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Numerous attempts have been made to define a color space and a color distance metric that
would closely resemble human color vision. The main problem is that the human vision
system is more sensitive to some colors, while less sensitive to others. Moreover, all colors
are not even distinguishable by the human eyes. A distance given by an ideal metric
would match the color difference seen by the human vision system. The idea behind
this research is to define such a metric by utilizing the spectral data and the available
information on distinguishable colors. Metric learning is performed by using deep neural
networks. Those networks are also used to project spectral data onto a new color space.
The resulting metric is then tested against the standard CIEDE2000 metric. The results
indicate that the new color space with the metric is more perceptually uniform than the
standard color space and metric. The new metric can then be used for better understanding

of the human visual system and measuring the color differences.
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1 INTRODUCTION

1.1 Background

Proper color representation is important for many tasks, such as digital image processing
or computer vision. Specific color spaces have been created in an attemt to simulate the

human color vision [1].

MacAdam has conducted an experiment in 1942 to gather information about the human
perception of color differences [2]. Results of his studies had shown that the color per-
ception is not uniform in the CIE (International Commission on Illumination) 1931 color
space. That means that the Euclidean distance calculated in this color space does not

correspond to the perceived color difference.

Numerous attempts have been made to define a color metric or a color space that will map
colors with a better perceptual uniformity [3—7]. That means that a distance calculated
with this metric will match the color difference as seen by the humans. However, perfectly

perceptually uniform metric still has not been created.

The aim of this thesis is to create such a metric. The metric will be computational and
created by utilizing a metric learning algorithm. Two approaches to solving this task has

been used in earlier research:

1. Take any color space and tune the difference equation (CIEDE2000 [3], CIE94 [8],
CMC [9], BFD [10])

2. Select a difference equation and tune the color space (CIELAB [1,11])

The second approach is used in this thesis. There are a lot of metric learning algorithms
available, but the proposed method makes use of neural networks for solving this partic-

ular task.

1.2 Objectives and Delimitations

The goal of this thesis is to define a metric that operates on spectral representation of

colors and returns the distance that matches percepted difference between those colors.



Following objectives are set in this research:

e Use chromaticity discrimination ellipses [12] as an input data for metric learning.
First challenge is to convert ellipse data to the spectral representation, i.e., color

information is presented as a function of wavelengths of visible spectrum.

e Design a neural network architecture for metric learning. Triplet network structure
described in [13] is used as a starting point. Several different architectures will be
tested.

e Create a suitable loss function to be used during the learning process. Special prop-
erties of the input data and of the desired uniformity of the new color space are

taken into account.

However, there are some delimitations associated with this task:

e BFD-RIT dataset of chromaticity discrimination ellipses [12] is used for metric
learning. The fact that all ellipses in this dataset lie on parallel planes along the
lightness (L) axis means that there is no information regarding the relation of colors

in terms of luminosity. That could cause some problems.

e [t is impossible to get unique spectral representation by using only the color infor-
mation from the data sets. Only an approximation of the spectral data corresponding
to the colors, computed by using color matching functions and standard illuminants,

could therefore be used in the experiments.

1.3 Structure of the Thesis

The standard color spaces and the human color vision are presented in Chapter 2. Basic
concepts of color vision are discussed. Introduction and comparison of standard color
spaces and color difference formulas are presented. Studies about the Riemannian for-
mulation of color space are reviewed. In Chapter 3, the concept of a distance metric is
introduced and some general algorithms for metric learning are presented. Neural net-
works are discussed in Chapter 4 and several approaches for metric learning utilizing
neural networks are examined. The proposal for the creation of new color distance metric
is formulated and presented in Chapter 5. Data and methods are discussed. Detailed de-

scription of the experiments and review of the results can be found in Chapter 6. Chapter



7 is dedicated to the discussion about challenges encountered and possible opportunities.

All results are then summarized in Chapter 8.



2 COLOR SPACES AND COLOR DIFFERENCES

2.1 Modelling Color Vision

Special photoreceptor cells in the retina of human eyes are responsible for the color vi-
sion [1]. Those cells are called cones and people usually have 3 kinds of cones that
are sensible to different wavelengths of light, which results in trichromatic vision. That
means that visible colors can be described by three real numbers, a concept also known

as a tristimulus space.

Various color spaces have been created by trying to simulate the sensitivity of human eyes
to the light spectra, such as CIE 1931 RGB and CIE 1931 XYZ [1, 11]. However, color
perception can vary greatly for different people and different environments, depending on
the illumination, field of view and numerous other factors. To eliminate this uncertainty
the special function called standard colorimetric observer has been created [1]. This func-
tion describes average human’s chromatic response within certain degree inside the fovea
(2°for CIE 1931 and 10°for CIE 1964). It does so by using color matching functions Z(\),
y(\), Z(\) that define the spectral sensitivity curves of tristimulus values. Those functions

are presented in Fig.1.

y(N)

1.8

350 400 450 500 550 600 650 700 750
A/nm

Figure 1. The CIE 1931 color matching functions.
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In 1942, MacAdam has conducted a study on color-difference thresholds [2]. Introduc-
tion of the so-called MacAdam ellipses has been the result of this study. Those ellipses
describe the colors that are visually indistinguishable by the human vision system. The

plot of those ellipses can be seen in Fig.2.
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Figure 2. MacAdam ellipses plotted in CIE 1931 (x,y)-chromaticity diagram. Ellipses are 10
times their actual size.

MacAdam ellipses is not the only chromaticity discrimination ellipses dataset. BFD-
RIT [12] is another available dataset. It is newer, contains more ellipses and coordinates
in CIELAB color space, which makes this dataset more informative, than MacAdam el-
lipses, for which only the chromaticity information is available. All ellipses from the
BFD-RIT dataset lie on parallel L planes. The plots of those ellipses are presented in
Fig. 3.

It is evident that in general the perceived difference between chromaticities does not cor-
respond to the Euclidean distance in CIE 1931 color space. Numerous attempts (such
as CIEDE2000 [3], CIELAB [11], Riemannian metrics [4—7]) have been made to define
color metric or color space that will map those ellipses as uniform circles, i.e., the Eu-

clidean distance between colors will reflect the perceived color difference.
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Figure 3. Chromaticity discrimination ellipses from the BFD-RIT [12] dataset plotted in (a) CIE
1931 (x,y)-chromaticity diagram and (b) ab projection of the CIELAB color space. Ellipses are
plotted 1.5 times sheir actual size.

2.2 Standard Color Spaces and Color Difference Formulas

CIELUYV and CIELAB color spaces has been created in an attempt to map colors with per-
ceptual uniformity [1]. However, when mapped to those coordinate systems MacAdam
ellipses are still not completely uniform. To rectify that, multiple formulas were created
for the purpose of calculating color distance that supposedly better reflects the perceived
color difference, such as CIEDE2000 [3], CIE94 [8], CMC [9], BFD [10]. CIELUY,
CIELAB, CIE94, CMC and BFD formulas were compared in [14] by checking the dis-
tance from the center of the chromaticity discrimination ellipses to the border points. The
metric is considered to be perceptually uniform if this distance is constant. As mentioned

in [14], those formulas have a common structure

AL*2 A0*2 AH*2

AE* =
Gov, T rewe TR

]1/2 (1)

where A L* is the difference in lightness, AC™ is the difference in chroma, A H* is the dif-
ference in hue, all of them calculated in CIELAB color space coordinates, W, W, Wy
are special weighting functions designed to increase the perceptual uniformity and %y,
ke, kg are designed to account for specific experimental conditions. The aforementioned

formulas have been tested in [14] on different experimental datasets on color discrimina-
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tion, including MacAdam ellipses [2] and BFD [12] dataset. Comparison was performed
by computing deviations of distances between center points and points on the border of
the ellipses. Ideally, distances between the center point and border points should all be
equal and as a result the variation of those distances should be zero. However, the results
from [14] have demonstrated that even though color distance formulas have increased in

quality they are still far from perfect.

2.3 Riemannian Metric for a Color Space

Many studies consider the underlying color space to be Riemannian manifold, i.e., a space
with nonzero curvature, and propose the usage of Riemannian metric to describe the chro-

maticity difference [4-7].

As stated in [6], Riemannian metric g;; is a function that can be used to calculate the
distance between two points in a Riemannian space and can be expressed in the form of a

quadratic equation

d
ds* = [dx dy] lzn ?2] [dj = guda® + 2gi2dx dy + goody® (2)
12 922

where ds is the distance between points, dz is difference of x coordinates, dy is difference
of y coordinates. Note that g, appears twice because the metric must be symmetric. In
terms of colorimetry, Riemannian metric usually represents chromaticity of the colors,

thus needing only two coordinates instead of three.

Then, by using the Jacobian matrix

o, oz Oz
J = (fﬂ y):[gz g_Z] (3)

ou  Ov

coordinate transformation from one color space to another is possible. The metric g;; can

be found by minimizing the distance between two points with respect to the path.

Riemannized versions of CIELAB, CIELUYV, CIEDE2000 and OSA-UCS A E; have been
computed and compared against Munsell chromas [6], which is another color system
designed for perceptual uniformity [1]. The results indicated that none of the standard

color spaces and metrics match Munsell data.
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Different riemannized versions of CIELAB, CIELUYV, CIEDE2000 and OSA-UCS AEg
metrics are compared in [7] using the BFD-P ellipses from [12]. The metric g;; in [7] has

the following form

1 2 Ly
gllzgcos 0+§sm 0,

. 1 1
J12 = Go1 = cosé’sm@(? — ﬁ>’ 4)
1 . 1
g2 = 981112(9 + b—QCOS2 0

where a is the semi-major axis, b is semi-minor axis and € is the angle of rotation of the

ellipse.

Resulting metrics were then used to compare how BFD-P ellipses from [12] correspond
to unit circles computed in those metrics. CIELAB coordinates of those ellipses were
converted into xyY color space, and chromaticity coordinates of the centers were used to
compute unit circles. Circles are then compared to the ellipses from BFD-P data set. The

comparison has been performed by calculating the following ratio:

_ Area(ANB)

~ Area(A UB) )

where A is the original ellipse and B is new unit circle. The closer this value to one, the
more they correspond to each other. The results indicated that even though newer met-
rics, Riemannized CIEDEOO and OSA-UCS A Eg are better than Riemannian metrics for
CIELAB and CIELUY, they still do not fully correspond to the perceived color difference,
with highest R value of 0.95.

In [5] MacAdam ellipses were regarded as being in the tangent space and identified by a

. (Er g )
metric that 1s modelled as
F k

Ey F.\ ([cosb, —sinb\ (1/ai 0 cosf, sind, ©)
F., G.] \sinf, cosb, 0 1/b7 —sind;, cos b

where ay, is the semi-major axis, b, is semi-minor axis and 6y, is the angle of rotation of

the £th MacAdam ellipse. The logarithm is applied to keep the matrix positive definite
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et Jfr | Ey  F
e Og ==
fx 9r F. Gy
_ o cosf, —sind, log ay, 0 cosf, sinf; )
B sinf, cosf, 0 log by, —sinf, cosfy )

Cubic B-splines are then used to represent the functions e, f, g. Then, by solving the

quadratic optimization problem and taking matrix exponential new metric Fk Gk is
ko Gk

obtained. An attempt to find near isometry to the Euclidean space has also been made
in [5]. By solving the quadratic optimization problem they were able to find the Jacobian
of the metric. Deviation of Euclidean distance from the center to the border of an ellipse
to 1 has been used to asses the perceptual uniformity. The resulting color space is more
perceptually uniform than standard color spaces and color distance formulas, but the av-
erage deviation from the unit circle is still 1, which means that it is still not completely

perceptually uniform.
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3 METRIC LEARNING

The goal of this thesis is to define a distance metric for color differences such that the
distance metric is learnt from the data. Usually, the distance metric is used to express
the relationships between the data, that can be used for such tasks as clustering or clas-
sification. The general concept of a distance metric and some general metric learning

algorithms are discussed in this chapter.

Distance metric g(z,y) is defined [15] as a nonnegative function that satisfies following

constraints:

1. Triangle inequality: g(z, z) < g(z,v) + 9(y, 2)

2. Symmetry: g(a,y) = 9y, )

3. Identity: g(z,y) =0 <= z =1y

If the last constraint is dropped and instead only g(x,z) = 0 is satisfied, then g(x,y) is
called a pseudometric.

There are a lot of distance metric learning algorithms available [16—18]. In [16], for

example, distance metric is learnt in the form

d(z,y) = da(z,y) = |lv = ylla = V(= — y)TAlz — y), (8)

where A is positive semi-definite (A > 0) to ensure non-negativity and triangle inequality,
x and y are points in /N-dimensional space. This metric could also be used to project
data if each sample is multiplied by v/A. The data is given in the form of the set S
of similar points and the set D of dissimilar points. The objective is to minimize the
distance between points in set .S. In order to avoid the trivial solution A = 0 the minimum
distance constraint is added for the points from D. The metric can be found by solving

the optimization problem

min > =l

(x4,x5)€S

st Y lm—alla > 1, 9)

(x4,25)€D

A0



16

where || - || 4 is metric described in Eq. 8, S is the set of similar points and D is set of

dissimilar points.

Metric learning was tested by performing clustering on 9 datasets in the form of real
valued vectors from the UC Irvine repository [19]. Small subsets of the available data
were used to learn the metric, and then all the rest of the data were clustered with the
use of the new metric. Results indicated that for the most of the datasets the clustering
accuracy increased when learnt metric was used instead of the standard Euclidean distance
with various results, depending on the dataset. For some datasets an increase of about 20%

in accuracy has been achieved, while for others the increase is only about 3%.

A similar approach to the one demonstrated above is presented in [17]. Learnt metric
has the same form as in [16], data is given as ground truth class labels for the points.
The main idea is to formulate similar optimization problem, but with added constraint of
margin maximization between samples from different classes, similar to Support Vector
Machine (SVM).

Another approach, that is similar to the one from [17], but makes use of a relative com-
parisons instead of sets of similar and dissimilar points is demonstrated in [18]. Now the

constraints of data points are given as
x;1s closer to x; than z; is to xy,. (10)

Now the metric has the form

d(z,y) = daw(@,y) = llv = yllaw = V(& — ) TAWAT (v — y) (11)

where IV is a diagonal matrix with non-negative elements and A is any real valued matrix.
The learning is formulated as a quadratic optimization problem similar to SVM. It is done
by searching for the solution that tries to satisfy all constraints given in the form of relative
comparisons but also aims to find metric as close to standard Euclidean metric as possible.

The optimization problem in [18] was formulated as

min %HAWATHQF + C’Z&jk
igk
5.8.Y(4,5, k) € Piain * ||7i — il |aw — ||Ts — 25][aw = 1 = &j (12)
ijk >0
Wi >0
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where A, W are matrices from Eq. 11, || - || is Frobenius norm, || - || 4w is metric
from Eq. 11, P4 1s a set of relative comparisons of the form described in Eq. 10 ,
C' is regularization parameter, &;;;, are slack variables that enable some constraints to be

broken.

This method was tested on a high dimensional data extracted from the datasets of webpage
documents. Metrics, learnt on the raw features, were tested against Euclidean metric on
preprocessed features. Results indicated that new metrics were able to generalize the
specified constraints and satisfy them even for the unseen test data, as well as being more
useful for clustering, as the 2D projections of data using those metrics exhibited more

separability between different classes than by using standard Euclidean metric.
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4 DEEP METRIC LEARNING

4.1 Neural Networks

Artificial neural networks are extremely popular today and used for a variety of different
machine learning tasks, such as classification, segmentation or clustering [20]. They were

inspired by the neural system of the human brain [21].

The main building block of neural networks is a neuron [20]. It is a very simple structural
element, the purpose of which is to compute a linear combination of weights with inputs
and apply activation function to the result. The purpose of activation is to introduce non-
linearity. Neurons are organized into sequential layers. Outputs of the neurons from the
previous layer are passed to the neurons on the next layer. Basic diagram demonstrating

the connection between layers is shown in Fig. 4.

Figure 4. Basic schematic depicting the interaction between two consecutive layers A’ and A*+!
in neural network. W is the matrix of weights of size nxm where n is the number of neurons of
the previous layer and m - on the next one.

Learning is the process of acquiring weight values I and it is usually performed by using
the backpropagation algorithm. By computing the difference of network output and target
output the value of the so-called loss function can be acquired. The idea is to calculate the
gradient of the loss function with respect to the weights and update them accordingly in
order to minimize the loss. The choice of the loss function is dependent on the task that

is being solved with the neural network.
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Important modification to the standard neural network structure has been made with the
introduction of convolution and pooling layers. Neural networks that use those layers are
called convolutional neural networks (CNN) [20,22]. The goal of convolution layers is to
learn the filter weights used for convolution, while pooling layers perform subsampling
effectively reducing the dimensionality of the data. Those new layers are able to introduce
shift and scale invariance. Advances in computing hardware allow creating more complex
neural networks with a higher number of layers [20]. Such networks are called deep neural

networks.

4.2 Metric Learning with Neural Networks

Even though deep neural networks originally were used for the classification tasks, they
can also be used for metric learning [13,23,24]. The metric learning algorithm based on
the neural network was proposed in [13]. The main idea is to create the so-called Triplet
network, that has 3 inputs: z, x™ and z~. z is the reference, 2 is similar to 2 and =~ is

dissimilar to x. The network structure is presented in Fig. 5.

Comparator
||[Net(z) — Net(z7)||2 ||[Net(z) — Net(z™)||2
Net Net Net
T T xt

Figure 5. Triplet network structure from [13]. Note that the same network is used on the three
samples.

The final layer (Comparator in Fig. 5) calculates softmax(|| Net(x)—Net(z7)||2, || Net(x)—
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Net(x1)]||2), the softmax function is defined as

exp(a)

oxp(a) + exp(b)’ (13

softmax(a, b) =

The result is classification of reference to either the positive or negative sample according
to this value. The loss is calculated as a mean squared error (MSE) between this output
and the class labels and backpropagated using classical stochastic gradient descent. This
approach has been tested on 4 datasets for image classification. After the learning process,
the network has been used to extract features from the images of the test sets and then used
for the classification. The results were comparable with the best known results at the time

(2014) without any data augmentation.

An extension of the triplet loss is presented in [23]. Introduction of the so-called (/N +1)-
tuplet loss, with triplet loss being a particular case with N = 2. This loss function is
computed by using one positive sample and N — 1 negative samples. In the case of a batch
size of N, each query must contain (N + 1) N data samples. If each of them is sampled
individually, then that would require (N + 1) N passes through the data set. For example,
for the triplet loss it would require 3V passes. A special batch construction method is
proposed in [23] that requires only 2N passes. This is made possible by finding /N pairs
of samples from N different classes, one class per pair. The pairs are then combined to
generate the proper queries for the learning, each containing reference, positive and N —1

negative samples.

In [25] a somewhat similar approach is used. Batch with few positive pairs and specif-
ically chosen difficult negative neighbors is used during training. Special loss function
that makes use of the pairwise distances between samples and modified backpropagation

algorithm are then used to learn the weights.

A recent approach has been demonstrated in [24]. The method proposes the use of angles
of the resulting triangle with vertices x, = and 2™ instead of distances between those
samples for the calculation of the loss. This makes the result scale and rotation invariant.
This method has been combined with N-pair batch selection from [23]. Main idea can
be illustrated by depicting the relation between the samples as a triangle, as depicted in
Fig. 6. Triplet approach would try to maximize ||z — =™ ||* and minimize ||z — 2]
Instead, authors of [24] propose minimizing angle /xx~x". Law of cosines can be used
to prove that the smallest angle in triangle is adjacent to the longest edges. Therefore,
by minimizing the angle /xz~ 2" x and 2 become closer while moving away from x~.

A special case is considered if this angle is greater than 90° and final loss function is
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Figure 6. Relation between x, z+ and 2~ depicted as a triangle.

adjusted accordingly. The method proposed in [24] was compared to the ones described
in [23] and [25] on the image retrieval and clustering tasks. The results indicate that this
approach is consistently better on all of the benchmark datasets than those previously

proposed, showing at least 1% increase in all tested performance metrics.
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5 DEEP METRIC LEARNING FOR COLOR
DIFFERENCES

5.1 Creating a New Color Space

Just like the original XYZ color space has been created [1] by using the spectrum data and
color matching functions, the idea is to create new color space from the spectrum while
enforcing the necessary condition for perceptual uniformity. The idea is that the spectrum
of the respective color contains complete information about it and that the relationship
between the points on the color discrimination ellipse can be inferred from their spectra.
An example of the spectra of the center and border points can be seen in Fig. 7. This
illustration shows that spectra of border points share some common traits, that can be

learnt by a neural network and generalized.

RCK 7, 40° step

0.45

— — — -Border points
Center point

0.35

03[

0.25

0.2

0.15
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a
T

Figure 7. Approximated spectra of center and border points of ellipse RCK 7 from BFD RIT
dataset.
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Ellipses from the BFD-RIT dataset [12] were used, and the main constraint was that all
ellipses in the new color space should have radius equal to 1. CIELAB values of those el-
lipses are available, but the spectra must be approximated. A specially constructed neural
network is then used to transform spectral data into a new color coordinates. The whole
conversion can be thought of as a 2-step process and is presented in Fig. 8. Euclidean
distance in the new color space corresponds to the perceived color difference because of

the perceptual uniformity.

Spectrum Conversion
Coordinates of |  approximation neural network |Coordinates of
acolorina Spectrum acolorina
standard color of a color new color
space space

Figure 8. The process of obtaining a new color space.

5.2 Spectrum Approximation

In order to get the approximation of the spectrum values, the usual converting process
to the standard color coordinates has been reversed. The color matching functions, spec-
tral parameters of an object and the standard illuminant spectral values are used for this
conversion. The matching functions are presented in Fig. 1 and were briefly discussed in
Chapter 2. If the object emits light (e.g. a monitor) and the spectrum power distribution
of this light is known, then this is an emissive case and there is no need for a standard
illuminant. In reflective and transmissive cases, the objects only reflect (or transmit) light,
1.e. there would be no color perceived without some light source, and that is why illumi-
nants are used. Of course, the final color is affected by the light, and in order to make
color values independent of it, the standard illuminants are used, such as D65 [1]. With
this knowledge, the conversion of spectral data to XYZ color coordinates for the reflective

and transmissive cases can be defined as shown in Eq. 14.
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K [
X=1% / TS (A)dA
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y = % / GOSN dA
g (14)
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where ) are the wavelengths from the visible spectrum, Z(\), 7(\), Z(\) are the matching
functions, S(\) is the spectral reflectance or transmittance of the object, I(\) is the spec-
trum data of the illuminant and K is a scaling factor, usually 1 or 100. In practice, only
the discrete values are available, measured at a specific wavelength intervals. Therefore,

the discretized approximation is used:

K — _
X = ; Z(N)I(N)S(N)AX
Y = % D GNIN)S(A)AN

K A (15)
Z=5 ; Z(A\)I(A)S(A) AN

For this particular task, wavelength step of 1nm has been used, and the wavelengths
ranged from 381 to 780 to generate 400 values. This step has been chosen specifically to
generate the most precise and complete spectral representation of color. If function values

are stored as column vectors, then the matrix notation can also be used:

X K (zo )T
Yi=xo(lgon'|s) 6
Z (zoI)" (16)

where © is element-wise multiplication. The goal of approximating spectrum data is to

find S, and following Eq. 16 it can be found by solving a linear system of equations
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Ax = B, with spectrum S being the unknown z in this case. While this solution gives
the spectrum that corresponds to the original color, the resulting vector is sparse with at
most 3 non-zero values over the whole visible spectrum. An example of this spectrum is

presented in Fig. 9.

40
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15 -

381 780
Wavelength A

Figure 9. Spectral data obtained by solving the linear system of equations. The converted color
is (0.1, 0.2, 0.9) in RGB coordinates. The color itself is also shown on the plot in the upper right
corner.

Even though this is technically a correct spectrum for the chosen color, it would not
be an appropriate input data for the learning process. Smooth function would yield more
information about the color and therefore would be more appropriate for the learning. The
next step is to use Non-uniform rational B-spline (NURBS) to create a smooth function
representing the color’s spectrum by using this sparse vector as a starting point. The

whole algorithm is presented in Alg. 1.

Note that originally not only the spectrum function values, but the whole points were
subject to optimization, but that lead to a lot of edge cases, e.g. when points change order

or have the same wavelengths. As a result of this approximation algorithm, the spectral
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Algorithm 1 . Spectrum approximation.

Input: CIELAB coordinates.

Output: Spectrum values.
1. Solve the system of linear equations given in Eq. 16 to get the first approximation.

2. Use non-zero values to interpolate values from the first step over the whole visible
range and normalize them to make the area under the curve equal to the sum of the
non-zero values from the first result.

3. Uniformly sample a given number of points from this curve and use them as control
points for the NURBS spline.

4. Define function f, that computes the distance between the original color and color
from the new spectrum, find local minimum of that function by optimizing the y
coordinates of the control points.

power distribution has a shape of a smooth curve, which was the initial goal under the
assumption, that the function of this shape yields more information about the color. The
full process is illustrated in Fig. 10.

5.3 Conversion Neural Network

The most important part of the thesis is to create a proper learning process for the neural
network. But first, the network architecture has to be defined before finding a suitable
learning method. In order to define the optimal number of layers and neurons, various
architectures have been tested by training them on CIELAB coordinates. CIELAB color
space was originally designed to be perceptually uniform, even though it is only limitedly
uniform, it is the most perceptually uniform out of all standard color spaces. It was as-
sumed that by checking the ability of the network to transform spectral data into CIELAB
colors, the potential ability to transform spectra into new perceptually uniform color space
is verified as well. As for the training, Adam [26] optimizer has been used, and MSE be-
tween the new and CIELAB coordinates has been chosen as the loss function. The best
network architecture is presented in Fig. 11. After extensive testing, the best performing

activation function was found to be Exponential Linear Unit (ELU), defined as

ELU(z) — exp(x) —1, ifz <0 (17)

x, otherwise
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Figure 10. Steps of obtaining the spectrum approximation for the given color:
(a) The solution to the system of linear equations from Eq. 16

(b) Control points for the NURBS spline

(c) NURBS spline created by using the control points

(d) NURBS spline after the optimization of the control points

The plot of this function is presented in Fig. 12.

The next step after establishing the architecture is to design the learning process for the
new color space. Initial idea is to use a learning structure similar to that of a Triplet
Network [13]. The main difference in this case is that the goal is more strictly defined:
rather than just pushing away dissimilar samples, the exact distance between the center

and border points of a color discrimination ellipse should be equal to 1.
The first learning process is shown in Fig. 13. Samples are generated in pairs of center

points x. and border points z; of the same color discrimination ellipses, the goal is to

make the distances between them be equal to 1. The loss function is presented as

loss = (||Net(z.) — Net(zp)||2 — 1) (18)
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Figure 11. Conversion neural network architecture. All layers are fully connected with ELU
activation function.
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Figure 12. Plot of the ELU function.

In order to increase the number of points that can be used in the learning process, a
new approach has been defined. The idea is to include more information between the
different points to aid the generalization ability of the network and avoid trivial solutions.
Distance from the center point to the points in the vicinity of the border of an ellipse
has been calculated by using the CIEDE2000 metric, the de facto standard in modern
color difference calculation. One example is presented in Fig. 14 and it indicates that
the distance in the vicinity of the color discrimination ellipse is practically linear. This
applies for the rest of the ellipses and angles as well. That lead to the idea of fitting new
color distance to linear values. Distance from the center x. to the border point z; should
still be 1, the distance from the center x. to the point halfway x5 to the border shoud be

0.5, distance from the center z.. to the point twice as far from x, the center as the border
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Figure 13. Spectra of center and border points of a color discrimination ellipse are used as an
input. They are converted to new coordinates by using the conversion neural network. The distance
between points in new coordinates is then used to calculate loss value.

point must be 2 and etc. The concept is illustrated in Fig. 15.

The loss function is now slightly modified to
loss = (|| Net(z.) — Net(x,)||» — t)? (19)

where ¢ is the ratio of the Euclidean CIELAB distance to the border point (i.e. ¢ = 1 for
the border point).

Even though this approach was better than the first in a sense that more points were
involved in the training process, it did not yield any usable results, as they tended to
converge to the trivial solutions, i.e. convert all input points to one output point. The
main idea behind the next approach is that the four points from Fig. 15 are optimized at

the same time instead of only two.

In order to avoid the collapse of all the points into one, as was the case with the previous
approach, two additional points are sampled along with the border point: a point inside

an ellipse (inner point) and a point outside an ellipse (outer point) as illustrated in Fig. 15.
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Figure 14. CIEDE2000 distance between center of an ellipse and points lying on a straight line
going from the center as far as 5 radius lengths. It can be seen that the distance in the vicinity of
an ellipse is linear in nature.

This new training process is presented in Fig. 16. Note that all 4 points lie on one line.
Additional conditions are added to the loss function: inner point x; must be closer to the
center x. than the border point x;, and border point x;, must be closer to the center x,. than

the outer point x,. New loss function now becomes

d; = ||Net(z.) — Net(x;)||2
dy = ||Net(z.) — Net(zp)]|2
o = [|[Net(ze) — Net(zo)]|2 (20)
exp(d;) exp(dy)

loss = (dp — 1)? +
oss = (dp — 1) exp(d;) + exp(dy)  exp(dy) + exp(d,)

Additional softmax terms of the form described in Eq. 13 converge to 0 when  — 0

which in this particular case of dealing with distances means that distance a will be less

than distance b, e.g. moving inner point z; closer to the center z. than the border point
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Figure 15. Center, inner, border and outer points that are used in the learning process. t is the
ratio of the distance from z. to the point relative to the distance from z. to xy.

xp. In the initial experiments it was found that this kind of a constraint is too rigid for this
particular task, the goal is not to move inner point closer to the center, but to add penalty

if the inner point x; moves further from the center x. than the border point ;.

In the next iteration of the loss function this constraint is replaced by a weaker one that
uses Rectified Linear Unit (ReLU):

0, ifz<0
ReLU(z) = (21)

x, otherwise

Now, only the undesired cases, such as border point moving further than the outside point,
are penalized. Another improvement was to augment the main term of the loss function,
the one responsible for the distance to the border point. The goal was to make even the

slightest deviation from the desired distance of 1 to be penalized. The modified logistic
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Figure 16. Spectra of center, inner, border and outer points from a color discrimination ellipse are
used as an input. The inner point is sampled at half the distance to the border and outer point is
sampled at twice the distance to the border. All 4 points are converted to new coordinates by using
the same conversion network. The distances between the center point z. and the rest of the points
in new coordinate system are used to calculate the loss value given in Eq. 20.

loss function has been, it is defined as

1
024+ =z

f(x) log(1 + exp(— ))- (22)

- log 2

The constant value of 0.2 is chosen to shift the curve so that the function is more steep
near zero. The normalizing factor of @ is used scale the function to fit to the [0, 1]
range when applied to the non-negative values. This is useful for adjusting multipliers for
the additional terms that will be discussed later. The plot of the function from Eq.22 is
presented in Fig.17. This function, applied to the previously used (d, — 1)? produces the

desired outcome.
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Figure 17. Modified logistic loss function from Eq. 22 to be used in conjuction with deviation of
the distance from 1.

The new loss function is then constructed as follows:

d; = ||Net(z,) — Net(z;)||

d, = ||Net(z.) — Net(x)| |

dy = ||Net( ¢) — Net(xo)|[2 (23)
loss = log(l + exp(— 02+ (;b _ 1)2))+

+R@w¢—m+R¢m@—M

The training is performed in batches of a fixed size and a mean value of the loss function
from Eq. 23 is calculated from all samples in a batch. To ensure that the distances between
all centers and the corresponding border points in all cases are 1 and to avoid cases where
some ellipses are too big and others are too small but on the average they have radius 1
another additional term

max{(d, — 1)*} (24)

has been added to the models with relatively small batch sizes. Along with the mean value
of Eq. 23, the maximum value of (d, — 1)? is also added to the final loss function. This
addition negatively affected the convergence, but by adjusting the multiplier for this part

it was possible to receive positive results.
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One noticeable issue with BFD-RIT dataset is that all ellipses are flat and lie on planes
parallel to each other, leading to the flattening of the new color space. In an attempt to
rectify this issue, a luminosity term has been added to the model and the final loss function

becomes

)
0.2+ (dy — 1)2 (25)

+ ReLU(d; — dy) + ReLU(dy — d,) + | Lo — L]

loss = 1 log(1 4 exp(—

og 2

where L is the luminosity value of the center point in CIELAB coordinates, L, is the first
coordinate in the new color space. That way, the volume of the color space is preserved
to some extent. Note that this function does not use the maximum deviation term, as there
was no success in making the network with both luminosity and maximum deviation

terms to converge.
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6 EXPERIMENTS

MATLAB has been used for the implementation of a spectrum approximation algorithm
from Alg. 1. The bottleneck of this algorithm is the local optimization of spline control
points. The solution to a system of linear equations is computed fast and efficiently, but
the local optimization algorithm depends on a quality of a first approximation and that
depends on a color that is being approximated. As a result, this optimization can take a

relatively long time to compute.

Keras library along with Tensorflow backend and Python interface are used for the cre-
ation and training of neural networks. Each learning iteration is trained on batches of a
fixed size. Each query in the batch consists of four points, so in essence for the batch size
of N, the network is applied to 4V points. But the network size is relatively small when
compared to the modern convolutional networks and the training process is performed

relatively fast.

6.1 Input Data Generation

Spectrum approximation algorithm in Alg. 1 is used for the generation of all the data for
the network. Standard illuminant D65 is used in the approximation. The objective of
the local optimization function is to minimize the Euclidean distance between the origi-
nal color in XYZ coordinates and the color computed from the approximated spectrum.
The minimum distance is used as a stopping criteria and value of 10~® has been used
throughout all experiments. There were problems with approximations for the colors in
the red part of the spectrum: the local minimum did not always converge to the desired
distance. In order to avoid that, whenever local optimization reached maximum number
of iterations it was repeated but with the reduced order of the spline, i.e. the lower degree
polynomial is used to calculate the curve. After that modification all colors were approxi-
mated very precisely, with the maximum distance between the new and the original colors
being about 10~%, which can be considered negligible as it is comparable to the machine

epsilon value for the single precision values.

Approximated spectra were also compared to the real measured spectral values of the
glossy Munsell color chips, available from [27]. Both the approximation and the measured
values use the standard illuminant D65. The plot of CIELAB values of those chips is
presented in Fig. 18.
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The comparison of four approximated and real measured spectra is presented in Fig. 19.
Both approximated and measured spectra produce the same colors, even though the spe-

cific spectral values differ significantly.

In order to visualize and validate the results of the conversion network training, two ad-
ditional datasets have been generated. The first set is used to test the effectiveness of the
new color space in terms of perceptual uniformity, i.e. it is used to check the radiuses
of the color discrimination ellipses to see how close they are to 1. In order to do that,
spectrum of the center point of each ellipse is generated along with 8 border points sam-
pled with 45°step. The plot of the projections of the test data in CIELAB coordinates is
presented in Fig. 20.

To visualize the new color space, the displayable RGB gamut was converted into CIELAB
coordinates and the respective spectral values were generated. Resulting points in CIELAB
color space are displayed in Fig. 21. All possible permutations of red, green and blue
channel values, each divided into 50 samples, are used for RGB values, accounting for
125 000 colors in total.

6.2 Perceptual uniformity of the New Color Space

Several models were trained by using the model developed in the Chapter 5.3. The loss
functions from Eq. 23 and Eq. 25 has been used for all of the models, with the addition of
maximum deviation from 1 when it was possible to achieve convergence. 30% of the data
has been used for the validation. Different batch sizes were used for different models, as
they affect the learning process if the addition of maximum deviation from 1 is added to
the loss function. In order to differentiate between the models they were named in the
following way: M < Batchsize > [Maz|L], for example the model with the batch size
of 32 and additional max term Eq. 24 is named M 32M ax, if the model was trained on
batch size 64 with the use of L coordinate as in Eq.25 it will be named M64L, and etc.
Several models were trained with the same parameters, in that case they will be numbered:
M128y, M 1285, M128Maxy, M128 M axy and etc.

Plots of converted test data from Fig. 20 are presented in Fig. 22. Both models were
trained with batch sizes of 8, the second model also used maximum values in the loss
function. The results of the first model illustrate the problem with the BFD-RIT dataset
that was mentioned earlier: the constraints are only locally defined for the points lying

on a parallel planes perpendicular to the luminosity axis. That led to the new color space
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being flat: the third coordinate is the same for all points. The addition of the max term
made the color space more curved than before with the different elevation levels for some
of the ellipses. That could be the consequence of the optimizer trying to adjust the weights
more according to the worst ellipse in the batch, leading to more local changes that curved

the overall plane.

In order to evaluate all created models, the mean distance from center to the border points
of the test data has been computed, along with the variance of those deviations and max-
imum deviation from 1 calculated as in Eq. 24. Those values give information about the
perceptual uniformity of the resulting color space, and as a result, the effectiveness of
the new color metric. They are also calculated for the Euclidean distance in the original
CIELAB color space and for the CIEDE2000 metric to check how the new metric per-
forms in comparison with previously used solutions. The results are presented in Table 1.
It can be seen the results are mostly consistent, outperforming CIELAB and CIEDE2000.
The difference of results can be explained by the random initialization of the network
weights and the local nature of the optimization process: all constraints that are used in

the loss function define only the local relationship between the points.

6.3 Shape of the New Color Space

It is also important to evaluate the general color distribution in the new color space. For
example, the problem of previously described model M8 when the color space essen-
tialy becomes two-dimensional. The conversion of RGB gamut displayed in Fig. 21 to
the new color space can be used to estimate the shape of the new color spaces. Most of
the new color spaces are shaped like a curved manifolds with some thickness that can be
interpreted as a way of differentiating the luminosity, while the curvature of the mani-
fold represents the chromaticity. Those results match the Riemannian formulation of the

problem, that was used in [4—7]. An example of such model is presented in Fig. 23.

Addition of the maximum deviation from Eq. 24 to the loss function makes the resulting
manifold curve even more, sometimes resulting in a more tube-like color space, such as
the one displayed in Fig. 24. Addition of this term negatively affected the convergence of
the training process. In order to rectify this issue, this term is used with a multiplier. The
idea is to make this term smaller than the main objective function until the main objective
function converges to the smaller values, and then this term can affect the learning process.
It acts as a threshold, allowing for the optimizer to work on the main loss value, which is

computed as a mean value of Eq. 23. The optimizer does so until it reaches the solution
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Table 1. Evaluation results for the trained models. The best results for each row are shown in

bold.
M8 M8Max | M32 | M32Max | M64, | M64Mazx,
Mean 0.9986 | 0.9959 | 0.9881 0.9859 0.9982 0.9958
Variance 0.0077 | 0.0052 | 0.0074 0.0139 0.0098 0.0069
Max{(dp — 1)2} 0.1210 | 0.2186 | 0.1291 0.3984 0.1645 0.1333
Mb64s | M64Mazxs | MS80 | M80Max | M128; | M128Max;
Mean 1.0010 0.9765 0.9921 1.0013 0.9931 0.9907
Variance 0.0027 0.0126 0.0103 0.0086 0.0068 0.0130
Max{(dp — 1)2} 0.1166 0.2524 0.2042 0.3151 0.1178 0.2247
M128y | M128s | M128Maxy | M128, | M1285 | M128L,
Mean 0.9934 | 0.9990 0.9869 0.9973 | 0.9850 | 0.9858
Variance 0.0092 | 0.0026 0.0026 0.0052 | 0.0063 | 0.0174
Max{(dy — 1)2} 0.1471 | 0.1629 0.2063 0.2558 | 0.1475 | 0.1856
M128Ly | M128Ls | M128L, | M128Ls | M128L¢ | M128L~
Mean 1.0047 0.9988 0.9895 0.9832 0.9952 0.9984
Variance 0.0207 0.0029 0.0031 0.0118 0.0054 0.0040
Max{(d, — 1)2} 0.1065 0.0978 0.1871 0.1263 0.1143 0.1351
M?256 | Euclidean CIELAB | CIEDE2000
Mean 0.9930 1.7707 0.9027
Variance 0.0093 0.8619 0.0509
Max{(d, — 1)*} | 0.1115 27.6392 1.0053

good enough so that the mean value is less than the multiplied maximum deviation. Then,

the optimizer will focus more on the worst samples of the batch.

The usage of the loss function from Eq. 25 results in color spaces more closely resembling
the CIELAB color space, such as the one illustrated in Fig. 25. Those results may be
the most desirable, as they not only satisfy the perceptual uniformity condition on the
chromaticity plane, but also roughly retain the luminosity levels from the CIELAB color
space. The nature of this loss function also makes it easier to assign some logical meaning
to the resulting coordinates: the first coordinate can be used to quantify the luminosity,
while the other two account for the chromaticity. But one look at Fig. 25 can be enough to
see that in reality the first coordinate is not the luminosity axis, rather luminosity axis is
at an angle to the first coordinate axis. Still, the overall distribution of colors more closely
resembles that of the CIELAB coordinates.

In order to numerically evaluate the shape of the resulting color space a ratio of a surface

area to the volume has been computed for all models. The values are computed for a
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Table 2. Ratio of the surface area to the volume of RGB gamut in the new color spaces for all
models. Three best results are highlighted in bold. The last column corresponds to this ratio
calculated in standard CIELAB coordinates.

M8 M8Max | M32 | M32Max | M64; | M64Max, | M64,
Surfacearea 1 7485 [ (0.5207 | 0.7188 0.2906 0.2849 0.2251 0.4012

Volume
Mo64Mazxy | M80 | M80Max | M128, | M128Max, | M128,
Surface area 0.1939 0.1989 0.1309 0.5743 0.1506 0.1745

Volume
M1283 | M128Maxy | M128, | M1285 | M128L, | M128L,
Surfacearea | () 1585 0.1602 0.1808 | 0.1854 | 0.0979 0.1600

Volume
M128Ls | M128L, | M128Ls | M128L¢g | M128L, | M256 Lab
Surfacearea | () 387() 0.1053 0.1082 0.2020 0.1021 | 0.2861 | 0.0751

Volume

bounding area that envelops all of the points from the RGB gamut in the new color space.
The results are presented in Table 2. Higher values of this ratio correspond to a more flat

color spaces, so the models with the lower values are more desirable.

6.4 Munsell Spectra in New Color Space

In reality, one color can have an infinite number of matching spectra. Even though this
conversion network was designed to work with the approximation received from applying
Alg. 1, which is a bijective mapping from the color coordinates to the spectrum distri-
bution, it is worth investigating the ability of the network to work with different spectral
representations of the same colors and how the results differ from each other. Measured
spectral data of the Munsell color chips has been used for this exact purpose. This data
has been described in Chapter 6.1. Even though the spectrum data differs drastically be-
tween the approximation and the real measured values, as is evident from the Fig. 19,
the conversion of both spectra produces relatively close results in color. Plots of the con-
verted approximated and measured spectra are presented in Fig. 26. Visually, the results
are very similar, the more detailed comparison for all trained models is given in Table 3.
It can be seen, that the results are mostly consistent and that the difference between the
approximation and the real data is indeed relatively small, considering how different the
spectral values are. This means that the generalization ability of this conversion neural
network is significant, it was able to learn the properies of spectral data and determine

when it corresponds to the same colors.
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Table 3. Mean, minimum and maximum distance values between the points converted from the
approximated and the measured spectra data. Best results are highlighted in bold.

M8 | M8Mazx | M32 | M32Max | M64, | M64Max,
Mean | 0.5970 | 0.6755 | 0.5842 | 0.9863 | 0.5614 1.1149
Min | 0.0096 | 0.0186 | 0.0159 | 0.0233 | 0.0200 0.0472
Max | 5.6785 | 2.6805 | 2.3421 | 8.4732 | 2.6357 5.1619

M64y | M64Maxs | M0 | M8OMax | M128, | M128Max;
Mean | 0.6856 0.8385 0.9056 0.7803 0.6170 0.7378
Min | 0.0482 0.0211 0.0498 0.0286 0.0202 0.0327
Max | 3.1081 4.3606 4.1649 47102 2.4916 4.2630

M128y | M1285 | M128Maze | M128, | M1285 | M128L,

Mean | 0.7874 | 0.3681 0.4928 1.1860 | 0.6763 | 0.7986
Min | 0.0633 | 0.0018 0.0074 0.0406 | 0.0599 | 0.0271
Max | 7.5345 | 2.3541 3.3569 13.6692 | 5.7598 | 2.9518

M128L, | M128L3 | M128L, | M128Ls | M128Lg | M128L, | M256
Mean | 0.6613 | 09265 | 0.7594 | 1.2754 | 0.7595 | 0.5823 | 0.7012
Min | 0.0113 | 0.0756 | 0.0222 | 0.1473 | 0.0819 | 0.0321 | 0.0171
Max | 9.9569 | 5.7414 | 3.8280 | 5.2592 | 4.2657 | 52694 | 4.0395

6.5 Conversion of CIELAB Colors to New Color Space

The neural network converts spectral data into new color coordinates, the spectral data
is generated by using the approximation algorithm. It would be convenient to be able to
use new color space or at least new color metric in the same way as standard metrics and
spaces are used, i.e. the ability to convert any color values to new color space by using
some relatively simple transformation. In order to create this kind of transformation an-
other neural network has been trained to approximate the new coordinates from CIELAB
values. It was decided to use only one hidden layer. Different number of neurons has
been tested starting from the minimum of three and increasing until the mean distance to
ellipse borders was at least in the range of [0.8,1.2]. The best performing network had

200 neurons, the structure is given in Fig. 27. ELU activation function has been used.

The goal was to make this network as small as possible, ideally with only three neurons
on a hidden layer, so it would be possible to find the invertible transformation. But the
conversion to the new color space is very complex and cannot be approximated with the
network that small. Therefore, the larger layer size has been used. With 200 neurons
on one and only hidden layer, this network can be stored as a function by saving two
matrices: one of size 4 X 200 and another one of size 201 x 3, if bias values are included

and extended inputs are used. That way, the conversion from CIELAB to the new color
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Table 4. Comparison of performance of the full model and models for converting CIELAB values
to new coordinates.

M128L7 | Labto M128L; | Finetuned | Euclidean | CIEDE2000
Mean 0.9984 0.9829 0.9937 1.7707 0.9027
Variance 0.0040 0.0600 0.0117 0.8619 0.0509
Max{(d, — 1)*} | 0.1351 0.6868 0.1764 27.6392 1.0053

space can be condensed into one small function with fast performance.

First, the model, that converts spectral data into the new coordinates, was used to convert
spectral data of RGB gamut into the new coordinates. Then, this small conversion network
has been trained to approximate new coordinates by using CIELAB coordinates as an
input. Model M128L; has been chosen for this task. The choice has been made by
selecting the best three models according to the Table 2 and then choosing the best out of
those by evaluating the mean distance to the border from Table 1. The approximation is
far from perfect, the mean distance between the new coordinates from M 128 L7 and colors
converted from CIELAB is 2.8661. The new color space is shown in Fig. 28. Two color
spaces resemble each other, as seen in Fig. 25, but the shape of a newer one is more linear
in form with less curvature. As can be seen from Table 4, the performance of the new
color space is worse than that of a full model. In order to rectify this issue, this model has
been finetuned by using the loss function from Eq. 23. The new color space is presented in
Fig. 29 and it is even more different than the original M 128~ color space. Despite that,
the perceptual uniformity of it is better than that of the first approximation, as is evident
from the Table 4. In fact, it is almost on par with the original color space. The downside
of this network is that there is no reverse transformation from the new color space to the
original CIELAB. Nevertheless, this model can be used as a new color distance metric for
CIELAB (or any other standard color spaces), by converting them to this color space and

then calculating the Euclidean distance only.
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Figure 18. Lab values of 1600 glossy Munsell chips colors presented from two different direc-
tions: (a) ab projection (b) Isometric.
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Figure 21. Two projections of the RGB gamut in CIELAB coordinates.
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(b)

Figure 22. Plot of the converted test data (a) model with batch size of 8 (b) model with batch size
of 8 but with the addition of maximum deviation term to the loss function.



47

M128,

—

(a)

M128,

(b)

Figure 23. Projections of the converted RGB gamut data by model M 1285 from two angles.
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Figure 24. Plot of the converted RGB gamut data by model M 64 M ax; from two angles.
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Figure 25. Plot of the converted RGB gamut data by model M 128 L~ from two angles.
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Figure 28. Projections of the converted RGB gamut data from CIELAB coordinates by network

approximating M 128Ly.
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Figure 29. Projections of the converted RGB gamut data from CIELAB coordinates by the fine-
tuned network.
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7 DISCUSSION

The goal of this thesis is to define a combination of a color space and a metric that matches
human perception of color differences. Chromaticity discrimination ellipses are used as
an input data for the learning. The idea is to convert those ellipses back to the spectral
representation instead of using previously created color spaces. Perceptual uniformity can
be achieved if the distance from the border points to the center of the ellipse is constant
and equal for all points. A neural network based approach to metric learning is used in

order to create such metric on spectral data.

The reason for converting the color to the spectrum representation is the abstraction from
the standard color spaces. Spectral data contains the complete information about that
color, that can be otherwise lost while converting to some other color spaces. That in-
formation might be crucial to the way humans perceive colors, and the goal of the neural
network was to learn that information and possibly even generalize it. But an important
point about the spectral data of colors is that this is not bijective mapping, i.e. there are
multiple spectra corresponding to one color. The trained neural network was able to ac-
count for this to some extent: it converted different spectrum values of the same colors
to roughly the same coordinates. That means, that it is possible to augment the learning

process or training data to teach the network to properly convert spectrum to the colors.

The process of spectrum approximation can also be changed. The goal of spectrum ap-
proximation for this particular task was to generate smooth function that corresponds to
the particular color. It can also be modified in order to produce the approximate spectra
of specific color surfaces, like matte or glossy colors. Training the network on different

spectrum values for the same colors can lead to a better generalization.

The produced color spaces were perceptually uniform in a sense that the chromaticity
discrimination ellipses in new color spaces all had the radius of one. Due to the limiting
nature of the used BFD-RIT [12] dataset, some of the new spaces tended to collapse to two
dimensions. That is because all ellipse data is given on planes parallel to each other and
perpendicular to the L axis, and when using this data in the main objective function for
the learning process, it means that there are no conditions for the luminosity values. This
issue has been partly rectified by the addition of L terms to the loss function. The results
of running this same learning algorithm on the three dimensional color discrimination
data would be more correct and this is a possible subject for the future research. It is also
worth noting that the resulting color spaces usually take the form of a curved manifold,

which corresponds to the Riemannian formulation of the underlying color space.
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Random initialization of the starting weights lead to the different resulting color spaces.
That is the consequence of the fact that the constraints in loss function are only defined
locally in the vicinities of the color discrimination ellipses, but there is no information
about the relationships between different ellipses. One of the interesting properties of
those color spaces is that they preserved the angles of the color discrimination ellipses,
even though there were no conditions in the loss function to specify the position of border
points relative to each other. Theoretically, all border points could have collapsed into
one point that is 1 unit away from the center, but instead they are transformed into nearly

perfect circles.

The process of converting the color to the new color space is rather long: first the spectra
approximation, then the application of a deep neural network. In practical situations,
it would be more convenient to have a relatively fast function to calculate the metric
or transform between color spaces. It is possible to use the smaller neural network to
approximate the transformation to the new color space as it was done in this work. But
this is only an approximation of the new color space, and the conversion is one way
only, therefore it can only be used as a metric. The creation of reversible transformation

between the standard and new color spaces poses another possible research question.

Producing a color space with perceptual uniformity can lead to a better understanding of
human color vision. Moreover, a color space like this can be used for image processing
to produce better looking results. Computer vision algorithms may also perform better on

images that use this representation, as it is closer to how humans see colors.

There are several avenues for the future research on this topic. Incorporating color dis-
crimination data in three dimensions in the form of ellipsoids or as a separate data regard-
ing the sensitivity of human vision to different lightness. Another possible improvement
is to concetrate the training on converting different spectra of the same colors to the same
coordinates. Even though this was not the goal of this research, the resulting network was
able to convert different spectra to a relatively close coordinates. By introducing addi-
tional constraints to the learning process and focusing on this particular issue, it would be
possible to generate proper color coordinates for all kinds of spectral data. Adding a stan-
dard illuminant as an additional parameter for this network can be used for this purpose.
The creation of the reversible transformation between the new color space and standard
color spaces is also a relevant research question. Transformation like this could allow to

use this as a color space, and not only as a color distance metric.
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8 CONCLUSION

An attempt to create a color distance metric and color space that matches human percep-
tion has been made. The main idea was to use the spectral data of colors as an input
to a metric learning algorithm specifically created to enforce the properties of perceptual
uniformity by using the available data on color discrimination ellipses. Neural network
approach is used to convert the spectrum to new coordinates. The learning structure in-
spired by the Triplet Network has been created along with the special loss function in
order to train the network. The resulting color spaces were tested against the standard
color space and color distance metric. The results indicate that the new color spaces are
more perceptually uniform than the previous standard solutions. A smaller and simpler
neural network has been also trained to convert colors from the standard color spaces to
the approximation of the new color space. Either the full process of using the spectral
data or the smaller network to directly convert color coordinates can both be used as a
perceptually uniform color difference metrics. The new color space can also be used if

the reverse transformation is not necessary for the task.
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