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Abstract
There has been extensive research on finding distance mea-

sures between individual colors which conform to the human vi-
sual system color perception. With the recent advent of using
and naming color combinations by abstract concepts (classic, ro-
mantic), this paper addresses the new problem of computing dis-
tances between such combinations, which are referred to as color
schemes. In addition, the paper proposes an algorithm to com-
pute the distance measure which is shown to be competitive com-
pared to various state of the art distance measures adapted to the
problem at hand. In particular, the proposed distance measure,
referred to as the Color-based Earth Mover’s Distance (CEMD)
embeds the CIEDE2000 color difference formula into the Earth
Mover’s Distance (EMD). The CEMD performance in computing
distances is evaluated through a color scheme retrieval frame-
work. Quantitatively, it is shown that the CEMD provides in gen-
eral the highest precision at K as compared with the EMD and a
distance based on Fisher Vector representations of color schemes,
which we refer to as FD. Qualitatively, it is shown that retrieved
color schemes are more similar to the query scheme when the
CEMD is employed as compared with the EMD and FD. Quali-
tative results on image ranking by concept using the CEMD are
shown to be better than those obtained using tags.

Introduction
Color schemes or palettes, which are combinations of col-

ors, are used in various applications. For example, image search
using multiple colors or schemes has been introduced by IBM in
their QBIC system [1] and by Flickr [2]. In image color transfer,
a color scheme is used to transfer the colors of a given image to
obtain an output image of colors resembling those of the input im-
age [3]. A color scheme can be associated with a type of concept,
whether emotion, mood, or aesthetic, and assigning concepts to
color combinations has been a recent topic of investigation [4, 5].
More recently, color transfer approaches use concepts as com-
pared with color schemes to indicate the desired transfer [6, 7, 8].

While employing color schemes, users might wish to replace
a previously selected scheme with a similar one which still relates
to the concept of the original scheme. In addition, more advanced
users, such as graphic designers, may wish to either modify or cre-
ate color schemes which adhere to a particular concept. If these
users have one sample color scheme associated to a concept, they
can then either create or retrieve similar schemes based on a dis-
tance measure which assesses the similarity between them.

There has been work in the literature on computing distances
between color palettes, which are extracted from images such as
in [9]. For Home Décor applications, there has been work on com-

puting distances between object pixel colors and color palettes
from a database designed by an interior designer [10]. Alterna-
tively, there has been work which computes distances between
color histograms [11, 12, 13]. These distance measures were used
most commonly in the application of color-based image retrieval
[11]. They take into account statistical properties of both the im-
ages as well as those of the color spaces used [12]. They can also
take into account the spatial properties of images [14, 15, 16] or
their salient regions [17]. The color schemes considered in this
paper to compute and compare different distance measures are
not extracted from images and therefore do not contain such in-
formation. Note that even though the schemes in the last section
are extracted from images, they only use the representations of
the colors in 3D space to compute the CEMD. In addition, these
color schemes are not used in our study.

Most research in color science is focused on finding differ-
ences between individual colors. Over the years, the International
Commission on Illumination (CIE) has devised several metrics,
referred to as ΔE, to best represent the distance between two col-
ors as would be perceived by the human visual system [18]. This
paper has two main goals. First it proposes and addresses a new
problem, which is that of finding differences between combina-
tions of colors or color schemes. The paper starts by evaluating
different distance measures, which are often used in computer vi-
sion applications, in the context of color scheme retrieval. The
best performing distance measure, the Earth Mover’s Distance
(EMD), is thus selected. Second, the paper embeds the most re-
cent ΔE metric, the CIEDE2000 color difference formula, into the
EMD in order to render it more coherent with the human visual
system color perception. This new distance measure is referred
to as the Color-based EMD (CEMD). The paper then compares
the CEMD to the EMD as well as to a distance defined on Fisher
Vector (FV) representations of color schemes, which we refer to
as FD. Such representations have shown state of the art perfor-
mance when used for color schemes in categorizing them [5]. It
is shown that similarities between color schemes are best captured
using the CEMD. A color scheme retrieval framework is used in
the paper for evaluation as it allows for both a quantitative and
qualitative analysis of the distance measures.

The paper first starts with comparing different distance mea-
sures adapted to our problem. A quantitative evaluation of these
distance measures through a color scheme retrieval framework is
carried out. Next, the algorithm which computes the CEMD is
presented. Quantitative and qualitative analyses are carried out
to test its performance in a color scheme retrieval task. In these
analyses the CEMD is compared to the EMD and the FD. It is
shown that our proposed algorithm outperforms all the distance
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measures considered. Finally, it is shown that images retrieved
by color schemes representing abstract concepts while using the
CEMD are more visually coherent than those retrieved by tags in
GoogleImages.

A Comparative Study of Distance Measures
between Color Schemes

One of the goals of this paper is to introduce the problem of
finding similarities between color schemes, as compared with in-
dividual colors. Several distance measures often employed in the
computer vision literature are used. We adapt these measures to
apply them to computing distances between color schemes. We
first start with a description of the different distance measures
used. We then show quantitative results within the considered
evaluation framework.

Distance Measures
We describe the distance measures considered to assess the

similarities and/or differences between color schemes. Denoting
any two given color schemes by X1 and X2, each can be written
as X1 = [S11,S12, ...,S1N ] and X2 = [S21,S22, ...,S2M], where Si j
denotes the jth swatch, or color, of scheme i. N and M are the
number of swatches, or colors, of schemes X1 and X2 respectively.
A swatch can be represented by a 3D vector in a given color space.

The Euclidean Distance
The Euclidean distance (ED) between two color schemes is

the simplest distance measure which may be considered. It re-
quires that N = M and can be computed as follows:

dED(X1,X2) =
N

∑
i=1

||S1i −S2i||. (1)

Note that this distance is dependent on the order of swatches in a
color scheme.

The Levenshtein Distance
Color schemes can be interpreted as strings of symbols (see

for e.g. [19]), which are swatches in our case. The Levenshtein
distance (LD) between two strings is then taken to be the least
number of operations needed to modify one string to obtain the
other string. The cost of replacing one symbol by another is the
ED between them and the insertion cost is left as a parameter. The
algorithm pseudocode is:

begin
Input: X1,X2; output: dLD(X1,X2)
for i = 1 to N +1 do Di,1 = 0; od;
for j = 1 to M +1 do D1, j = 0; od;
for i = 1 to N do

for j = 1 to M do
cost = Di, j + ||S1i −S2 j||;
Di+1, j+1 = min(cost,Di, j+1 +cins);
Di+1, j+1 = min(Di+1, j+1,Di+1, j +cins);

od;
od;
dLD(X1,X2) = DN+1,M+1;

end

where cins is the insertion cost. We consider in our analysis three
values for cins, which are 0, 0.2, and 1. An advantage of the LD

over the ED is that it does not require that N = M although it does
depend on the order of swatches.

The Permutation Distance
We propose the Permutation distance (PD) measure, which is

based on the ED. This distance sums the EDs between swatches of
one color scheme and corresponding swatches of a second color
scheme. The swatch pairs are chosen without replacement in a
greedy fashion according to the minimum ED between them. The
algorithm pseudocode to compute this distance is:

begin
Input: X1,X2; output: dPD(X1,X2)
D = 0, I = {1,2, ...,M}.
for i = 1 to min{M,N} do

j∗ = argmin
j∈I

||S1i −S2 j||;

I = I \{ j∗};
D = D+ ||S1i −S2 j∗ ||;

od;
dPD(X1,X2) = D;

end

The PD does not require the color schemes to be of the same
length nor does it depend on the order between swatches unlike
the LD and ED.

The Graph-based Distance
A drawback with the ED, LD, and PD is that they take into

account the differences between individual swatches and not the
relationship between successive swatches. For example, consider
two color schemes which are identical apart from the fact that the
identical swatches are translated from each other by a number of
positions. The Euclidean distance in this case would penalize the
translation distance cumulatively for each swatch. To remove this
effect we propose a distance measure where the difference in the
distance between successive swatches is taken into account and
consequently such translations are not penalized. This is done by
shifting each swatch in order to the same point in space, translat-
ing the successive swatches by the same amount and then taking a
difference. As it is based on a distance measure between graphs,
we refer to this distance as a Graph-based distance (GD). We in-
clude a parameter α which allows us to trade off the amount by
which such translations are disregarded. For α = 1 we recover the
standard Euclidean distance. For α = 0 we ignore the actual color
values, and instead account for the differences in the transitions to
successive swatches. The algorithm pseudocode is:

begin
Input: X1,X2; output: dGraph(X1,X2)
D = 0;
for i = 1 to N −1 do

D = D+ ||(S1(i+1) −S1i)− (S2(i+1) −S2i)||;
od;
dGraph(X1,X2) = D;

end

Finally, the two components are summed to obtain:

dGD(X1,X2) = αdED(X1,X2)+(1−α)dGraph(X1,X2). (2)

The three values of α we consider in our analysis are 0, 0.8, and
1. When α = 1, the ED is computed.
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The Earth Mover’s Distance
We also use the Earth Mover’s Distance (EMD) to assess

similarities between color schemes. The EMD [20] is computed
as such:

dEMD(X1,X2) =
∑N

i=1 ∑M
j=1 fi j||S1i −S2 j||

∑N
i=1 ∑M

j=1 fi j
, (3)

where fi j is the flow between S1i and S2 j and it is computed such
that it minimizes the following cost, denoted by C:

C =
N

∑
i=1

M

∑
j=1

fi j||S1i −S2 j||, (4)

subject to the constraints:

fi j ≥ 0 1 ≤ i ≤ N,1 ≤ j ≤ M;
M

∑
j=1

fi j ≤ wS1i 1 ≤ i ≤ N;

N

∑
i=1

fi j ≤ wS2 j 1 ≤ j ≤ M;

N

∑
i=1

M

∑
j=1

fi j = min(
N

∑
i=1

wS1i ,
M

∑
j=1

wS2 j ).

The weight vectors wS1 = [w11w12...w1N ] and wS2 =
[w21w22...w2M] are assumed to be equal. We experiment
with three weight vectors, W1, W2, and W3:

W1 = [0.33 0.33 0.33];

W2 = [0.5 0.3 0.2];

W3 = [0.4 0.3 0.3]. (5)

As described in the next section, the color schemes we use com-
prise three swatches each and the weights vector is consequently
three-dimensional. The weights allow us to put different empha-
sis on the swatches of the schemes. For example, we can choose
equal weightings of the different swatches of a scheme. We can
also assume that the first swatches are more important and thus
assign higher weights to them. One of the advantages of using the
EMD is that it can also be applied to compute distances between
two schemes of different lengths.

Quantitative Analysis
We compare the different color scheme distance measures in

the context of a retrieval task. The database of color schemes
are obtained from the book “Communicating with Color” [21]
and contains 360 color schemes, each comprising three swatches.
Each of the schemes is representative of one of 15 abstract con-
cepts: capricious, classic, cool, delicate, earthy, elegant, lus-
cious, playful, robust, romantic, sensual, serene, spicy, spiritual,
and warm. The colors of schemes pertaining to one concept for
clusters in the RGB color space are shown in Fig. 1 for the con-
cepts romantic and serene. Selecting each scheme, we compute
the distance between it and the remaining 359 schemes. We can
then rank the 359 color schemes in order of increasing distance
to the selected color scheme. The schemes which belong to the
same abstract concept as the selected color scheme are consid-
ered relevant, while the schemes which belong to other concepts

are considered non relevant. Hence the precision is computed by
dividing the number of relevant schemes amongst the top K re-
trieved color schemes. The average of the precisions from 1 to
K was then taken to obtain the mean precision at K. This pre-
cision obtained while employing the different distance measures
is shown in Fig. 2. We conclude that the best precision in color
scheme retrieval is obtained in the case of the EMD. Note that the
scheme swatch colors are represented in the Lab color space in
our computations.

The Color-based EMD

We take the best performing measure, the EMD, and embed
into it a perceptually coherent color difference formula as a met-
ric. The formula we use is the CIE DeltaE2000 metric [22], which
is widely used in the color science literature as it reflects a better
perceptually coherent distance between colors represented in Lab
space than the Euclidean distance. We refer to this distance as
the Color-based EMD (CEMD). We first start by describing the
algorithm used to compute the CEMD. We then compare it to the
EMD and to the FD, both quantitatively and qualitatively.

Figure 1. Swatch colors for the schemes romantic (left) and serene (right)

in the RGB space.
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Figure 2. Precision at K for the task of retrieving color schemes from our

dataset. The precision shown is averaged over the precisions computed from

1 to K using each of the 360 available color schemes as a query. The dis-

tance measures used in retrieval are dt , where t =: EMD with the Euclidean

metric and weights W1 , W2, and W3 as given in Eq. 5; GD with α set to 0, 0.8,

and 1; PD; LD with cins set to 0, 0.2, and 1.
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The CEMD algorithm
The CEMD is computed as such:

dCEMD(X1,X2) =
∑N

i=1 ∑M
j=1 fi jΔE(S1i,S2 j)

∑N
i=1 ∑M

j=1 fi j
, (6)

where ΔE(S1i,S2 j) is the distance between S1i and S2 j according
to the CIE DeltaE2000 color difference formula [22], and fi j is the
flow between S1i and S2 j . S1i and S2 j are the ith and jth swatches,
or colors, of the color schemes. The flow F = [ fi j] is computed
such that it minimizes the following cost:

C =
N

∑
i=1

M

∑
j=1

fi jΔE(S1i,S2 j), (7)

subject to the same constraints listed in Eq. 5. Since the highest
precision at K is attained for the EMD with the weights vector W1
(Eq. 5), we set wS1 = [w11w12...w1N ] and wS2 = [w21w22...w2M]
to W1.

Analysis
In order to evaluate the performance of the CEMD at assess-

ing similarities between color schemes, we compare it to the EMD
and also to the FD. This distance is computed using the FV repre-
sentations of color schemes. We choose to compare the CEMD to
the FD since the FVs have shown to be state of the art represen-
tations of images in retrieval and classification tasks [23]. Con-
sequently, state of the art performances on scheme categorization
have also been achieved using FV representations [5]. The FV’s
are computed as described below.

Using the colors of the schemes over all the concepts as
observations, we can estimate a GMM where each Gaussian i
corresponds to one of the main colors of the concept [5]. Let
λ = {wi,μi,Σi, i = 1...R} denote the parameters of the GMM
where wi, μi and Σi denote respectively the weight, mean vec-
tor and covariance matrix of Gaussian i and R denotes the num-
ber of Gaussians. Let pi be the distribution of Gaussian i such
that we have p(x) = ∑R

i=1 wi pi(x), where x denotes an observa-
tion of a color in this case. Let γi(xk) denote the occupancy prob-
ability that the color xk

1is assigned to Gaussian i. This quan-
tity can be computed using Bayes’ formula and then normalized
as such: γi(xk) = wi pi(xk)/∑R

j=1 w j p j(xk). The color swatch xk
is then transformed into the high-level R-dimensional descriptor:
γ(xk) = [γ1(xk),γ2(xk), . . . ,γR(xk)]. The representation of scheme
Xs is then obtained by summing γ(xk) over the M color swatches:

Xs = [
M

∑
k=1

γ1(xk),
M

∑
k=1

γ2(xk), . . . ,
M

∑
k=1

γR(xk)]. (8)

The FV representation of one swatch of a color scheme is
computed by concatenating the gradients of log p(xk|λ ) with re-
spect to only the mean and standard deviation parameters assum-

1For simplicity of notation in this section we use xk instead of S1k to
denote a swatch.

ing diagonal covariance matrices [23]:

fμd
i
(xk) =

∂ log p(xk|λ )

∂ μd
i

= γt(i)

[

xd
k −μd

i

(σd
i )2

]

,

fσd
i
(xk) =

∂ log p(xk|λ )

∂σd
i

= γt(i)

[

(xd
k −μd

i )2

(σd
i )3

−
1

σd
i

]

.

(9)

where the superscript d = 1...L denotes the d-th dimension of the
vector in an L-dimensional space. The dimensionality of the FV
representation of the swatch S1k, denoted by f (S1k), is the con-
catenation of the above partial derivatives leading to a 2 ∗ L ∗R
dimensional vector. The color scheme X1 is then represented
by taking the sum over the FVs from all the swatches as such
f (X1) = ∑M

k=1 f (S1k). We then assess the similarity between two
FVs by the following equation:

FD(X1,X2) =
1− f (X1). f (X2)

2
, (10)

where f (X1). f (X2) is the dot product of the FVs of color schemes
X1 and X2.

Quantitative
Using the color scheme retrieval task as an evaluation frame-

work, we compute the precision at K in the cases of the CEMD,
EMD, and FD as shown in Fig. 3. The weights vector W1 is used
for the CEMD and EMD. Two main conclusions can be drawn
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Figure 3. Precision at K in the task of retrieving color schemes from our

dataset. The precision shown is averaged over the precisions computed

from 1 to K using each of the 360 available color schemes as a query. The

distance measures used in retrieval are: the EMD with W1 ((Eq. 5)); the

CEMD with W1; the FD.

from the figure. First, the CEMD and the EMD, in general, result
in higher precision at K as compared with the FD. Second, in com-
parison with the EMD, the CEMD provides higher precision for
smaller K’s. This result is also evident in the next section which
shows the first six color schemes retrieved when using the CEMD
and when using the EMD. Retrieving schemes at smaller K’s is of
particular importance in ranking applications. For example, sim-
ilar to the case of images, users usually focus their attention and
browse through the first few retrieved schemes.
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Fisher-based distance (FD)

Earth Mover’s Distance (EMD)

Color-based Earth Mover’s Distance (CEMD)

Figure 4. Each row comprises the query color scheme in the first column and then the 6 color schemes with the smallest distances from the query scheme. The

first retrieved scheme shown in the second column is the query scheme itself. The schemes are placed in order of increasing distance. Each row corresponds

to one of three distance measures: the FD, the EMD, and the CEMD.

Fisher-based distance (FD)

Earth Mover’s Distance (EMD)

Color-based Earth Mover’s Distance (CEMD)

Figure 5. Each row comprises the query color scheme in the first column and then the 6 color schemes with the smallest distances from the query scheme. The

first retrieved scheme shown in the second column is the query scheme itself. The schemes are placed in order of increasing distance. Each row corresponds

to one of three distance measures: the FD, the EMD, and the CEMD.

Qualitative
In order to visualize the results obtained above, we show the

first six color schemes retrieved and ranked given a query color
scheme when the FD, EMD, and the CEMD measures are used.
Figs. 4 and 5 show that the schemes retrieved using the CEMD
and EMD better match the query than the ones retrieved using
the FD. In addition, the schemes retrieved using the CEMD as
compared with the ones retrieved using the EMD better match the
query scheme in brightness. The better matches in brightness are
expected as the ΔE metric takes into account brightness differ-
ences between colors as would be perceived by the human visual
system. These results are conforming with the quantitative re-
sults obtained in the previous section. For example, in Fig. 4, the
third retrieved color scheme in the CEMD case better matches the
query scheme than its counterpart in the EMD case, where it is
the fifth scheme. The better matches for the CEMD can be also
be seen in Fig. 5. The second retrieved scheme in the EMD case
is considered to least match the query scheme in the CEMD case
among the six retrieved schemes. The scheme referred to has no
color which is close to the olive-green color which is that of one
of the swatches of the query scheme. In addition, the fifth re-
trieved scheme in the EMD case is the third in the CEMD case
while it does better match the query scheme than the third re-
trieved scheme in the EMD.

Image Ranking using the CEMD
Color schemes can represent emotions or concepts [4, 5],

and these have been used in image retrieval [24, 25]. By com-
puting distance measures between color schemes images can be
ranked by abstract concepts. If the color schemes are extracted

from images, it can be assumed that the images have the same
concepts as the schemes. Based on the ranking of color schemes
using the CEMD, the corresponding images can also be ranked.
Given a color scheme query which represents a concept, the color
schemes, and consequently the images from which they were ex-
tracted, can be ranked.

We compare images ranked using the CEMD to images
ranked using textual queries on GoogleImages. To this end, we
downloaded 220 images from GoogleImages for each of our 15
considered concepts. The query used in each case is the name of
the concept concatenated with “colors”. In the case of the con-
cept romantic the query is “romantic colors”, for example. Color
schemes are extracted from the images by estimating a GMM
on the pixel colors as described in [5]. We then select color

Figure 6. Color schemes representing the concepts: capricious (left) and

playful (right).

schemes estimated given all the colors of a concept as described
earlier. Fig. 6 shows two schemes of the concepts capricious and
playful. Figs. 7 and 8 show results of our experiment for these
two concepts. The color schemes extracted from all the images
(220x15) are ranked in increasing order of distance from the con-
cept scheme as shown in the first row of each figure. The cor-
responding images are shown in the second row. The third row
depicts the images downloaded from GoogleImages for the con-
cept. The figures show that the images ranked by computing the
CEMD between color schemes provide more visually coherent
results than those obtained using GoogleImages, which uses tags.
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The top 6 retrieved image color schemes using a capricious
concept scheme as a query

The images from which the schemes in the first row are extracted

The images returned from GoogleImages using the query
“capricious colors”

Figure 7. The first row shows the top 6 color schemes of the 3300 schemes

which are ranked in order of increasing distance from the query scheme

shown in Fig. 6 (left). The distances are computed using the CEMD measure.

The second row shows the 6 images from which the color schemes of the

first row are extracted. The third row shows the top 6 images retrieved from

GoogleImages with the query “capricious colors”.

The top 6 retrieved image color schemes using a playful
concept scheme as a query

The images from which the schemes in the first row are extracted

The images returned from GoogleImages using the query
“playful colors”

Figure 8. The first row shows the top 6 color schemes of the 3300 schemes

which are ranked in order of increasing distance from the query scheme

shown in Fig. 6 (right). The distances are computed using the CEMD mea-

sure. The second row shows the 6 images from which the color schemes of

the first row are extracted. The third row shows the top 6 images retrieved

from GoogleImages with the query “playful colors”.

Summary
This paper proposed and addressed the new problem of com-

puting distances between color schemes as compared with indi-
vidual colors. It provided a comparative study of different mea-
sures adapted to compute distances between color schemes. The
results of the study were used to propose a new measure, the
Color-based EMD (CEMD), to compute distances between color
schemes. This measure was shown to outperform state of the art
measures such as the EMD and the FD in the color scheme re-
trieval framework. The analysis within this framework was per-
formed both quantitatively and qualitatively. The application of
the CEMD to rank images by abstract concepts is also shown.
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