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Abstract — A new, accurate, and technology-independent display color-characterization model is
introduced. It is based on polyharmonic spline interpolation and on an optimized adaptive training
data set. The establishment of this model is fully automatic and requires only a few minutes, making

it efficient in a practical situation. The experimental results are very good for both the forward and
inverse models. Typically, the proposed model yields an average model prediction error of about
1 AE,»* unit or below for several displays. The maximum error is shown to be low as well.
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1 Introduction

A cross-media color-reproduction workflow can be consid-
ered to begin with the acquisition of a color scene and end
up with the display of this scene by any device or medium.
It is well known that the color acquired or reproduced by
different devices for the same input is not the same. Thus,
the use of a color-management process is required to keep
the color consistent through the entire color workflow. In a
nutshell, cross-media color reproduction needs the col-
orimetric characterization of each color device and a color-
rendering algorithm, which permits the mapping of colors
from one device to another.

The colorimetric-characterization process can be defined
as understanding and modeling the relationship between
the input and the output, in order to control a color device.
Display color characterization thus aims to model the rela-
tionship between a digital value input to the display and the
resulting displayed color. A display can be considered as an
interface or as a function between an input signal and a dis-
played color; we can consider this function and its inverse F
and F~! that associate the signal and the color as follows:

>

{Dependent color space — Reference color space

Signal — Color = F(Signal)

. {Reference color space — Dependent color space

Color — Signal = F(Color)

With these notations, Eq. (1) can be called the forward
transform; meanwhile, Eq. (2) can be called the inverse or
backward transform.

This article introduces a new color-characterization
model based on polyharmonic splines 3-D interpolation.
The novelty introduced concerns the distribution of color
patches to measure for the training of the model and the

freedom given to the model considering the choice of a tar-
get color space and of the kernel and smoothing factor for
the interpolation. This increases noticeably the accuracy of
the model. The inverse model is based on a tetrahedral in-
terpolation, using a grid designed in RGB. As design goals,
we aim for the display color-characterization model to be as
accurate as possible on any type of display and we want the
color correction to be done in real time (no pre-processing).
Moreover, we want the model establishment not to exceed
apractical time of a few minutes (the time of a coffee break).

We first present the state of the art of display color
characterization in Sec. 2. We then introduce our new accu-
rate display color-characterization model. We evaluate this
method experimentally on different displays. Before con-
cluding, we describe briefly its application to multispectral
image real-time color rendering under a virtual illumination
through its GPU implementation.

2 Display color characterization

In this section, we review the state of the art of display color
characterization. The first part considers the methods used
to model color in displays; the second part considers the
inversion of color characterization models.

2.1 Modeling displays

Many color-characterization models exist; we can classify
them in three groups. The first group includes physical
models; the two others are empirical, i.e., based on a number
of measurements used to generalize the model using a
mathematical process.

In the first group, one can find the models that tend to
model physically the color response of the device. They are
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often based on the assumption of the independence
between the channels and of chromaticity constancy of the
primaries. Then, a combination of the primary chromaticities
weighted by the luminance response of the display relative
to a digital input can be used to perform the colorimetric
transform. These physical models are historically widely
used for displays because CRT technology follows the
assumptions cited above very well.3-> Such a model typically
first aims to linearize the intensity response of the display.
This can be done by establishing a model that assumes that
the intensity response curve follows a mathematical func-
tion,"~16 or by linear interpolation.w’18 The measurement
of the luminance can be done using a photometer. Some
approaches propose a visual-response-curve estima-
tion.6,19-21 Recently, a method to retrieve the response
curve of a projection display using an uncalibrated camera
has been proposed.20-22.23

The second step of these models is commonly the use
of a 3 x 3 matrix containing primary chromaticities to build
the colorimetric transform from luminance to an additive
reference color space such as XYZ. The primary chromatici-
ties can be generic primaries such as sSRGB?* for some
applications,22>23 data supplied by the manufacturer,®
be estimated by measurement of the device primaries at full
intensity, using a colorimeter or a spectroradiometer, assum-
ing their chromaticity constancy. In practice, this assump-
tion does not hold perfectly. The major part of the
non-constancy of primaries is coming from an offset contri-
bution.12 This can be corrected by applying a flare correc-
tion.!8 Tt is also possible to minimize the chromaticity
non-constancy in finding the best chromaticity values of pri-
maries by optimizing the components of the 3 x 3 matrix.2?
The colorimetric transform can as well be replaced by a 2-D
interpolation in the chromaticity plane, such as in the two-
step parametric model proposed by Blondé et al.26

However, the use of a physical model leads to inaccu-
racy due to inaccurate assumptions. An alternative approach
has been derived in the masking model and modified mask-
ing model that take into account the cross-talk between
channels.2” Furthermore, the lack of chromaticity con-

or can

stancy can be critical, particularly for LCD technology,
which has been shown to fail this assumption.lS’28 The
Piecewise-Linear Assuming Variation in Chromaticity
(PLVC) modell™-29-32 can be used to overcome this, spe-
cially on LCDs.3L32 In the case of a multi-primary displays,
a physical model has been introduced by Wyble et al 3334
for DLP projectors using a white segment in the color
wheel, it is more common to use an empirical model.

The second group can be denoted as numerical mod-
els 11,12,27,35,36 They are based on a training data set that
typically permits the optimization of the parameters of a
polynomial function to establish the transform. The numeri-
cal models suppose that the mathematical transform can be
approximated by a set of equations, usually an n-order
polynomial function. The parameters are retrieved using an

n-order polynomial regression process based on measure-
ments.

The last category consists of a 3-D Look-Up Table
(LUT) or 3-D interpolation-based models. They are based
on the measurements or estimation of a defined number of
color patches. Studies assess that these methods achieve
good results 3738 depending on the combination of the
interpolation method used,’943 the number of patches
measured and on their distribution.38-4447 However, to be
precise enough, a high number of measurements are typi-
cally required, i.e., a 10 x 10 x 10 grid of patches measured
in Bastani’s paper.37 Such models need high storage capacity
and computational power to handle the 3-D data. The com-
putational power is usually not a problem since graphic
processor units can perform this type of task easily today.
The high number of measurements needed is a greater chal-
Ienge.26 However, such models have the advantage of being
technology independent, i.e., no assumptions are made
about the device other than that it will always have the same
response at the measurement location (temporal stability).
With the number of different display technologies presently
on the market, and with their fast evolution, such models are
the most suitable choice for stable and accurate color char-
acterization.

2.2  Model inversion

The inversion of a display color-characterization model is of
major importance for color reproduction since it provides
the set of digital values to input to the device in order to
display a desired color. Among the models or methods used
to achieve color characterization, we will distinguish two
categories.

The first one contains models that are conveniently
invertible, such as the PLCC, the offset corrected PLCC
and the GOG or GOGO models 3511121718 Tt jg guffi-
cient enough to invert the matrix used for the colorimetric
transform and the function used to linearize the response
curve to invert the model.

The second category contains the models that are not
conveniently invertible for real-time application. We can list
some typical problems and methods used to invert these
models:

A condition or a set of conditions has to be verified,
such as in the masking model.27

A new matrix might have to be defined by regression
in numerical models.11:12:35.36

A full-optimization process has to be set up for each
color, such as in the S-curve model 111516 in the modified
masking model27 or in the PLVC model.18

The optimization process can appear only for one step
of the inversion process, as in the PLVC!7 or in the S-curve
115.16 models.

Empirical methods based on a 3-D LUT can be inverted
directly,37 using the same geometrical structure. However,
in order to obtain a better accuracy, it is common to build
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another geometrical structure to yield the inverse model.
For instance, it is possible to build a draft model to define a
new set of color patches to be measured.3®

It is then of use to set a 3-D LUT based on the forward
model 48 An optimization process can help to design a good
LUT.

To our knowledge, the first report of creating a LUT
based on the forward model is from Stokes*S in the field of
printer color characterization. In this work, the LUT is built
to replace the analytical model in the forward direction. It
is based on a regular grid designed in the printer CMY color
space, and the same LUT is used in the inverse direction,
simply by switching the domain and co-domain. Note that
for displays, the forward model is usually computationally
simple and that we need only to use a 3-D LUT for the
inverse model. The uniform mapping of the device space
leads to a non-uniform mapping in the perceptually uniform
space for the inverse direction when a linear interpolation is
used, and it is common to re-sample this space to create a
new LUT. To do that, a new grid is usually designed in
L*a*b* and is inverted after gamut mapping of the points
located outside the gamut of the printer. Several algorithms
can be used to re-distribute the data?9-51 and to fill the
grid.52‘54

Back to displays, two classical approaches using the
forward model can be considered to distribute patches in
the source space:

e One can directly use a regular distribution in RGB
and transform it to L*a*b* using the forward model;
this approach is the same as used by Stokes for
printer characterization®® and leads to a non-uni-
form mapping of the L*a*b* space, which leads to
inaccuracy for the inverse direction. To overcome
this problem, Thomas et al.*647 have proposed a
method to build an optimized LUT, based on a cus-
tomized RGB grid. They modified the previous
framework to re-distribute the patches in RGB in
order to obtain a better inverse model.

\ N\ T\ A \
' VN & o

e Another approach is to distribute the patches regu-
larly in L*a*b*, following a given pattern or any of
the methods used in printer characterization.9->!

Then, an optimization process using the forward

model can be performed for each point to find the
corresponding RGB value. The major drawback of

this method, compared with the previous one, is that

it requires a gamut mapping algorithm to ensure

that the patches are inside the gamut of the device.

The next step is generally to tetrahedrize the grid to
perform a tetrahedral (or more complex) interpola’don.:39 In
the case of the grid designed in RGB, it is enough to tetra-
hedrize it directly in this space, since the structure’s shape

remains order while transformed to L*a*b*.

3 Proposed model

A display color-characterization model aims to provide a
function that estimates the displayed color stimuli for a
given three-tuple RGB input to the display. Different
approaches can be used for this purpose based on measure-
ments of input values (i.e., RGB input values to a display
device) and output values (i.e., XYZ or L*a*b* values meas-
ured on the screen by a colorimeter or spectrometer) (see
Fig. 1).

The method we present here is based on the generali-
zation of measurements at some positions in the color space.
It is an empirical method that does not consider any as-

sumptions based on display technology. The forward direc-
tion (RGB to L*a*b*) is based on radial basis function
(RBF) interpolation on an optimal adaptive set of measured
patches. The inverse model (L*a*b* to RGB) is based on
tetrahedral interpolation. An overview of this model is
shown in Fig. 2.

FIGURE 1 — Characterization process from RGB to L*a*b*. The transform from RGB to L*a*b* is generalized
to the entire color space based on some measurements and on a model.
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FIGURE 2 — Overview of the display color-characterization model and
of the inverse model.

3.1 Forward model

Conventionally, a characterization model (or forward
model) is based on an interpolation or an approximation
method. We found that RBF interpolation was the most
suitable model for our purpose.

3.1.1

Polyharmonic splines are a subset of RBF that can be used
for interpolating or approximating55’56 arbitrarily distrib-
uted data. They are defined such as:

Polyharmonic spline

or)=rF  ifk=135,...
o(r) = rF In(r) if k = 2,46,...

In practice, in the second case, in order to avoid prob-
lems at r = 0, we use ¢(r) = rk=1n(r") when r < 1.

In color imaging, beside of this method and its pre-
vious version,35-44.45 we only know the use of thin plate spli-
nes (TPS) for printer colorimetric characterization.’” TPS
are a subset of polyharmonic splines (bi-harmonic splines).
Sharma and Shaw”7 recalled the mathematical framework
and presented some applications and results for printer
characterization. They showed that by using TPS, they
achieved a better result than as using local polynomial
regression. They showed that by using a smoothing factor,
error in measurement impact can be avoided at the expense
of the computational cost that optimize this parameter.
However, they did not study the data distribution influence
(but they stated that the data distribution can improve the
accuracy in their conclusion), neither the use of other
kernels for interpolation. The main interest of the method
we propose is to take into account these parameters.

3.1.2

The idea behind RBF's is to build a function f whose graph passes
through the data and minimizes a bending energy function. For
a general M-dimensional case, we want to interpolate a val-
ued function f(X) = Y given by the set of values f = (f1, ..., fx)
at the distinct points X = x1, ..., xy C RM we choose f(X) to
be a RBF of the shape:

RBF interpolation and approximation

ul M
F@)=plo)+ X v;0(x—x; ||) xeRM,
i=1

where p is a polynomial, y7 is a real-valued weight, ¢ is a
basis function, ¢:9?M — R, and llx — x;ll is the euclidean
norm between x and x;. Therefore, a RBF is a weighted sum
of translations of a radially symmetric basis function aug-
mented by a polynomial term. Different basis functions
(kernel) ¢(x) can be used.

Considering the color problem, we want to establish
three three-dimensional functions f1(x, y, z). The idea is to
use a sum of polynomials of small degrees instead of a high-
order polynomial (such as in a classical polynomial fitting).
For a set of data {(xl-,yi,zi,wi)}?_l [where w; = f(x;, y;, 2)])

the minimizing function is given by

f(x, Yy, Z) = bo + blx + b21/ + bgz

n
+ S| y-y.2-5)
j=1

)

where the coefficients aj and bg 123 are determined by
requiring exact interpolation using the following equation

n
J=l
for 1 < n, where 0y = Ol (x; — Xj, Yi — Y, Ri — zj)ll]. In matrix
form this is

h=Aa+Bb, (5)

where A = [‘Dij] is an n X n matrix and B is an n X 4 matrix
whose rows are [1 x; y; z;]. An additional requirement in
order to ensure the data be not to be collinear (the non-sin-
gularity of the interpolation would not be guaranteed with
our algorithm in the case of collinear data?) is that

BTa=0. (6)
These two vector equations can be solved to obtain
a =A"h-Bb)and b = (B'A™'B)'BTA .

It is possible to provide a smoothing term. In this case,
the interpolation is not exact and becomes an approxima-
tion. The modification is to use the equation

h=(A+M\l)a+ Bb, (7)

a=(A+ AM)Yh - Bb) and b = [BT(A + AM'B)"1BT(A +
AR,

where A > 0 is a smoothing parameter and I is the n X n
identity matrix.

?Another way could be to add some jitter to the data, thus to avoid this
requirement.
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3.2 Free parameters of the model
3.2.1

In our context, we have evaluated the use of a set of three real
functions as kernel, the biharmonic [¢(x) = x], triharmonic
[0(x) = 23], and thin-plate spline [¢(x) = x?In(x)] with x the
distance from the origin. The use of a given basis function
depends on the display device that is characterized and gives
some freedom to the model.

Polyharmonic kernels

3.2.2

Our forward model uses L*a*b* as default target (L*a*b* is
a target well adapted for the gamut clipping that we use).
This does not imply that we have to use this space as target
for the RBF interpolation. In fact, we considered two
choices. We can use either L*a*b*, which seems to be the
most logical target, or XYZ associated with a XYZ to L*a*b*
color transformation. The use of different color spaces as
targets gives us another degree of freedom.

Target color space

3.2.3

Once the kernel and the color-space target are fixed, the
smoothing factor, included in the RBF interpolation model
used here [see Eq. (7)] is the only parameter that can be
used to change the properties of the transformation. With a
zero value, the model is a pure interpolation. With a differ-
ent smoothing factor, the model becomes an approximation.
This is an important feature because it helps us to deal with
the measurement problems due to the display temporal sta-
bility and to the repeatability of the measurement device.

Smoothing factor choice

3.3  Adaptively optimized learning data set

In order to increase the reliability of the model, we intro-
duce a new way to determine the learning data set for the
polyharmonic splines interpolation (e.g., the set of color
patches measured on the screen). We found that our inter-
polation model was most efficient when the learning data
set used to initialize the interpolation was regularly distrib-
uted in our destination color space (L*a¢*b*). This new
method is based on a regular 3-D sampling of L*a*b* color
space combined with a forward-inverse refinement process
after the selection of each patch. This algorithm allows us to
find the optimal set of RGB colors to measure (see Fig. 3).

This technique needs to incrementally select the RGB
color patches that will be integrated into the learning data-
base. For this reason, it has been integrated into a custom
software tool that is able to drive a colorimeter or a spec-
troradiometer. This software also measures a set of 100 ran-
dom test patches equiprobably distributed in RGB used to
determine the accuracy of the model.
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FIGURE 3 — Overview of the iterative selection of the optimal data set
to measure. Every time we measure a color patch, we recomputed the
rest of the data set to be measured.

3.3.1 Iterative selection of patches

In Ref. 38, the selection of the patches, in order to build the
forward model, is based on an iterative process that consid-
ers the entire model. The presented algorithm considers
only one iteration. First, the original set of patches is meas-
ured, and a temporary inverse model is built up. Using this
temporary model, the actual forward model is based on
measured patches well distributed in the destination space.
Well distributed means that the patches are as equidistant
as possible in the destination color space, i.e., L*a*b* or
CIEXYZ. The distribution we used in our algorithm is the
same. It is based on a 3-D hexagonal grid in L*a*b* that is
described in the following. Stauder et al. 38 stated that as
many iteration as wanted can be used at the expense of a
new measurement series at each iteration.

The approach we used in our model is different. We
consider that the cost of measurement time does not fit with
the reality of an application (the number of measurements
for accurate display color characterization is a major prob-
lem, such as for printers, that is debated in recent literature,
such as in Ref. 26 or Refs. 46 and 47). We therefore do not
want to measure more than a second data set. However, the
establishment and evaluation of a model is fast even on
CPU. Our forward model is then based on a refinement of
the model after each measurement, starting from the
brighter point, ending with the darker point. Between each
measurement, a new model is set up, and the RGB value
(position) of the patches that have not been measured yet is
re-evaluated, using a new and more accurate temporary
model at each iteration. At the end, the forward model is as
precise as possible considering a given number of patches.
The choice to describe the grid from higher to lower lumi-
nance is defended by the commonly known fact that any
measurement device is usually more accurate in higher
luminance. Following this choice, we build up a more
homogeneous model because the lower accuracy of the
measurement device is compensated by a better estimation



of the patch to measure. This way of distribution constrains
the use of this model to displays because there is a need to
re-evaluate the next patch value to measure after each meas-
urement. For instance, it would be too much time and
money consumed to build such a model for a printer, even
more so for a camera.

3.4 Inverse model using tetrahedral
interpolation

While the forward model defines the relationship between
the device color space and the CIE system of color measure-
ment, we present in this section the inversion of this trans-
form. Our problem is to find, for L*a*b* values, the
corresponding RGB values (for a display device previously
characterized).

This inverse model could use the same interpolation
methods previously presented, but we used a new and more
accurate method proposed in Ref. 44. This new method uses
the fact that if our forward model is very good, then it is
associated with an optimal patch database (see Sec. 3.3).
Basically, we use a hybrid method; a tetrahedral linear inter-
polation associated with an oversampling of the RGB cube
(see Fig. 4). We have chosen this interpolation method
because we can generate a large number of data points,
which makes the linear interpolation accurate. Moreover,
the geometrical aspect of the tetrahedral structure fits well
with a gamut clipping algorithm.

We built the initial tetrahedral structure by using a
uniform over-sampling of the RGB cube (n X n X n samples).
This over-sampling process uses the forward model to com-
pute the corresponding structure in L*a*b* color space,
such as in the method proposed by Stokes.*S Once this
structure is built, we can compute, for an unknown Cp g,
color, the associated Crgp color by using tetrahedral inter-
polation.

The oversampling used is not based on the same
number of points for each axis of RGB. It is computed ac-
cording to the shape of the display device gamut in L*a*b*
color space. Note that this concept differs from the work of
Stauder et al.38 that uses a regular grid in RGB, such as
presented by Stokes.48 We found that than an equivalent to
36 x 36 x 36 samples was a good choice. Using such a tight
structure locally linearizes our model, which becomes per-
fectly compatible with the use of a tetrahedral interpolation.
The selection of the number of patches along each axis is
performed by using a brute-force approach, such as used in
Ref. 47.

4  Experimental setup and results

We want our method to work practically on most displays
commonly used in museum laboratories (as well as poten-
tially other high-end spectral and color-reproduction work-
flows). We decided to test our method on a relatively large
set of displays: two CRTs using Diamondtron technology
(Mitsubishi DiamondPro SB2070 and DiamondPlus 230)
were tested as well as three LCDs: one TN technology
(Sensy 24KAL), a wide gamut display using TN technology
(Hewlett-Packard HIP2408w) and one based on IPS technol-
ogy (EIZO CG301W). The measurement device as well has
to be commonly found in laboratories and should allow us to
perform automatic measurements. We used a spectro-
photometer EyeOne Pro from X-Rite.

We need to find the best inverse model that allows us
to determine, with a maximum of accuracy, the RGB values
for a given set of XYZ values. In order to complete this task
we must define an accuracy criteria. We chose to multiply
the average AE,* by the standard deviation (STD) of AE;;,*
of the set of 100 patches evaluated with a forward model.
Using the forward model makes sense because it is used to
generate the inverse model data. Moreover, we combined
the standard deviation of the error and the mean error in

Blue

FIGURE 4 — Tetrahedral structure in L*a*b* and the corresponding structure in RGB.
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order to have good average accuracy coupled with a small
dispersion around it. For the evaluation of the inverse
model, we chose to evaluate the accuracy of the transform,
more than the color difference induced by the transform.
For this goal, we used the Euclidean distance in the desti-
nation color space, namely, RGB. Thus, for a predicted trip-
let (R1, Gq, B1) and another (Rg, Gg, Bg) used to display the
wanted color, the difference is

ARGB = {(R1-R2)% +(G1-G2)% + (Bl - B2)2.

We compare our results with the same model without
an adaptive selection of data, then we can clearly see the
improvement generated. We do not consider a simpler
model, such as the PLCC or GOGO since they have been
shown to be clearly less accurate than the type of models we
are evaluating, at the expense of simplicity. Moreover, it
would be difficult and unfair to compare a matrix model,
which requires, for instance, from eight (10 including pri-
maries) to 24 measurements with a method that requires
216 measures and some re-computing of patches after each
measure.

4.1 Measurements

Before we show our results, we should discuss color meas-
urement. Two main factors will influence these measure-
ments:

1. The stability of the display device: A display
device is linked to a power supply and a light
source (for LCDs, video projectors, etc.) or an
electron gun (for CRTs, SEDs, FEDs, etc.) or
plasma cells. We cannot expect these elements to
be perfectly stable (especially with non-profes-

TABLE 1 — Display and measure repeatability.

Display Device AEZ, Mean Mean (AEZ;, STD) AES, Max
SB2070 - CRT 0.234267 0.159998 1.55088
Mitsubishi
HP2408w - LCD 1.93712 1.35595 10.8971
Hewlett-Packard

TABLE 2 — Repeatability between two consecutive measurements.

Display Device AEZ, Mean AEZ;, Max
SB2070 - CRT Mitsubishi 0.102522 0.547393
HP2408w - LCD Hewlett-Packard 0.183674 0.664864

sional equipments). The result is a color-rendering
instability.

2. The measurement devices give values with a toler-
ance. In the case of a colorimeter, this tolerance
depends on different factors: the technology used,
the brightness of the color, etc.

We need to know the combined influence of these two
factors. In order to quantify it, we performed the following
experiment for each display device tested: we send and
measure 64 color patches (4 x 4 x 4) uniformly sampled
patches) 30 times (20 minutes measurement).

We computed for each color patch the AE,,* mean,
max, and standard deviation. Table 1 shows the mean of
these values for the 64 patches during all the measurement.
Table 2 shows the result (AE mean and max) between two
consecutive measurements.

Whatever the model used during the calibration proc-
ess it will include this measurement error. We can also be
confronted to a relatively instable display, even on a short
period of time (with the HP2408w LCD). This type of dis-
play cannot provides reliable colors.

TABLE 3 — Part of the results obtained in order to evaluate the best model parameters. The presented results
consider L*a*b* as the target color space and a triharmonic kernel for a CRT monitor SB2070 Mitsubishi

DiamondPro.

SmFZ?:tt:ir"g 0 0.0001 | 0.001 0.01 0.1
AE Mean 0.379 0.393 0.376 0.386 0.739
AESTD 0.226 0.218 0.201 0.224 0.502
AE Max 1.374 1327 1.132 1.363 2.671
AE 95% 0.882 0.848 0.856 0.828 1.769
ARGB Mean | 0.00396 | 0.00459 | 0.00438 | 0.00421 | 0.00826
ARGBSTD | 0.00252 | 0.00323 | 0.00316 | 0.00296 | 0.00728
ARGB Max | 0.01567 | 0.02071 | 0.01768 | 0.01554 | 0.05859
ARGB 95% | 0.00886 | 0.01167 | 0.01162 | 0.01051 | 0.01975
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TABLE 4 — Part of the results obtained in order to evaluate the best model parameters. The presented results
consider XYZ as target color space and a triharmonic kernel for a CRT monitor SB2070 Mitsubishi DiamondPro.

>moothing 0 0.0001 | 0.001 0.01 0.1
AE Mean 0495 | 0.639 | 0539 | 0332 | 0.616
AE STD 0293 | 0424 | 0360 | 0179 | 0.691
AE Max 1991 | 2931 | 2548 | 1.075 | 4.537
AE 95% 1.000 | 1.427 | 1.383 | 07021 | 1.751
ARGB Mean | 0.00674 | 0.00905 | 0.00720 | 0.00332 | 0.00552
ARGBSTD | 0.00542 | 0.00740 | 0.00553 | 0.00220 | 0.00610
ARGB Max | 0.02984 | 0.03954 | 0.03141 | 0.01438 | 0.04036
ARGB 95% | 001545 | 0.02081 | 0.01642 | 0.00597 | 0.01907

4.2

The selection of the optimal parameters can be done using

Optimal model

a brute-force method. We compute for each kernels (i.e.,
biharmonic, triharmonic, thin-plate spline), each color
space target (L*a*b*, XYZ) and several smoothing factors (0,
i.e., 005, 0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, and 0.1)
the values of this criteria and we select the minimum. For
example, Tables 3 and 4 show the results obtained for a
SB2070 Mitsubishi DiamondPro with a triharmonic kernel
for L*a*b* (Table 2) and XYZ (Table 3) as target color space
(using a learning data set of 216 patches):

According to our criterion, the best kernel is the tri-
harmonic with a smoothing factor of 0.01 and XYZ as target
space.

The measurement process took about 5 minutes and
the optimization process took 1 minute (with a four-core
processor, Intel core2 quad 2.8 GHz). We reached our goal
which was to provide an optimal model during the time of a
coffee break for a user.

Our different experimentation showed that a 216
patches learning set was a good compromise (equivalent to
a 6 x 6 x 6 sampling of the RGB cube). A smaller data set
gives us a degraded accuracy, a larger gives us similar results

TABLE 5 — Accuracy of the model established with 216 patches in
forward and inverse direction for a LCD wide-gamut display (HP2408w).
The distribution of the patches plays a major role in the model accuracy.

Forward Model Inverse Model

because we are facing the measurement problems intro-
duced previously.

4.3

Tables 4 and 5 show the results obtained with our model for
two displays of different technologies. These tables show
clearly how the optimized learning data set can produce bet-
ter results with the same number of patches.

Optimized learning data set

4.4

The following table presents different results obtained for
three other displays (two LCDs and one CRT).

We can see here that our model gives very good results
on a wide range of displays.

Results on different displays

4.1 GPU-based implementation and real-
time application

This color-management method is based on a conversion
process that will compute for XYZ values the corresponding
RGB values. Often a colorimetric characterization model

TABLE 6 — Accuracy of the model established with 216 patches in
forward and inverse direction for a CRT display (Mitsubishi SB2070). The
distribution of the patches plays a major role in the model accuracy.

Forward Model Inverse Model

AE Mean AE Max ARGE ARGEB Max
Mean
Optimized 1.057 4,985 0.01504 0.1257
Uniform 1.313 9.017 0.01730 0.1168

AE Mean AE Max ARGE ARGE Max
Mean
Optimized 0.332 1.075 0.00311 0.01267
Uniform 0.435 1.613 0.00446 0.01332
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