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Figure 1: A fuzzy-logic-driven palette-extraction framework identifies the “relevant colors” present in an artwork. From a single input
image of a painting (top), the method generates high-quality reconstructed versions that maintain strong perceptual fidelity to the original
by emulating key aspects of human color perception (bottom). The colored circles appearing inside the gray boxes in the lower-right corner
represent the palettes of “relevant colors” extracted using our method.

Abstract

Color palette extraction is fundamental in art analysis, digital curation, and graphic design. This paper presents a
fuzzy-logic-driven method for automatically deriving non-fixed color palettes from paintings. Drawing inspiration from the
concept of “relevant colors” (the chromatic elements most salient to human observers), the approach employs fuzzy logic to
characterize chromatic diversity using quantized color representations. This framework is particularly valuable in digital art
preservation, restoration, and collection management, where accurately identifying the essential color gamut of an artwork
is critical. The algorithm models perceptual color relevance by integrating luminance, chroma, and local color redundancy
as input variables. A fuzzy inference system subsequently assigns relevance scores using linguistic rules, enabling adaptable
palette generation tailored to each painting. Evaluated across a large dataset of artworks, the proposed method surpasses
state-of-the-art techniques in image reconstruction tasks grounded in palette extraction. Furthermore, when assessed against
human annotations from the Prado Museum dataset, the resulting palettes exhibit strong alignment with observer preferences
and faithfully reflect the perceptual color structure of the paintings.
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1. Introduction

Research in color perception aims to elucidate how the human vi-
sual system interprets the spatial and chromatic structure of the
light entering the eye. The retina exhibits a remarkable capacity
to discriminate a vast range of colors through its three classes
of cone photoreceptors: L-, M-, and S-cones; which provide the
initial stage of trichromatic encoding. These signals are subse-
quently transformed and integrated by post-receptoral mechanisms
and higher-level visual pathways, ultimately giving rise to the rich
perceptual experience of color. While the exact number of dis-
cernible colors (NDC) that normal trichromats can perceive is a
matter of ongoing debate and research, estimates suggest that it
falls within the range of millions number of discernible colors at an
early stage of vision [PA98,LPN08,TCT13]. This extensive gamut
of colors is fundamental to the art of painting, allowing artists to
evoke emotions, create depth, and bring their visions to life. Un-
derstanding the breadth of discernible colors enhances our com-
prehension of visual perception and lays the foundation for explor-
ing how this extensive gamut is distilled into a manageable sub-
set of “relevant colors”. These “relevant colors”, rather than the
full spectrum of discernible colors, are crucial for the develop-
ment of tools and technologies, such as color palette extractors,
which aid artists in selecting and utilizing a representative palette
that captures the essence of an image while maintaining its per-
ceptual impact. In parallel, color naming and categorization have
been extensively studied in recent years [WG18] due to their direct
applications in computational color and object classification using
machine-learning-related approaches [SRSS22, FFM∗26].

Despite the vast number of discernible colors, an observer can-
not differentiate or retain such a large quantity of discernible colors
when viewing a natural or artificial scene. The initial number of
millions of possible signals from photoreceptors at the retinal level
is drastically reduced when the information leaves the retina, re-
sulting in only about one million ganglion cells that finally send
signals to the visual cortex. In this bottleneck context, the concept
of “relevant color” has been introduced to characterize the colors
that an observer would highlight in an image, regardless of whether
they are colorimetrically discernible or not [NGRCR20]. Relevant
colors provide a simplified way to quantify the information that a
painting contains, reducing the spatial and spectral complexity, ob-
taining a smaller discrete set that still captures the majority of the
significant colorimetric information conveyed by the image. The
image processing method that computationally reduces the number
of colors to a set of “relevant colors” is based on color quantiza-
tion. This process can be summarized into two phases [CPD23]: the
design of the color palette and the pixel mapping. The first phase
focuses on creating a color palette representing a small subset of
the input colors, and the second phase assigns each pixel in the
input image to one of the palette colors. Color quantization algo-
rithms can be classified into two categories: image-independent al-
gorithms and image-dependent algorithms. Image-independent al-
gorithms create a universal color palette that is not influenced by the
input image, while image-dependent algorithms design a custom
color palette based on the input image’s color distribution. Modern
applications of color quantization include image dehazing, image
compression, color-to-gray-scale conversion, image watermarking,
image segmentation, saliency detection, skin detection, and poster-

ization. These color quantization algorithms aim to obtain a set of
representative colors from the image, retaining essential visual in-
formation [Cel23].

Different computer vision algorithms have been used to extract
colors, with clustering methods such as k-means and fuzzy logic
being common techniques [CSG21, CFL∗15, HDI∗23, AIP20]. On
the other hand, color plays a pivotal role in art creation [GF07].
Numerous studies have established a direct link between color per-
ception and emotion [WO18,GFL16,KE04]. For instance, primary
hues (e.g., red or yellow) elicit stronger positive emotions com-
pared to intermediate hues (e.g., yellow-red or blue-green hues)
and achromatic colors (e.g., black and white) [LMS24]. Research
by Dael et al. [DPM∗16] suggests that intrinsic attributes of
color, such as saturation, hue, and brightness, significantly influ-
ence affective processing. Each painter possesses a distinctive color
gamut, and certain colors are often linked to specific painting styles.
However, while color is a crucial element, it is not sufficient by
itself to automatically categorize a painting style [WFC∗09, KB-
VdWF14].

For colorimetric characterization, spatial parameters such as
fractal dimension, power spectrum, entropy and complexity have
been studied in the computational analysis of paintings. However,
Mureika [Mur05] asserted in a study that the best system for ex-
amining the representation of color in paintings is the CIELAB
color space [cie18]. CIELAB is designed to be nearly perceptu-
ally uniform, meaning that the Euclidean distances in the space
correlate well with visual color differences, making it particularly
well-suited for accurately capturing and analyzing the colors used
in artworks.

There are also the so-called “color-naming algorithms”, which
aim to discretize color characterization in an image based on the
concept of “basic color themes” [ST20]. This approach has a no-
table difference compared to our concept of “relevant colors”. The
key difference lies not only in the absolute number of colors but
also from the method used to determine the number of relevant col-
ors (NRC). These colors are selected from a fixed palette of basic
color names, independent of the specific image being analyzed.

This study proposes a new algorithm to estimate a reliable
color palette in paintings based on the novel notion of “rele-
vant colors”, those most likely to be prioritized by a human ob-
server [NGRCR20] (Figure 1). For this, we will use fuzzy logic
because it allows for implementing human knowledge expressed in
linguistic rules into a computational method in a quite simple way.
In summary, we present the following contributions:

• A set of linguistic rules that model how humans determine a
color as relevant.

• A novel fuzzy logic system that outperforms convex-hull-based
methods and achieves comparable performance to the algorithm
of Nieves et al. [NGRCR20].

• A metric to measure the similarity between the colors selected by
observers and color palettes estimated by color palette extraction
algorithms.

Our code is available at https://graphics.unizar.es/
projects/fuzzy_palette_extractor_2026/

https://graphics.unizar.es/projects/fuzzy_palette_extractor_2026/
https://graphics.unizar.es/projects/fuzzy_palette_extractor_2026/


Subias et al. / Fuzzy-logic-based Relevant Color Extractor

2. Related Work

There are few studies that deal with the colorimetric characteriza-
tion of “relevant colors”, even though color composition is a crit-
ical aspect of visual applications in art, graphic design, and visu-
alization. Perhaps, the so-called “color theme” is the most similar
concept, which best represents an image’s color distribution, is ex-
tracted by algorithms (such as convex hulls or k-means clustering)
that limit the number of colors, typically ranging between three
and seven palette colors [CSG21,CFL∗15,LH13,WLX19,TEG18,
CNS19]. Recently, Weingerl et al. [WHJ20] propose a machine-
learning learning framework to extract the most salient color theme
on natural images by using LASSO regression (Least Absolute
Shrinkage and Selection Operator), suggesting that the most influ-
ential factors on the perception are associated with color coverage,
color lightness and chroma, and diversity of colors.

Early color quantization algorithms attempted to design a uni-
versal palette without regard to the input image, through indepen-
dent uniform scalar quantization to each color component indepen-
dently [Gen90], which was initially implemented using bit-cutting.
However, uniform quantization is costly to implement and less ef-
fective than non-uniform quantization. The latter is equivalent to
the k-means algorithm in one dimension and produces less dis-
tortion than a uniform scalar quantizer. Regardless of this, a uni-
versal palette often yields inferior results compared to a custom
palette. Consequently, researchers turned to image-dependent al-
gorithms in the early 1980s. Among image-dependent algorithms
are hierarchical algorithms that recursively find nested clusters in a
top-down (divisive) or bottom-up (agglomerative) manner. Studies
like Celebi et al. [CWH15] and Ueda et al. [UKSU17] propose
divisive algorithms. The former splits the cluster with the great-
est sum of squared errors along the color axis with the greatest
variance at the mean point, and the second splits the cluster with
the greatest product of its dominant eigenvalue and size. On the
side of agglomerative algorithms, the three most prominent meth-
ods are the octree [GP88], the pairwise nearest neighbor algorithm
[Equ89] and the Balanced Iterative Reducing and Clustering using
Hierarchies (Birch) [ZRL97] algorithms. However, hierarchical al-
gorithms present disadvantages: their splits are irreversible, leading
to a cumulative effect of erroneous decisions; and many of them do
not optimize an objective function. Therefore, some of these algo-
rithms were later used to initialize partitional algorithms (k-means
or fuzzy logic algorithms).

Computer vision algorithms have attempted to extract the colors
that describe an image. The most commonly approaches have been
based on clustering techniques such as k-means and fuzzy logic.
Charlin and Cifuentes [CC21] use a k-means clustering algorithm
to select color palettes, limited to three colors, which were manu-
ally configured beforehand. They aimed to study the relationship
between the price and color of paintings, along with other spatial
parameters such as dominant colors, color harmony, and color emo-
tions. On the other hand, Chang et al. [CFL∗15] propose a deter-
ministic variant of the k-means algorithm for color palette extrac-
tion, dividing RGB colors into a fixed number of three-dimensional
bins so that the computation is constant and invariant to image res-
olution. Muratbekoya and Shamoi [MS24] employed fuzzy sets to
classify emotions in paintings. First, they introduce the fuzzy color

representation model; then, at the fuzzification stage, they process
the paintings tagged with emotions, extracting fuzzy dominant col-
ors linked to specific emotions, revealing specific associations be-
tween emotions and colors (gratitude with green, brown and or-
ange; brown with anger, orange with shame, yellow with happiness
and gray with fear). The color palette obtained by the algorithm
processing each dataset image contains 15 fuzzy colors maximum.
Generally, these algorithms are simple to implement but require
some manual intervention to pre-estimate the number of clusters
or colors from the start. Other online color palette extractor tools,
such as Colormind [Col19], use classifiers trained on a hand-picked
list of examples, resulting in the disadvantage of a fixed and limited
number of colors.

Another color quantization method involves histogram-storage,
repeating colors multiple times despite being a simple and fast im-
plementation. Each bin of such a histogram stores the frequency
of the three color components, and with this data structure, it only
requires accessing each bin once to analyze the data. In the case of
3D representations, it may require an unnecessary amount of mem-
ory if the colors occupy only a small part of the color space, as is
often the case with natural images [Cel23].

Additionally, public image datasets have been published, such
as the one by Celebi and Pérez-Delgado [CPD23], which con-
sists of 100 high-quality 24-bit color images aimed at evaluating
color quantization algorithms. Classification algorithms, known as
“color-naming algorithms”, attempt to map pixels to color names
as similar as human would, using machine learning algorithms such
as Support Vector Machine, Bayes or k-Nearest Neighbor; or deep
neural networks with color spaces as input features: RGB, HSV,
Lab, or CYMK. This helps to ensure the relationship between con-
tent and colors by constraining color names. However, the range of
color names they offer is between 11 and 15 for all linguistic color
categories [ST20, XVCH∗24].

In an earlier work, Nieves et al. [NGRCR20] developed an al-
gorithm for the characterization of the chromatic range of a set of
paintings. The algorithm works by converting the RGB values of a
painting into the perceptually uniform CIELAB color space, then
dividing this space into cubes of 20 units in each dimension to iden-
tify clusters of significant colors. A threshold is applied to deter-
mine relevance, ensuring only those clusters representing a notable
percentage of pixels are considered. Additional criteria account for
high chroma and brightness, refining the selection of perceptually
relevant colors. It obtained an average NRC of 18. This surpassed
the average number of basic color names found in other categorical
color studies. Continuing on this path without requiring predefined
color categories, this study aims to develop a more reliable algo-
rithm based on fuzzy logic.

3. Methodology

Fuzzy logic was introduced by Zadeh [Zad65] to mimic hu-
man thinking and the decision process through reasoning, when
dealing with uncertain data. Fuzzy logic provides a theoretical
framework to derive meaningful conclusions even from imprecise
or incomplete knowledge. This remarkable versatility has led to
its widespread adoption across various scientific and technolog-
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Figure 2: High-level overview of the proposed system. The fuzzy logic system F receives, for each color in the extracted subset Ci, three
input variables: luminance Lci , chroma Chci and number of similar colors Sci . Through the fuzzification, inference, and defuzzification, the
system computes the set of relevance Rci for every color. The most relevant top-k colors are then selected to form the output palette Yn. A final
classification step, based on Fisher’s linear discriminant [Fis36], separates “relevant” from “non-relevant” colors.

ical fields, such as image processing tasks [SWK07, SDWN∗07,
VDVNVdW∗03].

In this section, we introduce our fuzzy logic system to extract
a color palette from a given image of a painting. In Section 3.1
we introduce our goal and provide an overview of our proposed
fuzzy logic system. Then, Section 3.2 describes the initialization of
our fuzzy logic system to compute the values of the input variables
from the colors that compose the input image. Section 3.3 describes
the fuzzification process to transform the input variables into fuzzy
linguistic terms by applying the membership functions of our fuzzy
logic system. Then, in Section 3.4, we detail the inference process
of our fuzzy system, based on the set of rules of our system. Finally,
Section 3.5 describes the defuzzification process to obtain a color
palette, based on the fuzzy relevance values measured by our fuzzy
system for the colors composing the input image.

3.1. Goal and Overview

Our goal is to generate a color palette Yn given a colored painting.
The output color palette Yn is composed of N “relevant colors”, so
that n ∈ {0, ...,N − 1} that would stand out for an observer when
just glancing at the input painting. To achieve this goal, we propose
a fuzzy logic system F that measures the fuzzy relevance Rci for
each color in a subset of 50 colors Ci of the input painting, where
i ∈ {0, ...,49}. The colors with the highest relevance make up the
final color palette Y . For this purpose, we automatically classify the
colors into “non-relevant colors” (rejected) and “relevant colors”
(retrieved) by using the Fisher’s linear discriminant [Fis36], which
can be applied recursively. Our fuzzy logic system F takes as input
variables: the luminance Lci , chroma Chci , and number of similar
colors Sci of each color in Ci. A high-level overview of our fuzzy
logic system F is shown in Figure 2.

3.2. Fuzzy System Initialization

To obtain the initial set of colors Ci we compute k-means in
the CIELAB color space, to extract a set colors from the pixel
colors of the input painting, similar to the works of Nieves et
al. [NGRCR20], Chang et al. [CFL∗15] and Chao et al. [CSG21].
Thus, the color set Ci is comprised of the centroids given by k-
means. We have set the number of centroids to 50, taking into ac-
count that no observer exceeds the 41 NRC selected for a painting

from the Prado Museum collection [Mus24] (Section 4.1), thereby
providing a higher confidence interval. For each color in Ci we
compute the input variables, i.e., the luminance Lci , chroma Chci

and number of similar colors Sci . The luminance channel L∗ in
the CIELAB color space corresponds with the input variable lu-
minance Lci . On the other hand, the input variable chroma Chci

is defined as
√

a∗2 +b∗2, where a∗ and b∗ are the green-red and
blue-yellow components in the CIELAB color space respectively.
Finally, the number of similar colors Sci corresponds with the per-
centage of pixels of the input painting associated with each cen-
troid in Cci . We normalize the luminance Lci and chroma Chci to
be in the range [0,1], while the number of similar colors Sci is in
the range [0,100]. The set of fuzzy rules of our fuzzy logic system
F is defined on linguistic terms considering linguistic variables of
both inputs (i.e., luminance, chroma and number of similar colors)
and outputs (i.e., relevance). A fuzzy rule is a simple IF-THEN
rule with an antecedent and a consequent [Men95]. Considering
the IF–THEN structure, our fuzzy logic system F determines the
relevance Rci of each color through expert evaluation rules based
on the outputs of the membership functions. For our fuzzy logic
system F , we define the following rules:

• Low relevance (Rci ):

1. IF few Sci AND low Lci AND low Chci THEN low Rci

2. IF few Sci AND low Lci AND very low Chci THEN low Rci

3. IF few Sci AND very low Lci AND very low Chci THEN low
Rci

4. IF few Sci AND very low Lci AND low Chci THEN low Rci

5. IF Rule 1 OR Rule 2 OR Rule 3 OR Rule 4 THEN low Rci

• Medium relevance (Rci ):

1. IF few Sci AND medium Lci AND (medium Chci OR high
Chci ) THEN medium Rci

2. IF low Chci AND many Sci THEN medium Rci

3. IF Rule 1 OR Rule 2 THEN medium Rci

• High relevance (Rci ):

1. IF many Sci AND low Lci THEN high Rci

2. IF many Sci AND very low Lci THEN high Rci

3. IF many Sci AND medium Lci THEN high Rci

4. IF (many Sci OR few Sci ) AND high Lci THEN high Rci

5. IF (many Sci OR few Sci ) AND very high Lci THEN high Rci

6. IF (many Sci OR few Sci ) AND high Chci THEN high Rci
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Figure 3: Fuzzy membership functions for the different levels of the input variables. The membership functions output the degree of belonging,
in the range [0,1], of each input variable to each of the levels. The luminance Lci and chroma Chci are in the range [0,1] and are fuzzified into
five levels: very low, low, medium, high and very high (left and center). The number of similar colors Sci is in the range [0,100] and fuzzified
into two levels: few and many (right).

Figure 4: Fuzzy membership functions defining the levels of color
relevance Rci . Each membership function returns a degree of be-
longing in the range [0,1] for the corresponding relevance level.
The relevance value Rci , also bounded in [0,1], is fuzzified into three
linguistic categories: low, medium, and high.

7. IF (many Sci OR few Sci ) AND very high Chci THEN high
Rci

8. IF Rule 1 OR Rule 2 OR Rule 3 OR Rule 4 OR Rule 5 OR
Rule 6 THEN high Rci

Where the conjunction (AND) and disjunction (OR) operations
are applied to compute the certainty of the whole antecedent rule.
For that purpose, an appropriate t-norm is used to represent the
AND operation and an s-norm for the OR operation. We use the
classical product as t-norm for the AND operation, and the max(·, ·)
s-norm for the OR operation.

Figure 5: Subset of paintings used to evaluate our fuzzy logic
system. The images show four paintings (the first two belong to
Painting-91 dataset and the last two to the Prado dataset) present
in the evaluation dataset. From left to right: “Rainy Night on
Bridlington Promenade”, “Marilyn”, “Vase of Flowers (sixteenth
century)” and “Mancorbo Canal in Picos de Europa”.

3.3. Fuzzification

In the fuzzification process, we transform the input variables (i.e.,
luminance, chroma and number of similar colors) into linguistic
terms through the application of membership functions. In our
fuzzy logic system F , we fuzzified the luminance Lci and chroma
Chci into five levels: very low, low, medium, high and very high.
Concerning the number of similar colors Sci , we fuzzified this input
variable into two levels: few and many. The membership functions
output the degree of membership of each input variable to each of
its levels, in the range [0,1]. As we can see in Figure 3 (left and
center), for the luminance Lci and chroma Chci , we adopt the pop-
ular triangular fuzzy membership functions for the extreme levels;
and exponential membership functions for the intermediate levels.
Concerning the number of similar colors Sci , we use the Pareto dis-
tribution as a membership function for the many level and a trian-
gular fuzzy membership function for the few level, as we can see
in Figure 3 (right).

3.4. Inference

After the fuzzification process, by applying a set of rules, we trans-
form the outputs of the membership functions into the output rele-
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Figure 6: Distribution of our color palette Yn (color dots) and the color set Um selected by the observers (orange dots) for the input painting
“Contemporary Poets” in the L–C (luminance–chroma) plane. The size of the color dots denotes the number of similar colors Sci of each
color, a larger size implies a larger number of similar colors. We can see how our color palettes follow a similar distribution regarding to
the set of colors selected by the observers.

vance Rci . Linguistically, our fuzzy logic system F considers three
levels of relevance: low, medium and high. As we can see in Fig-
ure 4, for the low and high levels we use the popular triangular
fuzzy membership functions, while we use an exponential fuzzy
membership function for the medium level.

The inference process is the mathematical operation used to de-
termine the relevance Rci of a color, given the degree of member-
ship of each input variable to each of its levels. The certainty of
the consequent rule is assigned to the certainty of the antecedent
computed in the previous step. This certainty represents the degree
to which the relevance Rci can be considered to be at the level cor-
responding to the rule. The overall result is a fuzzy certainty value
that measures the relevance Rci at each of the three defined levels
(i.e., low, medium, high).

3.5. Defuzzification

Finally, in the defuzzification process, the relevance measures for
each level (i.e., low, medium and high) must be defuzzified to ob-
tain a final output relevance Rci for each color in Ci. We perform the
defuzzification according to the membership functions (Figure 4)
of the output relevance Rci . Different methods can be used for de-
fuzzification. In our fuzzy logic system F , the Center of Gravity
method is adopted [Ker99]. To obtain a numerical value of rele-
vance Rci from the qualitative evaluation given by the fuzzy rules,
an area is formed by the membership function where each function
is bounded by the corresponding degree of certainty of the output
level (i.e., low, medium, high) that it represents. The center of grav-
ity of this area is then computed and its projection on the relevance
Rci axis provides the quantitative level of Rci of the input color. Fi-
nally, to obtain the colors with the highest relevance, we use the
Fisher’s linear discriminant [Fis36] recursively to divide the set of
colors Ci into “non-relevant colors” and “relevant colors”. The lat-
ter are the colors that make up the final color palette Yn.

4. Results

We evaluate the fuzzy-logic framework F on an extensive
collection of paintings and benchmark its performance in
image-reconstruction tasks against color sets identified as rele-
vant by human observers. Section 4.1 describes the evaluation
dataset and the quantitative metrics used to assess the method. Sec-
tion 4.2 analyzes the effect of applying Fisher’s linear discrimi-
nant [Fis36] recursively in the reconstruction pipeline. Section 4.3
demonstrates the robustness of the approach through compar-
isons with observer-selected palettes. Finally, Section 4.4 presents
both qualitative and quantitative comparisons with state-of-the-art
palette-extraction and reconstruction methods.

4.1. Evaluation Dataset and Metrics

To assess the performance of the proposed method in
image-reconstruction tasks, we first use the Painting-91
dataset [KBVdWF14], which contains 4,266 paintings pro-
duced by 91 artists. During preprocessing, a small number of
images were discarded because their RGB distributions were
nearly degenerate (e.g., near-grayscale or strongly clustered),
which led to systematic failures in the convex-hull simplification
and mesh-reduction stages. After removing these problematic
cases, 4,243 paintings remained for the experiments. To evaluate
the degree of alignment between the estimated palettes and human
color perception, we also rely on the annotations collected by
Nieves et al. [NOGRR21] for 20 paintings from the Prado Museum
collection [Mus24]. In this dataset, six observers with normal
color vision (aged 30–60; three women and three men) were asked
to freely select a non-fixed set of NRC for each painting. Two
participants were naïve and unaware of the study’s purpose. Each
painting is therefore associated with a set of observer-selected
colors Um, for m ∈ {0, . . . ,M − 1}, where M denotes the total
number of colors chosen across observers. For our study, we
excluded one observer’s annotation for the painting number 20
(“The Triumph of Death”), due to the anomalous NRC selection
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(68 colors), given that the average across users and paintings is
15.3250±9.0304. For clarity, we refer to this annotated collection
as the Prado dataset throughout the paper; see Figure 5 where
representative examples from both datasets are shown.

To quantitatively evaluate our color palettes, we rely on four
widely used image quality metrics to measure the similarity be-
tween the input painting and the reconstructed image using our
color palette Yn: Mean Squared Error (MSE), Mean Absolute Error
(MAE), Pixel-to-Signal Noise Ratio (PSNR) and Structural Simi-
larity Index Measure (SSIM). On the other hand, we also measure
the similarity dt between our color palette Yn returned by our fuzzy
logic system F and the color set Um selected by the observers on
our evaluation dataset. To achieve this, we compute the average dis-
tance of the min distance for each color in Yn to each color in Um
defined as:

dc =
1
N

n=N−1

∑
n=0

argmin
m

∆E∗
00 (Yn,Um) . (1)

Where ∆E∗
00 is the CIE Delta E00 Color Difference [SWD05] and

N is the total NRC in Yn. This distance dc measures the precision
of the fuzzy logic system, decreasing in the cases where the system
correctly identifies a relevant color close to a color chosen by the
observers (true positive instance), and increasing when a relevant
color is not close to a color selected by a observer (false positive
instance). On the other hand, we also compute the average distance
of the min distance for each color in Um to each color in Yn as
follows:

du =
1
M

m=M−1

∑
m=0

argmin
n

∆E∗
00 (Um,Yn) . (2)

Where M is the total number of colors in Um. This distance du
evaluates the recall of the system, the distance decreases when a
relevant color is close to a set of colors selected by the observers
(relevant instance), while it increases when the relevant color is
far away of colors chosen by the observers (irrelevant instance).
Therefore, the similarity dt between a color palette and the colors
chosen by the observers is defined as:

dt = dc +du. (3)

4.2. Quantization Reconstruction

We assess the performance of different versions of our fuzzy logic
system to extract consistent color palettes: our base version apply-
ing the Fisher’s linear discriminant [Fis36] once to classify the col-
ors into “non-relevant colors” and “relevant colors” (Base), apply-
ing Fisher’s linear discriminant twice (Recursive) for further reduc-
tion of the NRC in Yn and applying the recursion (with a maximum
limit of five iterations) only when the NRC in the color palette Yn is
higher than 30 (Adaptive), to avoid a drastic color reduction. Once
the relevant colors are determined, each pixel in the image is as-
signed to the closest relevant color based on the Euclidean distance

Table 1: Average MSE, MAE, PSNR, and SSIM reconstructing
the input images on the evaluation dataset. We can see how our
fuzzy logic system achieves better performance when applying the
Fisher’s linear discriminant [Fis36] once (Base) because it returns
a greater NRC in comparison to applying Fisher’s linear discrim-
inant twice (Recursive) or only when the NRC is lower than 30
(Adaptive).

Version MSE ↓ MAE ↓ PSNR (dB) ↑ SSIM ↑

Base
0.0015

± 0.0017
0.0773

± 0.0311
29.3951
± 3.1867

0.9339
± 0.0400

Recursive
0.0060

± 0.0110
0.1388

± 0.0889
24.4757
± 4.2171

0.8613
± 0.0927

Adaptive
0.0058

± 0.0119
0.1379

± 0.0881
24.3442
± 3.7812

0.8650
± 0.0813

in the CIELAB color space. In Table 1, we show the average image
quality metrics (i.e., MSE, MAE, PSNR, and SSIM) on the evalu-
ation dataset (both the Painting-91 and Prado datasets) for the dif-
ferent versions of our method (i.e., Base, Recursive, and Adaptive).
The average NRC results for the Base/Recursive/Adaptive versions
are 38.3438/20.9397/19.5019, respectively. We see that the Adap-
tive and Recursive versions achieve a similar performance, and both
have lower performance than the base version, since the latter re-
turns a high NRC.

4.3. Consistency of our Color Palettes

We evaluate the robustness of our fuzzy logic system F by compar-
ing the distribution of the color palette Yn with the set of colors Um
chosen by the observers on the Prado dataset. The average similar-
ity dt results on the Prado dataset for the Base/Recursive/Adaptive
versions are 7.6141/10.8690/9.1898, respectively. Given that the
Base and Adaptive versions are the ones that present results most
aligned with the observers, hereinafter we focus on these versions
of our fuzzy logic system. Figure 6 shows an example of how the
color distribution of our color palette follows a similar distribution
concerning the color set Um selected by the observers within the
space defined by the L–C (luminance–chroma) plane. As expected,
the color palette Yn returned by the base version of our method
(Base) fits better with the distribution of colors selected by the
observers due to the greater NRC. Therefore, when applying the
Adaptive versions, the recall (i.e., distance du) increases since the
system removes “relevant colors” that are close to the colors cho-
sen by the observers, leading to an overall increase in the similarity
dt .

4.4. Comparison with Other Methods

We compare our results against the method of Nieves et
al. [NGRCR20] which is also based on color palette extraction from
a color subset of the painting using k-means and the selection of
“relevant colors” is guided by colorimetric parameters and color
statistics. We also compare our methods against methods based
on convex hull color extraction, specifically, we show results of
the methods of Tan et al. 16 [TLG16] (with a maximum NRC of
10) and Tan et al. 18 [TEG18] (with a variable NRC) whose color
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Figure 7: Quantizations representations of the input painting “Vase of Flowers” using the color palette Yn extracted by our fuzzy logic system
F both the base and adaptive versions, and the methods of Nieves et al. [NGRCR20], Tan et al. 16 [TLG16] and Tan et al.18 [TEG18]. We
can see how the base version of our methods outperforms the other methods, while the adaptive version achieves a similar performance as the
method of Nieves et al. and outperforms convex-hull-based methods. The colored circles appearing inside the gray boxes in the lower-right
corner represent the palettes of “relevant colors” extracted using the evaluated methods.

palette extraction is based on the image’s RGB-space geometry,
where the vertices of the convex hull formed by the pixel values
in RGB-space correspond to the different “relevant colors”. We
provide both results reconstructing the input image using the color
palettes extracted by the different methods, and evaluating the con-
sistency regarding the colors selected by the observers.

Quantization Comparisons We evaluate reconstruction quality
using the color palette Yn extracted by our fuzzy logic system F
(both Base and Adaptive versions), and the color palettes returned
by the methods of Nieves et al. [NGRCR20], Tan et al. 16 [TLG16]
and Tan et al. 18 [TEG18], on both the Painting-91 and Prado
datasets. Table 2 shows that reconstructions using the Base version
of our method present a significant quality regarding the method
of Nieves et al., while the Adaptive version achieves a slightly
lower performance. Moreover, both versions of our method (i.e.,
the Base and the Adaptive) outperform methods based on convex
hulls, which focus on computing image boundary colors and do
not take into account colorimetric parameters and color statistics.
Figure 7 shows the quality-assessment metrics used to compare the
performance of the different methods for one of the images. We
can see that our fuzzy logic system F and the method of Nieves
et al. achieve more accurate color palettes and reconstruction qual-
ity in contrast with convex-hull-based methods. However, while the
Adaptive version preserves the primary colors, it exhibits a loss of
high-frequency detail compared to reconstructions produced by the
Base version and the method of Nieves et al.

Consistency with the Observers Finally, we compute the simi-
larity between our color palettes (using both the Base and Adaptive
versions) against the colors chosen by the observers, and compare
the results with the methods of Nieves et al. [NGRCR20], Tan et
al. 16 [TLG16] and Tan et al. 18 [TEG18]. In Table 3, we show
the average similarity dt (on the Prado dataset) between the color
palettes returned by the different methods and the colors chosen by
the observers (first row). Our base fuzzy logic system outperforms

Table 2: Average MSE, MAE, PSNR, and SSIM metrics recon-
structing the input images on the evaluation dataset. We can
see how the base version of our fuzzy logic system outperforms
the methods proposed by: Nieves et al. [NGRCR20], Tan et al.
16 [TLG16] and Tan et al.18 [TEG18]; while the adaptive ver-
sion of our fuzzy logic system achieves a similar performance to
the method of Nieves et al.

Method MSE ↓ MAE ↓ PSNR (dB) ↑ SSIM ↑

Base
0.0015

± 0.0017
0.0773

± 0.0311
29.3951
± 3.1867

0.9339
± 0.0400

Adaptive
0.0058

± 0.0119
0.1379

± 0.0881
24.3442
± 3.7812

0.8650
± 0.0813

Nieves et al.
0.0024

± 0.0014
0.1067

± 0.0261
26.7072
± 2.0831

0.8950
± 0.0431

Tan et al. 16
0.0203

± 0.0122
0.1126

± 0.0410
17.7482
± 2.8205

0.6025
± 0.1476

Tan et al. 18
0.0439

± 0.0268
0.1693

± 0.0655
14.4745
± 3.0076

0.4384
± 0.1849

the other methods since it returns a greater NRC (second row). As
shown in Figure 8 (in which we can see how the color palettes, ex-
tracted by our fuzzy logic system and the method of Nieves et al.,
follow a similar distribution close to the distribution of colors se-
lected by the observers. On the other hand, the convex-hull-based
methods extract color palettes that are far from following the dis-
tribution of the colors selected by the observers, since these algo-
rithms are not designed to mimic human perception.), and compute
the color boundary in the RGB color space without modeling hu-
man perception. The Adaptive version of our method achieves a
similar performance to the method of Nieves et al., while outper-
forming convex-hull-based methods. To further investigate poten-
tial differences, we performed Shapiro-Wilk tests, which confirmed
that data for both the Adaptive version (W = 0.9871, p = 0.9914)
and the method of Nieves et al. (W = 0.9651, p = 0.6494) follow
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Figure 8: Comparison of the distribution in the L–C (luminance–chroma) plane of the colors selected by the observers (color dots) and
the relevant colors (orange dots) extracted by: our fuzzy logic system F (both the base and adaptive versions), the method of Nieves et
al. [NGRCR20], the method of Tan et al. 16 [TLG16] and the method of Tan et al.18 [TEG18]; on the input painting “And they say that fish
is expensive!”.The size of the color dots denotes the number of similar colors S of each color when using our fuzzy logic system, a larger size
implies a larger number of similar colors.

Table 3: Average distance dt and NRC on the Prado dataset by
the different our fuzzy logic system F (both base and adaptive), the
method proposed by Nieves et al. [NGRCR20], and the convex-hull-
based methods of Tan et al. 16 [TLG16] and Tan et al.18 [TEG18].
Our base fuzzy logic system outperforms the other methods due to
the greater NRC, while the adaptive version achieves similar per-
formance to the method proposed by Nieves et al. and significantly
improves the performance of convex-hull-based methods.

Base Adaptive Nieves et al. Tan et al. 16 Tan et al. 18
7.6515

± 1.3729
9.2272

± 1.9436
9.0586

± 0.8785
20.4624
± 2.0323

26.2867
± 4.3038

37.1 23.5 18.8 10.0 6.0

a normal distribution for the distance dt . Consequently, a t-test was
conducted to compare the two approaches. The results indicated
no statistically significant difference (p = 0.6671), suggesting that
both methods achieve similar performance.

5. Discussion and Conclusions

We have presented a fuzzy logic system for color palette extrac-
tion from paintings, focusing on colorimetric parameters such as
luminance, chroma, and prevalence of colors to determine their
relevance. Compared to traditional methods, such as convex-hull-
based techniques or those solely reliant on RGB values, our system
improves the image reconstruction quality and generates a more
representative color palette. Although the Adaptive and Recursive
versions performed similarly in image reconstruction, the Adap-
tive method was chosen over the Recursive version for compar-
isons with other methods due to its ability to extract a balanced
NRC, while the color palette better aligns with the colors chosen
by observers. Our Adaptive version achieves reconstruction qual-
ity and observer consistency comparable to the approach of Nieves
et al. [NGRCR20]. The adaptive strategy applies a second itera-
tion of Fisher’s linear discriminant only when the initial number
of colors exceeds a threshold, ensuring that the method adapts to
varying levels of color richness across paintings. Through the in-
tegration of k-means clustering in the CIELAB color space and
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a rule-based fuzzy inference mechanism, we achieved significant
alignment with human perception of relevant colors in paintings.
The evaluation of our method on a painting dataset demonstrates
its effectiveness in reconstructing images and its consistency with
observer-selected palettes, as evidenced by low dt , in particular the
Base version. Another key contribution of this work is the introduc-
tion of a new evaluation metric that measures the similarity between
the extracted relevant color palettes. This metric, derived from the
CIE Delta E00 color difference [SWD05], accounts for both preci-
sion and recall, providing a comprehensive measure of perceptual
relevance.

However, our method is not free of limitations. Despite its strong
performance, the approach presents certain limitations. While the
fuzzy-logic framework effectively identifies “relevant colors” with
low chroma and luminance, its ability to recover highly saturated
or very bright colors is reduced,in which case, the method pro-
posed by Nieves et al. [NGRCR20] might be more suitable. Future
work could explore adjustments to the rule base (particularly within
the adaptive variant) to better encompass the chromatic gamut of
both the images and the observer-selected color sets. Additionally,
the palette extraction process relies on an initial subset of colors
obtained using k-means clustering. A promising direction for im-
provement would involve replacing the standard squared Euclidean
distance with a perceptually meaningful color metric for centroid
computation, enabling a more faithful representation of the im-
age’s color distribution, or using a weighted mean by splitting the
pixel colors into three-dimensional bins to compute the weights,
while initializing the means deterministically, following the work
of Chang et al. [CFL∗15]. Another interesting option could be to
use a combination of relevance and average distance to other “rel-
evant colors” as a variable to calculate Fisher’s linear discriminant.
This would leave us with “relevant colors” that are different from
other “relevant colors”, i.e., with a wider gamut. Finally, our work
could be extended to assess whether our color palettes are also con-
sistent with other types of visual stimuli (e.g., natural images) and
with a broader group of users, by collecting a test dataset annotated
by a large number of observers, to test whether this yields the same
conclusions.
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