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Abstract

The goal of this paper is to document the use of time series in color matching. Although time series are not
commonly used for this purpose, the results obtained, based on the principle of similarity in time series using the
Euclidean distance, establish the validity of its use for color matching applications. The accuracy of color
matching was based on the measures of reflectivity versus wavelength of samples given by a spectrophotometer.
The error estimation was calculated using a database of 1001 elements. The matching module has been tested with
six samples included and not included in the database. All of them gave an error lower than the estimated absolute
error of 11.36.

Keywords: Time series; Color matching; Pattern recognition; Similarity; Color management systems.

Resumen

El proposito de este trabajo es documentar el uso de las series de tiempo en el pareo de colores. Aunque las series
de tiempo no son usadas comtinmente con este fin, los resultados obtenidos, basados en el principio de similitud
en las series de tiempo mediante la distancia euclidiana, establece la validez de su uso en las aplicaciones de pareo
de colores. La exactitud del pareo de colores se basé en las medidas de la reflectividad contra la longitud de onda
de las muestras, dadas por un espectrofotometro. La estimacion del error fue calculada a partir de una base de
datos de 1001 elementos. El mdédulo de pareo ha sido probado con seis muestras incluidas y no incluidas en la
base de datos. Todas ellas dieron un error menor que el error absoluto estimado de 11.36.

Palabras clave: Series de tiempo; Pareo de colores; Reconocimiento de patrones; Similitud; Sistemas de
administracion del color.

1 Introduction

Color mapping or color matching is a process in which a color is transformed into its visually closest color in a given
target color space. A color space is a mapping of color components onto another coordinate system in three or more
dimensions [1].

The principal objective of this work is to use color matching as an Internet-based service for matching paint
colors [2]. Generally, factories that produce paints match colors through a color swatchbook prepared from the paints
and mixes of colors produced by them. The cost in equipments of color matching in real time is relatively high, and it
is done only “in situ”, never remotely (e.g., via the Internet) [3], [4], [5]-

It was of our interest to create a computer system for color matching. This task is not a trivial one because it
depends on the preparation of color samples and their maintenance. The problem arose when it was necessary to find
a procedure to achieve a fast, robust, and error-free way of color matching. We considered that the solution given by
the use of the principle of similarity in time series might be viable for this purpose.

2 Some Concepts
In order to frame our contribution in the proper context we begin with a brief review of the necessary background

material about Color and Time series.
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Color Matching using Time Series Searching in Color Databases 231

2.1 Color
Color is produced when light in the visible region of the electromagnetic spectrum approximately corresponds to the
wavelength from 380 to 780 nm. A color of a visible spectrum can be specified in terms of tristimulus values. The
color matching properties of all spectra with respect to a given set of primaries can be specified in terms of the color
matching properties of their monochromatic spectra.

The CIE 1931 recommendations defined a standard colorimetric observer by providing a set of color matching

functions, the CIE RGB (1), g(A1),b(1), associated with monochromatic primaries at wavelengths of 700.0,

546.1, and 435.8 nm, respectively, with their radiant intensities adjusted so that the tristimulus values of the equi-
energy spectrum are all equal (with a constant spectral power distribution). In order to avoid negative values at all
wavelengths, the CIE 1931 defined also as a linear transformation the color matching functions

X(A),Y(A), Z(A)in the wavelength range A = 380 to 780 nm at wavelength intervals of AL = 5nm. These

transformations are suitable for describing color-matching when the angular subtense of the matching fields at the
eye is between one and four degrees.
Because an infinite number of transformations can be defined to meet the non-negative requirement, additional

criteria were used: the choice of S/(ﬂ,) coincident with the luminous efficiency function (that gives the relative

sensitivity of the eye to the energy at each wavelength) and the normalization of the three color matching functions so
as to yield equal tristimulus values for the equi-energy spectrum [15].

CIE XYZ tristimulus space varies widely over the color space, because it is perceptually non-uniform in that
equal perceptual differences between colors do not correspond to equal distances in the tristimulus space. The
problem to develop a uniform color space has been decomposed into two sub-problems: one of determining a
uniform lightness scale and the other of determining a uniform chromaticity diagram for equi-lightness color stimuli.
Based on this, the CIE has recommended the approximately perceptually uniform CIE 1976 L*a*b* (CIELAB)
space, employing a lightness scale, L*, that depends only on the luminance value Y, and two chromatic values a* and
b* [15].

To classify and qualify colors according to attributes such as hue, saturation, chromaticity, luminosity or
brightness, or other, color models are used. The color space may or may not be dependent of the device (printers,
scanners, displays, etc.). The color model used for the samples in this work was the CMYK (cyan, magenta, yellow,
black); color mixes were obtained by the principles of the subtractive method.

An illuminant D specifies the relative distribution of energy that nearly corresponds with the radiation emitted by
the so-called black body. A specific illuminant is then referred to the temperature in degrees Kelvin of the black body
that more nearly matches it. The illuminant D65 has a spectral energy distribution that nearly matches that of the
black body at 6500 °K.

Finally, the reflectance spectrum R(}) is defined as the ratio of the reflected light flux to the incident light flux for
a given wavelength A [15]. Reflectance values obtained from the spectrophotometer were related to the perceptually
quasi-uniform CIE L*a*b* color space.

2.2 Time Series
We begin with a definition of a time series:

Definition 1
A time series is an ordered set of m real-valued variables [7], [8]:
T={ty ..ta|t eR} (1)

In general, in many applications the global properties of time series are not of interest, but the main interest is
confined to parts of the time series called subsequences.
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232 E. M. Felipe Riveron, et al.

Definition 2
Given a time series T of length m, a subsequence C, is a subset of n contiguous elements from T, where m > n.

C= { tp: s tp+n-1 | for 1< p= m-n+1 } (2)

In this work our subsequence consist of a group of contiguous ordered elements associated with the number of
drops of each primary color cyan, magenta and yellow, as well as black and distilled water, necessary to create a
given sample of an unknown color.

Adapting the same approach of sliding windows (8), in our application we define it in the following way.

Definition 3

Given a time series T of length m, and a user defined subsequence of length w, we select a “window” with a known
equal number of elements across T to the subsequence W. In our case, all elements selected have the same length,
with their beginning always in the position (nw+1), n =0, 1, 2, 3,..., (m/w)-1. The number of possible windows (or
sequences) is T/w. The above definitions are summarized in Fig. 1.

The shadowed area is the size of a matrix S of (m-w+1) columns, the number of subsequences, by W rows, the
number of elements (color components) of each subsequence. The information of the matrix is exactly the same
information of T, thus occupying the same memory space. All subsequences are different; that is, there is not the
possibility of two equal subsequences in our time series. Subsequences are contiguous to each other; that is, there are
no free positions or overlapping between any of them. In a well-built database, subsequences are also contiguous.
Independent elements of the database form an ordered set.

In our case, the subsequences are selected according to the minimal Euclidean distance between the pattern of the
color sample and the elements of the database that constitutes our time series. Patterns are represented by the values
of reflectivity for each wavelength in the range of the visible spectrum.

Time series T of length m
Sub-
Color sequence [ n=0| 1 2 (miw)- | (miw)- | (m/w)-
2w w 1
components |_humber
Offset (1) | (w+1)]| (2w+1) n—2w | n-w | m-w+l1
Sub- Cyan X
sequence Magenta X
Yellow X Elements of the time series T
length
= Black X
w=>5 —
Distilled water X
Fig.1. Distribution of the subsequences of our time series database
2.3 Metrics

To find a particular subsequence in the time series different metrics can be used. The Euclidean distance in our
application gave good results, although we know that it is sensitive to various “distortions” such as translation and
amplitude scaling. However, this is not an issue in our application because our database has elements with fixed-
length and the theoretically calculated error when they come from a near perceivable uniform color space like the
L*a*b* one, do not cause a practical and a detectable visual color difference for an average human observer.
Moreover, it can be considered that the 31 values of the reflectance spectrum from which distances are calculated
have approximately a (geometric) plane distribution.

2.3.1 Euclidean Distance
Let there be two time series X = Xy, ..., Xpand Y = Vs, ..., Ym with n = m. The Euclidean distance between them is
defined as [3]:
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Color Matching using Time Series Searching in Color Databases 233

D(X.¥)= 3%~ ¥’ @)

In color matching, we calculate the distance between the pattern of the unknown color sample and that of any
non-overlapped subsequence of the entire time series. Both are of equal dimensions.

Although color matching must be exact in case of bad matching, it will be very convenient to consider some
valid equivalence. Theoretically, any color database could have an infinite number of elements, but in practice the
human vision system does not discriminate differences of more than two dozens levels in each color plane. This
represents something like more than 8000 different colors. We can consider always that the database is restricted in
size without being afraid of committing an unacceptable error. In fact, due to the cumbersome process of creating our
color database, in our experiments it had only 1001 different patterns. However, the results demonstrated the validity
of the process and of the use of the similarity of equidistant subsequences in time series for color matching.

2.3.2 Equivalent Distance

In this section we define the concept of equivalent distances for color matching. It is assumed that the elements of the
database and any query subsequence have the same length. Given a real positive number r, called range, and a time
series T with a subsequence C beginning in the position p, and another subsequence M beginning in the position q,
then the equivalence is defined in the following way:

If D(C, M) <r, then M is the equivalence of Cin T 4

The value of r in our case is found empirically. In general it depends on the size of the database and on the values
used to calculate the Euclidean distance (31 reflectivity values in our case). Its utility is only to give the user (or the
system) a measure of the quality of a match.

3 Background

The matching of subsequences by similarity in time series databases is not new [9], [10], [11], [12], among others.
On the other hand, many results about color matching have been reported, but not using the similarity in time series
[13].

In the field of color matching there are a lot of work done, but mainly in the commercial environment [3], [5].
Some desktop publishing programs support the internationally recognized PANTONE® Color Matching System [4].
Nevertheless, theoretical works had been also developed. However, papers describing the use of time series for color
matching were not found anywhere.

The main interest found in color matching has been its use to equate profiles of different type of equipments;
namely, displays, printers, scanners, photographic cameras, and others. Also in printing industry the color matching
in high quality works is fundamental [6]. However, they are not of public knowledge.

The main purpose of this work was oriented to find some solution for color matching far from that of use of
swatchbooks or color cards.

4 Preparation of Color Samples

The task of preparing the color samples for color matching is of the most important. If color samples to be measured
are not rigorously prepared, the color recognition is prone to errors. The color samples produced by mixing three
primary colors cyan, magenta and yellow, together with black and distilled water in previously established
proportions will constitute the patterns to be recognized.
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234 E. M. Felipe Riveron, et al.

Colors parameters can be measured by colorimeters, spectrophotometers, and others equipments. In our case a
spectrophotometer was used. Color measurement by means of a spectrophotometer can be implemented by
transmittance or by reflectance. Thus, several considerations were imposed on the color samples to be used to carry
out our experiments.

Firstly, the type of color source must be selected; that is, the substances having the required primary colors to be
combined later to prepare the mixes. It could be liquid, powder, pastes, and others. If transmittance is used to
measure the colors, like in the case of liquids, the use of expensive quartz vessels is required, according to the
spectrophotometer specifications. That is because the transparence of the vessel must be considerably high in order
to guarantee that its contribution to color be practically null. Thus it was decided to measure colors by reflectance.

The use of powder was also analyzed, but it was rejected because the preparation of homogeneous mixes with
them could be a very cumbersome task. Furthermore, in the market there are no a great variety of powders with an
acceptable purity and color constancy. The use of paints was also rejected because the preparation of the color
samples, the measurement of the appropriate proportions (doses) to create the mixes, and the cleaning of the utensils
and materials once used, is a very awkward task.

For all these reasons, it was decided to use as the color source to prepare the color samples the Hewlett Packard
cyan, magenta, yellow and black printer inks. Distilled water was used in order to simulate the presence of white
when the mixes were prepared over a white substrate [1]. For their normal use, they were considered our best choice
as primary colors to prepare the color samples used in our experiments.

As a second step, the choice of the substrate where the printer inks will be applied turned out to be of importance.
The main characteristic to be fulfilled by the substrate was that its contribution in color when the inks were applied
over it be a minimum, and independent on the mix prepared. A second requirement was that the application of a
liquid or a paste onto it does not moisten the substrate in such a form to make it useless. Also its white color and its
reflectivity must be uniform in the whole range of visible wavelengths and in its entire flat surface.

With all this in mind, three types of substrates were considered: photographic paper, white couche paper, and
common white kromekote paper. The reflectance vs. wavelength curves obtained from the spectrophotometer for
these three types of papers are shown in Fig. 2.

From these characteristics, it may be seen that the kromekote paper gives a better behavior than the other two,
because its characteristic is flatter and more uniform. However, when an opaque mix of color inks covers uniformly
the substrate, the reflectance of the paper must not intervene unfavorably on the measurements of the color
reflectance of the mix.

The number of drops of ink deposited over the substrate was crucial also. The first condition to be fulfilled was
that the reflectance of the paper does not affect the reflectance of the color sample. The second condition was that an
excessive number of drops do not moisten the paper in a measure that the color reflectance varies with the
characteristics of the paper. Some tests were carried in this regard.

100

;\c\ 90
3 A \—A—A—A—k—A—A—A—A A A A A —A—A—A
= 80
8
o
@ 70
ko
o 60
50 .
0 \—0— Photographic paper —=— Couche paper Kromekote paper
400 420 440 460 480 500 520 560 580 600 620 640 660 680 700

540
Wavelength (nm)
Fig. 2. Reflectance vs. wavelength characteristics for the three types of papers analyzed
Tables 1, 2 and 3 show the luminance level L" of the three primary colors cyan, magenta and yellow, respectively

(using from 1 to 10 ink drops) with respect to the standard cyan, magenta and yellow colors reflectance given by the
calibrated spectrophotometer. Figures 3, 4 and 5 show the respective characteristics. It may be noted that except for
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Color Matching using Time Series Searching in Color Databases 235

yellow, the luminance with six drops of ink on the substrate is similar to the standard one (first row in the tables),
which means that the “pure” primary color covers completely the substrate, that is, the influence of the higher
luminance of the white color of the substrate is minimum or nearly null. It can be noted also that yellow gives higher
luminance values than the other two primary colors, shows a more uniform characteristic, and its luminance value is
nearest to that of the substrate (94.29). The fact that only five drops of yellow cover the substrate (lesser luminance
value) means that it is the color that better cover the substrate. The variable values of luminance obtained in all cases
when more than six drops of ink were used, is an indication that the substrate has been already moistened, thus
changing the properties of the color. In these figures, the letter G means drops and letter S means standard white of
the equipment.

Based on the preceding results, we conclude that using only six drops of mixed inks achieved the covering of the
substrate in all color samples.

Table 1. Luminance values for the cyan ink

0 M
Cyan ink 65 /
H *
No. of | Luminance Difference L 60 T4 W
drops Level
Standard | 59.05 -35.90 %
1 69.08 10.02 50
2 66.83 7.78 S 16 2G 3G 4G 5G 6G 7G 8G 9G 10G
3 67.80 8.75 Drops of cyan ink
4 66.86 7.81
5 60.59 1.53 Fig. 3. Luminance values L" for the cyan ink
6 58.39 0.66
7 62.34 3.29
8 60.17 1.12
9 60.69 1.64
10 61.37 2.32
Table 2. Luminance values for the magenta ink
70
Magenta ink 60 P
i L* /M
No. of | Luminance Difference 50 @ 1o ® —-
drops Level 0
Standard 49.59 -44.28
1 60.94 11.35 30 T T T
) 57.01 742 s 16 2G 3G 4G 5G 6G 7G 8G 9G 10G
3 55.07 5.48 Drops of magenta ink
4 53.81 422
5 52.96 3.36 Fig. 4. Luminance values L" for the magenta ink
6 50.01 -0.42
7 53.43 3.84
8 50.49 0.90
9 52.98 3.38
10 48.35 -1.25
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236 E. M. Felipe Riveron, et al.

Table 3. Luminance values for the yellow ink

Yellow ink 9%
No. of | Luminance Difference L* %
drops Level 85
Standard 87.39 -6.65 80
1 87.69 0.30 75 : : : S : : : : :
2 87.44 0.05 S 1G 26 3G 4G 56 6G 7G 8G 9G 10G
3 87.42 0.03
4 87.37 -0.01 Drops of yellow ink
5 87.12 -0.27
6 87.65 -0.26 Fig. 5. Luminance values L" for the yellow ink
7 85.18 -2-21
8 85.53 -1.86
9 84.92 -2.47
10 87.78 0.39

To achieve different shadows and tints of pure primary colors and their mixes, it was necessary to mix pure
primary color inks with black ink and distilled water in the corresponding proportions, respectively. The white color
of the substrate contributed to give tint when distilled water was used in the mixes. Afterward, other particular mixes
were prepared using the corresponding shadowed and tinted primaries.

The total number of drops used in the preparation of every color mix was limited always to one hundred drops.
Each color mix prepared was kept in a sterilized glass dropper, sealed with a cap, and protected from light in order to
guarantee that its quality did not deteriorate.

The color samples were prepared carefully on a substrate of 5 x 7.5 cm of white kromekote paper, with a useful
area of 5x 5 cm, which guaranteed a good reading by the spectrophotometer. To apply the color mix over the
substrate a printer roller was used in order to guarantee good uniformity of the mixed inks. On each substrate, for
each sample and after shaking the container, were poured only six drops of the mix prepared with the proportions
previously established. The roller was applied six times over the paper substrate to get uniformity in the color.
Finally, the roller was cleaned with water before the preparation of the next sample.

Therefore, we produced samples from five components, that is, three primary colors cyan, magenta and yellow,
together with black and distilled water to add shadow or tint, respectively. The mixes prepared were in ten-percent
increments of each component, that is, the number of drops of each component varied in steps of ten drops.

To calculate exactly the number of possible color patterns that must be prepared according to the conditions
stated, the generating function models were used [14].

Suppose that @, is the number of ways to select I' objects in a certain procedure. Then g(X)is a generating

function for a, if g(X) has the polynomial expansion:

g(x)=a, +ax+a,x’ +--+ax +--+ax"

n

n n n 2 n r n n
A+x)" =1+  |X4| (X" 4+-4] X +--4| X
1 2 r n

Then g(X) = (1+ X)"is the generating function for a, = C(n,r), the number of ways to select an I -subset
from an N -set.

For example as:

The problem of determining the coefficient of X" when we multiply several such polynomial factors together can
be restated in terms of exponents.
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Color Matching using Time Series Searching in Color Databases 237

As an example, consider the expansion of (1+X+X>)*. The number of formal products
XTx2 x5 x%,0< e, <2 equaling X" in the expansion, will be the number of integer solutions to:
e +e,+e,+e,=r,0<e <2

In our case, the total number of drops of the five possible components to create each color mix was limited to 100
drops for convenience. Additionally, the concentration of samples created for each one out of five components was
established in steps of ten drops, that is, r = 100/10 = 10 steps. This means that:

e +e,+---+e, =10, where 0<e, <10
This is equivalent to solving the polynomial:
POX)=(X"+x" +x*+ x>+ x¥+x7 +x'%)
That is, P(x) will be:

L+5X+15x2+35 x>+ 70 x*+ 126 x° + 210 x°+ 330 x” + 495 x® + 715 x° + 1001 x'°
+1360 x'"' + 1795 x'2 + 2305 x'3 + 2885 x'* + 3526 x'° + 4215 x'® + 4935 x'7
+ 5665 x'® + 6380 x' + 7051 x** + 7645 x*' + 8135 x* + 8500 x> + 8725 x*
+ 8801 x® + 8135 x2 + 7645 x* + 8725 x*° + 8500 x*7 + 7051 x*° + 6380 x°!
+5665 %2+ 715X +495x* + 330 x¥ +4935 33 + 4215 x** + 3526 x> + 2885 x*°
+2305 %3 + 17953 + 1360 x*° + 1001 x** + x>+ 210 x* + 126 x* + 70 x* + 35 x*

+15x845x¥

In the expansion of this polynomial P(X) in its formal products the coefficient a,, of x" gives the total

combination number under our conditions. That coefficient is 1001. Then, the number of combinations (to be)
prepared was 1001 combinations.

5 Measurements

Color-measurement devices, such as spectrophotometers, measure the light reflected from an object and gives the
color a position into a set of coordinates of a three-dimensional color space. In taking measurements, the device was
calibrated to measure the samples under a known specific set of conditions. These conditions involve the illuminant
(light source) type, the observer's viewing angle, and the spectral inclusion (taking gloss into consideration), or the
spectral exclusion (not taking gloss into consideration). We did not consider the presence of gloss.

The spectrophotometer used was a Milton Roy COLOR MATE™ HDS Color Analyzer. Before its use and after
warmed, it was always meticulously calibrated with a white tile accompanying the equipment. The parameters
established in the equipment to measure the color samples were:

Observation Angle: 10°

Sight Window (Area of View): small
Color Space: CIE L"a'b’
Illuminants: D65 and D50

Average number of lectures: 5

Computacion y Sistemas Vol. 11 No. 3, 2008, pp 230-241
ISSN 1405-5546



238 E. M. Felipe Riveron, et al.

Once the parameters were established in the spectrophotometer and after its calibration, a labeled color sample
was placed manually in the sight window. Five readings were taken in different zones of the covered substrate. The
equipment then averaged the results of the five readings and finally gave us, among others, thirty one values of the
reflectance of the sample for each one of the thirty one wavelengths ranging from 400 to 700 nanometers of the
visible spectrum, in steps of ten, of the standard and the color sample, as well as the difference between both values.
The standard color could be selected by the user, between the standard white, standard black, one of the primary
color selected from cyan, magenta and yellow, or another one of our convenience.

From the two illuminants selected, that is D50 and D65, the spectrophotometer gave us the values of the
components L", a", b" of the color model CIELAB selected and the values of the three primary three-stimulus values
X, Y and Z, for both the standard and the sample, together with the respective difference. In order to carry out the
color matching, the value of L" related to the illuminant D65 was used as reference for daylight. Nevertheless, the
color matching method presented in this paper was achieved only on the base of the Euclidean distance calculated
from the difference of the 31 reflectance values given by the spectrophotometer (with L* constant) in the range of
wavelengths between 400 and 700 nm, for the parameters established and detailed above.

Then, after reading the 1001 color samples, prepared with colors cyan, magenta, yellow, black and distilled
water in steps of ten drops, and taking into account that the total number of drops be 100 drops for each mix prepared
and used 6 drops to cover the substrate, a database was created with the thirty one values of the reflectance of each
sample.

6 Error Estimation

The difference in color between two similar samples of the database, not necessarily adjacent, depends on the
number of drops of the five primary components. The effect of the number of drops used to prepare the samples is
always related to the 31-reflectance values obtained for each wavelength in the range 400-700 nm.

To calculate the maximum permissible error E of our color matcher, consider that each one of the 31
components of the Euclidean distance has the same error & Then, the maximum error E reflected in the Euclidean

distance calculated is: E =~/31¢ = 5.568s. The value of & is unknown but can be estimated. Among other factors,
it depends on the maximal error of the spectrophotometer, on the quality of the samples prepared, the number of
measurements averaged, and on the care with which the experiments were carried out.

According to the operator’s manual of the spectrophotometer, the repeatability is 0.2% maximum peak-to-peak
deviation in percent reflectance (£ 0.1%) at any wavelength for 20 readings of stable white reference material within
one hour. On the other hand, the short term color space repeatability is 0.02 maximum standard deviation of CIE
L'a'b" AE from the mean of a set of measurements made over one hour without instrument re-calibration. The
reflectivity values obtained from the spectrophotometer were approximated by the equipment until the hundredth,
between 0 (ideal black) and 100.00 (ideal white) for each wavelength. The worst case gives an £=2.0
(0.02 x 100.00) and the maximum absolute error will be E=11.136. This error is influenced in by the five
components that, combined, produce the color mix.

7 Results

Two types of experiments were carried out to test the color matching module by the similarity in time series: (1)
using known samples from the database, keeping it into the database; (2) using known samples from the database,
but excluding it from the database.

Six out of 1001 independent samples were selected at random from the database for testing and excluded from it
each time. Then, the database had only 1000 elements (color combinations) in each case. The characteristic
reflectivity versus wavelength was measured by using the same spectrophotometer. The 31 values obtained were
introduced to the matching module created by using the similarity of time series and then we got the number of drops
to be compared. Table 4 shows the values of the number of drops of the six samples, the number of drops given by
the matching module, and the smallest Euclidean distance between them.
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The correct matches in the number of drops of each component for each mix are shown in Table 4 in white
cells. We show three gray levels for failures, noting that the darker the cell the more distant is the result obtained
from that expected. Note that in all cases the Euclidean distance is below the maximum absolute error E calculated in
section 6.

It is important to observe that the number of matches in drops and how far the components are from those of the
sample has no relation with to Euclidean distance calculated. However, the influence on the final color depends on
the particular characteristics and properties of the color components.

Table 4. Number of drops of six matching examples

Number of drops of the color sample to [l Number of drops of the matching with Eucli
uclidean
match the color sample Distance
Cyan | Magenta | Yellow | Black | Water[§l Cyan | Magenta | Yellow | Black | Water
0 10 0 20 70 0 10 10 40 40 1.92
40 0 10 10 40 40 0 0 10 50 2.99
0 40 30 20 10 0 30 30 30 10 6.13
20 40 0 20 20 20 60 0 10 10 5.23
30 10 20 20 20 30 10 30 10 20 2.44
10 0 0 70 20 10 0 0 60 30 5.81

The characteristics reflectivity vs. wavelength of six samples and its corresponding graphical matching are
shown in Figures 6, 7, 8, 9, 10 and 11. Note the small difference between both characteristics, in spite of the few
elements in the database, which means that the principle of similarity in time series can be used reliably in this
application. Undoubtedly, with a larger database the coincidence between the samples and its color matching would
be higher and the error would be lower.

F— a=—g-s BEN o wweigery o

Fig. 6. Sample 1 Fig. 7. Sample 2 Fig. 8. Sample 3

Fig. 9. Sample 4 Fig. 10. Sample 5 Fig. 11. Sample 6
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8 Conclusions

This work has been oriented toward the use of the principle of similarity in time series for color matching. The
similarity was calculated based upon the Euclidean distance. The task of creating color samples with an acceptable
quality resulted cumbersome. For that reason, the universe of samples is a relatively small database with 1001
samples, but prepared carefully. Two types of experiments were done to test the color matching module by the
similarity in time series: (1) using known samples from the database, keeping it into the database; (2) using known
samples from the database, but excluding it from the database. The quality of color matching was based on the
measures of reflectivity versus wavelength of samples given by a spectrophotometer. The results demonstrate the
validity of the use of time series in color matching.
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