent Lamps
T T T T T

~
=]

@ @
S 3
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Relative Radiant Power
Relative Radiant Power

0 . . . . . 0 . . . . .
400 450 500 550 600 650 700 400 450 500 550 600 650 700
Wavelength (nm) Wavelength (nm)

(@) (b)

Figure 2.2: Spectral power distribution of the standard daylight illuminants A, D65, C and D50
in (@) and the standard uorescent illuminants FL2, FL7, FL1 1 and FL12 in (b).

Based on CMFs, a SPD and a spectral re ectance, itis possibl® estimate the color perceived
by a human observer. This color is represented by a tristimulis CIEXYZ, RGB depending of
the color space chosen. CMFs, SPDs and spectral re ectancese represented by vectors of data
covering uniformly the visible spectrum space. Typically n this thesis work these vectors will
represent data between 400m and 700hm with 10nm step, N = 31 values will then describe
a spectral re ectance, SPD or CMF. Figure 2.3 and Figure 2.4 liustrate the observation by
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Figure 2.3: lllustration of the color perception by a human doserver. The observer is looking
toward the ColorChecker testchart, each patch is characteized by a spectral re ectance. The
scene (i.e. the testchart) is under daylight D65. The colorsused to display the testchart have
been calculated for the illumination and observer speci cdions.

the CIE 1931 standard observer of the ColorChecker testchdrfor two di erent illumination
conditions: daylight (D65) and uorescent light (FL11).

2.2.1 Calculation of the CIEXYZ tristimulus values

The tristimulus values X, Y and Z of the re ective surface of an object is dependent on the
interaction between an illuminant, an observer and its spetral properties. They are de ned
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A
CMF 1931 F11 fluorescent

Figure 2.4: lllustration of the color perception by a human doserver. The observer is looking
toward the ColorChecker testchart, each patch is characteized by a spectral re ectance. The
scene (i.e. the testchart) is under uorescent lighting cordition FL11. The colors used to display
the testchart have been calculated for the illumination and observer speci cations.

with:
Z max
X =k X()I()r( )d;
Z mil:\ax
Y = k y(OI()r( )d; (2.1)
Z mil:lax
Z = Kk Z()IC)r( )d;

where the normalization factor k is de ned by the equation:

L2
y()I( )d

min

and I( ) is the light source SPD, X( ), ¥( ) and z( ) are the CIE 1931 CMFs andr( ) the
spectral re ectance of the surface. The calculation is pexdrmed for wavelength interval i, to
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max iN the range of the visible spectrum. Each one of theses speaal quantities are commonly
represented as a set oN samples uniformly spaced over the visible spectrum.
The representation of both CIE CMFs and CIE SPDs as samples &bws to write the previous
integrals in Equation 2.2 in a discrete notation form as:

X
X =k xC)ICr(q)

i=1

Y o= k yColCor(i) (2.3)

z = k zZ()lICdr()

and the k factor in Equation 2.2 as:

100
k = - I— (2.4)

CoyCDIC)
i=1
and the tristimuluss X, Y and Z: in Equation 2.4 can be grouped in one equation while rewriten
in a matrix notation such that:

t=ATLr (2.5)

wheret =[X; Y; Z]" is the vector containing the calculated tristimulus values CIEXYZ, A is
the matrix containing the CIE CMFs X( ), y( ) and Z( ) as follows K ¥ Z], L a square matrix
with the | as diagonal values the vector notation of the illuminant SPDI( ) and the rest of 0,
(L =diag(l)) and r a vector containing the spectral re ectance valuesr( ).

2.2.2 Calculation of the CIELAB values

The CIELAB color space is a good approximation of how a human berserver perceives the
di erence between two colors (Hunt, 1975). To calculate the CIELAB values of a spectral
re ectance we rst compute its CIEXYZ tristimulus values as in Equation 2.4, then then with
the following equations:

116f (Y=¥y) 16
500(f (X=Xw) f(Y=Yy)) (2.6)
200(f (Y=¥Xv) f(Z=2Zw))

b

we obtain the L ;a and b values where the functionf ( ) is de ned by:

. 16 . ; .
7787 + 5, if 0:008856

1=3: otherwise

f()= (2.7)

and Xy, Yw and Zy are the white point CIEXYZ tristimulus values of the illumin ant used for
the CIEXYZ tristimulus calculation (CIE, 2004).

2.2.3 Metamerism

Looking at Equation 2.5 shows that two surfaces with di erent spectral re ectancesr; and rp
can have the same CIEXYZ tristimulus values response :

ATLir;= ATLyr, (2.8)



42 CHAPTER 2. BASICS AND FUNDAMENTALS

whereL; = diag(l1). This is the de nition of metameric match, the re ectances r; andr, being
metamers under the illuminant with the spectral power distribution 1;( ). The consequences of
this phenomenon are in matching two re ective objects, a meameric match under one viewing
illuminant is destroyed under other viewing illuminants:

ATL1T16 ATL2I'2 (29)

for L, = diag(l,) and
l1( ) 6 120 ): (2.10)

This problem is called metamerism mismatch. In color reprodiction metamerism is an ad-
vantage to reproduce given tristimulus, it does not need to kiow the spectral re ectance of the
original surface.

In order to compare conventional color reproduction and spetral reproduction we need to
estimate the amount of metamerism mismatch which can appeabetween two color samples. In
the next section we present di erent measures to address tlsi problem.

2.3 Color and spectral di erences

To calculate the dierence between two spectral re ectances or between two colors, the Eu-
clidean distance between them is usually computed. But for gectral re ectance the spectral
root mean square (sRMS) di erence is often chosen instead. RMS di erence is proportional

to the Euclidean distance. sRMS di erence is purely spectrhand does say nothing about the
perception of the di erence by a human observer.

2.3.1 Spectral RMS

In the following we will calculate spectral root mean squareis de ned as:
v

b
SRMS =0 S (i) ra( i) (2.11)
i=1
whereN is the number of samples describing,( ) and r,( ) and rewritten in a matrix notation:
r 1
SRMS = N(rl r2)T(ry r2) (2.12)

2.3.2 CIE 1976color dierence

The calculation of the dierence between two CIELAB values is preferred to the dierence
between the corresponding two CIEXYZ tristimulus values. The CIEXYZ color space does not
take into account the non-linearity of color di erence perception by a human observer and the
CIELAB color space does.

The CIE1976 or E_, (CIE, 2006) di erence is the standard CIE color di erence, which is
the Euclidean distance between two colors calculated in thehree-dimensional CIELAB color

space: q
Ew= (L) +( a)’+( b)? (2.13)
where
= L, L,
= a (2.14)
b = b b

and [L; a; y]" and [L, a; bp]" are the CIELAB values of the spectral re ectancesr; and r»
for a given illuminant and observer.
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2.3.3 CIE 1994color dierence

This is a more recent modi cation which has been recommendedby CIE TC1-29 as the CIE94
color di erence formula.

S
L 2 c °? H 2
= — o+ + .
Eos ke St keSc ket i (2.15)
where the parameters are de ned by:
c = gz Cy
H = a)2+( b)? C )2
q
C; = (a)?+(b)?
q__
C; = ()?+(by)?
k|_ = kC = kH = 1
S =1 (2.16)
Sc = 1+ klcl
Sy = 1+ kzcl
kp, = 0:0045
ko = 0:0015

where the coe cients k have been set for graphic arts application, changes shouldebapplied to
those coe cients when color Eg, is applied to textiles.

Also it is important to notice that this metric establishes t he di erence between a reference
color and a modi ed color. If we had a function called CIE94(1;r7) taking as input argument
two spectral re ectancesr; andr, then calling CIE94(r 1; r2) will be di erent than CIEQ4( ra;ry).

In order to get an idea of the values obtained after calculatbn of E_, for various illuminant,

Eq, and spectral RMS refer to in Table B.1 in Appendix B.3.1. The Pectral re ectances used
to calculate the various color di erences in Table B.1 are dsplayed in Figure B.1 to Figure B.4.

2.4 Spectral re ectance measurement

In both measurement system, Spectrolino or multispectral @quisition system, the unknowns are
the spectral properties of a surface. llluminant condition and spectral response of device are
known.

2.4.1 Spectral re ectance measurement of test charts

In this thesis we measure test chart with dedicated devicesTo measure the spectral re ectance
of a test chart we have used the Gretag MacBeth spectrolino,timeasures the re ected light at
the surface normal for an emitted and controlled light at 45°.

2.4.2 Spectral re ectance measurement of images

| refer here to work on system using digital camera and ltersto perform spectral acquisition
of images, paintings (Hardeberg, 1999). Such system does tnmeasure directly the spectral
properties of a surface but record the camera sensor respanat di erent wavelength set by
the lters. Based on the response, the camera sensitivity ad Iters properties the spectral
re ectance of each pixel in the image is reconstructed.
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2.5 Color reproduction work ow

The color reproduction work ow describes the di erent tran sformations applied to an RGB

image before to be printed by a digital printer, this for a CMY printer (i.e. Cyan,Magenta and

Yellow printer) or a multi-ink printer, see Figure 2.5. The rst observation is a device such
as computer screen (CRT or LCD) and printer do not produce cobr identically: one use the
additive color process and the second the subtractive coloprocess.

original Gamut Colorant Scaling Halftoning
image —> mapping —>{ separation —> (CMY) —> (CMY)
(RGB) (CIELAB) (CMY)

Figure 2.5: The color reproduction work ow for the reproduction of an RGB image. Before
printing several transformations are applied to the image: gamut mapping, colorant separation,
scaling and halftoning. Similar work ow is used for a CMY or multi-ink printer.

2.5.1 Additive color process

Let assume that the image to print is a digital RGB image. The pixels of three separate color
channels red (R), green (G) and blue (B) are usually coded on ®its values between 0 and 255.
The three channels are usually multiplexed in a same le to buld a color image with 24 bits per
pixel. When a continuous tone image is visualized on a compuar screen such as a CRT monitor,
the pixel values of each color channel are used to control toraount of light to emit to display
the colors, it is the additive color process. In Figure 2.6 isshown an illustration of the additive
color process to display colors on a computer screen.

Figure 2.6: The additive color process. We can see in this exaple that the projection of the
equal amount of the three primary colors red, green and blue pduces white.

2.5.2 Subtractive color process

As opposed to the additive color process a printer follows tk subtractive color process. The
subtractive color process is based on the three primary subactive colors cyan, magenta and
yellow. They absorb certain wavelengths and transmit the ohers which are then re ected by
the white paper. In Figure 2.7 is shown a example of the subtrative color process to display
colors on a white surface such as a paper sheet.
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Figure 2.7: The subtractive color process. We can see in thisxample that the mixing of the
three primaries will produced black.

2.5.3 Colorant separation process for CMY printer

Colorant separation process will convert a color expresseds a set of RGB values to a set of
CMY values. In an ideal case where RGB and CMY are complementy the colorant separation
is simply performed as:

c =1
m = 1 g (2.17)
y =1 b

and we assume here that the digital signals R, G and B have beenormalized within [0,1], such
that [r g b] =[1 1 1] equals white and £ m y] =[1 1 1] equals black. Also this equation tells us
that the volume of color of the RGB device is equivalent to theCMY device. This unfortunately
not always the case.

In printing the best white we can obtain is the whiteness of the paper substrate. Identically
the best black a printer can produce is the superposition of he three colorants CMY and it often
provide only dark grey where we would like pure black. To comgnsate this problem black ink
(K) have been added to CMY printer to form CMYK printer.

2.5.4 Black ink generation

The generation of the black channel is made after colorant ggaration RGB to CMY. Di erent
techniques exist for the control of the black channel. The pocess of under color removal (UCR)
will eliminate the amounts of cyan, magenta and yellow that would have been added to the
neutral gray and replace them with black ink as follow:

k = min(c;m;y)

& = ¢ k

ml = m k (2.18)
v =y k

where c® m®and y° are the new CMY values.

Add of black ink to CMY printer has several advantages: it allows to reduce the ink con-
sumption (regarding of which black ink generation is chose} it increases the color gamut of the
printer (from dark grey to pure black).
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Black ink generation is a rst example of metameric printing: a tristimulus can now be
printed by various colorant combinations. A grey level can br example be printed by the same
qguantity of cyan, magenta and yellow, or only black or a varigy of cyan, magenta, yellow and
black colorant combination.

2.5.5 Gamut mapping

The number of available colorant for printer has increased vhich makes the colorant separation
in Equation 2.18 obsolete for multi-colorant' printer. Both color gamut of our RGB device and
printer have di erent shape and size. There is a need of gamutmapping in order to not loose
information when going from RGB device color gamut to printer color gamut for example.

Concretely the operation is performed in another color spae such as CIELAB. Computer
screen, projector, printer do not cover the same color gamytthey are de ned by an ICC pro le
which describes their color gamut and all transformation ae performed in a pro le connection
space (PCS) (ICC.1:2004-10).

Gamut mapping has to answer the questions of de ning a color gmut and especially to
described the boundary of such color volume: gamut boundargescriptor, and providing strategy
to map color data from one gamut to the other: gamut mapping aborithm. More information
about gamut mapping can be found in Morovt and Luo (2001) wak. This is of course one of a
key transformation in the color reproduction work ow because you want your picture displayed
on a computer screen as identical as possible on the paper aftprinting.

2.5.6 Multi-colorant printing system

A multi-colorant printing system typically includes the fo ur colorants CMYK plus 2, 3 or more
colorants. We can found either colorants with new colors sue as red (R), green (G) or blue (B)
or lighter version of cyan (c) and magenta (m) (to reduce the perception of isolated dark dots
on a clear background as we will see in section 2.6). One systewill increase its gamut with
CMYKRGB (Ostromoukhov, 1993) when another will decrease the graininess aspect of the print
in the light color with CMYKcm (Agar, 2001). A light color can be reproduced with more drop
of inks of ¢ and m than C and M.

To print color images, a multi-colorant printing system follows the similar operation as for
CMYK printing system. However the availability of a larger n umber of colorants opens the
possibility of metameric print: an RGB pixel in the color ima ge can be represented by di erent
colorant combinations as we already saw it with CMYK printin g.

The generation of the black channel in multi-colorant printing system performed with a
similar operation as for CMYK printing: by using the black in k K to represent the neutral
component of a color by black. Also it allows to reduce the inkconsumption and increase the
color gamut in the dark area (Jang et al., 2006).

From the RGB to the CMYK version of the same color image, we neded three to four color
channels to describe the color image. When we work with multicolorant printing system the
color image is after the colorant separation a multi-channé continuous tone image. The term
continuous tone means each pixel get a continuous value foraeh channel. But the printer being
a digital printer, only a binary level per pixel and colorant can be printed. Transformation called
halftoning will convert a multi-channel continuous tone image in a multi-channels binary image.

A practical remark, ink limitation or colorant coverage lim itation are describing the maximum
amount of colorant a printer can use when printing a color. This limit is traditionally xed to
300%: with a color printer working with CMY, the maximum dark est color reachable is black
and is obtained with the maximum quantity of the three available colorant CMY (i.e. 300% of
ink coverage on the white paper). So In a multi-channel imagethe summation of the colorant
value by channel should end up too with a maximum of 300%. Thispractical consideration will
be investigated in the next chapter for the spectral printer characterization.

1The terms multi-ink or hi printing can be found for multi-co lorant printing system, in this thesis we will
use the term multi-colorant
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The colorant separation will be performed after gamut mappng. A printer model establishes
a transformation control value to colorimetric printed val ue. It is the inverse printer model that
will be used to go from the PCS to colorant combination that will control the printer.

2.5.7 Scaling process

Computer screen and printer do not have exactly the same redotion. Printers are often higher

resolution and scaling of the image is necessary to match thevo devices resolutions. Scaling
process is a resampling transformation applied to the image This operation is generally per-
formed after the command print has been sent to the printer. L has to be noted that this step

in the color reproduction work ow is not taken into account i n the printer model.

2.6 Halftoning process

Halftoning is needed when the media which is used to reprodwc an image cannot reproduce
a large number of levels (Hains et al., 2003; Ulichney, 1987d.au and Arce, 2001). A digital
printer is typically able to create two levels per colorant, meaning a drop of ink is laid down or
not laid down on the paper.

The operation of reducing the number of gray levels or colordvels in continuous tone image
while maintaining the illusion of a continuous tone image iscalled halftoning. By varying the
dot distribution and the dot density the halftoning process creates the illusion of a continuous
tone image. A dot is not necessarily a single pixel in the scad multi-colorant image. Regarding
of the halftoning technique this dot will vary in density (it s size). Typically a dot or halftone-cell
is referred to a cell (usually squared shape) o€ n pixels. The halftoning process converts a
pixel value, typically a 8 bits value in the range [C; 255] to a binary levelf 0; 1g.

After this step the image is made of binary colorant channelsor binary ink-screens, each
pixel of the colorant channels has binary levelf 0; 1g. Finally the halftone image values controls
the printhead of the printer. A pixel set to 1 will allows to la y down a drop of ink at the pixel
position on the paper.

In the next section we describe the two main families of halfbning process: amplitude mod-
ulated halftoning (AM halftoning) and frequency modulated halftoning (FM halftoning). The
color channels of the image are then called screens.

2.6.1 Amplitude modulated halftoning

This technique varies the size of a dot to create the illusiorof a color level. The dot are equally
spaced. The halftoning operation which converts the contimious tone pixel value to the binary
pixel value is a pixel to pixel operation performed by a thresiold mask.

A dot or halftone cell of size 8 8 can create 64 levels for example. Applying such mask on an
image of 256 levels will require to quantify the image valuedbefore halftoning it. In Figure 2.11
is presented an example of color image halftoned by AM techigjue with 8 8 mask which grow
a circular dot, concretely the cell is lled from the center following a spiral path.

The dot shape is directly connected to the mask. The result othe thresholding mask versus
the current halftone-cell will let the halftone cell full of 0 and 1. The order of lling an ha tone-
cell will reveal the dot shape and bigger the dot darker the lgel. Attention has to be made on
the halftone-cell versus the resolution of the printer becase to be able to see the dot shape is
unpleasant visually.

2.6.2 Frequency modulated halftoning

In scalar error di usion (SED) technique the output pixel va lue (0 or 1) of an ink channel is
calculated independently of the other ink channels as in AM lalftoning. An output pixel is
set by a thresholding condition. Then the dierence (i.e. the error) between the input pixel



48 CHAPTER 2. BASICS AND FUNDAMENTALS

—
—
—
—
l—
—
= —
—
—
—
—
l—
—
— *
—
—
—
—
l—
—
= —
—
—
—
—
l—
—
- >

Figure 2.8: lllustration of the raster scan path for error di usion and spectral vector error
di usion. Starting from the top left of the image the halfton ing is performed line by line from
the top to the bottom.

value and output pixel value is di used to the neighboring pixels with a weight lter. Several
propositions exist for the choice of the weight Iter: Floyd -Steinberg (Floyd and Steinberg, 1976)
and Jarvis-Judice-Ninke (Jarvis et al., 1976), aiming to break up the worm patterns typically
found in SED. This operation is performed for each colorant bannel in a raster scan mode, see
Figure 2.8.

Figure 6.2 illustrates the SED diagram and how the error is spead in the image during the
Itering. in(x;y) is the original pixel value at position (Xx; y) in the image, out(x;y) is thresholded
pixel value such that:;

8'f m(x;y) 05
§| Xy ;

out(xy) = Uty =1 (2.19)
3 else
" out(x,y) =0;
for m(x,y) being the modi ed pixel at position (x;y), the error is calculated as follows:
err(x,y) = m(x,y)-out(x,y) (2.20)
and is di used to the neighboring pixels as follows:
Mmx+iy+j)=mx+iy+j)+wij) err(xy) (2.21)

according to the size of the weight lter.
In Figure 2.12, an example is presented of a grayscale imagelftoned by SED with Floyd-
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Steinberg's Iter, see the following equations for the Iter weight values:

W1:3 7

1
=(= 2.22
W21 W22 W3 (16 3 51 ( )
. +
. t(x,
inCoyl, mod(xy) I  pixel threshold outxy)
+. - binary
colorant + colorant
channel channel
Error diffusion |« erreey)

Figure 2.9: The process of scalar error di usion. Each colant channel of a continuous tone col-
orant image is halftoned following the same process indepeiently spectral vector error di usion
halfotning.

Figure 2.10: Original continuous tone grayscayle image. Eeh pixel value is coded in 8 bits.
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Figure 2.11: Halftoned image by AM halftoning technique. In this example a 8 8 mask and
circular dot shape have been used. The dot is created by llig the mask from the center in a
spiral path.
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Figure 2.12: Halftoned image by FM halftoning technique. Inthis example SED with Floyd-
Steinberg Iter have been used. Filter weigths are displaye in Equation 2.22
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2.7 Conclusion

The di erent sections of this chapter have introduced the basis of colorimetry to understand this
research. The color printing work ow have been shortly descibed as well as the transformations
applied to color image to be printed, from a continuous tone mage to a multi-colorant binary
image. For our experiments we will use a multi-colorant prirting system, it provides a bigger
gamut with a wider variety of spectral re ectances.

In the two following chapters we expose a technique to modelpectrally a multi-colorant
printing system. The idea is to characterize a printer in order to achieve spectral printing, which
allows us to avoid metameric matches under only a given illurmant but, ideally, allows us to
obtain perfect color matches under any given illuminants.

But we should not forget the complexity of a printing system and its constraints when
characterizing it. In particular di erent sets of colorant s can be used for a given multi-colorant
printer, and di erent halftoning techniques can be used.



Chapter 3

Spectral printer characterization:
theory

3.1 Introduction

A printer model establishes the transformation between a cmbination of the m colorants used
to print a color patch and the spectral re ectance of the resuting printed patch. A model pre-
dicting the spectral re ectance of a colorant combination is called a forward model and a model
performing the inverse transformation from a spectral re ectance to a colorant combination is
called an inverse printer model.

A printer model simulates the behavior of the printing device with a few parameters such as
the known spectral responses of the printer for a set of giveolorant combinations. Typically
these colorant combinations describe the spectral gamut hundaries of the printing device: single
colorant ramps for all colorants and all the combination betwveen the colorants at maximum level.
A colorant level is expressed as a coverage value from 0% to Q% for a single colorant. The
colorant coverage limitation of a colorant combination is typically xed to 300%, where the
total coverage of a colorant combination is the sum of the cograges of each colorant for a given
combination.

We can distinguish between two kinds of printer models, the omputational and the physical
ones. Typically the computational consists in building a grid in m dimensions for anm-colorants
printer, this to create a m dimensions lookup-table ormLUT (Heuberger et al., 1992). The
estimation of a colorant combination will be calculated by interpolation in the dimension of the
LUT. There is a trade-o between the size of the grid and the acuracy of the interpolation.
A mLUT with 5 levels per colorant for a 7 colorants printer will need to print and measure
57 = 78125 colorant combinations; this being too much for most pactical application.

The physical models attempt to imitate the physics involved in the printing device. Here
also these models can be classi ed in two subtypes with regds of the assumptions they make
and their complexity (Wyble and Berns, 2000): regression baed and rst-principals models.
Regression based models are rather simple and works with avieparameters to predict a printer
output while rst-principals model will closely imitate th e physics of the printing process by
taking into account multiple light interactions between th e paper and the ink layers, for instance.
Regression based models are commonly used to model the bel@mvof digital printing devices.

During the last 70 years printing technology has evolved andthe printer models as well.
Starting from single colorant printing device the Murray-D avies model (Murray, 1936) predicts
the output spectral re ectances of a single colorant coverge value knowing the spectral re-
ectance of the paper and maximum colorant coverage value. his model was extended to color
by Neugebauer (1937), see Wyble and Kraushaar (2005) for a anslated and commented ver-
sion of the original document. The prediction of a colorant ®mbination is the summation of all
the colorants involved in the printing process weighted by heir coverage on the paper. All the

53
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colorants are referring to all the primaries (cyan, magentaand yellow in case of a CMY printer)
plus all the combination between them plus the paper, these alors are called the Neugebauer
primaries (NP). Later the interaction of light penetrating and scattering into the paper was
added to these models by Yules and Nielsen (1951) as form of aexponent known as then
factor.

In this chapter we will investigate the Murray-Davies model, the Neugebauer model and the
Yule-Nielsen modi ed spectral Neugebauer model. To illustate the performance of the tested
forward models we will use real measurement. We use the Epsdthoto Stylus 2100 inkjet printer
with seven inks.

3.2 Single colorant print

3.2.1 Murray-Davies

The Murray-Davies (MD) model predicts the re ectance of a single colorant coverage. The
estimation of the spectral re ectance of a colorant coverag c is calculated as follows:

f)=@1 o rpaper( )+ C  Teomax () (3.2)

where rpaper () is the paper measured spectral re ectancef co, max () iS the measured spectral
re ectance of the paper covered by the colorant at maximum ceerage, typically reol max ( ) =
I'eol, 100% ( ) and f( ) is the predicted spectral re ectance.

To evaluate the spectral MD model we print a pure cyan ramp. A ramp of single colorant is
a series of patches with coverage values from 0% to 100% witiear spacing between the steps.
After printing the spectral re ectances of the patches are measured with a Spectrolino. The
measurements are then compared with the estimation by the MDmodel. The colorant values
c used for controlling the printer and performing the MD estimation are called the theoretical
colorant value.

In Figure 3.1 (a) and 3.1 (b) we display the measured and estirated spectral re ectances of
a cyan ramp. The ramp is constituted of 16 levels equally spaad from 0% to 100%. We can
observe in this gures the di erences between the simulatedand measured spectral re ectances.
The measured spectral re ectances being not equally spaceas the estimated, i.e. the e ective
coverage of the paper for a single colorant value is di erenthan the theoretical colorant value
sent to the printer. The measured spectral re ectances are drker than their estimations, this
is due to the dot gain e ect. To illustrate visually the dot ga in we can see in Figure 3.1 (e) the
rst two ramps displayed in rgb colors under illuminant D50. The simulated ramp presents a
real ( rst ramp) gradient of cyan color while the measured ramp (second ramp) reaches too fast
the maximum cyan level.

3.2.2 Dot gain e ect

There are two types of dot gain, mechanical dot gain and optial dot gain (Viggiano, 1983). The
rst one is due to the impact of the drop of ink on the paper. The drop of ink on the paper is
not perfectly round. The second is due to ink and paper interation, light penetrating into the
paper covered by ink or not and going out by area covered by inlor not increases the size of the
drops. This gain of dot size increases the theoretical colant coveragec, this theoretical value
is referred to as the desired colorant coverage value as opged to the e ective colorant coverage
value obtained with the dot gain e ect.

The prediction made by the MD model is too bright compared to the measurement. A
relation between theoretical colorant coverage and e ectve colorant coverage is needed. The
inverse of the Murray Davies model establishes the transfanation from theoretical to e ective
colorant coverage.
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(c) Spectral re ectance estimations of the cyan ramp by  (d) Spectral re ectance estimations of the cyan ramp
the MD model with the e ective colorant values. by the MD model with the e ective values and the n
factor.

()

Figure 3.1: Spectral re ectances of the cyan ramp, the ramp $ made of 16 levels equally spaced
from 0% to 100% coverage. In Figure (a) the spectral re ectace measurement of the printed
ramp, in (b) the estimated spectral re ectances of the ramp by the Murray-Davies (MD) model,

in (c) the estimated spectral re ectances by the MD model with e ective values and in (d)
the estimated spectral re ectances with the e ective values and the n factor. In Figure (e) is
displayed a RGB color rendering for illuminant CIED50 of the above spectral re ectances. The
rst row represents the measured ramp as in Figure (a) and thethree following its estimation
by the MD model as in Figure (b), (c) and (d).
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3.2.3 Inverse Murray-Davies

The inverse of the Murray Davies equation allows to estimatethe e ective area covered by the
colorant of a known input value, value called theoretical vdue. The e ective dot area is found
by rewriting the Equation 3.1 as follow:

rmeas( ) = (1 de ) I'paper( )+ Qe I col, max ( ) (3-2)

where c the theoretical colorant coverage value is replaced by, the e ective colorant coverage
value we are looking for, and the previously estimated specél re ectance ff( ) in Equation 3.1
is replaced by the measured spectral re ectancemeas( ),

I'meas( ): rpaper( ) Qe I'paper( )+ Qe Tcol, max( ) (3-3)
and continuing to isolate the a, term:
INmeas( ) rpaper( )= ac (rcol, max () rpaper( ) (3.4)

we obtain a relation between the spectral re ectance of the pper, the spectral re ectance at full
colorant coverage and the spectral re ectance for a known tkoretical coverage value:

_ _Tmeas( ) Tpaper( )
% Feol, max () Tpaper( ) (3.5)

and this gives us the e ective colorant colorant coverage bywavelengtha, ( ) for a theoretical
colorant value. In Figure 3.2 (a) are displayed the relatiors from theoretical values to e ective
values by wavelength obtained from Equation 3.5 for the rampof cyan. From this gure we can
see that very di erent relations can be obtained regarding d the wavelength.

In order to obtain a transformation from theoretical colorant value to e ective colorant value
for all wavelength we calculate the average dierencermeas( ) rpaper ( ) Normalized by the
dierence reo, max ( ) Tpaper ( ). TO do so we rewrite these di erences in a vector notation fom
as follow:

mp = 'meas Ipaper (3.6)
for the upper term of Equation 3.5 and the lower term as follow

lep = Tcol, max  [paper (3.7)
and then we can write: .
Feplm
— pimp |
=T (3.8)
cp’cp

By calculating a. for each spectral re ectance measurement corresponding ta known theoret-
ical colorant value sent to the printer we can establish a deised relation theoretical to e ective
value under the form of a look-up table (LUT) for single colorant printing. This operation can
be performed for all the available colorants of a printing system.

The obtained LUTs for the cyan ramp shows that the e ective coverage of the cyan rapidly
reaches a maximum, see Figure 3.2 (b). Cyan ramp estimationyoMD and the e ective cover-
age from the LUT provides better spectral re ectance estimdion, see Figure 3.1 (c). A color
rendering for illuminant D50 is displayed in Figure 3.1 (e), see the third ramp. We can observe
in the color rendering of the ramp that the simulated ramp spectral re ectances with MD and
e ective colorant values are closer in intensity to the measired spectral re ectances, but we can
also observe a small color shift. This shift can be explainetby the correction itself brought with
the e ective values: we use the same e ective value for all weelengths and we have seen that
the relation theoretical to e ective values by wavelength creates very di erent LUTS, see Fig-
ure 3.2 (a). The e ective maximum coverage value is not xed, it could vary for others colorants
or print on di erent paper media such as copy paper or photo pger for example.
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Figure 3.2: Calculated LUTs for the ramp of single colorant gzan, in (a) are shown the LUTs by
wavelength obtained from Equation 3.5 and in (b) the LUTs obtained from Equation 3.8 and
LUT by averaging all LUTs in (a) by wavelength.

3.2.4 Murray-Davies and the Yule-Nielsen n factor

The inversion of the MD equation (see Equation 3.1) takes cag only of the mechanical dot gain,
the optical dot gain can be added to the MD equation using an eponent 1=n called n factor.
This factor was introduced by Yules and Nielsen (1951) in thé@ works on light penetration and
scattering between the inks and the paper. The introductionof this n factor should correct the
non-linearity in the transformation theoretical colorant value to e ective colorant value. The
MD equation becomes:

1=n

P)= O e ()*+ € Mool max () (3.9)
and rewriting Equation 3.5 with the 1=n exponent we obtain:
1= 1=
g = —fmess() Foaper() (3.10)
rcoI, max( ) rpaper( )

In case ofn = 1 we can see that Equation 3.9 is equivalent to Equation 3.2 ad then
performance the MD model with e ective coverage values for hese two equations will be similar.
In Table 3.1 are presented the average colorimetric and spéal di erences between the simulated
ramp by the MD model with e ective coverage values andn = 1 and the measured ramp for the
ramp of cyan.

Table 3.1: Performance of the MD model with e ective coverag values andn = 1 for the ramp
of cyan.

Eab E94
A D65 D50 F11 F31 D50 | sRMS
Av. 26.78 16.82 19.85 20.31 23.09 7.47 | 0.078
n=1 Std. 15.79 10.36 12.10 12.21 13.4R 4.27 | 0.054
Max. | 46.61 30.22 35.52 36.12 39.3712.20| 0.151

We can distinguish between two methods to nd the n factor, both using an iterative process
which estimates the spectral re ectances of ramp by the MD malel for various n factor values.
Then comparing the estimated spectral re ectances with the measured spectral re ectances
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a n value is selected, value bringing the smallest colorimetd di erences or smallest spectral
di erence.
Method 1

The rst method will calculate a LUT including an n value. In this method mechanical and
optical dot gain are evaluated together. After using the vedor notation as in Equation 3.8 where:

— ¢l=n 1=n .
F'mp = I'meas rpapera (3.11)
and
— ,1=n 1=n ..
Fep = Ifcol, max I’paper 1 (3-12)
we raisea, to the power n: I
T ©n
leplmp
a = = (3.13)
rc,prC'p

Method 2

The second method will start by calculating a LUT for n = 1, see Table 3.1. Then the spectral
MD model is run for several n values as in Equations 3.9 with the e ective colorant values
obtained with the previous calculated LUT. The n value given the smallest sSRMS di erence
between measurements and estimated spectral re ectancesif the ramp is chosen. During this
selection process one can see that di erent metrics can be ad to select the bestn factor. Ideally

we are looking for then value which minimizes the spectral di erence between the ranp spectral

re ectances and their estimation.

In Table 3.2 and Table 3.3 are presented the performances ohe MD model with e ective
coverage values for Method 1 and Method 2 respectively. Fige 3.3 and Figure 3.4 illustrate
how the performance of the MD model evolves with then factor as parameter for Method 1
and Method 2. We can see that the introduction of the n factor brings improvement in term
of color and spectral dierences between the simulated and masured ramp. The Method 2
is giving better results than Method 1. Also it shows the dic ulty to choose a goodn factor
value, regarding of what we want to minimize: color di erence for a given illuminant, spectral
di erence.

3.3 Multi-colorant print

When working with more than one ink, the Murray Davies model itself is no longer su cient.
The estimation of the areas covered or not covered by coloras is not straightforward anymore.
During the printing process the drops of inks of di erent colorants may overlap, this due to
misplacement of the ink drops.

Let us consider a two inks print with cyan and magenta. Such pmting system can produce
four di erent colors resulting from the print of cyan, magenta, paper and the combination of
cyan and magenta when a layer of cyan is covered by a layer of menta: that is the subtractive
color mixing process, see Section 2.5.2.

When a colorant combination is printed, only colorant values are sent to the printer which will
result in various colorant overlaps regarding of the colorat values in the colorant combination. If
we were printing a colorant combination made of 20% of cyan at 30% of magenta the following
equation will not be accurate enough:

M )=0:2rc( )+0:3Brm( ) +0:5rpaper (); (3.14)

where r¢( ), rm( ) are the spectral re ectances of cyan and magenta at full cograge and
r'paper () the spectral re ectance of the paper. It will not be accurate enough because the
spectral re ectance of magenta overlapping cyan is not taka into account in the estimation.
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Figure 3.3: Performances of the MD model with e ective values and various n factor values
using Method 1 to calculate the bestn factor. In (a) are displayed the performances of the MD
in term of CIE76 and CIE94 color di erences, in (b) in term of SRMS spectral di erence.

Table 3.2: Bestn factor selected by the Method 1 for the simulated ramp of cyanby the MD
model. The rst three raws show the n factor which gives the smallest average CIE1976 color
di erence for illuminant A and 1931 standard observer, and ® for the others illuminant and
spectral SRMS. Each Av. line correspond to the minimum valueof each curve in Figure 3.3 (a)
and 3.3 (b).

Eab E94
Best n factor for A D65 D50 F11 F31 D50 | sRMS
Av. 2484 1552 18.30 19.48 23.11 7.50 | 0.079

E.n(A) n=1.6 Std. | 15.12 10.09 11.70 12.43 13.99 4.88 | 0.063
Max. | 44.16 28.05 33.15 35.11 40.1913.74| 0.186

Av. 2484 1549 18.30 19.33 22.7[ 7.33 | 0.077

E,(D65) n=15 Std. | 15.04 9.98 11.60 1220 13.62 4.63 | 0.059
Max. | 44.12 28.05 33.16 34.86 39.58312.95| 0.170

Av. 2484 1549 18.30 19.33 22.7[ 7.33 | 0.077

E,(D50) n=15 Std. | 15.04 9.98 1160 12.20 13.62 4.63 | 0.059
Max. | 44.12 28.05 33.16 34.86 39.58312.95| 0.170

Av. 2493 1554 18.36 19.26 22.5p 7.22 | 0.075

E,(F11) n=14 Std. | 15.04 9.92 1156 12.04 13.38 4.44 | 0.055
Max. | 44.23 28.18 33.30 34.74 39.0312.28| 0.156

Av. 25.14 15.67 1853 19.29 22.38 7.16 | 0.074

E,(F31) n=13 Std. | 15110 9.93 1158 11.95 13.14 4.30 | 0.053
Max. | 44.50 28.45 3359 34.78 38.7211.77| 0.146

Av. 25.14 15.67 1853 19.29 22.38 7.16 | 0.074

Eq(D50) n=13 Std. | 1510 9.93 1158 11.95 13.14 4.30 | 0.053
Max. | 44.50 28.45 3359 34.78 38.7211.77| 0.146

Av. 25.14 15.67 18,53 19.29 22.38 7.16 | 0.074

sRMS n=1.3 Std. | 15.10 9.93 1158 1195 13.14 4.30 | 0.053
Max. | 44.50 28.45 3359 34.78 38.7211.77| 0.146
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Figure 3.4: Performances of the MD model with e ective values and various n factor values
using Method 2 to calculate the bestn factor. In (a) are displayed the performances of the MD
in term of CIE76 and CIE94 color di erences, in (b) in term of SRMS spectral di erence.

Table 3.3: Bestn factor selected by the Method 2 for the simulated ramp of cyanby the MD
model. The rst three raws show the n factor which gives the smallest average CIE1976 color
di erence for illuminant A and 1931 standard observer, and ® for the others illuminant and
spectral SRMS. Each Av. line correspond to the minimum valueof each curve in Figure 3.4 (a)
and 3.4 (b).

Eab E94
Best n factor for A D65 D50 F11 F31 D50 | sRMS
Av. 1499 1250 13.27 13.15 11.61 9.87 | 0.095

E b (A) n=3.7 Std. 872 7.82 811 831 7.25 6.59 | 0.073
Max. | 26.06 21.82 23.28 23.06 21.7|718.67 | 0.209

Av. 15.88 11.88 13.08 12.37 10.57 8.37 | 0.085

E,(D65) n=22 Std. 9.75 7.47 817 7.79 6.11 5.35 | 0.062
Max. | 29.23 21.73 24.14 23.15 18.3614.97| 0.174

Av. 15.32 1199 13.00 12.47 10.6f7 8.92 | 0.089

E,,(D50) n=2.6 Std. 923 751 804 7.81 6.10 5.79 | 0.066
Max. | 27.78 21.61 23.62 22.86 17.5616.33| 0.186

Av. 15.88 11.88 13.08 12.37 10.57 8.37 | 0.085

E,(F11) n=2.2 Std. 975 7.47 817 7.79 6.11 5.35 | 0.062
Max. | 29.23 21.73 24.14 23.15 18.3614.97| 0.174

Av. 1569 11.89 13.04 12.37 10.55 8.52 | 0.086

E,,(F31) n=23 Std. 959 747 812 7.78 6.05 547 | 0.063
Max. | 28.79 21.67 23.96 23.03 18.0615.34| 0.177

Av. | 21.31 13.64 1598 1551 16.00 6.86 | 0.076

Eq(D50) n=13 Std. | 13.08 8.68 10.08 9.79 9.83 4.15 | 0.052
Max. | 38.71 25.29 29.62 29.04 28.9411.73| 0.147

Av. | 2277 14.41 16.96 16.71 17.88 6.87 | 0.075

sRMS n=1.2 Std. | 13.85 9.12 10.63 10.44 10.82 4.10 | 0.052
Max. | 40.93 26.55 31.20 30.92 31.8311.64| 0.146
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When the colorant coverages increase, e.g. values biggerah 50% it is important to estimate
all the di erent colorant overlaps.

The spectral re ectance estimation of a colorant combination should include all possible
overlaps between the colorant as follows:

P( )= @lpaper ( )+ @rc( )+ @rm( )+ alerm( )s (3.15)

where therq: () is the spectral re ectance of magenta overlapping cyan andhe a; fori =1
to 4 the areas covered by the spectral re ectances in Equatio 3.15.

A good estimation of a colorant combination should take intoaccount all the primaries (i.e.
the colorants) of the printer plus the all the possible overbps between these primaries plus the
paper. This set of primaries is called the Neugebauer primaes (NP). We can observe that am
colorants printer can produce:

N =2™ NP: (3.16)

The Neugebauer model (Neugebauer, 1937) is an extension dfig¢ Murray-Davis model, on a
unit area the Neugebauer model will sum and weight the NP accaling to their coverage on the
paper. The NP coverage is estimated with the statistical Denichel model (Demichel, 1924).

3.3.1 The Demichel model

The Demichel model is a statistical model which estimates tie NP coverage for a given colorant
combination. Theoretically, it assumes that the colorant coverage is statistically independent,
i.e. independence between the ink-screens, independencetieen the dot placement.

For a given colorant combination of m > 1 colorants we have :

G 2[0;1]forj 2f1;:::;mg; (3.17)

where ¢, = 0 for no inks laid down for the jth colorant and ¢; = 1 for full coverage of the jth
colorant and we calledw; the weights for the of the NP with the following properties:

2% 1
wi=landO<w; < 1 (3.18)
i=0

The independence between the colorant screens and randomstiibution of the dot are two
assumptions made by the Demichel model. These assumptionsate been studied at di erent
levels by Viggiano (1990), Chang et al. (1995) by imposing derent shapes for unit area, Hersch
et al. (2005) by looking at the dot gain in colorant overlapping or for the screens independence
by Rogers (1998).

Demichel weights for two inks (m=2)

The Demichel equations for a two colorants combination are:

wo = (1 ) o)

wp = gl c);
w2 = (1 ca)c; (3.19)
Wi = C1Cp;
and
W(2) = [Wo Wi Wz Wio]" (3.20)

where w ) is a vector weights for a two colorant combination, wp is the weight accounting for
the paper, w; the weight for the rst colorant c;, w, for colorant ¢, and wj, for the overlap
between colorantc; and colorant c;. We can also see that two colorants gives 2= 4 weights.
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In order to rewrite in a matrix form the calculation of the Dem ichel weights, we rst expand
the previous equation:

Wo = 1 ¢ G+ cityp;

Wy = C GGy

Wy = C C1Cp, (321)
Wi = C1Cp:

By de ning a matrix of coe cient M ,:

2
1 1 1 1
o 1 0 1

M (2) = § o o 1 1 ?, (3.22)
o 0 0 1

such that multiplying M () by a vector of coe cient c(,) for a colorant combination of two
colorants:

)= 1 a ¢ cc T (3.23)

we obtain the calculation of the weights for a colorant combnations of two colorants in a matrix
form:

W(2) = M (2)C2): (3.24)

Demichel weights for three inks (m=3)

The Demichel equations for a three colorants combination wl be:

wo = (1 o) c)@ c3);

wi = ¢l o) c);

w2 = (1 ca)ee(l c);

ws = (1 c) c)cs; (3.25)
Wi, = Gl c3);

wiz = ¢l c)c;

waz = (1 c1)ceCs;

Wiz = C1C2Ca,

where wy is the weight accounting for the paper, w1, w, and ws the weights for the single
colorant ¢;, ¢; and c3. wi2, Wiz and w3 the weights accounting for the overlaps between two
colorants and wj,3 the weight for overlap between the three colorants. We can a@o see that
three colorants gives 2 = 8 weights.

In order to re-write in a matrix form the calculation of the De michel weights, we rst expand
the previous equation:

Wo = 1 € C G+ CC+ CiC3+ CC3  C1CaC3;

Wip = € CC Ci1C3+ C1CaCg;

Wz = C CC CpC3+ C1CaCg;

W3 = C3 CC3 C2C3+ C1C2C3;
Wi2 = (C1C C1CpC3, (326)
Wiz = GC CCCs,
Woz = CC3 (C1CpC3,

W12z = C1C2C3:
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By de ning a matrix of coe cient M (3):

(3.27)

N e

1 1
1 0
0 1
1 1
0O O
1 0
0 1
0O O

O0OO0O0O0OO0OOR
[eNeNeNeNoNaNEN
Oo0oo0oo0OoOkrOoOR
oOcooorookr
cococoorokRPkFPE

such that multiplying M (3y by a vector of coe cient c3) for a colorant combination of three
colorants:

C3= 1 € C C3 CC CC3 C1C3 C1CC3 T (3.28)
we obtain the calculation of weights for colorant combination of three colorants in a matrix form:

Wz = M (3)C(3)- (329)

Demichel for m inks

The extension to m colorants is straightforward following the examples for 2,3 inks and the

formulation: (

W = Y G ; if colorant j is part of the ith NP (3.30)
(1 g) else

j=1! m
with the matrix notation:
Wm) = M (m)C(m)- (331)

3.3.2 The spectral Neugebauer model

The spectral Neugebauer model says that the spectral re e@nce of a printed colorant combi-
nation is the weighted summation of the Neugebauer primarie (NP) spectral re ectances. The
weights are the areas covered by these NP for a given coloracbmbination. The areas are esti-
mated by the Demichel model. For am colorants printer, the spectral re ectance of a colorant
combination is given by:

23{ 1

FC)= Wilgma( ); (3.32)

i=0
where w; and rimax ( ) are the weight and spectral re ectance of theith NP and #( ) is the
estimated spectral re ectance.

In a matrix notation, the estimated spectral re ectance r of an m colorants combination will

be de ned by:

n= W(m)P(m); (333)

with P,y being the matrix of NP. Each column of P,y is a spectral re ectance of a NP, the
NP are stored in a similar order as for the weights, e.g. with atwo inks print we will have:

P2) =[pPo P1 P2 P12]; (3.34)

Using the full notation of wy) as in Equation 3.31 we can write the spectral re ectance esti
mation of a colorant combination of m colorants as follow:

P = M(m)c(m)P(m): (335)
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In a similar way as for the spectral Murray-Davis (MD) model, the NPs have to be printed
and measured before making estimation of any colorant combation. Also the e ective col-
orant values have to be used instead of the theoretical colent values describing a colorant
combination. As for single colorant print the printer is subject to dot gain. The transformation
theoretical ¢ to e ective cj0 is performed using looking table (LUT) as described in Sectin 3.2.3
on MD inversion.

In this thesis we have used single colorant ramps to estimatthe dot gain colorant combination
for m > 1 colorants in a rst approach, a second approach using optirnization on measured
spectral re ectance of colorant combinations has been testd in Section 4.2.1. It is possible to
add a dot gain by NP for example as Tzeng (1999) or Hersch and @k (2005) did in their
works. In Figure 3.5 is grouped the steps involved in the specal Neugebauer model: e ective
colorant values calculation, Demichel equations and specal Neugebauer equations.

cyan —! LUT(c) p—
magenta » LUT(M) p———

yellow » LUT(Yy) p—

Neugebauer
black |—| LUT(K) J| DEMICHEL | | Teud
EQUATIONS model

red »  LUT(r) >

green »|  LUT(9) >

blue »  LUT(b) >

Figure 3.5: Diagram of the spectral Neugebauer model, fromheoretical colorant values to it
e ective colorant values, Demichel equations and Negeubaer model for a 7 colorants combina-
tion.

3.3.3 The spectral cellular Neugebauer model

The spectral cellular Neugebauer model uses the same equaitis as for the spectral Neugebauer
model (Heuberger et al., 1992; Rolleston and Balasubramaan, 1993). The di erence comes
from the available NP, the idea is to dispose of intermediateNP values in order to a ne the
estimation.

There is trade-o between the number of NP to print and measure and the accuracy of the
model. For example a 4 colorants printer with three level percolorant [0 50% 100%] will require
the print of 34 =81 NP.
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3.3.4 The Yule-Nielsen modi ed spectral Neugebauer model

As for the Murray-Davies model, the Yules-Nielsenn factor can be added to the Neugebauer
equation, this to include the light and paper interaction in the re ectance estimation of a colorant
combination.

The NG Equation 3.32 is modi ed as follows:

) S
p() = Wi max () (3.36)
i=0

where the n factor is calculated from the single colorant ramps as desdoed in Section 3.2.4.
Tuning can be performed on the selection of then factor and value(s) can be selected by colorant,
by wavelength (Wyble and Berns, 2000) or even by halftoning &chnique.

3.4 Discussion and conclusion

In this chapter we have presented the spectral printer charaterization. Just as in color printer
characterization this operation is required to obtain the transformation from a control value sent
to the printer to the spectral (or colorimetric) value print ed on paper.

We have use the spectral Neugebauer (NG) model which is an eshsion to multi-colorant
print of the Murray-Davies (MD) model. The NG model says that the spectral re ectance
estimation of a printed colorant combination is the weighted sum of the Neugebauer primaries
(NP). The weigths correspond to the surfaces covered by the R. The NP are all the primaries
of the printer plus all combinations between them plus the pager. We choose this approach for
its simplicity, it does not require much information from th e printing system: a ramp for each
colorant and the NP. In case of a 7 colorants printer we have tgrint and measure 7 16+27 = 240
patches when each ramp of single colorant is made of 16 patchend 2 being the number of
NP. Comparing to a look-up table (LUT) approach less prints and measurements are needed.
Also the printer characterization is independent of the haftoning technique used to print the
colorant combination. The Demichel model will estimate the NP coverage on the paper and this
with the only assumption of independence between the colora channels: the placement of the
drops of ink of the colorant 1 is independent of the placemenbf drops of ink of colorant 2 and
so for all the colorants available in a printing system.

The printer is a known unstable system, proof is the dot gain fnenomenon. It increases the
theoretical dot size and it results brighter spectral re ectance (or color) prediction by the printer
model than the desired printed colorant combination. Both mechanical and optical dot gain can
be encompassed in the printer characterization by using thénverse MD model: a relationship
between the theoretical colorant value and the e ective cobrant value can be then established.
This transformation is used as LUT for each colorant channebefore performing color or spectral
prediction with the NG model. But it is the add of the n factor from the Yules-Nielsen to the
MD and NG equations which allows to include the optical dot gan in these printer models.
The mechanical dot gain being estimated fom = 1. Attention has to be put on the creation of
these LUTs because the transformation can be established fali erent criteria from the ramp
of single colorant: comparison of prediction and measure afamp level can be performed under
spectral di erence, color di erence (CIEXYZ, CIELAB) (Kra ushaar and Urban, 2006) or even
by wavelength. The manner the LUT is created has to be remainé for the colorant separation
(see Chapter 5).

The dot gain is a big source of error in the NG printer model esimation and especially the
optical dot gain. Usually one n factor is chosen for all colorants and it is often assumed thia
a study of the dot gain by colorant is accurate enough: basiddy the mechanical dot gain is
described for each colorant but only an average optical dot gin is nally considered. By doing
so we simplify drastically the printing system and it is getting worse for a multi-colorant printer
due to the very di erent available colorants.
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The NG model assumes that each screen of colorant channel iedectly bi-level after halfton-
ing and each drop of colorant has a constant spectral re ectace, meaning all NP have a xed
value. If this consideration was true only the mechanical do gain should be corrected to char-
acterize a printer. The cellular NG model (Rolleston and Bahsubramanian, 1993) have shown
improvement in disposing of more intermediate NP: to dividethe colorant space combines inter-
polation and NG model. Another solution which is still considering xed NP is to optimize the
parameters directly: from the measurement of the NP and someample printed and measured
the optimal NP can be extracted (Xia et al., 1999; Balasubranmanian, 1999; Lana et al., 2005).
All these approaches also shows that di erentn factor values can be used. To continue on the
optical dot gain, improvement have been shown while considing di erent dot gains in case of
ink printed in superposition of others ink layers (Hersch ard Crég, 2005).

The cellular NG model, the n factor or multiple dot gain are all increasing the printer model
accuracy. But they do not integrate completely the multiple light, air and paper interaction. The
Clapper-Yule spectral color prediction model and all its madi cation proposed by Hersch et al.
(2005) gives very good results. The model is similar on the sips involves in the prediction of a
colorant combination with the NG or YNSN model: theoretical to e ective colorant value, NP
coverage calculation with the Demichel equations and sum athe NP. The di erence comes from
the data needed to characterize the printing system such irgrnal re ection factor or specular
re ection factor.

In the perspective of controlling spectrally our printing system it is important to dispose of
an easily invertible printer model. In the next chapter we will present our experimental results
for the spectral characterization of our multi-colorant printing system. We use the spectral NG
model and the YNSN model.



Chapter 4

Spectral printer characterization:
experimentation

4.1 Introduction

In this chapter you will nd the description of our experimen ts and results for the spectral printer
characterization of our spectral printing system. Our sysiem is based on a multi-colorant inkjet
printer with seven inks. We use the Epson 2100 Photo Stylus ikjet printer where the original set
of inks have been replaced by a cyan, magenta, yellow, blacked, green and blue (CMYKRGB)
set of inks. we use the spectral Neugebauer (NG) printer modeand the spectral Yule-Nielsen
modi ed Neugebauer (YNSN) to characterize our system (Harceberg and Gerhardt, 2004, 2005).

We are interested in the transformation from digital control value to colorimetric value or
spectral re ectance on the paper, digital control value behg a colorant combination. We want
a clear description of each colorant channel response befoto start making spectral re ectance
estimation. We want for example to know the response of the pnter for each monochromatic
ramp. A ramp is a series of digital control value from 0 to maximum level with a linear step
increment. This rst part of the characterization will be us ed to build lookup-table to establish
the transformation theoretical colorant value to e ective colorant value. This step helps to set
the maximum colorant value or coverage per colorant channel

The biggest problem while characterizing the printer is to be able to override the color
management embedded in the printer. We know that when a pictue is sent to the printer
several transformations will applied be to it: gamut mapping, colorant separation, scaling and
halftoning. If we think of grey scale ramp, a metameric print of it allows to print several di erent
colorant combinations for the same colorimetric printed vdues.

To override the color management means to be able to controlite printhead of the printer.
It also means we have to adapt the test chart or image to be prited with the resolution of
the printer: this result in scaling the image by a large facta. And nally the image has to be
halftoned, each pixel value of an image is set to 0 or 1 and thiss a command for the printhead
to lay down or not a drop of ink at the pixel position.

We use a dedicated software to drive the printer. This softwae requires an TIFF image set
to the printer resolution, the image has to be halftoned. Haftoning is performed by channel
independently by error di usion.

4.2 Experiment
In this experiment we have used the Epson Stylus Photo 2100 kjet printer. This printer

is a 7 channel printer where the original set of inks has beeneplaced by a set of CMYKRGB
colorants from Epson. The original set of ink from Epson was G1YKcmk, the traditional CMYK

67
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NP of the 7 colorants printer

Reflectances

0
400 450 500 550 600 650 700
wavelength | nm

Figure 4.1: Spectral re ectances of the 2 NP for the Epson Stylus 2100 printer plus the spectral
re ectance of the paper on which the primaries have been priter.

colorants plus a lighter cyan, magenta and black, see Figurd.1 for the spectral re ectances of
the 27 Neugebauer primaries (NP) at full coverage. The colorant cobinations have been printed
on Epson photo paper.

To communicate with the printer we use a modi ed driver. This driver take TIFF image as
input. In case of printing a test chart, we store in a text le t he description of each patch. In
the text le the colorant values are stored as follow: one lire per patch and seven columns per
line, one for each colorant coverage value.

Then with a function wrote in Matlab we convert our text le in a TIFF image. This image
is a colorant image where each pixel corresponds to colorambmbination (i.e. a line in the text
le). The image is saved under TIFF cmyk plus spot channels fomat, this format allowed to
savem channels images form > 4. A scaling is performed on the TIFF image to t with the
printer resolution and the scaled image is nally halftoned.

Halftoning is performed by error di usion for each channel independently. The TIFF image
has now binary value for each pixel of each channel and with ta help of the modi ed driver
the image is printed without any more transformation. A binary value at a pixel position of a
colorant channel corresponds to control command to the priter: to lay down a drop of ink for
1 or no drop to lay down for 0.

A short comparison of the color gamut versus the paper has beeperformed. We have
tested di erent papers with this printer. The best results b eing obtained for Epson photo paper
194g=n?. With this paper we got best interaction ink/paper: drying f ast, less soaking of the
inks, bigger gamut.

4.2.1 Spectral modeling

To build the spectral Neugebauer model we need the spectralerectances of the NPs and the
spectral re ectances of each single colorant ramp. Each ramis made of 16 linearly spaced
steps from 0% to 100%. The ramp measurements allow to createdk-up tables (LUTS) for each
colorant (see Figure 4.2) and to nd the n factor (see Section 3.2.4) for this printing system.
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LUTSs for the Epson 2100 stylus printer
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Figure 4.2: The seven LUTs of the Epson Stylus 2100 printer, hese LUTs were obtained from
prints on photo paper. We can observe a slight di erence for he maximum coverage value
reached by the di erent colorants. But around 60% of theoretical coverage all the colorants have

almost reached 90% of e ective coverage of the paper.

The estimation of the spectral re ectance from the colorant combination of each patch is
performed using Equation 3.32 and Equation 3.36, see Figurg.5 in Section 3.3.2 for the diagram
of the NG model work ow. The weights in these equations are ciculated with the Demichel
equations for seven inks for the e ective colorant values. Te e ective values are obtained by
interpolation using the LUTs and the theoretical values of each patch.

4.2.2 Experimental setups

A test chart has been designed to evaluate the performance adfie spectral model of this printer.
A regular grid in 7 dimensions in the colorant space has beenreated, each colorant could get 4
de ned values in [0% 33% 66% 100%)] for a total of 4= 16384 patches. The values describing
our grid are the e ective coverage values. To calculate the orresponding theoretical coverage
value each LUT has been inverted. To take into account the priter coverage limitation in our
experiment we have printed only the patches for a colorant ceerage summation below 280%
(this based on LUTs observation). We avoid then to include inthe evaluation patches with too
much ink. Our grid is nally made of 4175 patches. For practical reason the grid (i.e. our test
target) have been divided in several smaller grids to t on A4 paper, then the grids have been
printed successively. You can see in Figure 4.3 the rst subgd printed.

4.2.3 Results and Discussion

The test chart measurements are compared with their estimaibn by the spectral printer model.
Colorimetric and spectral di erences between the estimatel spectral re ectances and the mea-
sured spectral re ectances are displayed in Table 4.2. Vadus n factor values are tested in this

experiment.
We have seen in the previous chapter (see Section 3.2.4) thati erent n factor values can
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Figure 4.3: The 500 rst patches of the designed testchart fo the Epson stylus 2100 printer.

be chosen, e.g. one value will minimize a color di erence foone given illuminant and another
n value will minimize a spectral di erence, see Figure 3.4 forthe n factor versus the ramp of
single colorant cyan. In Table 4.1 are displayed the besh values obtained by colorant for the
Method 2.

Table 4.1: n factor versus single colorant ramp and various color and sparal di erence. This
results illustrate the di culty to select one n factor value for all the colorants.

cyan magenta yellow black red green blue

E b (A) 2.3 2.2 1.3 11 17 16 3.4

E,(D65) | 1.9 25 1.6 11 19 17 3.8
E.,(D50) | 1.8 25 1.6 11 19 16 3.9
E(F11) | 2.0 25 15 11 19 17 3.7
E,(F31) | 18 25 1.6 11 19 17 3.9
Eq,(D50) | 1.2 1.2 11 10 10 11 1.1
SRMS 2.0 24 15 11 19 17 3.7

A rst simulation of the printed test chart is performed usin g the YNSN model. We look
at the performance of the spectral printer model for di erent n values obtained in Table 4.1:
averagen values for the color di erences and spectral di erence by ctorant are used. The results
are shown in Table 4.2.

We tried a second approach to select a suitable factor value. It follows the same approach
as for the n factor and the single colorant ramps: we perform spectral reectance estimation
with the YNSN model for di erent n values. In Figure 4.4 (a) and Figure 4.4 (b) are displayed
the average di erences between the measured test chart anche simulated spectral re ectance of
the test chart for various n values. We perform this optimization on approximatively 10% of the
available patches, since the test chart we have printed is awstituted of 4175 we use 400 for the
optimization. In Table 4.3 are displayed the color di erences and spectral di erence between all
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Table 4.2: Performance of the YNSN model for the besh factor values obtained by optimization
on the single colorant ramps. The rst n value tested in this table corresponds to the averaga
values in the rst line of Table 4.1.

Eab Eab

A D65 D50 F11 F31| D50 | sRMS
Av. | 7.6 77 77 74 70| 6.0 0.034

n=19 Std. | 3.8 40 40 39 36| 31 0.026
Max | 29.4 29.2 295 30.8 29.6 155 | 0.128

Av. | 78 79 79 76 74| 6.3 0.036

n=21 Std. | 3.8 40 40 39 38| 33 0.029
Max | 28.2 287 285 29.8 27.5% 15.7 | 0.137

Av. | 78 79 79 75 73| 6.2 0.036

n=2.1 Std. | 38 40 40 39 38| 33 0.028
Max | 28.4 287 28.6 29.9 27.7 15.6 | 0.136

Av. | 78 78 78 75 73| 6.2 0.036

n=20 Std. | 3.8 40 40 39 38| 33 0.028
Max | 28,5 28.8 287 30.0 27.9 15.6 | 0.135

Av. | 78 79 79 75 73| 6.2 0.036

n=2.1 Std. | 38 40 40 39 38| 33 0.028
Max | 284 28.7 286 299 27.7 156 | 0.136

Av. | 7.8 79 79 76 74| 6.3 0.036

n=2.1 Std. | 38 40 40 39 38| 33 0.029
Max | 28.2 28.7 285 29.8 27.5 15.7 | 0.137

Av. | 9.9 99 100 100 9.1 64 0.034

n=11 Std. | 70 69 69 72 6.8 4.0 0.030
Max | 45.2 43.8 444 47.7 49.1 256 | 0.198

Av. | 7.8 78 78 75 73| 6.2 0.036

n=20 Std. | 3.8 40 40 39 38| 33 0.028
Max | 28,5 28.8 28.7 30.0 27.9 156 | 0.135

the measured and estimated spectral re ectances by the YNSNnodel for the second approach.

By comparing the two approaches for the calculation of then factor we can see that per-
forming optimization on the measured spectral re ectancesof the test chart and their estimated
spectral re ectances by the YNSN brings a slight improvemern. There is not a big di erence in
term of E_, color di erences but the SRMS is better. An explanation can be found in the way
the n factor is selected: optimization was performed on various @lorant combinations and not
only on average bestn by single colorant ramps.

The performance of the spectral Neugebauer printer model igpoor, but the introduction of
an n factor for the YNSN improves the model performance. How to inprove the model? We
have seen that using the e ective colorant values instead ofhe theoretical values improves the
performance, but was have also seen that the di erent colorat do not have exactly the same
transformation theoretical to e ective value. The simulation of a printed ramp made of two
colorants will then carry error due to the new e ective values.

The introduction of e ective values for the NP should help to model the dot gain. In their
works Tzeng (1999) look at the dot gain for the NP as well or Hesch et al. (2004) creates
additional LUTs for various inks superposition knowing that the printer is always performing
the same order to lay down the inks.

The cellular Neugebauer solves a part of the problem by divithg in smaller pieces the colorant
space. We dispose of more NP and this should provide better 8mation as it was shown
by Rolleston and Balasubramanian (1993) or Wyble and Berns 2000).
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Performance of the spectral NG model VS n factor
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Figure 4.4: n factor value versus color di erences in (a) and spectral di erences in (b) between
the measured test chart and its simulation by the YNSN model.
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Table 4.3: Performance of the YNSN model for the besh factor values obtained by optimization
on approximatively 10% of the printed test chart.

Eap Eos

A D65 D50 F11 F31| D50 | sRMS
Av. | 111 111 11.2 113 10% 7.4 | 0.043

n=1 Std. | 7.7 76 76 80 7.7 46 | 0.036
Max | 47.9 46.5 471 50.7 522 27.8 | 0.215

Av. | 76 75 76 73 65| 53 | 0.028

n=16 Std. | 44 44 45 45 38| 28 0.021
Max | 33.9 325 331 355 36.2 184 | 0.136

Av. | 77 76 77 75 65| 52 0.027

n=15 Std. | 48 48 48 48 42| 28 | 0.021
Max | 35.9 345 351 37.7 38% 19.7 | 0.146

Av. | 7.7 76 77 75 65| 5.2 0.027

n=15 Std. | 48 48 48 48 42| 28 | 0.021
Max | 35.9 345 351 37.7 38% 19.7 | 0.146

Av. | 76 75 76 73 65| 53 0.028

n=16 Std. | 44 44 45 45 38| 28 0.021
Max | 339 325 33.1 355 36.2 184 | 0.136

Av. | 79 79 80 78 6.7| 5.2 0.026

n=1.4 Std. | 53 52 52 53 47| 3.0 0.021
Max | 38.0 36.6 37.2 39.9 409 21.0 | 0.157

Av. | 79 79 80 78 6.7| 5.2 0.026

n=1.4 Std. | 53 52 52 53 47| 3.0 0.021
Max | 38.0 36.6 37.2 39.9 409 21.0 | 0.157

Av. | 84 83 84 83 72| 54 | 0.027

n=1.3 Std. | 58 57 57 59 53| 33 0.023
Max | 40.3 38.8 394 424 43% 224 | 0.169

4.3 Conclusion

In this chapter we have presented the spectral characteriz@on of our printing system, system
based on a multi-colorant printer with seven inks where all enbedded color management has
been removed. We can then print any colorant combinations.

The choice of paper was important, a copy paper will should nbbe used for spectral repro-
duction. A simple reason is the color gamut is small with suchpaper. A photo paper or an high
quality paper should be chosen. From the previous measurecamps the maximum coverage level
should be set for each colorant. Having the limit of coveragave can de ne more precisely our
gamut.

The results we obtained have shown a lake of performance of ghspectral NG model, see in
Table 4.3 the results forn = 1. But with some improvement are noticeable when the YNSN is
used and then factor selected by optimization on part of the printed test chart.

The statistical Demichel model to estimate the weights for the NP of a given colorant combi-
nation is assumed to be e cient enough and should not introduce error in the estimation (Chang
et al., 1995; Amidror and Hersch, 2000). The main source of eor seems to come from the way
the dot gain is simulated or characterized for the printer. No distinction is made for the dot gain
when an ink level is printed on paper only or on the top of an aleady printed ink layer. Two
approaches should be followed to improve our model: to use thcellular NG or YNSN model,
to dispose of intermediate NP values increases the model plermance, but there is a trade-o
number of intermediate NP to print and accuracy of the model. To characterize the dot gain in
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function of the ink superposition should increase as well th performance. Finally a combination
of the NG and Clapper-Yule model have show very good resultsof CMYK printer.

One more time diculty is to nd a easily invertible model whi ch does not loose to much
accuracy with its assumption. In the next chapter we will present various method to invert the
NG and YNSN model, this to be able to control spectrally our printing system. The inversion
of the printer model will provide for each spectral re ectance the colorant combination in order
to control the printer and to reproduce the spectral re ectance.



Chapter 5

Inversion of the spectral printer
model

5.1 Introduction

The inversion of the spectral printer model (i.e. the spectal Neugebauer equations) answers the
guestion: which colorant combination can reproduce a giverspectral re ectance. Multi-colorant
systems o er the possibility to create a wider range of speatal re ectance by allowing more
combinations between the Neugebauer primaries (NP) than foa smaller set of colorant as a CMY
set of colorants for example. But due to printer limitation, such as ink coverage limitation, some
parameters in the inversion should be taken in account to obain feasible colorant combination.

Similar problem in color printing have been met when a colorat combination has to be
extracted from a set of m colorants for m > 3, see Agar (2001); Tzeng (1999); Jang et al.
(2006). In color reproduction the black ink plays an important role and his use can facilitate the
inversion of a printer model as proposed by (Ostromoukhov, 293). The black ink has been used
to form sub-groups of 3 to 4 inks in spectral reproduction by Tzeng and Berns (1999) to select
rst a group of colorant and perform the inversion from the chosen sub set of colorant. In color
reproduction a strategy should be chosen rst to simplify the inversion of the NG equations: black
ink generation, less amount of ink consumption, maximum inkpaper coverage and then invert
the Neugebauer equation with the selected colorants. Thesmformation facilitate the decision
which colorant combination to choose by solving a less compk problem such as inverting the
Neugebauer equations for a 3 colorants system.

Analytical inversion of the Neugebauer equations in color pace are possible for a 3 or 2
colorants printing system without too much complexity, see Mahy and Delabastita (1996). By
rewriting the Neugebauer equations in a polynomial form it is possible to calculate the roots of
the polynomial and to obtain a colorant combination. But a 3 inks case ends up with resolving
a 6th degrees polynomial given multiple solution. A selectn of the polynomial roots should
be done because not all of them are usable as colorant valuesncreasing the number of inks
requires to select a feasible solution among a bigger numbef solution. Use of look-up table is
possible, see Heuberger et al. (1992), but it requires to bld enormous grid to have a clear map
of the colorant to spectral space or simply to reach enough awiracy. Look-up table in a 3 inks
case is possible, it becomes oversized for multi-colorantwinting system.

Previous studies have shown the redundancy of colorimetriwalues for various colorant com-
bination printed by a multi-colorant printer (Rosen et al., 2003). Metamerism can be su cient
enough for color reproduction but becomes a problem for spé@l reproduction. The inversion
of the spectral Neugebauer equations should bring solutioisuch that the spectral di erence be-
tween the target and the reproduction is minimized, i.e to reduce the metamerism between the
target and the reproduction for a given colorant combination (Tzeng and Berns, 1998, 1999).

The problem of maximum ink coverage should be taken in accourin the inversion. Allowing

75
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any colorant combination with limitation of 300% colorant c overage and minimizing the spec-
tral di erence (Euclidean distance, spectral RMS or E_;) between a target and its simulated
reproduction.

In this chapter will be described and discussed various metbds for inverting the spectral
Neugebauer equations. Method by linear regression iterabin (LRI) based on Powel (1964)
method presented by Urban and Grigat (2005), by constrainedminimization routine (CMR)
described by Taplin and Berns (2001),and our method by Alsamet al. (2005) based on the
weight inversion (WI).

The choice of inversion method allows to compare a colorimeic and a spectral print. re-
ectance can be expressed as a weighted summation of the Neelgauer primaries (NP). The
nal colorant combination obtained after inversion of the spectral printer model is the result
of a spectral di erence minimization, this operation can be replaced by a colorimetric di er-
ence or a combination of spectral and colorimetric di eren@s. A study of color reproduction
versus spectral reproduction based on di erent appropriae metrics will be developed in this
chapter (Gerhardt and Hardeberg, 2007a).

Comparison have been studied a bit di erently by Zu (2004) f or a regular cmyk printer. In
this work di erent inversion method have been used for the cdorimetric and spectral print. For
the colorimetric approach a grid in colorant space is printel, this allowing to get a transformation
RGB to CIELAB. Then by interpolation RGB control values are o btained for CIELAB values
to reproduce. In case of spectral data to print, the spectralNeugebauer model is inverted by
optimization. And in their work spectral re ectance to repr oduce are assumed to be in the gamut
or out of the printer gamut. Also Tsutsumi et al. (2006) have worked on comparing colorimetric
and spectral print with their LabPQR approach.

5.2 Method of inversion for the spectral Neugebauer equa-
tions

All the previous proposed methods solve the following proke#m:
min F (c) (5.1)
where the function is de ned as follows:
F(c)=jiR (¢) r ji3 (5.2)
where c is a colorant combination for m colorants with the following constraints:
c:[cl:::cm]T;CiZ[O;l] fori=1;:::;m: (5.3)

R (c) is the estimated spectral re ectance for a colorant combiration ¢ according to the spectral
Neugebauer equations and the Demichel equations, being the spectral re ectance we wish to
reproduce. Ideally we are looking for a solutionc such that:

F (0)

Ci

=0fori=0;:::;m (5.4)

and this is performed by an iterative process.

At each step of the iterative process a new colorant combinabn is obtained providing a
closer estimation ofr . This new colorant combination is obtained after the calcuhtion of a
descent direction and a step length in the colorant space. Ta methods di er in the choice of
the descent direction and step length calculation.

In all iterative process the search for the best colorant corhination stops when the estimated
spectral re ectance is close enough to the spectral re ectace to reproduce (i.e.F (c) is minimum
in Equation 5.1). Termination criteria should be set to stop the process: conditions to verify
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betweenF (cX) and F (ck*1 ) and betweenck and ck*1 . A last stop condition is when a maximum
number of iteration is reached. We will propose a di erent approach which does not follow this
scheme in Section 5.2.3.
For all the methods described the factorn can be taken in account under the assumption of
a ne multilinearity in 1 =n space. All the spectral re ectance are then raised to the powr 1=n
such that:
R ()! R*™c)andr ! r*™" (5.5)

5.2.1 Inversion by linear regression iteration (LRI)

The LRI method is an iterative method presented by Urban and Grigat (2006) which is based
on Powel (1964) method. A loop on the colorant is done where aew colorant value is computed
one after the oher taking in account the previous new colorahvalue. A direction search and
step length is computed for each colorant in the loop. If we ag in a three colorant case, at each
iteration the loop will provide three directions and steps.

For each colorant the function in Equation 5.1 is assumed to ke single variable dependent,
i.e. dependent of one colorant; . Assuming that we can see that:

whereA; and B ; hold:
Ai - Bi o (5.7)
C C

we then want to solve the following problem:
minjjiA; G + By r i (5.8)

where the spectral re ectances put in a discret form allow to calculate the optimal cjmi” by
calculating:
T .
gn = A8 (5.9)
! AjTA i

The descent direction of thekth iteration step is:

9"
and for the optimal step length, _
=g g (5.11)
giving the new colorant value:
o= M+ Kk Pk - (5.12)

To start a guess start has to be set for the colorant valuec = [0:5 ::: 0:5]" for example.
The iteration stops when a limit on the number of iterations has been reached or a termination
criterion his satis ed. Here also Various criteria can be séto decide if the inversion process
should stop before reaching a maximum number of iteration.

5.2.2 Inversion with a constraint minimization routine (CM R)

With the use of Matlab and the function fmincon from the optimization toolbox it is easy
to implement inversion method with a cost function as Taplin and Berns (2001) did it. This
function uses a sequential quadratic programming (SQP) métod: the function solves a quadratic
programming (QP) subproblem at each iteration (Gill et al., 1981). The cost function returning
as output the di erence between the spectral re ectance to reproduce and the spectral re ectance
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estimated by the Neugebauer equation. The cost function taks as input a colorant combination
and integrates the Demichel equations.

This technique allows to set a limit on colorant coverage wha we invert the NG equations
for more than 3 inks. A cost function, returning here the spedral RMS between a target and its
estimation by the NG equations, will be evaluated at each iteation. Each iteration brings new
colorant values.

5.2.3 Optimal inversion of the weights (WI)

We introduce here the method we propose. A spectral re ectane resulting from a colorant
combination is the weighted summation of all the color the piinter can produce, i.e. the spectral
re ectance of a colorant combination is the weighted summaton of the Neugebauer primaries of
the printer. The weights of the Neugebauer primaries being he area they cover on the paper
and the statistic Demichel model makes an estimation of the Mugebauer primaries coverage
based on the colorant combination. In an ideal and optimal cae we could estimate accurately a
spectral re ectance if we could control the Neugebauer prinaries directly. In this technique we
rst invert the problem in Equation 5.1 by solving the follow ing problem for the weights:

n"}\;n F(w) (5.13)
where the function is de ned as follows:
F(w) = jiPw rjj3 (5.14)

wherer is the spectral re ectance we want to reproduce,P are the Neugebauer primarires and
w is a set of weights with the following constraints:

25’{ 1
wp = land O W; 1 (5.15)
j=0

for m colorants. We solve this quadratic problem by optimization technique using the previously
introduced constraints. And reminding the Demichel equations (see Section 3.3.1) we can write
that the set of weights w can be obtain by doing for am colorants combination:

W(m) = M (m)Cm); (5.16)
and in a 3 colorants example:
W(3) = M (3)C3); (5.17)
with the weights arranged as follows:
W= Wo Wi Wp Wy Wiz Wiz Wiz Waar (5.18)
where
2
1 1 1 1 1 1 1 1
o 1 o O 1 1 o0 1
o o 1 o0 1 o 1 1
o o o 1 o0 1 1 1
M&=80 0 o 0 1 0 o0 1 (5.19)
0O 0 O O O 1 o0 1
O 0 o O O o0 1 1
0O 0 O O o o0 o0 1
and

;
Cay= 1 € C C3 GG CC3 CC3 C1CC3 ! (5.20)
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and we estimate the valuesc(,) in a quadratic form as follows:
Clmy = PINV(M ()W (m) (5.21)

where pinv(M (m)) is the pseudo-inverse oM (). Finally extracting the elements 2 to m + 1 of
the vector c( m) we should obtain a colorant combination which satis es the l\bugebauer model,

e.g. in a 3 colorants example we will extract the elements(g) Y 0(3) ; and c(3 4 Of c? 3

Put into the Neugebauer model the colorant combination will not always provmfe a good
approximation of the spectral re ectance r to reproduce since the statistic Demichel model is
not completely taken into account. In this inversion it is assumed that Neugebauer model works
ne and describes accurately the printer behavior. But the relation between thec; and the matrix
M (m) is not considered as constraint in the rst inversion for the weights (see Equation 5.14),
each candidate playing the same role in the quadratic form,n other words the NP are considered
to be independent from each other to solve this problem. The xperiments in the following
sections will reveal drawback and advantage of the this methd.

This method could be e cient if we could avoid the pseudo-inverse in the second step of the
inversion WI and then use directly NP values to control the printer (i.e. to use the weights as
printer control values). This is of course tricky since printing system are controlled by colorant
values.

Also this technique can be use as a spectral gamut mapping abgithm. It provides the best
spectral decomposition of spectral re ectance for the spetcal NP of a printer. This gamut
mapping approach will be developed and illustrated in Apperix B.2.

5.3 Comparison of inversion methods

5.3.1 Experiment

We have compared the three methods LRI, CMR and WI we test themon two sets of data: one
is in the spectral gamut of the printer and a second from whichwe do not know if the data are
in the spectral gamut. The Neugebauer primaries (NP) of our gven colorants printer have been
printed with the Epson 2100 Photo Stylus inkjet printer on Ep son photo paper, such printer can
produce 2 = 128 NP. In Fig. 5.1 (a) are displayed the spectral re ectances of NP.

A grid in colorant space is created such thatc 2 f 0 0:25 0.5 0:75 1g” and only the patches for
which the colorant summation is smaller than 300% are kept, his to take in account the printer
ink limitation. The created grid is made of 19980 patches fron which a subset of 1000 patches
is selected (approximatively one patch every 20 is selecteéfom the our grid). The spectral
Neugebauer model is then used to simulate the print of the suet. Inversion is then performed
on the printed patches.

We also use the MacBeth ColorChecker test chart to test the inersion methods. Inversion
are performed rst on the test chart and secondly inversion & performed on gamut mapped Col-
orChecker. To gamut map the test chart to the spectral printer gamut we inverse the Neugebauer
model for the weights only, this given an estimation of the bet estimated spectral re ectances the
printer can produce. Di erences between the original speatal re ectances of the ColorChecker
and their gamut mapped version are displayed in Fig. 5.1 (b).

5.3.2 Results and discussion

Once the inversion methods have been tested on the di erentést charts the calculated colorant
combinations are used to simulated the reproduction. You ca see in Table 5.1 the results for
the grid, in Table 5.2 for the ColorChecker and Table 5.3 for e gamut mapped ColorChecker.

We can observe that all inversion methods give good resultof the grid. These good results
can be explain by the nature of the created test chart, we knowthat solution exist since it
was simulated by the spectral Neugebauer model and the datare in the spectral gamut of the
printer.
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The 128 NG primaries Differences between original and gamut mapped ColorChecker

Reflectances
o
o
B

spectral RMS

o
Q
*®

o
Q
R

o
o
2

o

0
400 450 500 550 600 650 700 0 5 10 15 20 25
wavelength | nm ColorChecker patches

@ (b)

Figure 5.1: Spectral re ectances of the 128 NPs in (a) and sparal di erences between the
ColorChecker spectral re ectances and its gamut mapped vesion in (b).

For the ColorChecker test chart the CMR method gives the bestperformance following by
the LRI method and behind the WI method. The CMR method is closer to spectral Neugebauer
model than the LRI method maybe due to the added constraint onthe total colorant coverage
allowed by colorant combination. This can explain the better performance of the CMR method.

We have seen that the WI method works well if the data to invert are following closely what
the spectral Neugebauer describes. So in case of random spatdata, data in or out the printer
gamut performance of this method are poor but only because itonsiders an ideal case were we
could control directly the NP.

The WI method has been used for performing spectral gamut maping, only the rst step of
the inversion given the best weights has been used for this k. We can see that the di erences
between the gamut mapped data and their reproduction becomesmaller for the CMR and LRI
methods after spectral gamut mapping.

Difference between ColorChecker and simulation Difference between gamut mapped ColorChecker and simulation
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Figure 5.2: E_, dierences between ColorChecker and inversion by CMR, LRI aad W method
for illuminant D50 in (a) and di erence between gamut mapped ColorChecker and inversion by
CMR, LRI and W method for illuminant D50 in (b).
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Table 5.1: E_, and sRMS di erences between thegrid in colorant space and its reproduction
with the colorant combination obtained from the CMR, LRI and W!I inversion methods.
Eab

A D65 D50 FL1 | sRMS
Av. | 043 046 0.46 0.54| 0.001

CMR Std 129 154 148 1.53| 0.001
Max | 30.14 36.58 34.96 35.71 0.023
Av. | 224 241 239 2.92| 0.005

LRI Std 329 368 3.62 4.46| 0.006
Max | 32.44 36.81 36.14 39.09 0.053
Av. 138 137 138 1.25| 0.005

Wi Std 363 361 3.64 3.31| 0.013
Max | 34.84 35.45 35.27 36.80 0.146

Table 5.2: E_, and sRMS di erences between theColorCecker and its reproduction with the
colorant combinations obtained from the CMR, LRI and WI inve rsion methods.
E
A D65 atI)DSO F11 | sRMS
Av. | 8.82 10.49 10.01 10.0% 0.040
CMR Std | 866 10.97 10.22 10.17 0.025
Max | 24.62 35.44 31.75 32.86 0.097
Av. | 10.77 12.84 1231 12.03 0.045
LRI Std | 9.85 12.06 11.41 10.8% 0.026
Max | 33.09 35.60 35.19 32.18 0.100
Av. | 25.07 2591 25.66 25.88 0.105
r
>

Wi Std | 12.35 12.95 12.62 13.47 0.055
Max | 48.68 53.20 50.90 53.4¢ 0.271

Table 5.3: E,, and sRMS dierences between thegamut mapped ColorChecker and its
reproduction with the colorant combinations obtained from the CMR, LRI and WI the inversion
methods.

Eab

A D65 D50 F11 | sRMS
Av. 1.29 1.51 1.45 1.51| 0.005
CMR Std 1.64 191 1.81 1.94| 0.004
Max | 6,64 7.94 750 8.10| 0.016
Av. 355 426 411 3.91| 0.014
LRI Std 6.27 730 7.16 6.44| 0.017
Max | 27.85 31.72 31.27 27.66 0.063
Av 19.93 1991 19.98 20.28 0.091

D

D

Wi Std | 1249 1237 1240 12.90 0.061
Max | 45.65 44.16 44.86 46.7% 0.271
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5.4 Comparison of color reproduction and spectral color
reproduction

In this section we want to evaluate how metamerism is reducedy spectral color reproduction,
how better a spectral print is compared to a colorimetric print. The type of reproduction for a
spectral data to be printed is de ned by the colorant separation process. The colorant separation
is based on the inversion of the spectral Neugebauer printemodel, it is an optimization process
in which a criterion is minimized. The choice of criterion denes the type of print.

We use the CMR method described in Section 5.2.2 to perform ta colorant separation. This
method allows to set easily di erent criteria for the optimi zation. Once inverted the colorant
separation provides a colorant combination to control the ginter. This colorant combination is
used in our experiment to simulate the reproduction of the sgctral data.

In the following section are presented the di erent criteria we have tested: single color dif-
ference, average color di erence for a set of illuminant, spctral di erence and a combination of
color di erence and spectral di erence. All colorant separation start from a spectral re ectance,
colorimetric values under given illuminant are calculatedonly when a criterion requires it.

5.4.1 Color reproduction by single color di erence

In order to perform a colorimetric print of a spectral re ect ance we minimize the CIE 1976
CIELAB color di erence as optimization criterion:

Eap = P (L1 L2+ (& @)+ (b byp)? (5.22)

where L1, a;, by and L, ap, b, are respectively the CIELAB values of the desired spectral
re ectance and its estimated reproduction at each iteration.

Concretely the estimated spectral re ectance and the desied spectral re ectance are con-
verted to CIELAB values at each iteration and the CIE 1976 CIELAB color di erence calculated.

5.4.2 Color reproduction by average color di erence

For this colorant separation we use as criterion an averageatorimetric di erence de nes as
follows:

Eab(in):%1 ( Ex(A)+ Eo(D65)+ E,(D50)+ Eg(FL11)) (5.23)

where we use illuminant A, D65, D50 and FL11 for the CIE 1976 CELAB color di erence.

5.4.3 Spectral color reproduction
In order to perform a spectral print of a spectral re ectance we minimize the spectral root mean
square di erence as optimization criterion:

r
SRMS = Ni (re r2)T (r1 r2) (5.24)

where r; and r, are spectral re ectances in a vector column form of the desid spectral re-
ectance and its estimated reproduction respectively,N being the number of element describing
a spectral re ectance. In our experiments spectral re ectances are made oN = 31 values from

400nm to 700nm spaced by 1Gm.



5.4. COMPARISON OF COLOR REPRODUCTION AND SPECTRAL COLORRE PRODUCTION 83

5.4.4 Combining color reproduction and spectral color repr oduction

This criterion combines the CIE 1976 CIELAB color di erence for a given illuminant and a
spectral di erence sRMS as follows:

di = E,()+@ ) SsRMS (5.25)

where the parameter allows to vary the importance on the colorimetric di erence or spectral
dierence. = 0 corresponds to Equation 5.22 (i.e. a colorimetric print) and =1 to Equa-

tion 5.24 (i.e. a spectral print). For this criterion the sSRM S di erence is scaled such that is
varies in the same range of values as for the CIE1976 di ererec

5.4.5 Experiment

The prints are simulated for two multi-colorant printers: o ne with six arti cial inks and a second
with seven inks printed and measured. In Figure 5.3 (a) are pesented the 2 = 64 NP of the
six colorants printer and in Figure 5.3 (b) are presented the2’ = 128 NP of our seven colorants
printer.

NP of the 6 colorants printer NP of the 7 colorants printer

Reflectances
o
o

400 450 500 550 600 650 700 400 450 500 550 600 650 700
wavelength | nm wavelength | nm

@ (b)

Figure 5.3: Neugebauer primaries spectral re ectances ofwr printing systems, in (a) for the six
colorants printer and in (b) for the seven colorants printer.

To test our approaches of reproduction of spectral data we pgorm the colorant separation
on two kinds of data: spectral re ectance in the printer gamut and spectral data mapped to the
printer gamut.

Two grids in the colorant space of both printers are created.Their prints are simulated and
Gaussian noise is added with = 0:05 to the obtained spectral re ectances. We keep for our
experiments the colorant combinations for a maximum of 300%per patch in the grids. These
spectral data are assumed to be in the spectral gamut of theirespective printer.

The Esser test chart and the ColorChecker MacBeth test chartare gamut mapped to both
spectral printer gamuts. Colorant separation is then testel on these gamut mapped spectral
re ectances. These data are assumed to be in the printer gantwor at least on the surface of the
gamut.

For all test charts the same series of colorant separationsra performed according to the
four criteria to minimize presented in the previous sectiors: colorant separation for color print
under one illuminant, colorant separation for color print for more than one illuminant condition,
colorant separation for spectral print and colorant separdion combining colorimetric and spectral
print.
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5.4.6 Results and discussion

The results for the colorant separations minimizing a colordi erence, an average color di erence
and a spectral di erence are shown in Table 5.4, 5.5 and 5.6 fothe six colorants printer, in
Table 5.7, 5.8 and 5.9 for the seven colorants printer.

The results for the colorant separation combining color print and spectral print with a pa-
rameter are displayed in the Figures 5.4, 5.5 and 5.6 for the six colants printer, in the

Figures 5.7, 5.8 and 5.9 for the seven colorants printer. It bs to be noted that for =0 and
=1 the previously introduced graphs correspond to the resuis in the rstly introduced Table
of results. =0 is equivalent to a colorimetric printand =1 is equivalent to a spectral print.

The results we obtain show that a colorimetric print produces a smaller color di erence under
the used illuminant than for a spectral print, but with the in verse observation for the spectral
di erence with spectral print comparing to the colorimetri c print (for all tested illuminant). For
the colorimetric print a peak of performance is reached wherwe look at the E_(ill ) for the
illuminant chosen for the colorant separation. At the opposte the spectral print brings more
homogeneous color di erence, each illuminant is treated egally.

An interesting result is obtained for the colorant separation using a weighted sum of CIE
1976 CIELAB color di erence: here also the color di erencesare homogeneous in the four tested
illuminant and smaller than for a spectral print except for t he spectral di erence. By adding
more than one illuminant in the colorant separation we avoidto emphasize on one illuminant
and we reduce the metamerism e ect. Adding more illuminant in the colorant separation (in
order to take into account various illuminant condition) im proves the colorimetric print. Also it
is complicated to add all illumination conditions as parameer in the colorant separation except
using a spectral di erence in the separation. But looking atthe two groups of lines in each table
of results for E_, (ill ) and SRMS we can deduce that it exists a combination of color derence
and spectral di erence in the colorant separation which reduce both the CIE 1976 CIELAB color
di erence homogeneously and the sSRMS.

The colorant separation involving a weighted sum of E_, and sRMS (see Equation 5.25)
allows us to investigate for colorant combination minimizing both metrics. The graphs repre-
senting the CIE 1976 CIELAB color di erence and sRMS versus he weight parameter shows
some areas where both metrics seem to decrease, see Figur# &) to (e) and Figure 5.7 (a) to
(e) for the simulated grid in the printer colorant space. The results are a bit di erent for the
two other test charts since they are not created by the printes inks. But we can still observe
that the sSRMS di erence is also decreasing when more weightsi put on it and this with area of
almost constant E_,, see Figure 5.5 (a) to (e).
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Table 5.4: E_, and sRMS di erences between thegrid for the six colorants printer and their

simulated prints after colorant separations minimizing E_(ill ) color di erence (for illuminant

A, D65, D50 and FL11), minimizing E_ (ill ) (for the previously mentioned illuminants) and

colorant separation minimizing the spectral SRMS di erence.
Eab

Criterion A D65 D50 Fl11 | sRMS

Av. 0.08 127 094 1.60| 0.014

E b (A) Std 0.84 160 131 1.64| 0.016

Max || 14.02 16.08 15.49 15.93 0.117

Av. 1.05 0.05 034 1.43| 0.015

E,,(D65) Std 112 053 055 1.25| 0.017

Max || 10.74 12.45 11.88 14.21 0.093

Av. 0.77 036 0.06 1.37 | 0.014

E,,(D50) Std 095 0.77 0.70 1.25| 0.015

Max || 11.99 13.44 13.06 14.21 0.112

Av. 159 149 143 0.04 | 0.018

E,,(F11) Std 133 119 111 0.36| 0.019

Max || 8.14 7.11 6.65 7.52| 0.109

Av. 0.19 0.13 0.10 0.46 0.003

Ep(ll) Std 085 0.88 085 1.01| 0.006
Max || 14.02 16.08 1549 14.79 0.071

Av. 031 034 0.33 0.56| 0.001

SRMS Std 086 0.97 094 0.84| 0.001
Max || 19.21 22.68 21.81 15.34 0.011

Table 5.5: E_, and sRMS dierences between themapped Esser test chart for the six
colorants printer and their simulated prints after colorant separations minimizing E_,(ill)
color di erence (for illuminant A, D65, D50 and FL11), minim izing E_(ill ) (for the previously
mentioned illuminants) and colorant separation minimizing the spectral SRMS di erence.

Eab

Criterion A D65 D50 F11 | sRMS

Av. ]| 050 1.90 153 1.36] 0.018
En(A)  Std || 146 1.87 1.70  1.42| 0.013
Max || 9.03 1276 11.47 893 0.085
Av. || 1.64 053 084 1.46 | 0.019
E,(D65) Std || 1.49 1.64 151  1.47| 0.015
Max || 9.04 1209 11.03 7.34| 0.091
Av. || 1.34 087 053 1.37 | 0.019
E,(D50) Std || 1.35 158 159  1.31| 0.014
Max || 870 12.14 10.98 7.13| 0.091
Av. || 1.36 168 152 050 | 0.020
En(F11) Std || 1.47  1.92 1.75  1.40| 0.015
Max || 9.44 1228 11.60 857 0.096
Av. || 096 080 060 0.87 | 0.012
E,(l) Std || 150 1.74 1.69 1.45| 0.013
Max || 921 1220 11.25 8.85/ 0.090
Av. || 157 197 185 1.73] 0.007
SRMS Std || 227 255 246 2.38| 0.006
Max || 14.84 16.14 1584 14.84 0.046




86 CHAPTER 5. INVERSION OF THE SPECTRAL PRINTER MODEL

Table 5.6: E_, and sRMS di erences between themapped ColorChecker test chart for the

six colorants printer and their simulated prints after colorant separations minimizing E_,(ill )

color di erence (for illuminant A, D65, D50 and FL11), minim izing E_ (il ) (for the previously
mentioned illuminants) and colorant separation minimizing the spectral SRMS di erence.

Eab

Criterion A D65 D50 F11 | sRMS

Av. 0.18 1.60 1.22 0.94 | 0.015

E.n(A) Std 0.56 1.14 0.90 0.81| 0.011

Max 251 3.86 2.83 3.29 | 0.042

Av. 1.69 0.22 0.65 151 | 0.023

E.,(D65) Std 1.00 0.69 0.63 1.18 | 0.015

Max 4.02 2.50 2.61 4.16 | 0.051

Av. 1.25 0.66 0.22 1.36 | 0.019

E.,(D50) Std 0.82 0.64 0.70 1.11| 0.012

Max 2.78 2.52 2.59 3.93| 0.050

Av. 1.08 1.45 1.27 0.17 0.019

E(F11) Std 0.82 1.19 0.94 0.52 | 0.013

Max 3.46 3.74 2.86 2.14| 0.052

Av. 0.65 0.50 0.30 0.57 0.010

Ep(ll) Std 0.75 0.72 0.70 0.71| 0.009
Max 2.56 2.52 2.60 2.15| 0.028

Av. 1.25 1.58 1.48 1.34 | 0.006

SRMS Std 1.40 1.76 1.63 1.36 | 0.005
Max 4.71 5.75 5.69 4.47 | 0.018

Table 5.7: E_, and sRMS di erences between thegrid for the seven colorants printer and their
simulated prints after colorant separations minimizing E_, (il ) color di erence (for illuminant

A, D65, D50 and FL11), minimizing E_(ill ) (for the previously mentioned illuminants) and
colorant separation minimizing the spectral SRMS di erence.

Eab
Criterion A D65 D50 F11 | sRMS
Av. 0.02 0.88 0.64 0.82 | 0.005
E b (A) Std 0.31 0.89 0.69 0.67| 0.004

Max || 8.94 13.94 1235 9.70| 0.033
Av. 0.76 0.00 0.23 0.93 | 0.006
E,,(D65) Std || 0.67 0.05 0.19 0.73| 0.005
Max || 415 1.23 1.46 6.66| 0.039
Av. 053 0.22 0.00 0.81 | 0.005
E.,(D50) Std || 0.48 0.19 0.04 0.63| 0.004
Max || 2.87 1.12 0.77 6.07| 0.031
Av. 0.87 1.09 0.95 0.01 | 0.006
E,(FL11) Std || 0.65 0.89 0.79 0.12| 0.005
Max || 5.30 8.32 7.74  2.23| 0.032

Av. 0.09 0.05 0.03 047 | 0.002

Ep(ll) Std 0.26 0.36 0.32 0.52| 0.001
Max || 7.01 11.26 9.86 8.17| 0.031

Av. 032 034 034 0.66| 0.001

SRMS Std || 0.37 0.38 0.38 0.59| 0.000
Max || 4.01 3.60 350 4.15| 0.008
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Table 5.8: E_, and sRMS di erences between themapped Esser test chart  for the seven
colorants printer and their simulated prints after colorant separations minimizing E_,(ill ) color
di erence (for illuminant A, D65, D50 and FL11), minimizing E_,(ill) (for the previously
mentioned illuminants) and colorant separation minimizing the spectral SRMS di erence.

Eab
Criterion A D65 D50 F11 sRMS
Av. 0.98 1.61 1.43 1.47 | 0.012
E_b(A) Std 2.33 1.88 1.96 2.28 | 0.012

Max || 13.52 10.28 10.73 14.39 0.089
Av. 1.64 0.93 1.13 1.47 | 0.013
E_,(D65) Std 2.26 1.90 1.98 2.17| 0.012
Max || 12.41 9.71 10.58 12.68 0.069
Av. 1.50 1.15 0.98 1.41 0.013
E_,(D50) Std 2.30 1.88 2.08 230 | 0.011
Max || 13.36 10.50 11.36 14.44 0.086
Av. 1.65 1.59 150 1.00 0.014
E,(FL11) Std 2.57 2.14 2.27 2.30| 0.013
Max || 15.05 12.97 1359 13.28§ 0.088

Av. 1.22 1.09 1.02 1.22 0.009

E_p(ill) Std 2.33 1.94 2.09 2.25| 0.010
Max || 13.37 10.45 1140 14.09 0.059

Av. 1.95 2.11 2.07 2.14| 0.006

SRMS Std 3.74 3.34 3.47 3.51| 0.012
Max || 41.41 33.06 3597 30.13 0.174

Table 5.9: E_, and sRMS di erences between themapped ColorCecker test chart for the
seven colorants printer and their simulated prints after cdorant separations minimizing E_,(ill )
color di erence (for illuminant A, D65, D50 and FL11), minim izing E_ (il ) (for the previously
mentioned illuminants) and colorant separation minimizing the spectral SRMS di erence.

Eab
Criterion A D65 D50 F11 sRMS
Av. 0.41 1.29 1.03 0.85 | 0.011
En(A) Std 0.86 0.97 0.84 0.76 | 0.007

Max 3.29 3.38 2.98 295| 0.031
Av. 1.09 0.50 0.65 0.98 | 0.012
E, (D 65) Std 0.78 0.87 0.79 0.88 | 0.008
Max 3.30 2.82 2.98 3.03| 0.030
Av. 0.89 0.68 0.47 0.85 0.012
E,,(D50) Std 0.76 0.79 0.86 0.89 | 0.008
Max 3.30 2.83 2.98 298| 0.030
Av. 0.86 1.18 099 043 0.011
E,(FL11) Std 0.86 1.04 1.00 0.86 | 0.008
Max 3.40 3.47 3.12 2.88 | 0.033

Av. 0.75 0.74 0.65 0.78 0.009

E_p(ill) Std 1.23 1.25 1.27 1.15| 0.009
Max 5.04 5.35 5.22 437 | 0.031

Av. 1.32 1.58 151 1.50| 0.005

SRMS Std 1.61 1.88 1.78 1.73| 0.004
Max 6.65 7.96 7.51 7.13| 0.016
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Figure 5.4: Colorimetric di erences between thegrid spectral re ectances and their simulated

reproductions for the six colorants printer versus the

parameter for colorant separation

combining the sRMS dierence and one E_, color dierence for illuminant A in (a), D65
in (b), D50 in (c) and FL11 in (d). In Figure (e) sSRMS di erence versus the parameter for
all four couple sRMS and E_, as in Figure (a) to (d).
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Figure 5.5: Colorimetric di erences between themapped Esser test chart  spectral re ectances
and their simulated reproductions for the six colorants printer versus the parameter for
colorant separation combining the sRMS di erence and one E_, color di erence for illuminant
Ain (a), D65 in (b), D50 in (c) and FL11 in (d). In Figure (e) SRM S dierence versus the
parameter for all four couple sSRMS and E_, as in Figure (a) to (d).
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Figure 5.7: Colorimetric di erences between thegrid spectral re ectances and their simulated
reproductions for the seven colorants printer versus the parameter for colorant separation
combining the sRMS di erence and one E_, color di erence for illuminant A in (a), D65 in (b),
D50 in (c) and FL11 in (d). In Figure (e) SRMS di erence versusthe parameter for all four
couple sSRMS and E_, as in Figure (a) to (d).
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Figure 5.8: Colorimetric di erences between themapped Esser test chart
and their simulated reproductions for the seven colorants pinter versus the

spectral re ectances
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Figure 5.9: Colorimetric di erences between themapped ColorChecker test chart spectral
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5.5 Conclusion

In this chapter we have presented various methods to invert he spectral Neugebauer equations.
The linear regression iteration method (LRI), the constrained minimization routine method
(CMR) and the weight inversion method (WI) can provide a colorant combination for given
spectral re ectance to reproduce. All presented methods wes using optimization techniques to
calculate a colorant combination from a set of Neugebauer pmaries (NP) and a spectral target,
the CMR method allowing to specify easily the ink coverage Initation.

The study of inversion methods has shown that all perform welexcept for the WI method in
case of data out of the printer gamut or data not created by theprinter inks. The explanation
of this di erence of performance comes from the manner the Negebauer equations are inverted.
Both LRI and CMR methods integrate the Demichel equations duing the inversion in the same
order as for the forward printer model: rst a colorant combination is chosen, then the Demichel
equations estimate the weights of the NP for this colorant conbination and the di erence between
the spectral target and its estimation is calculated. This ader of operation insure that the
calculated colorant combination are optimized for the spetral Neugebauer model. The WI
method rst calculates the weights for a spectral target and a set of NP and then deduces the
colorant combination from the weights. Only the second partof this inversion assumes that the
weights are following the Demichel model. The WI method invets the printer model where no
speci ¢ assumption is made on the interaction between the NPi.e. the Demichel equations are
not completely taken into account and this explain the di er ences of inversion performance.

In term of spectral color reproduction, a method who could catrol directly the NP should
bring the best results. Such method can calculate a NP combiation to reproduce a given
spectral re ectance and this is what the WI method does in its rst part: solving the Neugebauer
equations for the weights. Unfortunately it is not possibleto control directly the amount of the
NP of a printer. But the inversion of the NP equations for the weights can be used as a pre-
processing on the spectral data to print: we can use it as a sptral gamut mapping technique
to map the data toward the printer gamut, the printer gamut be ing de ned by their NP spectral
re ectances.

Once the spectral data are mapped to the spectral printer gamt they are not anymore the
original spectral data, but they are still spectral data. From that point we can compare the
color reproduction and the spectral reproduction of these pectral data. We have said that
the colorant separation was performed by inverting the spettal Neugebauer equations using
optimization techniques. It is an iterative process in which a criterion is minimized: the type
of criterion de nes the type of print. We can for example minimized at each iteration the CIE
1976 CIELAB color di erence under illuminant D65 for a colorimetric print instead of a SRMS
di erence for a spectral print.

The comparison of color reproduction and spectral color repduction conducted in this
chapter have shown better colorimetric or spectral di erence regarding of the colorant separation
chosen. We also combine these criteria for colorimetric andpectral print in order to gain
advantage of both colorant separations and improving the pegformance in term of colorimetric
and spectral di erences. Looking at our results with the proposed approaches we can see a
trade-o between rst adding more E_, color di erences in the colorant separation in order to
include more illuminant conditions and second minimizing aspectral di erence and one E_,
color di erence. To include an in nity of lighting conditio n should decrease both perceptual color
di erence homogeneously and the spectral di erence, but itshould also improve the spectral
di erence in that case for a given observer only. The combindon of a E_, color di erence
and a spectral di erence tends to be a good compromise for theeproduction of spectral data
where the parameter introduced in this colorant separation can be optimized re@rding of the
desired spectral data to reproduce.

In the spectral color reproduction work ow the colorant separation is the last step where we
have control on the spectral data. For example a spectral imge is now expressed as colorant
channels, but to be printed the image has to be halftoned, thé operation is perform colorant
channel by colorant channel. In order to keep working with spectral data as long as possible
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and then to avoid loosing accuracy when computing the colorat combinations, the best will be
to drive the printer with NP values directly and this is a comp licated task. In the next chapter
we will present an halftoning technique which allows to perbrm the colorant separation and the
halftoning of a spectral image (or other spectral data) in ore single operation.
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CHAPTER 5.

INVERSION OF THE SPECTRAL PRINTER MODEL



Chapter 6

Spectral vector error di usion

6.1 Introduction

In the previous chapters we have introduced the concept of sgctral color reproduction and how
to use a multi-colorant system to achieve a spectral color neroduction. Basically the work ow
for spectral color reproduction is an adaptation of the workow for color reproduction but with
a change in the dimensionality of the data. The transformation applied to the spectral image for
its reproduction will be: colorant separation to convert each pixel of our image in a combination
of m colorants and halfoning by colorant channel. The rst step involves an inverse printer
model such as the spectral Neugebauer model (Wyble and Bern2000), this to establish a
transformation between spectral re ectance and colorant ombinations. In the second operation
of halftoning the image is represented bym binary images; this operation is performed channel
independently. In this chapter we propose a second approado reproduce spectral image using
the same multi-colorant system: to combine both colorant sparation and halftoning in a single
operation. We will halftone directly the spectral image in order transform the spectral image
into a multi-binary colorant image in one operation called ectral vector error di usion (SVED).
Figure 6.1 presents the two approaches with the transformabns applied to a spectral image for
its reproduction. We can see that the sSVED combines in one op@tion the colorant separation
and halftoning operation.

Vector error di usion (VED) is based on scalar error di usio n (SED) for the halftoning of
color images: an input continuous tone value is set to 0 or 1 asutput value by threshold and
the di erence (i.e. the error) between these two values is dused into the image. Each pixel of
an image is a vector of data expressing a color value in a colamage or a spectral re ectance
in a spectral image; sVED (Kouzaki et al., 1999; Kawaguchi etal., 1999) is an adaptation for
spectral images of VED. In VED the error di usion is similar t o SED and identical lters can
be used (Floyd and Steinberg, 1976; Jarvis et al., 1976) to dise the error: the output value is
set to the binary colorant combination corresponding to a NP of which its spectral re ectance
is the closest to the processed pixel spectral re ectance.

The sVED halftoning technique performs directly the transformation from spectral image to
multi-binary colorant image. This technique only needs thespectral re ectances of the primaries
the printer can produce to halftone the spectral image. Compring to the full spectral printer
characterization described in Chapter 3 it requires less iformation from the printing system:
only the spectral re ectances of the Neugebauer primariesNP) are necessary.

VED is an improvement upon SED, it brings less color shifts wlich could occur when image
is halftoned channel independently, VED improves the hatone image quality (Hains et al.,
2003). But it also brings new issues as Fan (1998) listed themslowness of error di usion, poor
performance when data are located out of the printer gamut. Aso problems already present in
SED are still present in VED or sVED, since we are using the sam lters, similar limitations
are there too.

97
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To evaluate the quality of halftone images after sVED it is canmon to rst look at the dot
distribution obtained for single color level or single spetral re ectance (Gerhardt and Hardeberg,
2006). See Ulichney (1987a) and Lau and Arce (2001) for studyf dot distribution in error
di usion. This preliminary study is important to know if thi s algorithm can reproduce a patch
with constant level and how long it takes to reach a stable sptal distribution of NP. Then we
would like to know how the algorithm behaves in a real case: tk halftoning of a spectral image,
especially when clear changes of area are in the image knowithat VED is subject to boundary
artifacts (Fan, 1998).

In that chapter we will rst describe the sVED algorithm, thi s on spectral patches and
spectral images. This will allow us to reveal and illustrate the limitations of such algorithm.
Then we will introduce our approaches to correct these limiations: how to take care of out of
gamut data by preprocessing the spectral image, how to conbl the error during the halftoning
by thresholding or by designing new lters.
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Figure 6.1: lllustration of two possible work ows for the reproduction of spectral data with a
m colorant printer. The diagram illustrates how is transformed a spectral image into a multi
bi-level colorants image.
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6.2 Spectral vector error di usion

The VED algorithm can be seen as an extension of the convential error di usion algo-
rithm (Ulichney, 1987a). As in error di usion an input pixel is binarised and the dierence
(i.e. the error) between the input pixel and the output pixel is weighted and di used to the
neighboring pixels. This operation is performed in a rasterscan mode, see Figure 2.8. The VED
technique halftones a picture taking each pixel value of anmage as a vector of data (Sharma,
2003). The VED is performed once for the whole image. The outpt values in the colorant image
is set by the binary colorant combination (i.e. a NP) corresponding to the minimum Euclidean
distance in color space between the desired color and the NPotors (Haneishi et al., 1996).

The sVED algorithm is an extension to spectral data of the VED algorithm. Figure 6.2
shows the process of sSVED whera(x;y) is the input vector re ectance of the image, mod(x; y)
the modi ed re ectance, out(x;y) the chosen primary anderr(x;y) the vector error at position
(x;y) in the image.

T
. . t(x,
m(x’y)b® modCy) g1 Primary selection outey) >

+. -
spectral +
image

colorant
image

Error diffusion |q—Smrey

Figure 6.2: The process of spectral vector error di usion héftoning. in(x;y), mod(x;y), out(x;y)

and err(x;y) are vector data representing at the position ;y) in the image the spectral re-
ectance of the image, the modi ed spectral re ectance, the spectral re ectance of the chosen
primary and the spectral re ectance error.

The output pixel value in the multi layer binary colorant ima ge is set by the selection of
the Neugebauer Primary (NP) for each pixel. The NP are all the possible binary combinations
of available colorants. A m colorant printer can produce k = 2™ NP. The calculation of the
Euclidean distance in spectral space from the current inputpixel mod(x;y) to all the NP are
performed. The minimum distance determines the output valwe, as follows:

out(x;y) = arg ng)in kmod(x;y) pkk (6.1)
k

where the vector px is the spectral re ectance of the kth primary in P, P being the matrix
of NP spectral re ectances, see Equation 3.34 in Section 3.3. At this stage of the process
out(x;y) can be used as a spectral re ectance value when re-injecteid the loop for calculating
the error to spread and as the colorant combination correspoding to the selected NP. The
colorant combination is a combination of binary values, these binary values are stored to obtain
the the halftone image of the spectral image.

Once the output colorant combination is set, the error is catulated as the vector di erence
between the current pixel and the selected NP spectral re etance:

err(x;y) = mod(x;y) out(x;y) (6.2)

Finally the error is weighted and di used to the neighboring pixels wavelength by wavelength,
see Equation 6.3. Similar Iter weights as in conventional eror di usion are used. We use the
Jarvis, Judice and Ninke (Jarvis et al., 1976) Iter for the examples in this chapter, a property
of these lIters is the weight summation equal to 1. So the erro is spread to the neighboring
pixels as follow to the neighboring pixels as follow:

mod(x + i;y + j)= mod(x + i;y + j)+ w(i;j) err(x;y) (6.3)
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As example of Iters used in this experiment, the Floyd and Steinberg (1976) lter of dimen-
sion 2 3 pixels:
W1:3 1 7

Wo.1 W22 Wa3 = ( E) 3 51 (6.4)
and the Jarvis, Judice, and Ninke (1976) Iter of dimension 3 5 pixels:
2 3 2 3
W14 Wis 1 7 5
4 Wo.1 W22 W23 Wpg Wois S = ( 4—8) 4 3 5 7 5 35 (65)
W31 Wz Wsaz Wig Was 1 35 31
All previously cited lters have the following property for an n weights lter:
X

Example

In a case of a CMY printer 2° = 8 NPs are available. If for a pixel mod(x;y) spectral re ectance
the smallest Euclidean distance is obtained for the NP made focyan and yellow, then the output
values for the CMY channels at this pixel position will be cyan 1, magenta 0 and yellow 1. The
spectral di erence mod(x;y) P01 is calculated and di used.

To illustrate the transformation in the spectral image duri ng the sVED process we perform
the sVED halftoning of the ColorChecker spectral image, se€igure 6.3 (a) for the original image
and (f) for its halftoned image. This image is 204 291 pixels wide. For this halftoning the NP
spectral re ectances of the seven inks printer have been use From image (b) to (e) we can see
how works the algorithm in raster scan mode. The two lines beween the processed part and
the not yet processed part of the image are the currently moded pixels of the image during
the halftoning process as in Equation 6.3. The size of this tw pixels band is connected to the
size of the Iter for spreading the error, here the Jarvis, Julice and Ninke (Jarvis et al., 1976)
has been used, this Iteris 3 5 pixels wide.

This example illustrates the slowness of error di usion with SVED while error from one patch
in the image is spread to neighbors patches according to therpcessing path. This is partic-
ulary visible in the bottom of the image in Figure 6.3 (f) when error created in the third row
is overlapping the last row of patches: the gray and black pathes appear partially violet and
greenish. These color shifts are due the strong modi catiorof the original spectral re ectances
due to error accumulation, the sVED pains to change the diredon of error accumulation. To
understand how the spectral re ectances in the image are trasformed during the sVED process
we can see in Figure 6.4 (a) and 6.4 (b) the original spectrale ectance in(x;y), the modi ed
spectral re ectance mod(x;y) and the selected NP for two pixel positions. This example (Fg-
ure 6.4 (b)) also reveals that a strongly modi ed spectral reectance can still end up by the
selection of a close NP spectral re ectance.

6.3 Evaluation of sVED

The evaluation of the sVED algorithm will be conducted for our two available multi-colorant
printers, a six colorants printer and a seven colorants priter. Only the NP spectral re ectances
of those printer are necessary to perform sVED. In Figure 6.5are displayed the NP of these
printers. After transformation a spectral image or a spectral patch will be represented by a 6
binary colorant channels image for the six colorants printe or 7 binary colorant channels for the
seven colorants printer. The rst series of evaluation will only halftone spectral patches and the
second series will halftone spectral images.

We can observe that both NP spectral re ectances for the six olorants and seven colorants
printer are dierent. The NP spectral re ectances of the six colorants printer correspond to
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@ (b)

© (d)

(e) (f)

Figure 6.3: The image (a) is the original spectral image, frm (b) to (e) are example of the
evolution of this image during the sVED process. The last image (f) is the resulting halftoned
image where the pixels have been all replaced by their NP aceding to the sVED algorithm. All
the images here are spectral images, the color version haveeén calculated for illuminant D65
and standard CIE 1931 observer. The color shifts we can obsee in di erent part of the image
are the result of error accumulation and slowness to diuset, e.g. the two last patches of the
last rows appear partially violet and greenish due to the eror created in the previous row.
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Figure 6.4: Example of spectral re ectances from the spectil image of the ColorChecher test
chart where in blue is the original pixel valuein (x;y), in dashed blue the current modi ed pixel
mod(x;y) and in red its corresponding NP selected during the sVED. A NP is selected based
on the Euclidean distance from the modi ed pixel to the available NPs. This example shows
how the original spectral re ectances are transformed durg the sVED process but also that
the selected NP can be close to the original, see Figure (b).

synthetized NPs and are brighter than the NP spectral re ectances of the seven colorants printer
which correspond to printed and measured NPs.

NP of the 6 colorants printer NP of the 7 colorants printer
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Figure 6.5: NPs spectral re ectances of both six colorants pinter (a) and seven colorants
printer (b). The six colorants printer provides 2% = 64 NPs and the seven colorants printer
provides 2 = 128 NPs.

6.3.1 sVED of spectral patches

The spectral patches are divided in two groups of data: in spetral gamut and outside spectral

gamut. The spectral patches representing in spectral gamutiata are created randomly: 100 col-
orants combination are randomly created for both the six cobrants and seven colorants printer.
The limit of 300% total ink converage per colorant combination has been set for creating the
patches. The spectral re ectances of these colorants combations are simulated by the spectral

Neugebauer model.



104 CHAPTER 6. SPECTRAL VECTOR ERROR DIFFUSION

Based on the simulated spectral re ectances we create speael patches, each patch containing
a simulated spectral re ectance, each patch is of 256 256 pixels wide. Once created the patches
are then halftoned by sVED for the 6 colorants printer and a 7 ®lorants printer.

A simple printer model is established to estimate the spectal re ectance resulting from each
halftoned patch (Kouzaki et al., 1999). Knowing that a spectral halftone image is made of NP
spectral re ectances for each pixel we simply sum the NPs weghted by their distribution, this
considering a patch having a unitary area. One can see that tis approach is similar to the
Neugebauer model. Dierences between the patches and theireproduction by sVED for both
6 and 7 colorants printer can be seen in Table 6.1 and Table 6.2The obtained di erences are
small, both for colorimetric di erences and spectral di er ences.

Table 6.1: Dierences between the simulated re ectances obur randomly 100 created patches
and their reproduction by sVED for our 6 colorants printer.

Eab Eqq
Patches A D65 D50 FL11| D50 | sRMS
Av. | 05 04 04 0.6 0.3 0.005
Al Std | 0.3 03 0.3 0.4 0.2 0.002
Max | 1.9 14 16 1.9 1.0 0.008

Table 6.2: Dierences between the simulated re ectances obur randomly 100 created patches
and their reproduction by sVED for our 7 colorants printer.

Eap Eos
Patches A D65 D50 FL11 | D50 | sRMS
Av. |07 06 07 07| 05 | 0.004
Al std |05 04 05 06| 04 | 0.001
Max | 23 19 1.9 3.3 1.7 0.006

The second group of spectral patches tested represents datautside the printer gamut. We
choose the spectral re ectances of the MacBeth ColorCheckeest chart. Based on each spectral
re ectance of this test chart we create 24 spectral patchesthey have the same size as the previous
patches for the in gamut data experiment. Dierences betwea the ColorChecker patches and
their reproduction by sVED for both 6 and 7 colorants printer can be read in Table 6.3. The
halftoned patches for the ColorChecker experiment are dislayed in Figure 6.6 (a) for the 6 inks
printer and in Figure 6.6 (b) for the 7 inks printer. In these illustrations all patches are displayed
together but each of them has been halftoned independently.

Comparing both experiment the average colorimetric di erences and spectral di erences for
the ColorChecker patches are much larger than for the in gamu patches, see the results in
Table 6.1, 6.2 and 6.3. The better results for the in gamut dat are not a surprise. The di erences
obtained for the ColorChecker patches experiment reveal me the di erence of gamut between
the data and the printer than a failure of the sVED halftoning .

We can see in the images of the halftoned patches in Figure 6.@&) and Figure 6.6 (b) that
stable spatial distribution of NP can be obtained for a largedi erence due to gamut mismatch,
e.g. the Bh patch in the rst row (i.e. patch number 5 in Table 6.3) or the o pposit example in
the third patch third row (i.e. the patch number 10 in Table 6. 3) with a small di erence between
data and estimated reproduction for a clear visible unstabé spatial distribution of NP on the
top of the patch.

The sVED halftoning technique is a complex algorithm and the following examples in the
next section for the haftoning of spectral images will illugrate how behaves the algorithm in



6.3. EVALUATION OF SVED 105

more complex scenes, e.g when the image is not made of one $ingpectral re ectance. But
an observation can be made on the border e ect, for each patclthe sVED algorithm presents
oscillations in the rst lines and on the left border due to th e path in SVED process, the oscillation
will stop when a stable spatial distribution of NPs is reachel. The term slowness of error di usion
in the sVED algorithm refers to the length of the oscillation in the halftoned image, the longer
the oscillation the slower is the error di used.

In the reproduction work ow the image will be scaled to match the printer resolution and
a direct consequence of this scaling step is the reduction dhe visibility of the border e ect.
Figure 6.7 illustrates the change of resolution by displayng an halftoned patch by sVED for
the seven colorants printer for di erent resolution and identical physical patch size. In that
example a spectral patch is created with the rst spectral reectance of the ColorChecker test
chart. Then four patches are created with the following size 64 64, 128 128, 256 256 and
512 512 pixels wide, respectively Figure 6.7 (a), (b), (c) and (4. The (c) patch corresponds
to the rst patch in Figure 6.6. And we can see that the border eect is less visible when the
resolution increases.
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(@

(b)

Figure 6.6: Halftoning by sVED of the ColorChecker spectral patches for the 6 colorants
printer (a) and the 7 colorants printer (b). Each patch has been halftoned independently of
the others.



Table 6.3: Dierences between the ColorChecker spectral rectances and their reproduction by sVED for our 6 and 7 colorants printer. For each
double column, the left one is for the 6 colorants printer andthe right one for the 7 colorants printer.

E. = SRMS

Patches A D65 D50 FL11 FL31 D50

1 37 24] 24 21| 29 21| 39 08] 39 27| 20 16]0023 0018
2 18 17| 19 16| 19 17| 16 55| 14 35| 13 1.0[0.031 0.030
3 27 66| 07 31| 1.2 42| 29 64| 31 49| 09 32|0051 0041
4 68 28| 55 16| 60 19(106 27| 57 25| 40 120028 0.024
5 92 141| 61 133| 7.1 132|105 145| 84 12.8| 53 7.7| 0080 0.075
6 11.6 215|129 220|127 221|153 22.1| 91 142| 6.0 9.9|0.050 0.089
7 12 107| 48 17.3| 37 159| 46 196| 46 95| 17 7.8|0.042 0.062
8 13.3 16.8( 204 23.3| 182 208|138 170| 85 138| 95 9.7|0.054 0.052
9 10 98| 1.4 122| 13 119| 19 166| 09 115 08 4.7|0.019 0.045
10 115 10.8| 9.4 80|106 9.2|169 134|132 109| 6.6 6.2| 0.053 0.037
11 72 88| 65 10.1| 69 96(105 95| 62 89| 3.4 41|0.034 0.044
12 15 60| 53 93| 42 87| 44 89| 38 38| 17 410047 0041
13 21.8 21.2| 323 327|297 293|227 21.6|123 13.7| 143 12.9| 0.051 0.051
14 107 54| 80 44| 90 44|171 57|103 84| 43 29|0.033 0.033
15 37 10| 47 14| 45 13| 92 18| 64 12| 13 05|0029 0013
16 01 28| 07 72| 05 58| 1.2 44| 12 29| 02 16[0.020 0.044
17 57 19.7| 54 254| 57 23.6|11.6 223| 82 17.5| 27 12.1|0.059 0.061
18 3.8 245| 32 21.3| 34 227| 58 228| 38 17.3| 2.0 12.8| 0031 0.058
19 05 18| 06 16| 05 17| 06 17| 04 11| 05 15|0.023 0.052
20 10 03| 09 10| 09 07| 09 07| 07 04| 09 0.7|0032 0023
21 10 09| 09 08| 09 09| 1.0 10| 08 14| 09 090030 0.010
22 09 17| 07 15| 08 16| 08 17| 09 23| 08 16|0.020 0.008
23 09 28| 05 26| 06 27| 1.1 28| 1.1 42| 06 27|0012 0.007
24 10 16| 07 15| 08 15| 17 12| 12 33| 08 15|0.004 0.004
Av. 51 81| 57 94| 56 91| 71 94| 48 72| 30 47]0036 0038
Std 55 76| 74 95| 68 89| 65 81| 39 55| 34 41]0017 0022
Max 21.8 245|323 327|297 293|227 228|132 175|143 12.9|0.080 0.089

d3aAS 40 NOILVNIVAT €9
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(a) 64 64 pixels (b) 128 128 pixels

(c) 256 256 pixels (d) 512 512 pixels

Figure 6.7: To illustrate the visibility of the border e ect in sVED halftoning, a spectral patch
with the rst spectral re ectance value of the ColorChecker test chart is halftoned by sVED for
the 7 colorants printer with di erent patch size: 64 64 pixels wide in (a), 128 128 pixels wide
in (b), 256 256 pixels wide in (c) and 512 512 pixels wide in (d). All halftoned images of the
spectral patches are displayed in the same size to simulatéhé print at di erent resolutions.
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6.3.2 sVED of spectral images

The previous experiment has shown the possibility in simuléion to reproduce spectral data by
sVED, especially data in the spectral printer gamut. The algorithm was able to generate stable
spatial distribution of NP for a single spectral re ectance value (i.e. for a spectral patch). But
most likely in a spectral image, the pixels have di erent values, representing di erent areas with
more less soft transition from one area to another.

To obtain a color image of an halftoned image after sVED, eaclpixel of the halftoned image
(i.,e. a multi-binary colorant image) is replaced by its NP spectral re ectance. Then a color
rendering is calculated for the standard observer CIE1934 1ad CIE D50 illuminant. The same
color rendering settings have been used to display the origal spectral image called ColorChecker,
see Figure 6.8.

Figure 6.8: Color rendering of the original ColorChecker CC) spectral image for standard
observer CIE1931 and illuminant CIE D50.

The examples in Figure 6.3 (f) and Figure 6.9 (a) and (b) reveathe di culties of the sSVED
algorithm when abrupt changes of area occur in the image. Enwmnous error are created during
the process and a change of area in the image can be crossedidgrthe scan mode before to reach
a stable spatial distribution of NP. When the algorithm star ts the halftoning of a second region,
it is still caring the error accumulated from the rst region , this phenomenon is particularly
visible on test chart when no soft transition are connectingtwo regions in the image.

Based on the observation made in the previous section with ioreasing the resolution of the
image before performing the sVED, the spectral image calle€C will be scaled by a factor of 2.
Doing so we decrease the overlapping of error from one regido the following according to the
SVED path. In the rst example of SVED of spectral image in Figure 6.3 (f) the spectral image
CC has not been scaled and the same image in Figure 6.9 (a) and (hlas been scaled before
performing sVED.

Other spectral images have been used to evaluate the sSVED aidgithm. These others images
are displayed in Appendix C, see Figure C.1 for theYarnPalette (YP) spectral image and
Figure C.2 for the WomanReading (WR) spectral image in their original version. The YP
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Figure 6.9: sVED of the CC spectral image for the 6 and 7 colorants printer in (a) and (b)
respectively. The spectral image has been scaled by a factof 2 before perfoming the halftoning.
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spectral image is displayed in its original size and will be hlftoned without scaling when the
WR spectral image has been scaled by a factor of 2 and will halfteed from its scaled version.
All the spectral images used to evaluate the halftoning by s\ED come from the Joensuu Spectral
Image Database available at http://www.multispectral.or g (Joensuu).

The two others images in Figure C.3 (a) and Figure C.3 (b) for the YP spectral image,
Figure C.4 and Figure C.5 for the WR spectral image presenting two di erent scenes are less
problematic. The lost of information is due to the degradation of details in the image. But
knowing that an image has to be scaled (by a factor> 2) before to be printed, this in order
to match its resolution and the printer resolution we may think that this lost will be reduced.
Also if the data to be halftoned are not included in the printer gamut it will increase the risk of
losing information.

To scale the image before the sVED halftoning does not reduceompletely the visibility of
the error di usion; to control the error in the SVED we propos ed three operations. One is to pre-
process the spectral image before performing the halftoniop by sVED, a gamut mapping based
on a printer model. A second operation can be performed by ghiping or scaling the mod(x;y)
pixel spectral re ectance during the sVED halftoning operation pixel by pixel. A third operation
is to propagate error using new designed lters. All the proposed operations can be used as a
single operation, or combined. The preprocessing by gamut apping being always performed
before the sVED ha toning.



112 CHAPTER 6. SPECTRAL VECTOR ERROR DIFFUSION

6.4 Preprocessing by spectral gamut mapping

6.4.1 Spectral gamut mapping by inverting the spectral prin ter model

Our gamut mapping is based on the inversion of the spectral Negebauer printer model. This
method is explained and illustrated in Appendix B.2. In this appendix are also displayed each
spectral re ectance of the ColorChecker test chart and thef gamut mapped version for both 6
colorants and 7 colorants printer.

The gamut mapped CC spectral image for both 6 and 7 colorants printers are displged in
Figure 6.10 (a) and Figure 6.10.

6.4.2 Experiments

For these experiment we perform similar tests as for the rstsVED evaluation but with pre-
processing applied to the spectral data: from the spectral ptches experiment we keep only
the spectral patches created from the ColorChecker specttae ectances and we use all gamut
mapped version of the spectral image€CC, YP and WR. The gamut mapped YP and WR
spectral images for both 6 and 7 colorants printers are displyed in Appendix C.2.

In Figure 6.11 (a) and Figure 6.11 (b) are displayed the halfoned images of the gamut mapped
spectral patches of the ColorChecker test chart. The gamut rapped spectral re ectances for the
6 colorants printer have been halftoned for this printer and identically for the gamut mapped
spectral for the 7 colorants printer. You can see in Table 6.4he di erences between the gamut
mapped spectral re ectances patches for both printers and heir reproduction by sVED.

In Figure 6.12 (a) and Figure 6.12 (b) are displayed the halfoned image of the gamut mapped
CC spectral image for the 6 colorants and 7 colorants printer. The two others halftoned images
of the gamut mappedYP and WR spectral images are displayed in Appendix C.2, see Figure 8.
for YP and Figure C.9 for WR.

We can observe that pre-processing the image with gamut magpg has reduced the visibility
of error spreading in all halftoned images. In the followingsections all spectral images will rst
be gamut mapped and then di erent approaches for controllirg the error will be tested.
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Figure 6.10: Gamut mappedCC spectral image for both 6 and 7 colorants printers in (a) and b)
respectively.
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Figure 6.11: Halftoning by sVED with pre-processing of ColorChecker spectral patches for
the 6 colorants printer (a) and the 7 colorants printer (b). Each patch has been halftoned
independently of the others.



Table 6.4: Dierences between the gamut mapped ColorCheckespectral re ectances and their reproduction by sVED for our 6 and 7 colorants

printer. For each double column, the left one is for the 6 coloants printer and the right one for the 7 colorants printer.

E. = SRMS

Patches| A D65 D50 FL11 FL31 D50

1 13 08]1.0 05|11 06|15 05|14 1.6] 0.7 05| 0.007 0.004
2 07 03|06 04|06 03|08 02]06 01|04 020008 0.004
3 03 06|11 05|08 05|04 06|05 08|06 04]|0.005 0.003
4 18 06|13 07|15 06|26 04|16 11|11 0.5|0.008 0.004
5 03 03|07 03|06 03|04 0203 03|03 02]|0.005 0.002
6 05 01|06 01|06 01|06 01|04 01|03 0.1]|0.005 0.001
7 16 04[20 04|19 04[23 04|10 02|05 0.2|0006 0.003
8 04 07|12 06|09 06|04 07|07 1.0/ 06 05| 0.005 0.003
9 03 04|02 06|02 06]01 0203 04|01 04]|0.005 0.003
10 11 10|07 08|08 09|13 10|15 15|04 0.6|0.006 0.003
11 0.6 05|06 06|07 05/08 05|05 03|04 02]|0.006 0.002
12 13 05|17 06|15 06[19 06|08 02|04 0.2|0006 0.003
13 06 12|14 09|12 10[04 11|12 17|08 0.7]0.005 0.003
14 09 07|08 11|08 09|12 06|07 04|05 04|0.006 0.003
15 13 06|14 11|14 10[12 03|11 04|04 050004 0.003
16 0.6 09/09 09|08 0908 08|04 06|02 02]|0.003 0.003
17 05 04|04 03|05 03][06 03|06 02|02 02]|0.004 0.002
18 09 04|05 04|06 04|13 05/09 06|04 03|0.006 0.002
19 02 01/02 01|02 01]02 0102 01|02 01]|0.002 0.002
20 01 00/03 02|02 0103 0101 01|02 01]|0.007 0.002
21 01 05|03 04|02 04|02 04[02 07|02 040007 0.004
22 03 12|01 11|01 12|05 1105 1.7|01 1.2|0.007 0.006
23 11 23|07 21|09 2215 21|13 35|08 210007 0.006
24 08 15|06 15|06 15|11 13|10 32|06 15|0.003 0.004
Av. 07 07|08 07[08 07|09 06|07 09|04 05|0.005 0003
Std 05 05|05 05|05 05|07 05|04 09|03 05|0.002 0.001
Max 18 23|20 21|19 22|26 21|16 35|11 210008 0.006
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Figure 6.12: Halftoning by sVED with pre-processing of the CC spectral image for the 6
and 7 colorants printer in (a) and (b) respectively.
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6.5 Controlling the error

6.5.1 Re ectance clipping

We have observed that when the error is di used to the image, he re ectance of pixels can be
extremely modi ed and have values above 1 and below 0, this wh or without spectral gamut
mapping applied, see Figure 6.4. To decrease the error accuhation and the slowness of the
error di usion we propose to clip the re ectance values to 1 and 0 when those are respectively
above or or below these limits. The clipping is performed bedfre the selection of the NP in the
SVED process (we set these limits as a re ectance vector of kia perfect white and a re ectance
vector of 0 is a perfect black). Figure 6.13 illustrates the dagram of sVED when error control by
clipping is used. In Figure 6.14 are two examples of re ectanes in the image of the ColorChecker
test chart where the clipping has been used during in the sVEDprocess.

in(xy mod(x,y) o Primary out(x,y)
_)> Clippin )
+ pping selection

+ - colorant
spectral + image
image

err(x,y)

Error diffusion |«

Figure 6.13: The process of spectral vector error di usion Rlftoning with clipping to control
the error. in(x;y), mod(x;y), out(x;y) and err(x;y) are vector data representing at the position
(x;y) in the image the spectral re ectance of the image, the modied spectral re ectance, the
spectral re ectance of the chosen primary and the spectral e ectance error. The processed pixel
is clipped if necessary before the NP selection.

Pixel coordinate (72,26 )

Pixel coordinate (266,77 )
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Figure 6.14: Two examples of re ectance where clipping has éen applied during the sVED
halftoning. Re ectance of the input pixel in blue, modied p ixel with clipping in dashed blue
and chosen primary in red.

6.5.2 Experiments

For these experiment we perform similar tests as for the rstsVED evaluation but with pre-
processing applied and then sVED with clipping to the gamut mapped spectral images. We also
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run the experiment on the spectral patches using the spectrare ectances of the gamut mapped
ColorChecker test chart.

In Figure 6.15 (a) and Figure 6.15 (b) are displayed the halfoned images of the gamut mapped
spectral patches of the ColorChecker test chart. The gamut rapped spectral re ectances for the
6 colorants printer have been halftoned for this printer and identically for the gamut mapped
spectral re ectances for the 7 colorants printer. You can se in Table 6.5 the di erences between
the gamut mapped spectral re ectances patches for both priters and their reproduction by
sVED.

In Figure 6.16 (a) and Figure 6.16 (b) are displayed the halfoned image by sVED with
clipping of the gamut mapped CC spectral image for the 6 colorants and 7 colorants printer.
The two others halftoned images of the gamut mapped’P and WR spectral images are displayed
in Appendix C.2, see Figure C.8 forYP and Figure C.9 for WR.
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Figure 6.15: Halftoning by sVED with pre-processing and clipping of the ColorChecker
spectral patches for the 6 colorants printer (a) and the 7 cabrants printer (b). Each patch has
been halftoned independently of the others.
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Table 6.5: Dierences between the ColorChecker spectral rectances and their reproduction by sVED with pre-processing and clipping
our 6 and 7 colorants printer. For each double column, the Idfone is for the 6 colorants printer and the right one for the 7 wlorants printer.

E. = SRMS
Patches D65 D50 FL11 FL31 D50

1 32 127] 35 19.1] 35 179] 40 181[29 90|25 13.7] 0013 0.031
2 08 09| 10 18| 09 15/ 13 05|05 03|06 1.0|0.024 0014
3 61 06|116 05| 99 05| 79 06|37 08|74 04]0.040 0.003
4 46 11.3| 3.7 145| 41 140| 57 14737 91|31 870014 0.026
5 52 03| 77 03| 67 03] 62 02|29 03|34 02]0034 0002
6 19 01| 20 01| 21 01| 21 01|13 01|11 01]0.012 0.001
7 16 21| 1.0 32| 12 30| 12 3112 18|05 15|0009 0012
8 44 07| 85 06| 72 06| 56 07|24 10|49 050025 0.003
9 18 07| 25 09| 23 08| 25 03|14 03|14 05|0.009 0.004
10 20 10| 19 07| 1.8 08| 24 09|17 15|11 060008 0.004
11 11.3 05|122 06|122 05|106 05|66 03|34 02|0.036 0.002
12 14 18| 09 30| 1.1 27| 09 28|11 13|04 13|0009 0.012
13 25 12| 50 09| 43 10| 30 11|08 17|28 07|0.011 0.003
14 15 14| 07 24| 10 21| 19 06[12 06|05 07]0010 0.007
15 13 09| 17 17| 15 15| 12 07|10 05|04 0.7]0.007 0.003
16 05 09| 08 07| 07 08| 07 07|03 0502 02]0.004 0.003
17 1.3 04| 13 03| 1.3 03| 1.4 03|09 0207 02]0008 0.002
18 36 04| 1.9 04| 25 04| 40 05|30 06]1.2 03]0012 0.002
19 02 01| 02 01| 02 01| 03 01[02 01]02 0.1]0002 0.002
20 24 00| 34 02| 30 02| 30 01[13 01[29 02]0027 0.002
21 62 03| 84 06| 73 05| 75 04|36 06|71 05|0049 0.007
22 57 09| 56 23| 53 18| 69 1.8[44 10|52 17|0030 0.018
23 40 142| 44 17.4| 45 17.1| 49 19.0|3.2 11.2| 43 165| 0015 0.025
24 11 24| 09 42| 10 38| 16 34|11 07|10 38|0.003 0005
AV. 31 23| 38 32| 36 30| 36 30|21 18|23 23]0017 0.008
Std 25 41| 35 55| 31 53| 27 56|16 31|21 44|0013 0.009
Max 11.3 14.2| 122 19.1| 122 17.9]/ 106 19.0| 66 11.2| 7.4 16.5| 0.049 0.031

for
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Figure 6.16: sVED with clipping of the gamut mapped CC spectral image for the 6 and 7
colorants printer in (a) and (b) respectively.
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6.5.3 Re ectance scaling

Following the clipping example, we propose an alternative pproach in which we scale the mod-
i ed re ectance during the sVED when its maximum exceeds 1, sich that the maximum of
this re ectance is 1. The shape of the re ectance is then lesbroken than with clipping and it
reduces the amount of error to spread, but it do not guaranteeto part of the modi ed spectral
re ectance below 0. The scaling is performed before the satéon of the NP in the SVED process.
Figure 6.17 illustrates the diagram of SVED when error contol by scaling is used. In Figure 6.18
are two examples of re ectances in the image where the scalinhas been performed during the
halftoning by sVED.

in(x,y)> mod(x,y) . Primary out(x,y)
»| Scalin )
+ 9 selection
+ - colorant
spectral image
image n
Error diffusion |y

Figure 6.17: The process of spectral vector error di usion llftoning with scaling to control the
error. in(x;y), mod(x;y), out(x;y) and err(x;y) are vector data representing at the position
(x;y) in the image the spectral re ectance of the image, the modied spectral re ectance, the
spectral re ectance of the chosen primary and the spectral e ectance error. The processed pixel
is scaled if necessary before the NP selection.
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Figure 6.18: Two examples of re ectance where scaling has ba applied during the sVED
halftoning. Re ectance of the input pixel in blue, modied p ixel with clipping in dashed blue
and chosen primary in red.

6.5.4 Experiments

For these experiment we perform similar tests as for the rstsVED evaluation but with pre-
processing applied and then sVED with scaling to the gamut maped spectral images. We also
run the experiment on the spectral patches using the spectrare ectances of the gamut mapped
ColorChecker test chart.

In Figure 6.19 (a) and Figure 6.19 (b) are displayed the halfoned images of the gamut mapped
spectral patches of the ColorChecker test chart. The gamut rapped spectral re ectances for the
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6 colorants printer have been halftoned for this printer and identically for the gamut mapped
spectral re ectances for the 7 colorants printer. You can se in Table 6.6 the di erences between
the gamut mapped spectral re ectances patches for both priters and their reproduction by
sSVED and scaling.

In Figure 6.20 (a) and Figure 6.20 (b) are displayed the halfoned image by sVED and scaling
of the gamut mapped CC spectral image for the 6 colorants and 7 colorants printer. The two
others halftoned images of the gamut mappedYP and WR spectral images are displayed in
Appendix C.2, see Figure C.8 forYP and Figure C.9 for WR.



124 CHAPTER 6. SPECTRAL VECTOR ERROR DIFFUSION

(@

(b)

Figure 6.19: Halftoning by sVED with pre-processing and scaling of the ColorChecker
spectral patches for the 6 colorants printer (a) and the 7 cabrants printer (b). Each patch has
been halftoned independently of the others.



Table 6.6: Di erences between the ColorChecker spectral rectances and their reproduction by sVED with pre-processing and scaling
6 and 7 colorants printer. For each double column, the left oe is for the 6 colorants printer and the right one for the 7 colgants printer.

E. = SRMS

Patches| A D65 D50 FL11 FL31 D50

1 19 45] 1.7 52| 1.7 49[18 47|17 96| 12 43]0013 0021
2 58 37| 58 37| 58 37|45 26[57 23| 51 29|0070 0.033
3 50 66| 87 62| 75 63|46 7.0[49 103| 58 53| 0042 0.035
4 20 75| 1.7 93| 1.7 90|27 96|16 107| 13 65| 0014 0023
5 42 03| 7.7 03| 64 03|44 02|42 03| 39 02]0053 0.002
6 23 01| 25 01| 24 01|21 01[18 01| 22 0.1]0.038 0.001
7 25 26| 31 28| 3.0 27|34 3017 47| 11 22|0012 0023
8 36 45| 6.0 39| 53 41|30 4743 68| 39 33|0026 0019
9 12 17| 12 18| 1.2 17|11 11|05 12| 07 1.2|0.008 0.009
10 16 52| 1.3 43| 14 45|16 51|19 83| 12 38|0011 0016
11 47 05| 57 06| 57 0549 05|34 03| 3.1 02]0041 0.002
12 18 24| 24 30| 22 28|26 31|12 41| 08 21|0011 0.026
13 29 91| 37 68| 35 75|19 88|36 139| 24 53|0012 0021
14 22 07| 31 11| 27 10|28 0716 04| 13 04]0012 0003
15 40 14| 39 24| 39 21[32 1323 12| 1.5 1.1|0.009 0.005
16 32 15| 42 14| 39 15|35 12[17 08| 1.1 04| 0015 0005
17 44 04| 41 03| 42 03[38 03[37 02| 30 02]0031 0.002
18 13 04| 13 04| 1.2 04|09 05|15 06| 1.0 03]0018 0.002
19 07 01| 07 01| 07 0109 01]09 01| 07 0.1]0011 0.002
20 86 07|105 10| 98 09|81 08[59 12| 96 08]|0.123 0013
21 79 43| 126 48|109 45|84 47|48 6.8|105 45| 0086 0.047
22 37 74| 49 78| 43 75|35 79|24 116| 43 7.4|0039 0047
23 19 80| 1.8 7.7| 1.7 80|22 90|29 119 17 7.8|0019 0018
24 07 17| 06 15| 06 15[/09 15|11 33| 06 15|0.004 0.004
Av. 32 31| 41 32| 38 32|32 33|27 46| 28 26| 0030 0016
Std 21 28| 32 28| 28 28|20 32|16 46| 27 25|0029 0014
Max 86 9.1|126 93|109 90|84 96|59 139|105 7.8|0.123 0.047

for our
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Figure 6.20: Halftoning by sVED with pre-processing and scaling of the CC spectral image
for the 6 and 7 colorants printer in (a) and (b) respectively.
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6.6 Designing new lters

As we have seen in the previous section the sVED algorithm caies a lot of error during the
halftoning process and is slow to di use the amount of error @cumulated. This phenomenon is
increased when data to be halftoned are out of the printer gamt. The preprocessing by spectral
gamut mapping allows to reduce concretely this problem, butstill a smearing e ect is visible
when the lter is crossing regions in the image. So even if themage has been mapped, when
the path of sVED crosses two di erent regions the error succssively accumulated in region 1 is
added to region 2. This is even more visible when the transitin is abrupt in the image, see the
ColorChecker in Figure 6.3 (f) for example. In case of soft tansition the phenomenon of less
visible.

The error controls by clipping and scaling introduced in the previous section allows to reduce
the amount of error accumulated. Observation of the image tansformation have shown that
the spectral re ectances are extremely modi ed during the &/ED process and this with or
without preprocessing, see in Figure 6.4 the illustration @ pixel in the image. Experiences have
shown the di culty of nding a xed threshold value to cut o t he error accumulation without
consequences: it can disturb a stable spatial distributionof NP, it is less pleasant visually and
it destroys the algorithm.

In this section we will propose new lIter design for sVED. Perturbing the weights in a lter
or adapting the lter to location in the image is not new (Ulic hney, 1987b). Our approach will
not threshold the error and will follow the rule of unity for t he Iter weight sum:

e n
wg =1: (6.7)
k=1

Doing so we keep the algorithm of error di usion, the mean spetral re ectance value of the
image is preserved and should be similar as the spectral hatihed image version.

We use standard lter size as Floyd and Steinberg (1976) or Javis, Judice, and Ninke (1976)
in our experiments. Our goal is to avoid to overload pixel notyet processed when spreading the
error by wavelength channel. So for each pixel the regular NRselection is performed, then error
is calculated and a new lter is created for each processed pél taking into account the distance
from the selected NP and the neighbors according to the ltersize. Figure 6.21 illustrates the
sVED diagram when new lter design is added to the halftoning algorithm, both propositions
to design new lters use the same diagram, just the lter desgn changes.

in(x, d(x, . . t(x,
m(xy)kl_ modey) 31 Primary selection outeey) >
+ A
s.pectral + cic:Loarsgt
image
Error New filter err(x,y)
‘_

diffusion design

Figure 6.21: The process of spectral vector error di usion Rlftoning with new Iter designed

at for each pixel. in(x;y), mod(x;y), out(x;y) and err(x;y) are vector data representing at
the position (x;y) in the image the spectral re ectance of the image, the modied spectral
re ectance, the spectral re ectance of the chosen primary ad the spectral re ectance error. A
new lter is design after the selection of the NP and the calcuation of the error to spread.
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6.6.1 Design Iter by random placement of existing weights

This approach uses existing lters as in Equation 6.4 or Equadion 6.5 but with a dierent
placement of the weights in the Iter for each processed pixe This technique keep the properties
of the existing Iter and avoid to create pattern in the image when a large area is crossed by the
Iter.

6.6.2 Experiments

For these experiment we perform similar tests as for the rstsVED evaluation but with pre-
processing applied and then sVED with new Iter by random placement of existing weights to
the gamut mapped spectral images. We also run the experimenbn the spectral patches using
the spectral re ectances of the gamut mapped ColorCheckerdst chart.

In Figure 6.22 (a) and Figure 6.22 (b) are displayed the halfoned images of the gamut mapped
spectral patches of the ColorChecker test chart. The gamut rapped spectral re ectances for the
6 colorants printer have been halftoned for this printer and identically for the gamut mapped
spectral re ectances for the 7 colorants printer. You can se in Table 6.7 the di erences between
the gamut mapped spectral re ectances patches for both priters and their reproduction by
sVED and new Iter by random placement of existing weights.

In Figure 6.23 (a) and Figure 6.23 (b) are displayed the halfoned image by sVED and new
Iter by random placement of existing weights of the gamut mapped CC spectral image for the
6 colorants and 7 colorants printer. The two others halftonal images of the gamut mappedYP
and WR spectral images are displayed in Appendix C.2, see Figure 8.for YP and Figure C.9
for WR.
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Figure 6.22: Halftoning by sVED with pre-processing and new Iter by random place-
ment of existing weights  of the ColorChecker spectral patches for the 6 colorants priter (a)
and the 7 colorants printer (b). Each patch has been halftone independently of the others.
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Table 6.7: Dierences between the ColorChecker spectral rectances and their reproduction by sVED with pre-processing and new lter by
random placement of existing weights for our 6 and 7 colorants printer. For each double column, theleft one is for the 6 colorants printer and
the right one for the 7 colorants printer.

E. Eos SRMS
Patches| A D65 D50 FL11 FL31 D50

1 13 08[10 06|11 06|15 05|14 17|07 05| 0.007 0.004
2 0.8 0406 05[07 04|09 02|06 01|04 0.3]0.008 0.004
3 04 06|12 0510 06|05 06|05 09|07 0.4]|0006 0.003
4 1.9 06|13 07|15 07|28 05|17 12|11 0.6/ 0.008 0.004
5 03 03|09 03|07 03|05 03|03 03|03 03]0005 0.002
6 05 01|05 01|06 01|06 01|04 02|03 010005 0.002
7 16 04|20 04|19 04|23 04|10 03|05 02|0.006 0.003
8 04 08|13 0710 07|04 08|07 11|07 05|0.005 0.003
9 04 0502 0702 06|02 02|04 04|01 040005 0.003
10 11 1.0|/08 08|09 09|13 10|15 15(05 06| 0.006 0.003
11 0.7 06|07 06[07 06|09 05|05 03|04 02|0006 0.002
12 1.3 05|17 06|16 06|20 06|09 02|04 02|0.006 0.003
13 0.6 1.2(14 09|12 10|04 11|12 17|08 0.7|0.005 0.003
14 08 0708 1.1[08 10|12 07|07 04|05 0.4|0.006 0.003
15 14 06|15 11|14 10|13 03|11 04|04 050004 0.003
16 0.6 1.0/ 09 09(08 1.0|/08 09|04 06|02 0.2|0003 0.003
17 0.6 04|04 04|05 04|07 03|07 02|02 02|0004 0.002
18 09 05(05 04[06 04|13 05|10 06|04 0.4|0007 0.002
19 02 0102 01[02 01|03 01|02 01|02 0.1]0.002 0.003
20 01 00[03 0202 01/03 01|01 01|02 0.1]0.008 0.003
21 01 05[04 04[02 04|03 04|03 08|02 040009 0.004
22 04 12[01 1.1]01 12|06 1.2/06 17|01 1.2|0.008 0.007
23 12 23|07 21|09 22|17 21|13 35(09 21]|0.007 0.006
24 08 15/06 15[07 15|11 13|10 32|06 15| 0003 0.004
Av. 08 07/08 0708 07|10 06|08 09|05 05]0006 0.003
Std 05 05|05 05[05 05|07 05|04 09|03 05|0002 0.001
Max 19 23|20 21|19 22|28 21|17 35|11 21|0.009 0.007
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Figure 6.23: Halftoning by sVED with pre-precessing and new lIter by random place-
ment of existing weights  of the CC spectral image for the 6 and 7 colorants printer in (a)
and (b) respectively.
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6.6.3 Design lter by distance
For each pixel after the NP has been selected and the error calllated the following operation
are performed to compute the new Iter weights:

q
de = (p mod(x+iy+j)T (p modx+iy+j) (6.8)

where di is the Euclidean distance between the selected Neugebauerimary p and the kth
modi ed spectral re ectance mod(x + i;y + j ) according to the lter shape. For example a Floyd
and Steinberg (1976) Iter has 4 weights. The set of distanced; is then normalized by the

maximum:
0_ dk

R D) (6.9)

and doing so we obtain a set weight with values? [0;1]. We still need to modify our weights
since the sum is not equal to one and the maximum = 1 is set to thearthest neighbor and we
want the inverse relation. A rst solution is to remove the contribution for this pixel by doing:

d=1 d (6.10)

and then most of the error will be spread to the closest neighbr and less to the remaining pixels.
A last operation before using the lter is to divide by the sum o them in order to the sum equal
to one:
d2°
Wi = P—doo (6.11)
k Yk

6.6.4 Experiments

For these experiment we perform similar tests as for the rstsVED evaluation but with pre-
processing applied and then sVED with new lter by distance to the gamut mapped spectral
images. We also run the experiment on the spectral patches ugy the spectral re ectances of
the gamut mapped ColorChecker test chart.

In Figure 6.24 (a) and Figure 6.24 (b) are displayed the halfoned images of the gamut mapped
spectral patches of the ColorChecker test chart. The gamut rapped spectral re ectances for the
6 colorants printer have been halftoned for this printer and identically for the gamut mapped
spectral re ectances for the 7 colorants printer. You can se in Table 6.8 the di erences between
the gamut mapped spectral re ectances patches for both priters and their reproduction by
sVED and new lIter by distance.

In Figure 6.25 (a) and Figure 6.25 (b) are displayed the halfoned image by sVED and new
Iter by distance of the gamut mapped CC spectral image for the 6 colorants and 7 colorants
printer. The two others halftoned images of the gamut mappedYP and WR spectral images
are displayed in Appendix C.2, see Figure C.8 foiYP and Figure C.9 for WR.
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Figure 6.24: Halftoning by sVED with pre-processing and new lIter by distance of the
ColorChecker spectral patches for the 6 colorants printer 4) and the 7 colorants printer (b).
Each patch has been halftoned independently of the others.
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Table 6.8: Dierences between the ColorChecker spectral rectances and their reproduction by sVED with pre-processing and new lter by
distance for our 6 and 7 colorants printer. For each double column, theleft one is for the 6 colorants printer and the right one for the 7 colorants
printer.

E. Eos SRMS
Patches| A D65 D50 FL11 FL31 D50

1 38 06|30 18|34 15|55 14|43 17|21 1.1]|0016 0.007
2 10 06|11 11|11 08|12 02|08 02|07 06]|0014 0.011
3 24 05[59 1248 09|32 07|07 13|34 07]0020 0.009
4 41 0931 16(35 14|61 14|39 18|25 1.0/|0014 0.006
5 23 0243 02[36 02|30 02]12 01|19 0.1]0.018 0.001
6 14 11|14 10|15 10|15 09|11 07|08 0.7|0.008 0.005
7 08 08|14 1512 13|18 13|06 08|04 06| 0006 0.007
8 34 0470 11|59 08|41 06|10 12|39 060018 0.007
9 23 0140 01[36 01|34 05|18 03|18 0.1|0.010 0.003
10 33 02|18 1.2]23 08|53 02|47 08|13 040015 0.005
11 23 09|26 1.1[27 10|27 1.0|1.6 07|12 05| 0.015 0.004
12 0.6 0910 1.7(/08 15|14 15|05 07|02 0.6|0.006 0.008
13 3.7 06|74 14|64 12|42 09|17 15|41 08|0014 0.005
14 1.3 06|09 09|11 07|16 11|10 06|05 04| 0.007 0.006
15 09 04|10 0509 04|09 03|08 03|02 010004 0.002
16 01 05[02 04[02 05/02 04|01 0201 0.1|0.003 0.003
17 06 1.1[10 1.1[08 1.1/08 11|03 1.1|04 08| 0005 0.003
18 1.8 06|07 05|11 05|22 05|16 04|06 04|0009 0.002
19 03 0103 0103 01|04 00|02 0.1]03 0.1]0.002 0.002
20 02 04|10 04|07 04|06 04|02 08|07 04]|0014 0.007
21 08 15|24 16|17 16|18 15|07 28|17 15|0.025 0.017
22 1.7 21|06 26[07 25(28 26|21 35|07 25|0019 0014
23 25 19|14 20[18 21|37 24|27 35|17 20|0011 0.008
24 1.3 09|08 12|10 1120 07|14 24|10 1.0]|0.003 0.003
AV. 18 08|23 11|21 10|25 09|15 11|13 0.7]0.012 0.006
Std 12 05|21 06|17 06|17 07|13 10|12 06| 0.006 0.004
Max 41 21|74 26|64 25|61 26|47 35|41 250025 0.017
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(@

(b)

Figure 6.25: Halftoning by sVED with pre-processing and new lIter by distance of the
CC spectral image for the 6 and 7 colorants printer in (a) and (b) respectively.
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6.7 Conclusion

In that chapter we have presented an alternative way to print spectral images which combines the
di erent steps of our rst spectral color reproduction work ow. The rst work ow requires to
characterize spectrally our printing system and should transform the spectral image into a multi-
colorant binary image. The rst operation allows to obtain a colorant combination to reproduce
a given spectral re ectance, it is equivalent as the colorahseparation in a color reproduction
work ow but extended to spectral color reproduction. The tr ansformation of halftoning will
nally transform the multi-colorant image into a multi-col orant binary image, this transformation
is performed colorant channel by colorant channel indepenently. The spectral vector error
di usion (sVED) allows to perform all transformations in on e step: from a spectral image to a
multi-colorant binary image.

SVED is an extension to spectral data of the color VED algorithm where all colorant values
of a pixel are halftoned simultaneously. Only a short spectal characterization of our printing
system is required for sVED: to measure the Neugebauer primés (NP) spectral re ectances.
The sVED algorithm improves the image quality upon the traditional approach of scalar error
di usion (SED), it provides less noisy dot distribution, de creases the risk of color shift when
colorant channel are halftoned independently by SED. Howegr sVED does not come without
problems, during the process of error di usion large amountof error is accumulated and su er to
reach a stable spatial distribution of NP, these two phenomea are referred to the slow response
and smear e ect. The results is a decreasing of image qualityt is less pleasant visually and we
loose details. Also data outside the printer gamut are knownto generate large error which slow
down the error di usion. To correct these problems solution have been proposed: pre-processing
in lower dimension by gamut mapping of the image before sVED Kawaguchi et al., 1999) still
in lower dimension, threshold the error during the halftoning process (Haneishi et al., 1996) in
color VED or combining SED and VED in halftoning of color image (Fan, 1998) to use the
advantages of both methods.

We have proposed a method of spectral gamut mapping as pre-pcessing before the sVED
based on an inverse spectral printer model. We invert the sparal Neugebauer printer model,
this model says that the spectral re ectance estimation of an area covered by the NP of the
printer is the weighted sum of these NP weighted by their coveage on a unitary area. After
gamut mapping the spectral re ectances to be halftoned are he closest spectral re ectances
the printer model can estimate. The NP used for the pre-procesing are identical as those used
in the sVED algorithm. In that con guration the data to be rep roduced are not anymore the
original since they have been mapped to the spectral printergamut but spectral root mean
square di erence (SRMS) has been used as optimization crit@on in printer model inversion, or
in other term no observers or illuminants have been used to pgorm the mapping. Our approach
does not have an heavy computationally cost since it doesn'tequire to perform PCA or to build
a volume (i.e. the gamut) in n > 3 dimension (Bakke et al., 2005). Applied before sVED of
spectral images have shown improvement of the halfoned imag by decreasing of the smear
e ect or slow response of the algorithm.

Gamut mapping as pre-processing does not solve all the prodins. We have shown that even
in the gamut, the sVED of spectral image brings large error wiich results in strong modi cation
of the pixel values (i.e. a spectral re ectance) in the image To apply threshold on spectral
re ectance is complicated: we need to de ne when a spectral & ectance is too far from the
gamut (because of the error accumulated) and we break the eor diusion algorithm. We
remind that SED and sVED keep most of the energy in an image aftr halftoning by quantifying
and spreading the di erence between the original pixel vale and its quanti ed value. In order
to reduce the error accumulated during the sVED process we mposed to modify the processed
pixel before the NP selection: clipping or scaling, the rst method will clip the processed pixel
if their values exceed 1 or is smaller then 0, the second metldowill normalize the spectral
re ectance of the processed pixel when its maximum exceeds. ITheses correction have shown
interesting results when transition area are halftoned, epecially when the transition is abrupt.

Finally a last approach has been tested which attempts to usehe local information in the
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image to design new lters for spreading the error. The idea $ to avoid to spread error to
pixel which already far from the processed pixel. Concretsl the weights are based on the
distance processed pixel to neighboring pixels accordingotthe lter size, we keep the property

of unity in the sum of the weights. A second approach combinegxisting lIters as Jarvis, Judice,

and Ninke (1976) or Floyd and Steinberg (1976) and a random @cement of their weights for
each processed pixel. In transition area the new lters (new lter designed at each processed
pixel) these approaches have shown a good preservation ofdldetails (i.e. to keep the existing
boundaries) but with the side e ect of increasing the noise h the image.
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Chapter 7

Comparison of the spectral color
reproduction work ows

7.1 Introduction

In this chapter we will compare the reproduction of spectral data by two possible work ows
presented in Figure 6.1. The rst work ow is divided in two st eps: colorant separation (CS)
and halftoning by colorant channels using scalar error di usion (SED). The second work ow will
ha tone directly the spectral image by spectral vector error di usion (SVED). Both work ows
start with a common step of spectral gamut mapping (sGM). It is the reproduction of the gamut
mapped spectral data which is compared.

The spectral re ectance targets correspond to spectral reectance measurements extracted
from a paint (Dupraz, Ben Chouikha, and Alque, 2007). We will rst look at the di erences
between the original measured data and their gamut mapped uesion. Then spectral patches of
size 256 256 pixels will be created and their reproduction simulatedfor our 7 colorants printer.

7.2 Experiment

The spectral re ectance targets have been obtained by measing the spectral re ectances of a
paint at di erent locations, see Figure 7.2. Twelve sampleshave been selected and their spectral
reproduction simulated. See in Figure 7.2 the di erent locdions where the measurements were
taken in the paint and in Figure 7.2.1 (a) the corresponding pectral re ectances.

7.2.1 Spectral gamut mapping

The sGM operation is performed using the method described inAppendix B for our 7 col-
orants printer. The gamut mapped spectral re ectances are dsplayed in Figure 7.2.1 (b). Color
and spectral di erence between measured spectral re ectaces and gamut mapped spectral re-
ectance are available in Table 7.1.

7.2.2 Colorant separation and halftoning by colorant chann el

For the rst work ow CS is performed for the 12 gamut mapped spectral re ectances using CMR
method as described in Chapter??. From the 12 colorant combinations obtained we create 12
patches of 7 channels each. The nal step is the halftoning oeration which is performed channel
independently. We use SED halftoning technique with Jarvis Judice, and Ninke (1976) lter to
di use the error in the halftoning algorithm.

The spectral re ectance of each patch is estimated by countig the NP pixel's occurrences
and then considering a unitary area for each patch. Dieren@s between the gamut mapped
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Figure 7.1: Illustration of the spectral measurements loc#ion in the paint La Madeleine. Spectral
acquisition was performed by Dupraz et al. (2007) using a LT2SAS camera.
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Figure 7.2: Paint of La Madeleine the 12 black spots correspond of the location where the
spectral re ectances were taken.
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Spectral Reflectances from Madeleine paint Gamut mapped spectral reflectances from Madeleine paint
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(a) Spectral re ectance measurements (b) Gamut mapped spectral re ectances

Figure 7.3: Spectral re ectance measurements of the 12 sangs in (a) and their gamut mapped
version for our 7 colorants printer in (b).

spectral re ectances and their simulated reproduction by CS and SED are presented in all left
columns of each pair of column in Table 7.2.

7.2.3 Spectral vector error di usion

For the second work ow we have created 12 spectral patches afize 256 256 pixels. Each patch
is halftoned by sVED using Jarvis, Judice, and Ninke (1976) lter.

The spectral re ectance of each patch is estimated by countig the NP pixel's occurrences and
then considering a unitary area for each patch. Di erences letween the gamut mapped spectral
re ectances and their simulated reproduction by sVED are presented in all right columns of each
pair of column in Table 7.2.

The comparison of the color di erences and spectral di ererces for the two work ows shows
better performances of the second work ow: sGM and halftonng by sVED. But the global di er-
ence is not very large between the two work ows except for thespectral di erences where average
di erence, standard deviation and maximum are the smallestfor the spectral reproduction by
sVED.

7.3 Comparison of the dot distribution

For each halftoned patch we calculate a color rendering forluminant D50 and standard observer
CIE CMFs 1931. Then, we can compare the spatial NPs distributon for the 12 samples, see
Figure 7.4 to Figure 7.9. The left side patches are the resulof spectral reproduction by CS and
SED when the right side patches are the result of the spectrateproduction by sVED.
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Table 7.1: Dierences between the spectral re ectance meagement and their gamut mapped
version to our 7 colorants printer.

Eab E94
Samples| A D65 D50 FL11 D50 | sRMS
1 3.0 45 4.2 6.1 3.1 | 0.014
2 35 52 49 6.9 3.5 | 0.014
3 24 33 31 4.8 25| 0.013
4 29 44 41 5.7 2.9 | 0.009
5 1.2 13 13 2.8 0.7 | 0.009
6 21 3.0 29 3.8 2.0 | 0.006
7 13 14 14 0.8 1.2 | 0.016
8 18 10 13 1.7 1.1 | 0.005
9 35 22 26 3.3 1.8 | 0.023
10 25 29 27 2.4 1.7 | 0.007
11 46 63 57 5.3 2.8 | 0.011
12 1.1 18 1.7 3.2 1.2 | 0.013
Av. 25 31 30 3.9 2.0 | 0.012
Std 1.1 17 15 1.9 0.9 | 0.005
Max 46 63 57 6.9 3.5 | 0.023

Table 7.2: Dierences between the gamut mapped spectral reectances and their reproduction
by CS and SED (left columns of each double column) and by sVED right columns of each
double column).

E. Eqg, sRMS

Samples A D65 D50 FL11 D50

1 12 06|16 06|16 06|12 09|12 04 | 0.007 0.004
2 28 04|30 05|31 05|26 07|20 03] 0.008 0.003
3 13 03|17 03|17 03|09 06|13 03] 0.010 0.004
4 19 06|23 09|24 08|22 08|17 0.6 | 0.007 0.003
5 25 04|25 05|27 05|21 06| 14 0.4 | 0.010 0.003
6 18 35|20 31|20 32|21 29|08 15|0.002 0.005
7 05 02|05 02|05 02|01 01|04 0.1] 0.008 0.002
8 10 13|07 14|08 13|16 11|08 1.2 0.004 0.005
9 07 04|05 03|06 03|22 05|04 03] 0.007 0.003
10 11 16|08 19|09 18|15 19|07 15| 0.004 0.005
11 12 15(10 21|11 20|10 22|07 15|0.002 0.005
12 20 04|22 04|23 04|17 07| 16 03| 0.009 0.003
Av. 15 09|16 10|16 10| 16 1.1 | 1.1 0.7 | 0.006 0.004
Std 07 10|09 09 |08 09|07 08|05 0.6]| 0.003 0.001
Max 28 35|30 31|31 32|26 29|20 15| 0.010 0.005
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(a) Sample 1 (b) Sample 1

(c) Sample 2 (d) Sample 2

Figure 7.4: Halftoned patches of sample 1 and sample 2 dfa Madeleine paint. Spatial NPs
distribution obtained after the rst work ow using CS and SE D in (a) and (c) and their corre-
sponding distributions obtained after the second work ow using sVED in (b) and (d).
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(a) Sample 3 (b) Sample 3

(c) Sample 4 (d) Sample 4

Figure 7.5: Halftoned patches of sample 3 and sample 4 dfa Madeleine paint. Spatial NPs
distribution obtained after the rst work ow using CS and SE D in (a) and (c) and their corre-
sponding distributions obtained after the second work ow using sVED in (b) and (d).
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(a) Sample 5 (b) Sample 5

(c) Sample 6 (d) Sample 6

Figure 7.6: Halftoned patches of sample 5 and sample 6 dfa Madeleine paint. Spatial NPs
distribution obtained after the rst work ow using CS and SE D in (a) and (c) and their corre-
sponding distributions obtained after the second work ow using sVED in (b) and (d).
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(a) Sample 7 (b) Sample 7

(c) Sample 8 (d) Sample 8

Figure 7.7: Halftoned patches of sample 7 and sample 8 dfa Madeleine paint. Spatial NPs
distribution obtained after the rst work ow using CS and SE D in (a) and (c) and their corre-
sponding distributions obtained after the second work ow using sVED in (b) and (d).
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(a) Sample 9 (b) Sample 9

(c) Sample 10 (d) Sample 10

Figure 7.8: Halftoned patches of sample 9 and sample 10 & Madeleine paint. Spatial NPs
distribution obtained after the rst work ow using CS and SE D in (a) and (c) and their corre-
sponding distributions obtained after the second work ow using sVED in (b) and (d).
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(a) Sample 11 (b) Sample 11

(c) Sample 12 (d) Sample 12

Figure 7.9: Halftoned patches of sample 11 and sample 12 d&fa Madeleine paint. Spatial
NPs distribution obtained after the rst work ow using CS an d SED in (a) and (c) and their
corresponding distributions obtained after the second wok ow using sVED in (b) and (d).
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7.4 Conclusion

The experimentation carried out in this chapter has allowedto compare two spectral color repro-
duction work ows: one combining a step of spectral colorantseparation presented in Chapter 5
and halftoning by error di usion (see Chapter 2.6.2); a secad halftoning directly a spectral
patch by sVED as presented in Chapter 6.

The rst look at the color and spectral di erences gives an advantage to the sVED because
of the smaller di erences obtained, but the di erence of reailts remaining near between the two
work ows. However, the observation of the spatial Neugebaer primaries distribution for both
approaches shows that the work ow using sVED bring a much moe pleasant and stable spatial
NPs distribution for almost all tested samples. The spatial NPs distribution being extremely
noisy. Further experiments should be conducted to comparehe spectral color reproduction of
spectral images by these two work ows.



Chapter 8

Conclusions and Perspective

8.1 Thesis work overview

The spectral color reproduction presented in this thesis ishe nal step of a chain of operation
starting by a spectral acquisition and going by a gamut mappihng operation.

The data we aim to reproduce are either measured with spectqghotometer or reconstructed
from a spectral acquisition system. In both cases these datare the result of the signal capture
of a light falling on a surface and being re ected toward the measuring device. One can see for
example that the relief of a paint is considered to be at with such acquisition system. If spectral
reproduction is possible the same orientation as used durip the acquisition should be chosen
to observe the reproduction which should reminds identicalunder any illumination condition.
Once spectral data are available to the user, he is free to siatate a color rendering of them
under every kind of illuminant and observer conditions.

In this thesis work we have tackled the problem of spectral ctor reproduction. We have
considered the following problems: is it possible to reprodce spectral data? How a spectral
reproduction can be an improvement upon a color reproductio? The rst problem leads us to
de ne the reproduction system to use: printer and inks, the scond problem leads us to evaluate
the spectral color reproduction with the de ned spectral printing system.

The choice of a multi-colorant printer was straightforward, it allows us to use common print-
ing technologies for research purpose. It requires also tonderstand the color reproduction
processes and the transformations applied to an image durinthe color reproduction work ow:
gamut mapping, colorant separation, halftoning and to be avare of the printer limitation and
instability.

Color reproduction is often referred to metameric reprodution since a given colorimetric
value can be reproduced by di erent colorant combinations. A colorimetric value is represented
by tristimulus values CIEXYZ, by CIELAB values or other colo r space coordinates.

The spectral re ectance of a surface contains all the colomformation of this surface, it allows
to simulate a color rendering of it for di erent observers (CIE1931 and CIE1964 for example) and
illumination conditions (CIE D50, A, FL11 for example). One can see that we have a dimension
issue, a spectral re ectance is described in its most reduckform by 31 narrow bands of 1Gim
step covering the visible spectrum from 400nm to 700nm when w multi-colorant system is
described by m dimensions form colorants with 4 m 8 or more. And once the spectral
image has been converted into a colorant image (by the colord separation transformation) it
is no longer possible to go back to the original spectral datavithout loss.

The spectral printer characterization allows us to estimat the spectral accuracy of our print-
ing system. There is a problem of the choice of the metric to ealuate the spectral accuracy: a
spectral di erence tells us how distant are two spectral re ectances but we know that a human
observer does not perceive linearly these di erences.

Our approach for the spectral printer characterization have shown the di culty of spectral
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printer modeling, especially in case of multi-colorant printer with wide gamut. To use the
spectral Neugebauer model in its initial version, knowing aly the gamut limits represented by
the Neugebauer primaries (NP) and the single colorant ramp 6the available colorants is not
accurate enough, see Chapter 3 and Chapter 4. The phenomenaf dot gain and in particularly
the optical dot gain (upon the mechanical dot gain) is not eay to model globally (i.e. a single
parameter can not count for all the inks and coverage level ambination). From that point
two solutions are possible: to use a more physical model to fand to estimate accurately the
multiple light interaction between the ink layers and paper knowing that halftoning does not
produce in nite layer of ink but distribution of dot on the pa per, dot being a drop of ink, a color
level resulting in areas covered by inks and areas remindedngovered; or to use the cellular
Neugebauer model in order to map completely the spectral priter gamut and to dispose of
intermediate NP. In both approaches numerous patches (i.ecolorant combinations) have to be
printed and measured and it requires a total control of the piinting system, this a technical
problem and for sure a tedious task.

However the knowledge of the NP and the limits of the printer gamut are enough to perform
the colorant separation in order to decompose a spectral reectance in a colorant combination.
We know that a spectral re ectance in the printer gamut can be decomposed in a convex sum
of the NP. This operation called colorant separation can be ésted by simulation meaning it
does not require to print every time a given colorant combindion and to measure its spectral
re ectance. It allows us to compare the spectral color reprauction of spectral data with the
color reproduction of spectral data. The colorant separaton is solved by optimization where a
criterion is minimized. The type of criterion de nes the typ e of print. We can then evaluate if
metamerism is reduced in a spectral color reproduction. We ave shown in Chapter 5 that a
colorant separation involving only a spectral di erence provides homogeneous color di erences
for di erent illumination conditions which can be understo od as a reduction of the metamerism
(i.e. allillumination conditions have the same importance). Also the combination of the CIE1976
color di erence for a set of di erent illuminants and spectr al di erence have revealed colorant
combinations satisfying both colorimetric and spectral citeria for the colorant separation. These
results joined the works aiming to described metamer bounddes in multi-colorant printer.

The work done on the colorant separation were based on the irarsion of the spectral NG
printer model. This model performs estimation in two steps: an estimation of the surface covered
by the NP for a given colorant combination with the Demichel equations and then sum all the
NP weighted by their coverage. The inversion for the weightsonly, developed in chapter 5, have
shown the possibility to use this method of inversion as a spetral gamut mapping technique.

The direct use of gamut mapping techniques as those use in anl space (3 dimensions) but
applied in spectral space (31 dimensions) is possible but gelires an enormous computational
cost which makes it almost impossible. A reduction of dimen®n is possible by PCA but further
research should be investigated. Our approach does not ne¢d compute volume, or to calculate
the gamut boundaries.

All along this research work we have seen that the spectral dor reproduction follows the
identical steps as the colorant reproduction work ow. We can see that after the color separation
transformation the spectral data are no longer spectral, trey are colorant combinations which
count for spectral re ectance. The halftoning operation ses these data only as colorant values
which need to be transformed from continuous-tone value to Blevel value. In order to keep
working with spectral data as long as possible (i.e. to stayn spectral space in order to not loose
information when going toward lower dimension space) we haw adapted an halftoning technique
which performs the colorant separation and the halftoning h one operation: this technique is
called spectral vector error di usion (SVED).

8.2 Perspective and future works

We have in Figure 6.1 the comparison of the two worl ows used m this thesis work, both using
the same multi-colorant printer. The halftoning by sVED o e rs the great advantage to need
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only a few pieces of information about the printing system: te NP spectral re ectances. Of
course if the SVED approach solves some of the problems fronhé rst approach it introduces
new issues as well. Since sVED is an halftoning technique, ¢himprovement can be made on
the algorithm itself. The proposed spectral gamut mapping tchnique improves the algorithm
for the visibility of the error spreading, but a solution adapting the weights to spread the error
regarding of the local information should give good results The correction we proposed based
on the distance between the processed pixel and its neighbas going in this direction.

A research work is never nished and there is always somethig to improve. The spectral
gamut mapping is a very important part of the process to improve, this to be able to simulate
or evaluate the possibility of spectral color reproductionfor di erent printing systems.

The colorant separation is performed by inversion of the NG nodel, inversion based on a
more physical model such as the Clapper-Yules model shouldebtested.

Halftoning by sVED can be improved, work on adapting the Ite r with the local information
in the image to spread the error should be continued. The mosinteresting point in this technique
being to be completely spectral, no color di erence is involed. Techniques existing in color for
halftoning involving a new path for each image should be testd, spreading then the error in
every direction should decrease the smear e ect which can qgear with vector error di usion.

We used inkjet printer technology to reproduce spectral dat: is this technology good enough
for such purpose? Also we should look at the available colords in a printing system depending
on the spectral target to reproduce. The reproduction of a pant with very di erent colorants
compare to the printer colorants may be a serious issue for artie spectral color reproduction.
But spectral color reproduction should be seen as an improveent upon the color reproduction
in the sens that is reduces the metamerism problem.
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Appendix A

Printer characterization

You will nd here the study of the monochromatics ramp for the Epson 2100 Photo Stylus inkjet
printer for non original inks. For all colorants the ramps are simulated by the spectral Murray
Davis (MD) model with various settings:

with the theoretical colorant values constituing the ramp.

with the e ective colorant values. The LUT was built such that E_, for illuminant D50
was minimized.

with the previous LUT and a n factor minimizing average E_.
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A.l Magenta

Table A.1: Dierences between ramp of Magenta measurementsand estimated spectral re-
ectances by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 344 40.7 40.1 395 40.0 41.20.186
theoretical colorant Std | 18.0 21.0 20.7 205 20.7 21.30.113
Max | 52.7 61.7 60.7 59.9 60.7 62.4 0.322
MD and Av. | 16.1 215 21.1 20.3 20.8 22.00.064
e ective colorant Std 95 125 123 11.8 121 12.8 0.039
Max | 27.9 36.7 36.1 348 35.6 37.60.111

MD and Av. 70 84 83 80 81 85| 0.075
e ective colorant Std 4.1 4.9 4.9 4.7 4.8 5.0/ 0.049
and n factor Max | 12.2 149 148 14.1 14.4 15.2 0.140

Figure A.1: Measured ramps, MD estimation, MD with e ective values, MD with e ective values
and n factor in SRGB for illuminant D50
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Figure A.2: Measured spectral re ectances (a), estimated gectral re ectances by MD and the-
oretical ramp values (b), estimated spectral re ectances ly MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.3: Comparison in CIELa , CIELb and CIEab plans by column between ramp mea-
surements of Magenta and simulation by MD in the rst line (Fi gure (a), (b) and (c)), by MD
and e ective values for the second line (Figure (d), (e) and €)) and MD with e ective values
and n factor (Figure (h), (i) and (j))
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A.2 Yellow

Table A.2: Di erences between ramp of Yellow measurementsiad estimated spectral re ectances
by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 43.1 47.6 483 46,5 47.0 48.1 0.169
theoretical colorant Std | 22.8 249 252 244 246 25.1 0.106
Max | 67.0 735 744 718 725 74.1 0.300
MD and Av. 86 13.0 13.1 119 123 13.50.046
e ective colorant Std 5.1 7.7 7.8 7.1 7.3 8.0/ 0.030
Max | 14.8 224 225 204 21.2 23.3 0.086

MD and Av. 4.8 7.5 7.3 6.8 7.0 7.8| 0.047
e ective colorant Std 2.9 4.4 4.3 3.9 4.1 46| 0.031
and n factor Max | 83 12.7 124 11.3 11.8 13.3 0.088

Figure A.4: Measured ramps, MD estimation, MD with e ective values, MD with e ective values
and n factor in sRGB for illuminant D50
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Figure A.5: Measured spectral re ectances (a), estimated gectral re ectances by MD and the-
oretical ramp values (b), estimated spectral re ectances ly MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.6: Comparison in CIELa , CIELb and CIEab plans by column between ramp mea-
surements of Yellow and simulation by MD in the rst line (Fig ure (a), (b) and (c)), by MD and
e ective values for the second line (Figure (d), (e) and (f)) and MD with e ective values and n
factor (Figure (h), (i) and (j))
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A.3 Black

Table A.3: Di erences between ramp of Black measurements agh estimated spectral re ectances
by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 43.1 47.6 483 46,5 47.0 48.1 0.169
theoretical colorant Std | 22.8 249 252 244 246 25.1 0.106
Max | 67.0 735 744 718 725 74.1 0.300
MD and Av. 86 13.0 13.1 119 123 13.50.046
e ective colorant Std 5.1 7.7 7.8 7.1 7.3 8.0/ 0.030
Max | 14.8 224 225 204 21.2 23.3 0.086

MD and Av. 4.8 7.5 7.3 6.8 7.0 7.8| 0.047
e ective colorant Std 2.9 4.4 4.3 3.9 4.1 46| 0.031
and n factor Max | 83 12.7 124 11.3 11.8 13.3 0.088

Figure A.7: Measured ramps, MD estimation, MD with e ective values, MD with e ective values
and n factor in sRGB for illuminant D50
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Figure A.8: Measured spectral re ectances (a), estimated gectral re ectances by MD and the-
oretical ramp values (b), estimated spectral re ectances ly MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.9: Comparison in CIELa

e ective values for the second line
factor (Figure (h), (i) and (j))

, CIELb and CIEab plans by column between ramp mea-
surements of Black and simulation by MD in the rst line (Figu re (a), (b) and (c)), by MD and
(Figure (d), (e) and (f)) and MD with e ective values and n
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A.4 Blue

Table A.4: Dierences between ramp of Red measurements andséimated spectral re ectances
by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 43.1 47.6 483 46,5 47.0 48.1 0.169
theoretical colorant Std | 22.8 249 252 244 246 25.1 0.106
Max | 67.0 735 744 718 725 74.1 0.300
MD and Av. 86 13.0 13.1 119 123 13.50.046
e ective colorant Std 5.1 7.7 7.8 7.1 7.3 8.0/ 0.030
Max | 14.8 224 225 204 21.2 23.3 0.086

MD and Av. 4.8 7.5 7.3 6.8 7.0 7.8| 0.047
e ective colorant Std 2.9 4.4 4.3 3.9 4.1 46| 0.031
and n factor Max | 83 12.7 124 11.3 11.8 13.3 0.088

Figure A.10: Measured ramps, MD estimation, MD with e ectiv e values, MD with e ective
values and n factor in sRGB for illuminant D50
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Figure A.11: Measured spectral re ectances (a), estimatedspectral re ectances by MD and
theoretical ramp values (b), estimated spectral re ectanes by MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.12: Comparison in CIELa , CIELb and ClIEab plans by column between ramp
measurements of Red and simulation by MD in the rst line (Figure (a), (b) and (c)), by MD
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A5 Red

Table A.5: Di erences between ramp of Green measurements ahestimated spectral re ectances
by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 43.1 47.6 483 46,5 47.0 48.1 0.169
theoretical colorant Std | 22.8 249 252 244 246 25.1 0.106
Max | 67.0 735 744 718 725 74.1 0.300
MD and Av. 86 13.0 13.1 119 123 13.50.046
e ective colorant Std 5.1 7.7 7.8 7.1 7.3 8.0/ 0.030
Max | 14.8 224 225 204 21.2 23.3 0.086

MD and Av. 4.8 7.5 7.3 6.8 7.0 7.8| 0.047
e ective colorant Std 2.9 4.4 4.3 3.9 4.1 46| 0.031
and n factor Max | 83 12.7 124 11.3 11.8 13.3 0.088

Figure A.13: Measured ramps, MD estimation, MD with e ectiv e values, MD with e ective
values and n factor in sRGB for illuminant D50
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Figure A.14: Measured spectral re ectances (a), estimatedspectral re ectances by MD and
theoretical ramp values (b), estimated spectral re ectanes by MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.15: Comparison in CIELa , CIELb and CIEab plans by column between ramp
measurements of Green and simulation by MD in the rst line (Figure (a), (b) and (c)), by MD
and e ective values for the second line (Figure (d), (e) and €)) and MD with e ective values
and n factor (Figure (h), (i) and (j))
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A.6 Green

Table A.6: Di erences between ramp of Blue measurements anéstimated spectral re ectances
by MD

Eab
A D65 C D50 D55 D75| sRMS
MD and Av. | 43.1 47.6 483 46,5 47.0 48.1 0.169
theoretical colorant Std | 22.8 249 252 244 246 25.1 0.106
Max | 67.0 735 744 718 725 74.1 0.300
MD and Av. 86 13.0 13.1 119 123 13.50.046
e ective colorant Std 5.1 7.7 7.8 7.1 7.3 8.0/ 0.030
Max | 14.8 224 225 204 21.2 23.3 0.086

MD and Av. 4.8 7.5 7.3 6.8 7.0 7.8| 0.047
e ective colorant Std 2.9 4.4 4.3 3.9 4.1 46| 0.031
and n factor Max | 83 12.7 124 11.3 11.8 13.3 0.088

Figure A.16: Measured ramps, MD estimation, MD with e ectiv e values, MD with e ective
values and n factor in sRGB for illuminant D50
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Figure A.17: Measured spectral re ectances (a), estimatedspectral re ectances by MD and
theoretical ramp values (b), estimated spectral re ectanes by MD and e ective ramp values (c)
and estimated spectral re ectances by MD, e ective ramp values and n factor (d).
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Figure A.18: Comparison in CIELa , CIELb and ClIEab plans by column between ramp
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Appendix B

Spectral gamut mapping

B.1 Introduction

Gamut mapping algorithm describes the operation of mappingdata from one gamut to another
gamut (Morovt and Luo, 2001), e.g. an image gamut is mappedoward a printer gamut before
its reproduction. Gamut mapping often refers to color gamut mapping techniques. Various
techniques exist with the aim of mapping data without the loss of too many information in the
original data, e.g. reproduction of an image by a printer knaving that the printer gamut is
smaller than the image gamut.

A rst solution for gamut mapping of spectral data would be to apply directly color gamut
mapping algorithm, but due the spectral problem dimension t is too heavy computationally
talking to use this approach. Studies have shown the redundacy of information in spectral data
and the possibility to use PCA to reduce the dimension of the poblem (Hardeberg, 2002). This
approach has been tested for spectral gamut mapping in ordeto use easily already existing color
gamut technique (Bakke et al., 2005). However it requires tocharacterize our printing system
before to compute the PCA basis.

Other research works have investigated the reduction of dirensionality, this combining PCA
and CIELAB values (Derhak and Rosen, 2006) to represent spéxal data. This last method
should at least perform as good as in colorimetric problem. #so the goal is here to develop a
similar work ow as with the use of ICC prole in a color work o w but for spectral data, e.g.
to allow faster communication between a spectral color acqigition system and a spectral color
reproduction system.

Another method for spectral gamut mapping could be to use theproperties of the spectral
pinter model. By inverting the spectral printer model we obtain the closest spectral re ectance
the printer can produce according to the spectral printer madel performance. This is an op-
timization problem and comparing to the colorant separation problem (see Chapter 5) it does
not require to solve the problem in order to get a colorant conbination. The resulting spec-
tral re ectance of a given colorant combination is the summaion of the Neugebauer primaries
(NP) weighed by their fractional area coverage. By inverting the spectral Neugebauer model we
mean to invert the equation for the weights only. After inversion the gamut mapped spectral
re ectance is a summation of the NP in the convex space de neddy the NP. In the next section
we will present our spectral gamut mapping approach based orthe inversion of the spectral
Neugebauer model for the weights only.
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B.2 Spectral gamut mapping by inverting the spectral printe
model

Our spectral gamut mapping technique is based on the inversin of the spectral Neugebauer
printer model, see Equation 3.32. This model says that the sectral re ectance estimation of a
colorant combination is the weighted sum on a unit area of allthe primaries (i.e. the NP) of the
printer, see Chapter 3.3 for a de nition of the NP. For a given colorant combination ¢ we have
the following relation:

r=Pw (B.1)

where r is the estimated spectral re ectance, w the corresponding vector of weights for the
colorant combination and P the matrix containing the NP spectral re ectances. The weights
are calculated from the Demichel equations (see Chapter 3.8) which we do not need here. We
are just interested in the weights.
After gamut mapping the orignal spectral re ectance r is replaced by its gamut mapped
version r? such that:
ro= pw?® (B.2)

and the vector of weight w? is obtained while solving the following coptimization problem:

minkr  Pw %; (B.3)
WO

with the constraints set to the weights as:

K1
wi=land O<w; < 1: (B.4)
i=0

where the parameterk is the number of NP of the printing system.

The previous lines described the spectral gamut mapping form single re ectance. In case of
spectral gamut mapping of a spectral image, each pixel of thémage is a spectral re ectance.
Pratically all pixels of the spectral image are stored in a marix form R where each column is a
spectral re ectance of a pixel. Equation B.3 in then performed for each column vector ofR.

B.3 Experiment

To illustrate the e ect of our spectral gamut mapping (sGM) t echnique we perform the sGM on
the ColorChecker test chart and on a spectral image. sGM is tbn performed for two spectral
printer gamuts: a 6 inks printer and a 7 inks printer. Each setof NP is displayed in Figure 6.5.

B.3.1 Spectral gamut mapping on single spectral re ectance

The ColorChecker test chart is made of 24 spectral re ectanes. Each spectral re ectance of the
test chart is shown in Figure B.1 to Figure B.4 with the corresponding gamut mapped version
of the spectral re ectance for each printer.

CIELAB color di erences and spectral di erence between the original spectral re ectances
and their gamut mapped spectral re ectances for both printer are displayed in Table B.1.

r



Table B.1: Dierences between the orignal ColorChecker spetral re ectances and their spectral gamut mapped version ér the six inks printer and

the seven inks printer.

E. = SRMS
Patches D65 D50 FL11 FL31 D50
1 32 09] 20 07] 24 07] 33 22| 33 18] 1.8 05| 0021 0017
2 15 19| 18 19| 17 20| 14 56| 11 36| 12 12[0.029 0.030
3 33 70| 1.3 34| 20 46| 35 66| 33 50| 15 34|0051 0041
4 62 35| 50 24| 55 27| 96 38| 51 24| 37 18|0026 0023
5 93 14.1| 65 13.4| 7.4 133|106 146| 87 13.0| 55 7.8|0.079 0.075
6 11.9 21.6( 132 221|130 221|155 22.1| 93 143| 6.1 9.9|0.050 0.089
7 12 11.0| 41 17.8| 29 163| 26 200| 49 95| 14 80| 0042 0.061
8 143 175209 23.7| 188 21.3|148 17.7| 100 147| 9.8 9.9|0.054 0.052
9 17 104| 20 133| 1.9 129| 24 170| 10 117 11 520018 0.045
10 11.2 10.6| 9.2 7.9|103 89|166 130|132 11.1| 6.8 6.4|0.052 0.037
11 73 91| 69 105| 7.1 10.0(10.6 99| 63 92| 3.4 4.0 0033 0.044
12 07 59| 44 92| 32 86| 28 89| 39 39| 15 41|0046 0041
13 22,7 21.8]33.0 331|304 297|239 223|138 148|145 13.0| 0.051 0.051
14 109 60| 82 50| 92 50|172 62|104 85| 43 29|0032 0.032
15 28 07| 36 07| 34 07| 83 17| 55 10| 1.1 04]0029 0013
16 05 36| 1.0 80| 08 67| 07 51| 1.4 35| 03 18[0.020 0.044
17 54 19.8| 50 255| 53 23.8|11.3 224| 7.9 17.7| 28 12.1|0.058 0.061
18 3.9 246| 34 21.3| 3.6 228| 57 229| 37 175| 21 12.7|0.030 0.058
19 05 18| 06 15| 06 16| 06 16| 04 10| 05 14|0022 0052
20 12 03| 13 07| 13 06| 13 06| 08 03| 13 050031 0.022
21 14 05| 15 04| 15 05| 15 06| 1.0 08| 14 05| 0028 0.008
22 13 05| 1.3 04| 13 05| 14 06| 09 07| 13 050017 0.003
23 08 07| 07 07| 07 07| 08 08| 06 10| 07 0.7]0.008 0.002
24 07 01| 09 01| 08 01| 1.0 01| 04 01| 08 0.1]0.003 0.000
Av. 52 81| 57 93| 56 90| 70 94| 49 70| 31 45|0035 0038
Std 56 80| 75 98| 69 92| 67 84| 42 61| 3.4 44|0018 0023
Max 22,7 246|330 331|304 297|239 229|138 17.7| 145 13.0| 0.079 0.089
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ColorChecker Patch 1
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Figure B.1: Spectral re ectance of the ColorChecker patche 1 to 6 and their spectral mapped
version for the 6 inks and the 7 inks printer.
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Figure B.3: Spectral re ectance of the ColorChecker patche 13 to 18 and their spectral mapped
version for the 6 inks and the 7 inks printer.
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Figure B.4: Spectral re ectance of the ColorChecker patche 19 to 24 and their spectral mapped
version for the 6 inks and the 7 inks printer.
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B.3.2 Spectral gamut mapping on spectral image

The spectral gamut mapping is performed on the original spetral image (i.e. all the pixels of the
image). As we explained it, the inversion of the spectral Negebauer equations for the weights
needs only the NP of the printer. We the spectral image of the @lorChercker test chart.

To illustrate our sGM on spectral image we perform the gamut napping for two set of NP:
on with 7 inks as in Figure 6.5 b and a second with 4 inks. Theres 2* = 16 NP for the 4 inks
printer and 27 = 128 for the 7 inks printer. The 4 inks printer is made of the CMYK inks of the
7 inks printer.

In Figure B.5 are displayed the original spectral image, thegamut mapped version of it for
the 4 inks printer and for the 7 inks printer. We can observe that the spectral gamut mapped
image for seven inks printer is less changed than for four ik printer. The grayscale part of the
ColorChercker image is the least a ected by the gamut mappirg.

(@) (b) ©

Figure B.5: From left to right the original spectral image, its gamut mapped version with a set
of 4 inks CMYK and its gamut mapped version with a set of seveniiks including the previous
set. The color rendering of both images has been calculate@f under illuminant CIE D65 and
standard observer CIE1931.



Appendix C

Spectral Vector error di usion

C.1 Evaluation of sVED

You will nd in Figure C.1 and Figure C.2 the original spectra | images calledYarnPalette (YP)
and WomanReading (WR).

The halftoning by sVED of the spectral image YP for both 6 and 7 colorant printers are
displayed in Figure C.3 (a) and Figure C.3 (b), respectively

The halftoning by sVED of the spectral imagesWR for both 6 and 7 colorant printers are
displayed in Figure C.4 and Figure C.5, respectively. This pectral image has been scaled by a
factor of 2 before performing the halftoning.

Figure C.1: Original YarnPalette (YP) spectral image.
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Figure C.2: Original WomanReading (WR) spectral image scaled by a factor or 2.
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@

(b)

Figure C.3: Halftoning by sVED of the YP spectral image for the 6 and 7 colorants printer
in (@) and (b) respectively.
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Figure C.4: Halftoning by sVED of the WR spectral image for the 6 colorant printers.
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Figure C.5: Halftoning by sVED of the WR spectral image for the 7 colorant printers.



188 APPENDIX C. SPECTRAL VECTOR ERROR DIFFUSION

C.2 Preprocessing

In Figure C.6 (a) and Figure C.6 (b) are displayed the gamut mgped YP spectral images (i.e.
spectral images after pre-processing) for both 6 and 7 colant printers; sVED is performed on
these images and the halftoned images are displayed in FigarC.8 (a) and Figure C.8 (b) for
the 6 and 7 colorant printers respectively.

In Figure C.7 (a) and Figure C.7 (b) are displayed the gamut mgped WR spectral images
(i.e. spectral images after pre-processing) for both 6 and Zolorant printers; sVED is performed
on these images and the halftoned images are displayed in kige C.9 (a) and Figure C.9 (b) for
the 6 and 7 colorant printers respectively.
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@

(b)

Figure C.6: Gamut mapped YP spectral image for the 6 and 7 colorant printers.
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@ (b)

Figure C.7: Gamut mapped WR spectral image for the 6 and 7 colorant printers.
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@

(b)

Figure C.8: Halftoning by sVED and pre-processing of the YP spectral image for the 6 and
7 colorant printers.
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@ (b)

Figure C.9: Halftoning by sVED with pre-processing of the WR spectral image for the 6
and 7 colorant printers.
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C.3 Evaluation of sVED with clipping

In Figure C.10 (a) and Figure C.10 (b) are displayed the halfoned images by sVED and clipping
of the gamut mapped YP spectral images for the 6 and 7 colorant printers respectivg.

In Figure C.11 (a) and Figure C.11 (b) are displayed the halfoned images by sVED and
clipping of the gamut mapped WR spectral images for the 6 and 7 colorant printers respectivg.



194 APPENDIX C. SPECTRAL VECTOR ERROR DIFFUSION

@

(b)

Figure C.10: Halftoning by sVED with pre-processing and clipping of the YP spectral
image for the 6 and 7 colorant printers in (a) and (b) respectiely.
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(@) (b)

Figure C.11: Halftoning by sVEd with pre-processing and clipping of the WR spectral
image for the 6 and 7 colorants printer in (a) and (b) respectiely
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C.4 Evaluation of sVED with scaling

In Figure C.12 (a) and Figure C.12 (b) are displayed the halfoned images by sVED and scaling
of the gamut mapped YP spectral images for the 6 and 7 colorant printers respectivg.

In Figure C.13 (a) and Figure C.13 (b) are displayed the halfoned images by sVED and
scaling of the gamut mappedWR spectral images for the 6 and 7 colorant printers respectivg.
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@

(b)

Figure C.12: Halftoning by sVED with pre-processing and scaling of the YP spectral image
for the 6 and 7 colorant printers in (a) and (b) respectively.
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(@) (b)

Figure C.13: Halftoning by sVED with pre-processing and scaling of the WR spectral
image for the 6 and 7 colorant printers in (a) and (b) respectiely.
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C.5 Evaluation of sVED with new Iter design by distance

In Figure C.14 (a) and Figure C.14 (b) are displayed the halfoned images by sVED and new
Iter design by distance of the gamut mapped YP spectral images for the 6 and 7 colorant
printers respectively.

In Figure C.15 (a) and Figure C.15 (b) are displayed the halfoned images by sVED and
new lter design by distance of the gamut mappedWR spectral images for the 6 and 7 colorant
printers respectively.
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@

(b)

Figure C.14: Halftoning by sVED with pre-processing and lter by distance of the YP
spectral image for the 6 and 7 colorant printers in (a) and (b) respectively.
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(@) (b)

Figure C.15: Halftoning by sVED with pre-processing and new lter by distance of the
WR spectral image for the 6 and 7 colorant printers in (a) and (b) respectively.
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C.6 Evaluation of sVED with new Iter design by random
placement of existing weighs

In Figure C.16 (a) and Figure C.16 (b) are displayed the halfoned images by sVED and new
Iter design by Random placement of existing weigths of the gamut mapped YP spectral images
for the 6 and 7 colorant printers respectively.

In Figure C.17 (a) and Figure C.17 (b) are displayed the halfoned images by sVED and
new Iter design by Random placement of existing weigths of he gamut mappedWR spectral
images for the 6 and 7 colorant printers respectively.
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@

(b)

Figure C.16: Halftoning by sVED with pre-processing and new Iter by random place-
ment of existing weights  of the YP spectral image for the 6 and 7 colorant printers in (a)
and (b) respectively.
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@ (b)

Figure C.17: Halftoning by sVED with pre-processing and new Iter by random place-
ment of existing weights  of the WR spectral image for the 6 and 7 colorant printers in (a)
and (b) respectively.
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