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Abstract

The human visual system is able tounconsciouslyestimate the physical re�ectances of ob-
jects bydiscountingthe effects of the environmental context, i.e., the light source, which is
calledcolor constancy. However, under certain conditions, it perceives the colors of objects
quite differently from the actual physical re�ectance. Color assimilation illusions are perfect
examples of such conditions. In the �eld of computational neuroscience, the focus is on mim-
icking our sensations related to the illusions and understanding human color constancy, while
in computer vision studies, the aim is to perform color constancy, i.e., auto white-balancing, by
removing the effects of a light source with a non-uniform power distribution that is illuminating
the scene. Both color constancy and perception of the illusions are the results of the unknown
mechanism of the human visual system, and investigations on both concepts might be the key
that allow the researchers to unravel how the human visual system processes color information,
thus allowing us in the �eld of computer vision to design more robust algorithms mimicking the
capabilities of the human visual system. The importance of solving both phenomena with a sin-
gle method is desired as stressed in various studies. Yet, to the best of available knowledge, there
is no study that reproduces our perception of color assimilation illusions while also performing
color constancy by thoroughly analyzing it from the perspective of computer vision. Therefore,
in this thesis, both phenomena are analyzed together to develop a single method that can perform
computational color constancy while also replicating the perceptual effects of visual illusions.

The thesis is divided into two main parts. First, it explores computational color constancy in
detail, introducing new methods and a dataset, while also improving existing techniques through
modi�cations inspired by research �ndings. The proposed algorithm and the modi�cation strate-
gies are evaluated across multiple benchmarks, demonstrating their effectiveness in estimating
scene illumination. The second part investigates color assimilation illusions from the perspec-
tive of computational color constancy, illustrating how these illusions can be utilized to enhance
existing algorithms' performance. Finally, the thesis presents a single method that integrates ex-
isting biological �ndings with the observations obtained during the investigations on computa-
tional color constancy to achieve color constancy, while also mimicking human perception when
observing color illusions. The proposed learning-free algorithm relies on the introducedmul-
tiresolution color constancystrategy alongside a modi�ed version of the local space average
color method. The performance of the proposed method is thoroughly investigated on both
color assimilation illusions and various color constancy benchmarks. Consequently, this thesis
demonstrates that integrating �ndings from human perception and computational algorithms can
signi�cantly bene�t computational color constancy, and enable us to design a single method that
can achieve color constancy and mimic our sensation on color assimilation illusions.
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Zusammenfassung

Das menschliche visuelle System ist in der Lage, die tatsächlichen physikalischen Re�ektanz
von Objektenunbewusstzu scḧatzen, indem es die Auswirkungen des umgebenden Kontexts,
d.h. der Lichtquelle, herausrechnet. Dies wird alsFarbkonstanzbezeichnet. Unter bestimmten
Bedingungen hingegen nimmt es die Farben von Objekten ganz anders wahr als die tatsächliche
physikalische Re�ektanz. Farbassimilation Illusionen sind ein perfektes Beispiel für solche
Bedingungen. Im Bereich der computergestützten Neurowissenschaft liegt der Fokus darauf,
unsere Emp�ndungen in Bezug auf diese Illusionen nachzuahmen, während in der Computer
Vision das Ziel darin besteht, Farbkonstanz, d.h. einen automatischen Weissabgleich, zu er-
reichen, indem die Auswirkungen der in der Szene vorhandenen nicht-uniformen Energiev-
erteilung der Lichtquelle entfernt werden. Allerdings ist in verschiedenen Studien festzustellen,
dass es ẅunschenswert ist, beide Phänomene mit einer einzigen Methode zu lösen, um das
menschliche visuelle System besser zu verstehen und robustere Algorithmen für die Computer
Vision zu entwickeln. Nach dem besten verfügbaren Wissen gibt es keine Studie, die unsere
Wahrnehmung von Farbassimilation Illusionen reproduziert, während sie gleichzeitig Farbkon-
stanz erreicht, wobei sie diese aus der Perspektive der Computer Vision gründlich analysiert.
Daher werden in dieser Dissertation sowohl Farbkonstanz als auch Farbassimilation Illusionen
analysiert, um eine einzige Methode zu entwickeln, die Farbkonstanz erreichen kann, während
sie gleichzeitig die perzeptuellen Effekte visueller Illusionen repliziert.

Diese Dissertation enthält zwei Hauptteile. Im ersten Teil wird die computergestützte Farb-
konstanz detailliert untersucht, indem neue Methoden und ein Datensatz eingeführt werden,
während bestehende Techniken durch Modi�kationen basierend auf den gewonnenen Beobach-
tungen die ẅahrend der Forschungen in dieser Thesis gemacht worden sind, verbessert wer-
den. Alle vorgeschlagenen Algorithmen und Modi�kationsstrategien werden gründlich an ver-
schiedenen Benchmarks mit unterschiedlichen Eigenschaften untersucht, um ihre Wirksamkeit
bei der Scḧatzung der Farbe der Beleuchtung zu demonstrieren. Im zweiten Teil werden dann
Farbassimilationsillusionen schrittweise aus der Perspektive der computergestützten Farbkon-
stanz analysiert, um zu zeigen, dass diese Illusionen nützliche Werkzeuge für die Gestaltung
und Verbesserung von Farbkonstanzalgorithmen sind. Schließlich wird eine einzige Methode
entwickelt, die sowohl Farbkonstanz erreichen als auch unsere Wahrnehmung von Farbassim-
ilationsillusionen nachahmen kann, indem bestehende biologische Erkenntnisseüber das men-
schliche visuelle System mit Beobachtungen aus den Untersuchungen zur computergestützten
Farbkonstanz kombiniert werden. Der vorgeschlagene lernfreie Algorithmus basiert auf der
eingef̈uhrtenmultiresolution color constancy-Strategie in Kombination mit einer modi�zierten
Version der Methode der lokalen durchschnittlichen Farbe. Die Wirksamkeit der vorgeschlage-
nen Methode wird an verschiedenen Farbassimilationsillusionen untersucht, und die Leistung
der Farbkonstanz wird detailliert an verschiedenen Benchmarks berichtet. Folglich zeigt diese
Dissertation, dass die Integration von Erkenntnissen aus der menschlichen Wahrnehmung und
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Zusammenfassung

computergestützten Algorithmen die rechnergestützte Farbkonstanz erheblich verbessern kann.
Darüber hinaus erm̈oglicht sie die Entwicklung einer einheitlichen Methode, die sowohl Far-
bkonstanz erreicht als auch unsere Emp�ndung bei Farbassimilationstäuschungen nachahmen
kann.
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1 Introduction and Dissertation Outline

The human visual system can recognize the re�ectance of objects regardless of the environ-
mental context, such as illumination conditions. This ability is calledcolor constancy, and it
is performedunconsciously[20, 31, 46, 61]. With this ability, we can easily explain why we
perceive the actual physical re�ectance, i.e., the color of an apple, as red at different times of
the day. However, in some situations the environmental context causes a deception so that the
perceived color is different from the actual physical re�ectance of the object.Color assimila-
tion illusionscan be given as perfect examples of such circumstances [8]. Even though both
color constancy and color illusion perception have been extensively studied in their respective
�elds for many years, it remains a puzzle how the human visual system recognizes the actual
re�ectances of objects by discounting the effects of the light source under various conditions,
yet ”fails” to accurately identify the true colors in certain contexts, such as in color illusions.
However, these failure cases might be helpful to uncover how the visual system estimates the
actual re�ectance of objects. Hence, if both of these phenomena are investigated from each
other's perspective, the outcomes could assist researchers to uncover the unknown mechanisms
of our visual system, and develop more robust models in the �eld of computer vision, where the
aim is often to design methods for tasks that are easily performed by the human visual system.
Yet, these phenomena are rarely studied together in computer vision which can be considered
an important missed opportunity. For instance, estimating shaded re�ectance under various
illumination conditions, a process known as computational color constancy orautomatic white-
balancing, is well-studied in computer vision. In contrast, color illusions are primarily explored
in computational neuroscience, where the focus is on replicating the visual system's response to
these illusions. In other words, computer vision studies tend to ignore illusions, whereas com-
putational neuroscience studies do not investigate computational color constancy as computer
vision studies do. However, an algorithm that mimics the human visual system should not only
discount the effects of the light source, but also replicate our sensation on color illusions whose
importance is stressed in previous studies [24, 54]. Thus, it can be deduced that indeed both
phenomena are perfect tools for us to design more robust and accurate models that mimic the
abilities of the visual system from the perspective of computer vision. Motivated by the absence
of an algorithm that addresses both phenomena and its potential bene�ts, this thesis investigates
color assimilation illusions from the perspective of computational color constancy with the aim
of developing a single method that responds to both phenomena.

This thesis is divided into two main parts: the �rst part focuses on computational color con-
stancy, while the second part analyzes color assimilation illusions from the perspective of com-
putational color constancy. In Chapter 2, the thesis investigates computational color constancy
by introducing a new algorithm, modifying the existing techniques by making use of observa-
tions made during the research process, and creating a new color constancy dataset (works are
published in [98, 101, 102, 103, 105, 107]). In Chapter 3, the thesis covers various color as-
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1 Introduction and Dissertation Outline

similation illusions by investigating them from the perspective of computational color constancy
(studies are published in [100, 104]), with the aim of developing a single method based on both
existing biological �ndings and the observations obtained during the investigations performed in
this thesis (award candidate study is published in [106]). In Chapter 4, a summary of this thesis
is provided together with possible future directions. It is important to note that all the publica-
tions are brie�y summarized in their corresponding chapters, and full versions are attached to
this thesis. Also, the code are available at Gitea1 and the created dataset for color constancy is
available on this webpage2.

Consequently, this thesis illustrates that combining insights from human perception with com-
putational algorithms can greatly enhance the effectiveness of computational color constancy. In
particular, it introduces an algorithm based on varying local statistics, salient pixels, and scale-
space operations that can effectively estimate the illuminant of the scene. Also, it presents
that modifying existing color constancy algorithms with the parts of the proposed method can
signi�cantly increase the performance of both learning-free and learning-based methods. Fur-
thermore, this thesis demonstrates a single method that can both perform color constancy and
mimic our sensation on color assimilation illusions. In other words, it presents a single algo-
rithm that solves both phenomena without focusing on creating an approach explicitly for one
phenomenon or the other. Therefore, this thesis combines the best of two worlds, by considering
the observations obtained in the past years by the studies of computational neuroscience, and by
utilizing the ability of discounting the effects of the light source as performed in computer vision
studies. To the best of available knowledge, this is the �rst computational color constancy study
that performs white balancing while also mimicking the sensation of the human visual system
on color assimilation illusions.

1 https://git.uni-greifswald.de/cs/diss-ulucan-oguzhan
2 https://nextcloud.uni-greifswald.de/index.php/s/QtgFFaZnHMaQa4J
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2 Computational Color Constancy

This chapter �rst provides a general overview of the �eld of computational color constancy and
introduces the studies encompassed in this thesis. Sec. 2.1 introduces the widely adopted image
formation model used in this �eld. Sec. 2.2 presents a brief literature review of algorithms.
Finally, Sec. 2.3 outlines the investigations on color constancy conducted as part of this thesis.

2.1 Theory of Color Image Formation

The colors that we perceive are not physical characteristics of objects, they are products of the
human brain [114]. Colors are signi�cant features that help us understand and interpret our en-
vironment. Our perception relies on both the material characteristics of objects, such as surface
re�ectance and specularity, and the environmental context, such as the light illuminating our en-
vironment. Visible light is within a small segment of the electromagnetic spectrum that our eyes
can see [31]. The human visual system is sensitive to light within the range of approximately
380to 740nanometers (nm) of the this spectrum [31].

Visual information processing, and hence color perception, begins when light re�ected from
objects enters the eye. When this re�ected light hits the retina, which is a small region containing
approximately126 million photoreceptors (6 million cones and120 million rods), the cones
responsible for color vision measure the energy of the signals [114]. The human visual system
with ”normal” color perception contains three types of cones, each responsible for speci�c parts
of the visible spectrum within the range of380� 740nanometers [114]. Due to their sensitivity
and peak responses to wavelengths of light, cones are named accordingly: short cones (S-cones)
peak around420� 440nm, medium cones (M-cones) peak around534� 545nm, and long cones
(L-cones) peak around564� 580nm. Even though these lights are monochromatic, meaning
they have no inherent colors, they are associated with blue, green, and red colors. While these
peak responses are generally accepted, individual differences cause slight variations in cone
sensitivities among people [35, 93]. Consequently, even though we use the same names for
colors, their perception can vary from person to person.

While we have”biological sensors” to perceive our environment and a brain to process the
incoming signals to perform color constancy by discounting the effects of the environmental
context, arti�cial systems such as cameras rely on an array of sensors that mimic our photore-
ceptors to capture the scene. However, arti�cial systems alone lack the processing capability that
our brain provides. Thus, in order to achieve color constancy, they require additional processing
steps. Like our visual system, arti�cial systems such as cameras usually contain three different
sensors sensitive to distinct parts of the visible spectrum, with each sensor measuring the energy
of the incident light by only responding to a speci�c part of the visible spectrum, i.e., short-
, middle-, and long-wavelengths. Hence, when a spatial location of the scene is”perceived”

3



2 Computational Color Constancy

by an arti�cial system, the energy of the captured signalI at the spatial location(x; y) can be
mathematically expressed as follows:

I i (x; y) =
Z

w
E(x; y; � )Si (� )d�; (2.1)

where� is the wavelength of the visible spectrumw, E(x; y; � ) is the irradiance hitting the
sensors of the capturing device, andSi (� ) is the sensor sensitivity function of the camera for a
speci�c wavelength, withi 2 f long, middle, shortg which represents the color channels of the
captured imagef red, green, blueg.

The �eld of computational color constancy aims to estimate the color of the light source to
obtain a canonical scene, i.e., a scene illuminated by white light. However, if Eqn. 2.1 is used
without any simpli�cations, it is not possible to estimate the color of the illuminant and thus
perform color constancy. Therefore, several relaxations must be applied to discount the effects
of the light source. To simplify the image formation model in Eqn. 2.1, most studies use two
main assumptions:(i) the surface present in the scene is Lambertian, meaning it re�ects light
equally in all directions, and(ii) the scene is illuminated by a point light source. By utilizing
these assumptions, the irradiance hitting the sensors of the camera can be expressed as:

E(x; y; � ) = G(x; y)R(x; y; � )L (x; y; � ); (2.2)

whereR(x; y; � ) is the surface re�ectance,L (x; y; � ) is the light source illuminating the scene,
and G(x; y) is the geometry factor which is a scaling component that can be represented as
cos � , where� is the angle between the surface normal vector and a vector pointing in the
direction of the light source. Hence, Eqn. 2.1 can be rewritten by using Eqn. 2.2 as follows:

I i (x; y) = G(x; y)
Z

w
R(x; y; � )L (x; y; � )Si (� )d�: (2.3)

Still, Eqn. 2.3 is an under-constrained problem since the number of unknown elements is
higher than the number of known components. Therefore, the �eld of color constancy is framed
as a computational challenge. To tackle this challenge, most studies further relax this problem
by assuming that;(i) the surface appears identical from all viewing directions thus the geometry
componentG(x; y) has no impact on the illumination estimation task,(ii) the camera sensitivity
functions are narrow-band, i.e., they can be approximated by Dirac's delta functions, and(iii)
the scene is illuminated by a uniform light source, meaning there are no specular re�ections,
shadows, or other varying illumination conditions. Consequently, the measured scene with a
color cast is assumed to be scaled by a single light source, and it can be modeled as follows:

I i (x; y) = R(x; y) �� L ; (2.4)

whereR is the (shaded) re�ectance,L is the color vector of the single light source, and ”�� ”
represents the Hadamard product. Although, this equation allows us an adequate solution to the
problem of color constancy, assuming that having a single illuminant in the scene is a strong
assumption that is usually violated in real-world scenarios due to the presence of shadows, in-
terre�ections, multiple light sources, and the varying local spatial statistics of the scene [17, 32].

Computational color constancy algorithms produce images that appear as if taken under uni-
form white illumination by estimating the light source and removing its effects from the image
with a color cast. The simplest way to estimate the illuminant is by analyzing regions con-
taining achromatic (i.e., white) objects. When a scene is illuminated by a white light source,
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2.2 A Brief Summary of Color Constancy Algorithms

the capturing device should accurately measure the object's re�ectance, meaning the camera
sensors should respond along the achromatic ”white line”, where the measured red, green, and
blue values are equal. However, if the scene is illuminated by a non-white light source, the re-
�ectance measurement of the same achromatic object will deviate from the achromatic line, and
the camera's red, green, and blue measurements will re�ect the color of the illumination.

After predictingL , one of the direct ways to estimate the (shaded) re�ectance of the scene is
to scale the color-cast image with the color vector of the light source. Afterwards, the (shaded)
re�ectance appears as if it has been taken under white light. This operation can be performed by
dividing the input image's channels with the corresponding channels ofL as follows:

R(x; y) =
I i (x; y)

f L
; (2.5)

wheref represents the factor that equally scales all color channels and it is set to2 assuming a
perpendicular orientation between the object and the capturing device [31].

2.2 A Brief Summary of Color Constancy Algorithms

Over the last decades, both traditional methods and data-driven models have been introduced
to provide a solution to the ill-posed nature of color constancy. Traditional algorithms utilize
image statistics to estimate the color vector of the light source. The most well-known classical
methods are the white-patch Retinex and gray world, and they are based on investigations of
the human visual system [21, 73]. The white-patch Retinex algorithm considers that the human
visual system might be discounting the illuminant of the scene relying on the highest luminance
patch, thus it estimates the illuminant by taking the maximum responses of the image channels
individually. The gray world method takes into account that the space-average color of the
scene is important for human color constancy, therefore it computes the illuminant by taking
the mean of the pixels of each image channel separately. These two methods are simple yet
effective which is not surprising since it is known that algorithms based on the �ndings on the
human visual system tend to perform ef�ciently. Due to their simplicity and effectiveness the
white-patch Retinex and gray world algorithms have been the building blocks of numerous color
constancy methods [23, 37, 50, 65, 86, 87, 110]. Naturally, there are also classical algorithms
that mimic other aspects of the human visual system to estimate the color vector of the light
source [42, 44, 45, 117]. In general, traditional algorithms tend to have a low computational
cost, and they are easy to implement and modify. Yet, their accuracy may decrease when there
is a limited number of different colors present in the scene, i.e., scenes containing dominant
sky/grass regions or close-up shootings. In other words, when the statistical information is
lacking, the performance of these methods may decrease signi�cantly [22].

On the other hand, learning-based strategies generally achieve better performance, in particu-
lar, their performance is higher on the scenes where the traditional algorithms are failing. How-
ever, this performance increase comes with a trade-off due to the need for a large dataset and a
training phase. These data-driven methods can be categorized based on the different strategies
they utilize such as gamut-based methods [13, 36, 38, 39, 51], Bayesian approaches [18, 19, 48],
and neural network-based models [4, 15, 25, 27, 60, 69]. One of the earliest color constancy
neural network models is developed by Biancoet al. [14]. The model consists of only5 lay-
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2 Computational Color Constancy

ers, and operates by considering the locally varying statistics of the scene, i.e., image patches.
Afterwards, both simple and complex architectures based on various network models such as
convolutional neural networks (CNNs), and generative adversarial networks (GANs) have been
proposed to compute the color vector of the light source [15, 25]. Generally, data-driven algo-
rithms outperform classical methods on well-known datasets, whereas their performance may
decrease when they need to estimate the illuminant of scenes captured by devices with unknown
speci�cations and/or scenes with uncommon statistical distributions [22, 43, 87, 101].

Most of the aforementioned algorithms assume that there is a single light source illuminating
the scene. On the other hand, even though they are relatively few compared to global color
constancy algorithms, there are also methods that assume that there are multiple illuminants
present in the environment. These methods take into account that in the real-world, scenes
usually do not have uniform illumination conditions due to the presence of multiple light sources,
shadows, and interre�ections [17, 32, 53]. Different algorithms based on both classical and data-
driven approaches have been introduced to compute pixel-wise estimates of the light source [7,
11, 15, 25, 45, 53, 63, 117]. One of the earliest studies that provides pixel-wise estimates of the
illuminant is the local space average color introduced by Ebner [30]. This method estimates the
spatially varying illuminant by iteratively updating the following equations:

a0
i (x; y) =

1
j N (x; y) j

X

(x0;y0)2 N (x;y )

ai (x0; y0) (2.6)

ai (x; y) = I i (x; y)p + a0
i (x; y)(1 � p) (2.7)

wherea represents the space average color,N corresponds to the set of neighborhood pixels,
p is the parameter that adjusts the region size where the local space average color is computed,
e.g., a smallp value suggests that local space average color is calculated for a large area, and
subscripti corresponds to the color channels of the image.

By iteratively updatingai over time the illuminant of the scene can be estimated. Convergence
may take time which results in high computational costs. To avoid a long execution time the
easiest way to obtain similar results is to utilize a convolution operation instead of the iterative
approach as follows:

ai (x; y) = k(x; y)
Z Z

I i (x; y)g(x � x0; y � y0)dx0dy0 (2.8)

where, the scaling factork is determined such that

k(x; y)
Z Z

g(x0; y0)dx0dy0 = 1 (2.9)

whereg corresponds to the2D Gaussian kernel given asg(x; y; � ) = 1
2�� 2 exp(� x2+ y2

2� 2 ), �
represents the controlling parameter of the Gaussian kernel which is generally set to a constant
such as� = 
 (maxf h; wg=2) whereh andw are the height and width of the image, respec-
tively. The
 parameter needs to be determined such that local averaging can be carried out over
an adequate region that includes distinct objects with different re�ectances. The reason behind
this necessity is that the local space average color algorithm assumes that the world is gray on
average and only when there is an adequate number of distinct colors present in the scene this
assumption is valid [31]. After obtaining the space average color, the (shaded) re�ectance of the
scene can be computed by using Eqn. 2.5.
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2.3 Color Constancy Experiments

This section summarizes recent color constancy experiments. Sec. 2.3.1 demonstrates a compar-
ison of traditional and data-driven methods under seldomly considered light sources and intro-
duces a new dataset containing these illuminants. Sec. 2.3.2 details the method developed in this
thesis, along with the experimental results. Lastly, Sec. 2.3.3 discusses modi�cations to color
constancy algorithms, based on strategies derived from research observations.

2.3.1 Comparison of Traditional Methods and Data-Driven Models on
Lights Beyond the Standard Illuminants

Several color constancy benchmarks are available in the literature, each characterized by spe-
ci�c scene types (e.g., outdoor, indoor, close-up) and illumination conditions (e.g., uniform
or varying illuminants). These benchmarks are valuable for developing both traditional and
learning-based approaches. However, they have two critical limitations:(i) the scenes in most
available benchmarks are generally captured with cameras having similar sensor speci�cations,
and (ii) the illumination conditions in these benchmarks are often quite similar, with limited
variation, restricting the diversity of image statistics. These limitations particularly impact the
performance of learning-based algorithms. Training data-driven models on these benchmarks
can introduce biases, complicating the estimation of illuminants for scenes captured with unique
devices or under unfamiliar lighting conditions not included in the benchmarks or their training
phase. These concerns, particularly the reliance on similar capturing devices, have been noted
in the literature [43, 87]. Yet, no explicit investigation has focused on the performance of color
constancy algorithms under the lights beyond the standard illuminants. Therefore, the initial
steps of this thesis include an investigation into the behavior of color constancy algorithms on
out-of-ordinary lights, which are rarely considered in current benchmarks [101]. This investi-
gation argues that although data-driven models generally outperform traditional algorithms on
widely utilized benchmarks, they face signi�cant challenges in estimating the color vector of
the light source that is not considered in their training sets. On the other hand, learning-free
algorithms usually do not face such a challenge. To the best of available knowledge, this is the
�rst study stressing this problem while carrying out comprehensive experiments.

Experimental Discussion. To test the argument, the Rendered WB dataset [6] is modi�ed
to obtain scenes illuminated by lights seldomly considered in benchmarks. Only the ground truth
images belonging to the Rendered WB dataset (Set1 & 2) are considered, and they are assumed
to be canonical, i.e., white-balanced. The repeating, blurry, and defocused images are removed
from the sets, and the remaining ones are rendered under different illumination conditions, i.e.,
the RGB values of the illuminants at2000K , 3500K , 4800K , 5200K , and10000K are chosen.
Also, strong greenish and purplish colors are selected to render the images since they are utilized
in real-world applications [85, 95] but are rarely included in datasets. Two distinct sets of color-
cast images are formed by utilizing Eqn. 2.4, where these illuminants, and canonical images
are used. As a result, Set1 contains7520images rendered with illuminants at2000K , 3500K ,
4800K , 5200K and10000K , and Set2 includes3008scenes under strong greenish and purplish
lights.
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Table 2.1:Statistical comparison of the traditional methods with the data-driven models on unique il-
luminant conditions. The results of the algorithms are reported based on their source code
published by the authors of the works without making any modi�cations. Top results are high-
lighted as follows: the �rst: blue, second: cyan, third: green.

Set1 Set2
Algorithms � E Mean Med. B.25% W.25% � E Mean Med. B.25% W.25%

Tr
ad

iti
on

al
GW [21] 9:239 3:555 1:809 0:670 9:633 10:051 4:305 3:072 1:494 9:139
max-RGB [74] 7:646 3:657 1:966 0:718 9:536 8:383 4:324 3:117 1:530 9:081
SoG [37] 7:966 3:626 1:904 0:702 9:688 8:765 4:305 3:086 1:503 9:136
1st - GE [110] 7:779 3:659 1:951 0:709 9:740 8:570 4:318 3:089 1:509 9:146
2nd - GE [110] 7:765 3:664 1:966 0:709 9:749 8:552 4:316 3:103 1:510 9:139
wGE [52] 7:771 3:680 1:983 0:714 9:779 8:477 4:314 3:092 1:511 9:135
MSGP [86] 3:889 3:436 1:679 0:618 9:483 5:042 4:342 3:151 1:518 9:132
DOCC [44] 9:127 3:754 2:040 0:732 9:900 13:331 4:401 3:091 1:446 9:515
PCA-CC [23] 3:659 3:504 1:495 0:554 10:127 4:585 4:345 3:091 1:481 9:270

D
at

a-
D

riv
en

Deep-WB [2] 10:845 7:803 5:315 2:388 17:241 18:337 14:485 13:603 8:006 22:500
AWB-MIS [5] 11:720 8:393 5:168 1:970 20:313 21:771 15:809 14:586 7:714 26:183
C5 [4] 11:793 9:620 7:115 3:225 20:213 22:196 13:632 13:246 8:956 18:980
C3AE [69] 14:472 4:359 2:296 0:926 11:497 25:860 15:588 13:563 4:065 31:013
WB-sRGB [6] 11:734 4:933 2:644 1:176 12:395 19:606 25:362 19:694 6:360 52:935

Figure 2.1: Comparison of methods under common and strong illuminants. (Left-to-right) Input scene,
result of C3AE, result of GW, and ground truth [101] © 2022 IEEE.

To investigate the performance of the color constancy methods on these sets, two commonly
adopted error metrics in this �eld, i.e., angular error [59], and� E [77, 92], are utilized. To
follow the common practice, the mean, the median, the mean of the best 25% and the mean of
the worst 25% of the angular errors are reported in Table 2.1.

As shown in Table 2.1, the traditional methods outperform the data-driven models on both
sets, while the performance gap increases in Set2, where strong purplish and greenish illumina-
tion conditions are present. The mean of the worst 25% of the angular error signi�cantly varies
between traditional and data-driven methods, and even the mean of the best 25% of the angu-
lar error of the data-driven approaches is considerably higher than the ones of the traditional
algorithms. One reason of this performance decrease is the fact that the illuminants adopted
in this work are seldomly included to the training sets of commonly used benchmarks. Since
data-driven approaches expect their training and testing sets to be somehow similar, they face
a signi�cant challenge in estimating the color vector of the light source in case these out-of-
ordinary lights are fed to them during inference. As shown in Fig. 2.1, the learning-based model
is signi�cantly challenged by the strong illumination conditions, while the traditional method is
considerably less affected by these lights.
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It is worth noting that, data-driven models could have been trained on generated images be-
fore testing their performance on rarely considered light sources. However, the main aim of
this work is to show the inherent biases in data-driven models, highlighting the need to include
various illuminant types in benchmarks. This study explicitly demonstrates that, without consid-
ering lights beyond the standard illuminants, the ef�ciency of data-driven models signi�cantly
decreases, while traditional algorithms continue to perform reasonably. Therefore, this thesis
focuses on developing traditional methods due to their robustness to unique image statistics.

Moreover, this investigation highlighted the need of a color constancy benchmark contain-
ing lights beyond the standard illuminants that is free from the limitations of the camera sensor
speci�cations. As detailed previously, it is known that color constancy benchmarks are usually
formed by utilizing capturing devices with similar characteristics, i.e., camera sensor speci�ca-
tions, which causes an inevitable bias in learning-based models [22, 43]. One of the main reasons
why the sensors also cause a bias is their impact on the ground truth. Since the ground truths of
the benchmarks are extracted from certain color calibration objects present in the scenes captured
by the sensors, the ground truth is naturally affected the camera speci�cations, i.e. the ground
truth is not entirely accurate [22, 43, 86]. These drawbacks demonstrate the requirement of a
camera-invariant color constancy dataset which includes different lighting conditions. There-
fore, in this thesis, a large-scale camera-invariant color constancy dataset called CC-NORD is
introduced which is formed by using computer graphics [98]. Thus, the ground truth informa-
tion is independent of any capturing device speci�cations. Additionally, CC-NORD includes
diverse illumination conditions that are seldomly considered in other benchmarks. Furthermore,
for the setup, close-up shootings and indoor scenes are selected since estimating the color vector
of the light source is more dif�cult in such setups [22]. CC-NORD can be included alongside
real-world datasets into the training sets of data-driven color constancy models to improve the
variety of illuminants and to consider images independent of sensor speci�cations.

2.3.2 A Multi-Scale Algorithm Based on Salient, Varying Local Statistics

In this thesis, a color constancy algorithm is developed to estimate the illuminant of the scene
(Fig. 2.2). The method initially based on local spatial statistics [101], is subsequently modi-
�ed to enhance its performance by incorporating salient pixels [102] and scale-space computa-
tions [103, 105]. The proposed method is detailed in the following by disclosing the motivation
behind the individual stages of the algorithm's development.

As mentioned in Sec. 2.2, methods inspired by the human visual system tend to perform
effectively, thus they form the basis for numerous color constancy algorithms, including the one
developed in this thesis. The proposed method considers the biological �ndings that the human
visual system might be discounting the illuminant of the scene based on space-average color and
the highest luminance patches [21, 30, 32, 72, 74, 76, 83, 97]. Thereupon, it is assumed that on
average, the world is achromatic, and there are several bright pixels somewhere in the scene.
Subsequently, it is further assumed that if the scene is gray on average, the deviation of the
brightest pixels from an achromatic value should be caused by environmental factors, and this
deviation should be in the direction of the illuminant. Furthermore, since the bright pixels and
the gray value might change throughout the scene due to the varying local surface orientations, a
block-based approach is preferred rather than global operations to ensure that the method takes
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Figure 2.2: The main idea of the proposed algorithm [105]. The proposed method assumes that the world
is achromatic on average, and there are several bright pixels that are helpful for illumination
estimation. The method estimates the illuminant by determining how much the bright pixels
P max deviate from the gray valueP � by using scaling vectorsC. The methods takes the
varying local statistics into account by utilizing block-based operations in scale-space. The
color vector of the global light source is obtained by averaging all the scaling vectors.

the varying local spatial information into account, which is usually not considered in studies
performing color constancy at the image level.

After designing the initial version of the algorithm [101], it is observed that not all pixels are
bene�cial and do not contribute equally to the task of illumination estimation [23, 65, 84, 87].
For example, regions dominated by sky or grass tend to bias the estimations toward the colors
of these areas. Therefore, the method is modi�ed by only taking the”salient” pixels, i.e., the
brightest pixels having the highest luminance, into account in order to reduce or, if possible,
eliminate the effects of the non-informative patches [102]. The reason behind using these pixels
can be explained by biological �ndings, i.e., the human visual system might be performing color
constancy by taking advantage from the regions having the highest luminance rather than the
darkest regions [74, 76, 83, 97], and from the perspective of digital photography [31], i.e., the
color of the illuminant can be easily predicted by using the achromatic pixels instead of the col-
ored image elements [28, 65, 84, 87]. For instance, let us assume that we are photographing our
room, a white room illuminated by warm white light with a color temperature of approximately
3000Kelvin, and the room contains various colorful objects. If we capture an image of this
room with a camera whose white balance setting is disabled, its sensor array will measure the
re�ected light from each object and the white walls, resulting in an image with a yellowish color
cast. This color cast occurs because the image is an integrated signal produced by the camera's
color sensor functions responding to both the color of the illumination and the objects in the
scene. Speci�cally, the white walls in the image will appear yellowish, making it easier to esti-
mate the illuminant from these walls rather than from any other colored object. In other words,
the scene's illumination can be most accurately estimated using the achromatic white walls.

To further enhance the performance of the method modi�ed with salient pixels, scale-space
operations are incorporated into the method [103, 105]. There are two main reasons for inte-
grating scale-space computations into the algorithm:(i) biological studies of the human visual
system suggest that the necessary information for achieving color constancy is present at the ap-
propriate scale within the stimulus [90, 91], and(ii) in the �eld of image processing, performing
computations at multiple scales has been shown to improve algorithm performance in tasks re-
lated to color features, as demonstrated by numerous studies that highlight the sensitivity of the
scale-space to the low-level features of images [34, 49, 75]. Consequently, this thesis proposes
a multi-scale color constancy approach based on salient, varying local statistics [103, 105].
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In the proposed method, �rst of all, if an sRGB image is given as input, inverse gamma
correction is applied to obtain a linear relationship between the pixels [31], where it is important
to note that this is an oversimpli�cation ignoring the non-linearity introduced by most capturing
devices before producing the �nal sRGB images [6]. After obtaining the linearized values of the
input scene, the under- and over-saturated pixels, which approximately correspond to the top5%
and the bottom2% of the pixels, are removed, since these saturated pixels negatively effect the
performance of the color constancy algorithms due to possible noise.

Afterwards, an informative image where the salient regions in a scene are adaptively weighed
is formed since not all pixels contribute equally to color constancy. To highlight the informa-
tive regions while also reducing or the eliminating the impact of the pixels that might bias the
estimations, the most brightest pixels are selected to form a saliency mapS as follows. First the
black-white opponent channelOBW of the input image is utilized which can be computed as
OBW = ( r + g+ b)=3 [31]. Then, the top3:8%highest intensities ofOBW are selected to form
the saliency map (the parameter selection procedure is detailed in Sec. 2.3.2).

Subsequently, to consider the fact that not all regions have an equal contribution while esti-
mating the illuminant, a weight mapW is obtained fromOBW . The main aim of the weighting
process is to strengthen the contribution of pixels having the highest luminance, while reduc-
ing/eliminating the effect of the other areas which is a procedure inspired by biological �nd-
ings [97]. This weight map is formed as follows:

W(x; y) = 1 �
1

2�� 2 � exp
�

�
(OBW (x; y) � � )2

2� 2

�
; (2.10)

where� and� represent the standard deviation and the mean ofOBW , respectively.
Afterwards, the informative imageI is formed by combining the input image, saliency map

and weight map as follows:

I = I (x; y) � W (x; y) � S(x; y): (2.11)

Then, the scale-space representations of the informative image are computed since the low-
level features of images can be highlighted more effectively at multiple scales rather than the
global scale. The number of scalesL is chosen adaptively according to the image resolution.
It is computed asL = blog(min (h; w))=log(2)c, where,h and w are the width and height
of the image. Subsequently, to take the local surface orientations, i.e., local varying statistics,
into account, the image is divided into non-overlapping blocks that containm number of pixels,
which is determined asm =

p
(h � w)=� . The parameter� controls the number of pixels in the

block, and it is set to120based on practical experiments (the selection process of this parameter
is detailed in Sec. 2.3.2). It is important to note that the image is split into non-overlapping blocks
only at the �ner scales, i.e., levels higher than half of the total scales which can be reached in the
image pyramid. Only these scales are divided into blocks since at coarser scales the blocks would
include an insuf�cient number of pixels that would contradict with one of the assumptions of the
proposed method, i.e., the world is gray on average, since for the gray world assumption to be
valid, an adequate number of distinct colors has to be present in the scene [31]. This necessity
also aligns with the mechanisms of the human visual system, as shown in Land's study [72].
Land demonstrated in the experiments that when a colored patch from a Mondrian image, i.e.,
yellow patch, is viewed in the void mode, where the patch is viewed in such a condition that
it is isolated from its local neighbors, the patch is perceived as grayish-white which underlines
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the importance of environmental context, and the perceived scene's local space average color in
color perception.

After the scale-space representation of the informative image is formed, and at each scale
the image is split into non-overlapping blocks, for each block the descriptors that are used to
estimate the illuminant are determined. The reason behind determining the descriptors for each
block rather than identifying them on a global scale is to consider varying local spatial statistics
of the scene since the surface orientations differ in local regions, i.e., for each block distinct
descriptors exist. As the proposed method relies on the assumptions of the gray world and
white-patch Retinex methods, the descriptors are obtained by making use of these assumptions.
The �rst descriptor is obtained by assuming that there is a unique gray value for each blockP.
This achromatic valueP� is calculated by averaging all channels within the speci�c block of
interest. The second descriptor is determined by taking the maximum response of each channel
of the block separately and it is expressed asPmax = [ Pr;max ; Pg;max ; Pb;max ]. Note that while
obtaining the descriptors, for the sake of simplicity, each image at coarser scales that is not split
into blocks is referred to as block.

To compute an illuminant estimate for each block at each scale, both descriptors are integrated
into the main idea of the proposed method (Fig. 2.2). Speci�cally, the method calculates how
much the brightest valuesPmax deviate from the gray valueP� . It is further assumed that if
the scene is achromatic on average, the sum of the intensity values ofPmax should equalP� .
If there is a deviation, this shift is assumed to be caused by the light source. The deviation can
be determined by utilizing a vectorCP = [ cr ; cg; cb], where each element ofCP scales the
intensities ofPmax such that their sum equalsP � as follows:

Pr;max � cr + Pg;max � cg + Pb;max � cb = P� : (2.12)

Subsequently, in order to computeCP , Eqn. 2.12 can be transformed into an optimization
problem as given in Eqn. 2.13. The optimization problem is solved by ensuring thatCP is as
close as possible to satisfyingPmax � CP = P� , and among all possible least-square solutions
theCP with the smallest magnitude is chosen. Thereby, unrealistic solutions, i.e., a bias towards
large magnitudes, are avoided. Since thelsqminnormoptimization package avoids such issues
by explicitly constraining the solution's norm it is selected over other solvers [80].

CP = arg min
C P

kPmax CP � P� k2 s.t. min kCP k2 ; with 8c 2 CP : c > 0: (2.13)

Then, the illuminant is computed for each scale via taking the mean of allCP as follows:

L s =
1

nblocks

nblocksX

k=1

CPk ; (2.14)

whereL s is the illuminant estimate at a certain scales, andnblocks is the number of blocks.
Note that whenCP is computed at coarser scales where the image is not split into blocks, the
deviation obtained from Eqn. 2.13 is considered as the illuminant at this particular scale.

Assuming a single, uniformly illuminating light source, the estimates at each level are linearly
combined to obtain a single illuminant estimate,L est, as follows:

L est =
1

nlevels

n levelsX

k=1

L sk : (2.15)
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Application to Multi-illuminant Color Constancy. The proposed method is designed to
estimate the color vector of the light source in uniformly illuminated scenes, yet it can be mod-
i�ed with a simple strategy to obtain pixel-wise estimates for scenes illuminated with varying
lighting. This section details the modi�cation strategy.

To obtain pixel-wise estimates, the informative image formation step in the proposed method
requires adjustment. This need arises due to the fact that if a scene is illuminated by multiple
light sources, the need for cues about the scene increases signi�cantly. In such cases, relying on
a limited number of informative pixels, as in single-illuminant scenarios, would be insuf�cient
for accurately estimating spatially varying illumination. Since locality is crucial for estimating
spatially varying light sources, using a limited number of spatial locations would undermine this
local information [49]. Therefore, it is essential to consider more spatial information to preserve
local relationships between neighboring pixels.

For multi-illuminant scenes, the informative image is formed by utilizing the pixels closest
to white. To determine these pixels, a temporary illuminant vector is formed by taking the
average of each color channel separately, i.e., by applying the gray-world algorithm, as one of
the assumptions of the proposed method is that the world is gray on average. Subsequently, a
temporary white-balanced imageI temp is computed by utilizing this temporary illuminant vector
and Eqn. 2.5. Then, a pixel-wise whiteness mapW is formed by computing the pixel-wise
distance between the white vectorw = [1 1 1] andI temp as follows:

W (x; y) = cos� 1
�

w �I temp
kw k�kI temp k

�
: (2.16)

As the pixels do not equally contribute to the task of color constancy, a certainty mapC is
created to give more importance to the brighter pixels than the darkest ones as follows:

C(x; y) =
1

2�� 2
W

� exp
�

�
(W (x; y) � � W )2

2� 2
W

�
; (2.17)

where� W and� W are the mean and the standard deviation ofW , respectively.
Then, the informative image is formed by making use ofCas follows:

I = I (x; y) � C(x; y) (2.18)

Afterwards, the informative image is utilized for the multi-scale, block-based computations.
A similar process to the global color constancy strategy is followed but not all scales in the
image pyramid are used for multi-illuminant color constancy. The reason behind this is that at
the coarser scales of the pyramid, locality starts to degrade, and since locality is an important
cue for multi-illuminant color constancy these scales are not taken into account. As a result, half
of the number of the total scales that can be reached in an image pyramid are utilized as practical
experiments indicate that performance usually begins to decrease thereafter.

In addition to these adjustments, the illumination estimation approach is further modi�ed.
Each estimateCP is placed at the center of the block of interest, forming a sparsely populated
imageI CP , which contains only the estimated deviations at the centers of each block. After-
wards, to obtain a dense image, i.e., an image containing a pixel-wise estimateL s(x; y) at each
spatial location, for each scale, an interpolation between the neighboring center pixels is per-
formed by convolvingI CP with a Gaussian kernel as in Eqn. 2.19. This strategy ensures smooth
transitions between neighboring blocks. If it would be assumed that all pixels in a block have
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the same deviation, it would cause sharp changes between adjacent blocks.

L s(x; y) = I CP �
1

2�� 2 � exp
�

�
x2 + y2

2� 2

�
; (2.19)

where� denotes the convolution operation. The scaling factor� , i.e. controlling parameter of the
Gaussian function, should be adequately large to ensure that at least two neighboring deviations
are inside of the kernel.� is determined based on practical experiments and it is computed as
� = 0 :5� , where� = ( min (h; w)=2).

Lastly, to obtain the pixel-wise estimates of the illuminant, the estimatesL s are processed
as follows. The estimates in the coarsest scale is upsampled so that it has the same size as
its consecutive �ner level. Subsequently, this upsampled image is linearly combined with the
image on its consecutive �ner level by averaging. Then, the resulting image is upsampled to be
linearly combined with its consecutive �ner level. This process is continued until the �nest level
is reached. The resulting image corresponds to the pixel-wise illumination estimate.

Experimental Setup. The evaluations are conducted on publicly available benchmarks.
While the RECommended ColorChecker dataset [57], the NUS-8 dataset [23], and the INTEL-
TAU dataset [71] are employed to analyze the performance of the algorithm in scenes illuminated
by a single light source, the Multi-Illuminant Multi-Object (MIMO) dataset [11] and the Mixed-
Illuminant Test Set [5] are utilized to investigate the performance of the proposed method under
mixed illumination conditions. Prior to the benchmarking of the proposed method on these
datasets, the parameter selection process is detailed, and an ablation study is presented.

Parameter Selection. The proposed method relies on two parameters: the size of non-
overlapping blocks and the number of selected brightest pixels as informative scene elements.
The most effective combination is selected by analyzing randomly selected images from single-
illuminant benchmarks based on their mean angular error (Table 2.2).

Since the proposed block-based approach relies on the assumptions that on average the world
is achromatic, in each block, there should be a suf�cient number of pixels that have adequate
number of distinct colors. This requirement is critical for the algorithms that are built upon the
gray world assumption since this assumption is only valid under such conditions. In the proposed
color constancy method, both controlling parameters, i.e., the top brightest image elements while
forming S and the parameter� that controls the number of pixels per block, have an in�uence
to the overall number of pixels in the block that are utilized while estimating the illuminant.

Table 2.2:Selecting the best parameter combination for the block size and the brightest pixels [105].

Saliency Map Parameter

3% 3:2% 3:4% 3:6% 3:8% 4% 4:2% 4:4%

�
P

ar
am

et
er

60 3:44 3:43 3:43 3:42 3:42 3:45 3:46 3:46
80 3:43 3:42 3:43 3:44 3:44 3:46 3:45 3:46

100 3:47 3:45 3:45 3:45 3:44 3:46 3:47 3:48
120 3:39 3:37 3:37 3:37 3:36 3:38 3:40 3:42
140 3:43 3:42 3:41 3:42 3:42 3:43 3:43 3:44
160 3:45 3:44 3:43 3:43 3:43 3:44 3:44 3:44
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The top brightest pixels that are formingS rely on the scene's statistics, while the number
of pixels falling into the non-overlapping blocks depends on the image resolution. As reported
in Table 2.2, the effectiveness of the proposed method highly depends on these two parameters,
i.e., when the adequately sized non-overlapping blocks contain a suf�cient number of salient
pixels, the error in estimating the color of the light source decreases, but on contrary situations,
the performance of the proposed method is negatively affected. The reason behind this perfor-
mance change can be associated with the fact that the possibility of varying surface orientations
increases when an adequate number of blocks with a suf�cient number of pixels is selected for
the task. Furthermore, as the chance of obtaining uniformly colored areas reduces when blocks
with a proper size are selected, the requirements of the gray world assumption are also ful�lled
by selecting blocks with an adequate number of pixels. For similar reasons, it is important that
the number of the brightest pixels included in a block satisfy the assumptions of the proposed
method. According to the results in Table 2.2, the optimal combination is achieved when the top
3:8%brightest pixels are selected and the controlling parameter for the block size is set to120.

Ablation Study. An ablation study is conducted to investigate the contribution of each step
of the proposed method to the illumination estimation task (Table 2.3). This analysis is carried
out on a single set which includes random examples from benchmarks.

In Table 2.3,Baselinerefers to solving only Eqn. 2.13 without taking the salient regions,
block-based operations, and scale-space computations into account. In addition to the baseline,
the table also presents results obtained by solving Eqn. 2.13 using speci�c stages of the proposed
method. These include using only the informative image or performing computations in scale-
space while dividing the image into blocks. The ablation study is divided into three parts. First,
the individual contribution of each step is examined; second, the effects of combining two steps
are analyzed; and �nally, the results of the proposed method are provided. For each part, the
best-performing approach is highlighted which will be used in Sec. 2.3.3 to modify existing
traditional algorithms to improve their performance. As shown in Table 2.3, each step of the
proposed method contributes to the performance. When only the informative image is used, the
performance increases slightly, while utilizing either the blocks or the scale-space increases the
performance noticeably. The difference between using only the blocks or the scale-space is not

Table 2.3:Determining the best performing stages of the proposed method [105]. Top results are high-
lighted as follows: the �rst: blue, second: cyan, third: green.

Mean Median

Baseline 9:10 8:16
Informative Image 9:04 8:03
Scale-Space 3:77 2:92
Blocks 3:80 3:07
Scale-Space, Informative Image 4:03 3:36
Blocks, Informative Image 3:57 2:76
Blocks, Scale-Space 3:80 2:85
Scale-Space, Blocks, Informative Image 3:16 2:22
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signi�cant. When only the scale-space is used a slightly better outcome is obtained which can be
explained by the fact that when the image is sent from the �ner scale to the consecutive coarser
scale, a local averaging operation is applied between the pixels during the reduction of the image
size. This averaging mimics block-based operations, particularly for the coarser scales. Thus,
using only scale-space results in a better performance since scale-space is also sensitive to low-
frequency components of the image, i.e., colors, and partial block-based operations are included
especially at the coarser scales. When the dual combinations of the steps are investigated the best
outcome is obtained by using blocks and the informative image. The reason behind this outcome
is the contribution of the varying local statistics. When blocks and the informative image are
used together, more importance is assigned to local statistics compared to the combination of the
informative image and the scale-space. Yet, the best result is obtained when all steps are utilized
since locality is respected the most and only informative pixels are considered.

Results. The statistical results of algorithms including the proposed method for both single
and multi illuminant cases are presented in Table 2.4. The results of the algorithms are reported
either based on the recent-comprehensive publications [1, 4, 87], or running the algorithms based
on their source code published by the authors of the works without making any modi�cations.

As presented in Table 2.4, on all3global color constancy benchmarks the lowest mean angular
error among the learning-free algorithms is obtained by the proposed method, while compared to
learning-based methods it provides competitive results without a training phase, i.e., the require-
ment of huge amount of data. Furthermore, the proposed method achieves the lowest mean of
the worst25% of the angular error among the traditional algorithms on two of the datasets which
is another noteworthy result since in color constancy it is important to improve the worst cases
as well. Alongside the statistical results also visual comparisons are provided in Fig. 2.3. When
scenes contain a high variety of colors, the proposed method achieves high performance since
the method bene�ts from varying local statistics. On the other hand, scenes containing dominant

Table 2.4:Statistical results on widely adopted color constancy benchmarks [105]. Top results are high-
lighted as follows: the �rst: blue, second: cyan, third: green, fourth: yellow, and �fth: orange.

RECommended Mean Med. B.25% W.25%

D
at

a-
D

riv
en

Quasi-U CC [12] 3:46 2:23 - -
COCOA [119] 2:64 1:86 - -
C3AE [69] 2:10 1:90 0:80 4:00
CCC [9] 1:95 1:22 0:35 4:76
SIIE [1] 2:77 1:93 0:55 6:53
FFCC [10] 2:95 2:19 0:57 6:75
C5 [4] 2:50 1:99 0:53 5:46

Tr
ad

iti
on

al

max-RGB [74] 7:78 5:43 1:49 17:47
GW [21] 4:71 3:54 0:93 10:44
SoG [37] 4:09 2:42 0:56 10:28
1st - GE [110] 5:79 3:68 0:93 14:17
wGE [52] 6:08 3:33 0:78 15:57
DOCC [44] 7:23 4:26 0:79 18:04
GI [87] 3:19 1:90 0:44 8:02
BB-CC [101] 3:82 3:16 1:45 7:38
BB-CC w/ SP [102] 3:48 2:71 1:06 7:37

Proposed 3:16 2:16 0:62 7:32

S
ca

le
-S

pa
ce

max-RGB 3:87 2:68 0:80 8:98
GW 3:92 2:74 0:57 9:20
SoG 3:61 2:26 0:47 9:13
1st - GE 3:53 2:22 0:50 8:83
wGE 3:86 2:14 0:50 10:35
DOCC 3:60 2:30 0:54 8:85

B
lo

ck
s,

In
fo

rm
at

iv
e

Im
ag

e max-RGB 3:46 2:69 1:02 7:11
GW 3:39 2:46 0:57 7:82
SoG 3:35 2:45 0:69 7:48
1st - GE 3:31 2:34 0:59 7:57
wGE 3:30 2:37 0:58 7:55
DOCC 3:30 2:36 0:60 7:54

S
ca

le
-S

pa
ce

,B
lo

ck
s

In
fo

rm
at

iv
e

Im
ag

e max-RGB 3:72 2:59 0:71 8:67
GW 3:76 2:54 0:68 8:86
SoG 3:73 2:56 0:67 8:76
1st - GE 3:87 2:73 0:72 9:05
wGE 3:87 2:72 0:71 9:05
DOCC 3:87 2:73 0:73 9:02

INTEL-TAU Mean Med. B.25% W.25%

D
at

a-
D

riv
en

Quasi-U CC [12] 3:12 2:19 0:60 7:28
One-Net CCC [27] 3:30 3:20 1:10 5:90
C3AE [69] 3:40 2:70 0:90 7:00
BoCF CC [70] 2:90 2:40 0:90 6:10
SIIE [1] 3:42 2:42 0:73 7:80
FFCC [10] 3:42 2:38 0:70 7:96
C5 [4] 2:52 1:70 0:52 5:96

Tr
ad

iti
on

al

max-RGB [74] 10:49 11:14 1:70 19:24
GW [21] 4:90 3:85 0:93 10:59
SoG [37] 5:13 3:72 0:86 11:77
1st - GE [110] 5:89 4:07 0:94 13:79
wGE [52] 5:99 3:63 0:80 14:89
DOCC [44] 7:18 4:66 0:80 16:97
GI [87] 3:32 2:18 0:56 8:03
BB-CC [101] 4:29 3:61 1:19 8:52
BB-CC w/ SP [102] 3:37 2:63 0:79 7:25

Proposed 3:23 2:23 0:59 7:47

S
ca

le
-S

pa
ce

max-RGB 4:47 3:28 0:98 9:95
GW 4:39 3:40 0:78 9:65
SoG 4:30 3:15 0:76 9:80
1st - GE 4:27 3:03 0:75 9:96
wGE 4:18 2:24 0:55 11:09
DOCC 4:01 2:91 0:69 9:29

B
lo

ck
s,

In
fo

rm
at

iv
e

Im
ag

e max-RGB 3:94 3:06 0:90 8:48
GW 3:66 2:53 0:64 8:51
SoG 3:66 2:65 0:69 8:33
1st - GE 3:62 2:56 0:65 8:36
wGE 3:60 2:53 0:64 8:32
DOCC 3:57 2:51 0:64 8:26

S
ca

le
-S

pa
ce

,B
lo

ck
s

In
fo

rm
at

iv
e

Im
ag

e max-RGB 4:01 2:83 0:71 9:35
GW 4:04 2:82 0:70 9:44
SoG 4:02 2:82 0:69 9:40
1st - GE 4:11 2:90 0:71 9:63
wGE 4:11 2:91 0:71 9:63
DOCC 4:10 2:87 0:70 9:59

NUS-8 Mean Med. B.25% W.25%

D
at

a-
D

riv
en

Quasi-U CC [12] 3:00 2:25 - -
One-Net CCC [27] 2:16 1:57 0:54 4:76
CCC [9] 2:38 1:69 0:45 5:85
DSNIE [94] 2:24 1:46 0:48 5:28
SIIE [1] 2:05 1:50 0:52 4:48
FFCC [10] 2:87 2:14 0:71 6:23
C5 [4] 1:77 1:37 0:48 3:75

Tr
ad

iti
on

al

max-RGB [74] 10:34 9:90 1:72 19:82
GW [21] 4:13 3:12 0:86 9:17
SoG [37] 3:51 2:77 0:85 7:57
1st - GE [110] 3:40 2:55 0:84 7:47
wGE [52] 3:09 2:23 0:71 7:00
DOCC [44] 3:87 2:42 0:77 9:52
GI [87] 3:18 2:22 0:61 7:45
BB-CC [101] 3:78 3:07 1:32 7:47
BB-CC w/ SP [102] 3:27 2:52 1:06 6:79

Proposed 2:93 2:21 0:74 6:37

S
ca

le
-S

pa
ce

max-RGB 3:35 2:70 1:01 6:81
GW 3:65 2:58 0:74 8:31
SoG 3:35 2:53 0:73 7:38
1st - GE 3:23 2:50 0:75 7:09
wGE 2:82 1:95 0:60 6:54
DOCC 3:05 2:29 0:68 6:73

B
lo

ck
s,

In
fo

rm
at

iv
e

Im
ag

e max-RGB 3:58 3:01 1:11 7:03
GW 3:02 2:13 0:65 6:90
SoG 3:02 2:25 0:72 6:62
1st - GE 2:94 2:14 0:65 6:64
wGE 2:91 2:10 0:64 6:57
DOCC 2:87 2:08 0:63 6:47

S
ca

le
-S

pa
ce

,B
lo

ck
s

In
fo

rm
at

iv
e

Im
ag

e max-RGB 3:47 2:57 0:71 7:82
GW 3:53 2:58 0:70 8:02
SoG 3:49 2:57 0:69 7:93
1st - GE 3:57 2:61 0:71 8:14
wGE 3:57 2:63 0:71 8:13
DOCC 3:56 2:58 0:70 8:11

Real-World Laboratory

MIMO-Dataset Mean Med. Mean Med.

LSAC [29] 4:9 4:2 2:7 2:5

Gijsenij et al. w/ max-RGB [53] 4:2 3:8 5:1 4:2

Gijsenij et al. w/ GW [53] 4:4 4:3 6:4 5:9

Gijsenij et al. w/ 1st - GE [53] 9:1 9:2 4:8 4:2

CRF w/ max-RGB [11] 4:1 3:3 3:0 2:8

CRF w/ GW [11] 3:7 3:4 3:1 2:8

CRF w/1st - GE [11] 4:0 3:4 2:7 2:6

N-WB w/ max-RGB [7] 4:1 3:4 2:6 2:2

N-WB w/ GW [7] 4:6 4:5 3:7 3:1

N-WB w/ 1st - GE [7] 4:7 3:6 2:5 2:2

VM-CC w/ Bottom-Up [45] 5:0 4:0 3:7 3:4

RM-CC [117] 5:2 4:3 3:2 2:7

CCWF [62] 3:8 3:8 1:6 1:5

CCAFIS [64] 4:2 4:3 2:1 2:7

GI (M=4) [87] 3:9 3:4 2:7 2:2

GI (M=6) [87] 3:9 3:4 2:6 2:1

CNNs-based CC [15] 3:3 3:1 2:3 2:2

GAN-based CC [25] 3:5 2:9 - -

Proposed 3:7 2:9 2:9 2:7

Mixed-Illuminant Test Set Mean Med.

MSGP [86] 19:7 17:2

GI [87] 6:4 5:7

LSAC [29] 4:7 4:5

KNN White-Balance [6] 5:8 5:8

Interactive White-Balance [3] 5:8 5:6

Deep White-Balance [2] 4:5 4:2

Auto White-Balance for Mixed-Scenes [5] 4:7 4:1

Style White-Balance [66] 5:1 4:9

Proposed 4:6 4:4
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