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ABSTRACT

SEMANTIC COLOR CONSTANCY

Üstün, İhsan Emre
M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Aydın Alatan

FEBRUARY 2021, 92 pages

Color constancy aims to perceive the actual color of an object, disregarding the effect

of the light source. Recent works showed that utilizing the semantic information in

an image enhances the performance of the computational color constancy methods.

Considering the recent success of the segmentation methods and the increased number

of labeled images, we propose a color constancy method that combines individual

illuminant estimations of detected objects which are computed using the classes of the

objects and their associated colors. Then we introduce a weighting system that values

the applicability of the object classes to the color constancy problem. Lastly, we

introduce another metric expressing the detected object and how well it fits the learned

model of its class. Finally, we evaluate our proposed method on a popular color

constancy dataset, confirming that each weight addition enhances the performance

of the global illuminant estimation. Experimental results show promising results,

outperforming the conventional methods while competing with the state of the art

methods.

Keywords: Color Constancy, Object Recognition, Color Space, Object Color Char-
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ÖZ

SEMANTİK RENK DEĞİŞMEZLİĞİ

Üstün, İhsan Emre
Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. A. Aydın Alatan

Şubat 2021 , 92 sayfa

Renk değişmezliği bir nesneyi ışık kaynağından bağımsız bir şekilde, sabit bir renkte

algılayabilme kabiliyetidir. Son zamanlarda yapılan çalışmalar, görüntülerdeki se-

mantik bilgilerden faydalanmanın renk değişmezliği algoritmalarının performansını

arttırabildiğini göstermiştir. Son zamanlarda nesne bölütleme algoritmalarının artan

başarısı ve işaretli veri kümesi sayısındaki artış düşünülerek, tespit edilen nesneler ve

onlara atanan renklere dayanan, nesne tabanlı bir renk değişmezliği algoritması öne-

rilmiştir. Ardından, bu sisteme her bir nesne sınıfının renk değişmezliği problemine

uygunluğu gözetilerek bir ağırlık getirilmiştir. Son olarak, tespit edilen nesnelerin gü-

venilirliği, nesnenin sınıfının probleme uygunluğuna ilaveten, tespit edilen nesnenin

ait olduğu sınıfa benzerliği de kullanılarak güncellenmiştir. Önerilen yöntem popüler

bir renk değişmezliği veri kümesinde test edilmiş, yönteme yapılan her eklemenin

performansta bir artışla sonuçlandığı gözlenmiştir. Deneyler gelecek vadeden sonuç-

lar göstermiş olup, geleneksel metodlardan daha başarılı sonuçlar elde ederken, gün-

cel başarılı algoritmalarla yarışabilen bir performans göstermiştir.
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Anahtar Kelimeler: Renk Doğruluğu, Nesne Tanıma, Renk Uzayı, Nesne Renk Ka-

rakteristiği
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CHAPTER 1

INTRODUCTION

Color constancy is simply the problem of observing an object invariant of the ambient

light. Throughout the years, various approaches are proposed varying in terms of

underlying assumptions, applicability, and computational complexity. In the scope of

this thesis, we focus on intrinsic properties of object classes in real life and how these

properties can be used as a clue for illuminant estimation in color constancy problem.

In this thesis, color coherence of object classes are analyzed and a color constancy

method is proposed based on the the object classes and their applicability to the prob-

lem.

1.1 Motivation

The color of an observed image depends on its surface properties and the light sources

existing in the scene. Any change in the spectral power density of the light source

results in a change in the observed color of the image. The human visual system

is evolved in a way that the color of the object tends to remain stable even under

different light sources and perceived as it is observed under a white light source.

It has also been argued that familiarity of colors of some object classes might be a

clue for the human visual system. This quite complex mechanism is called Color

Constancy. However, this mechanism does not exist in imaging devices and the color

of the object highly depends on the illuminant source.

Color Constancy is an underdetermined problem in which only the power of the light

reflected onto the camera is known, whereas surface reflectance properties and the

1



Figure 1.1: A simple example of image formation in a scene illuminated by a light

source
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color of the light source are unknown. In order to solve this ill-posed problem, some

further assumptions, or a prior information, about the scene is strictly necessary. A

simple example is an image consisting of only a red wall. The color of the wall

might be a result of a white wall under red light or it might be a red wall under white

light; both of these cases might be true, unless additional information about the image

is known. However, if there is some grass in front of the wall, due to our previous

encounters with grass we have some prior reliable information about its color content;

something most likely close to the green color. Thus any shift in the observed color

of grass pixels towards red chromatic band should be caused by the light source.

There are a few previous efforts [50] [58] trying to make use of prior information

about the color of an object class and to use them as prior information for increas-

ing the performance of the light source spectra estimation. Moreover, some other

methods fed their algorithm with semantic segmentation results of the image and en-

hanced illuminant estimation performance. These studies showed that utilization of

the semantic information in an image enhances the performance of the estimation.

1.2 Scope of the Thesis

In this thesis, we analyze the common object classes by how they are presented in

various images from a popular segmentation dataset COCO [45] that includes labeled

segmentation masks for each class. First, we present color space independent of

the pixel brightness; then, we propose two similarity metrics to define object classes

which are later used to define how reliable the estimation of a detected object. The

first metric is the average color of the objects and the second one is their color distribu-

tion in a joint histogram. We compare different classes in terms of their applicability

in the color constancy problem and proposed a novel illuminant estimation method

that combines the weighted assumption of illuminant estimations of individual ob-

jects detected in the image. The weighting system compares the individual illuminant

estimations in terms of the applicability of the class of the object and how well the

object fits its class’ learned model.

3



1.3 Outline of the Thesis

In this thesis, the related background is given in Chapter 2. At first, the color con-

stancy problem is defined with a problem formulation and its common assumptions.

Following the problem definition, an overview of the literature is presented. While

most of the past work were given with brief explanations, methods related to the

scope of the thesis are explained in detail. In Chapter 3, evaluation procedure of the

object classes are given. First, the selected color space and its histogram is presented.

The histogram is followed by definitions of similarity metrics for object classes. The

object classes are then discussed based on their computed similarity metrics. Lastly,

object classes are compared in terms of their similarity metrics under generalized cat-

egories. in Chapter 4, a method for illuminant estimation based on object classes

and the evaluation of the proposed method on two datasets are given. Finally, the

thesis is concluded with Chapter 5 which includes the summary of the thesis and its

concluding remarks.
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CHAPTER 2

RELATED BACKGROUND

This chapter presents an overview of the color constancy problem and analyzes the

literature related to the scope of this thesis. The first section includes the problem

definition, problem formulation, and commonly accepted assumptions. Following

the problem definition, literature related to the problem are presented. A general

overview of approaches and methods in the field is given briefly. On the other hand,

works that are related to our study are analyzed in more detail.

2.1 Color Constancy Problem

Color is an important feature of computer vision problems and its applications. Col-

ors presented in an image are determined by the light sources in the scene, intrinsic

properties of the objects in the image, and the sensor type of the imaging device.

Color constancy is the ability to discard the effect of the light sources in the scene so

the color of an object can remain stable under the effect of variant light sources.

The human visual system has the ability of maintaining the color constancy thus

shows a tendency to perceive an object as it is under a white light source, by fil-

tering out the effect of the light sources in the scene. How this mechanism works is

still not fully understood [41]. On the other hand, in vision-based systems stability

of the color of an object is still desired to preserve its color under changing ambient

light. This mechanism is usually implemented in the pipeline of image signal proces-

sor (ISP) of the imaging device, using sensor gains. This process is often referred to

as White Balance (WB), which focuses on removing the effect of the light source and

forming the image as it is taken under a white light source.

5



Figure 2.1: Poorly white balanced images and their correctly white balanced versions

[35].

In Figure 2.1, raw images without a white balance process and their corrected ver-

sions are presented. Images on the first column are the input images taken from

ColorChecker Dataset [35] and the images on the second column are the corrected

versions using the ground truth illumination which is derived from the Macbeth Chart

in the image. The images are gamma corrected for visualization purposes.

A great majority of the computational models for color constancy focus on estimating

the effect of the light source. Although there are some methods that achieve color

constancy without specifically focusing on the scene illumination. For example, Funt

et al. [29] algebraically manipulates the image and derives illumination independent

quantities of the image. In the scope of the thesis, estimating the illuminant source is

the main focus point considering this study focuses on color constancy’s applications

on the imaging devices.

6



2.1.1 Problem Formulation

Klinker et al. [40] propose dichromatic reflection model to explain the relationship

between the real world and its corresponding points in an image. The pixel values

of the image (f(x) = [fR, fG, fB]T ) depends on the light source (I(x, λ)), surface

reflectance characteristic of the object (S(x, λ)) and the sensor spectral sensitivities

(ρ(λ) = (ρR, ρG, ρB)T ) where x is the spatial coordinate and λ is the wavelength of

the light. This formation can be derived as in Equation 2.1 where w is the visible

spectrum. Most imaging devices have three distinct classes of sensor thus 3 different

responses per pixel. Throughout the thesis, the imaging system will be assumed as

trichromatic and its sensor responses will be assumed to be R, G, B as the majority

of previous work in the literature has done. The reflected light consists of body and

specular reflectances. While body reflectance depends on the surface it is reflected,

specular reflectance does not get affected by the surface properties. Their relative

scale factors are added as mb and ms respectively.

f(x) = mb

∫

w

I(x, λ)S(x, λ)ρ(λ) +ms

∫

w

I(x, λ)ρ(λ) (2.1)

Our goal is to estimate I, the projection of the illumination of the light source on the

sensor spectral sensitivities.

I(x) =

∫

w

I(x, λ)ρ(λ) (2.2)

2.1.2 Assumptions

Color constancy is an under-determined problem. Only the pixel values of the image

are known whereas illumination source, surface intrinsic properties, and the sensor

spectral sensitivities are unknown. In order to estimate the illuminant source charac-

teristics, either some prior information or some further assumptions are needed.

Despite the fact that using the dichromatic model for the color constancy problem is

more realistic, in practice, it is often simplified further based on various assumptions.

7



Most of the successful approaches use both the simplified model and some prior in-

formation. In this section, a general overview of the common assumptions used in the

field is stated and briefly explained.

2.1.2.1 Single Distant Point Light Source

In a scene, objects might be affected by a number of light arrays. These arrays might

be coming directly from a light source or might be reflected from another surface.

Some areas might not be even getting any light from any of the light sources.

In the scope of the thesis, we assumed that there is only one distant point light source

in the scene. This assumption enables us to model the light as it is coming from a

single angle from a single light source with constant power onto all of the surfaces.

This assumption leads to an important simplification. In terms of color, the effect of

the light source on all surfaces in the scene are constant. Although the light source’s

power might vary depending on the angle between the light source and the surface,

it only affects the pixel brightness, and up to some extent it is irrelevant to the color

ratios. Consequently, every pixel in the image gets affected equally by the illuminant

source from color perspective.

Throughout this study, we also assumed that there is no shadowing effect in the scene

and light falling on a surface solely depends on the illuminant source. However, in

reality this is rarely the case. Although this assumption is not realistic and invalid in

real world cases, it performs well in most cases and accepted by the majority of the

state of art methods.

The majority of the state of the art approaches assume there is only one illuminant

source and a uniform illumination is presented in the image. However, there are also

some studies focus on multiple light sources [34] or extend their methods so that they

can adapt on multiple light sources [10].

A preferred solution is to split a single image into patches that are likely to have a

stationary illumination on their pixels. Following the segmentation, estimating illu-

mination for every patch via various methods and derive a conclusion on illuminant

sources’ effect on the image. Gijsenij et al. [34] used illuminant estimation meth-
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Figure 2.2: A demonstration of a single distant light source.

ods based on a single light source to locally correct an image under multiple light

sources. They showed that as the chromatic difference of the light sources increases,

their method outperforms the methods based on uniform light source assumption.

On the other hand, Bianco et al. extended their method [9] for multiple light sources.

They locally estimated the illumination source’s spectral distribution and use these

estimations to decide, if there is more than one light source in the image. If they

conclude that multiple light sources are affecting the scene, they propose multiple

corrections for multiple areas for the input image [10].

2.1.2.2 Diagonal Transformation

Before studying on a color constancy problem, a mapping between the light and cam-

era sensor outputs should be defined. In the scope of this thesis, our model assumes

that color constancy can be achieved by simply adjusting the imaging system’s dis-

tinct sensors. Transformation can be seen in Equation 2.3 where fa and fb are the

9



sensor responses under two different illuminations and D = diag([d1, d2, d3]) is the

diagonal transformation matrix.




f 1
b

f 2
b

f 3
b


 =




d1 0 0

0 d2 0

0 0 d3







f 1
a

f 2
a

f 3
a


 (2.3)

In fact, the above equation is only valid, when a certain number of regulations are

presented. The assumption relies on two main conditions. Either the sensors should

be responsive only to a narrow-band or the light source should not be broad-band. In

reality, usually, both of these conditions barely hold. Additionally, the spectral sen-

sitivities of the sensors might be overlapping. Although the assumption is merely a

reflection of the truth, the diagonal adaptation model is an effective and widespread

assumption. Throughout this thesis, Von-Kries Transformation [59] model shown in

Equation (2.3) is used, resulting in each channel of the image to be adapted individu-

ally.

There is a great variety of camera sensors in reality and each of them has a partic-

ular spectral sensitivity. Sensors in the imaging device strongly affect the observed

image in the case of an illuminant effect. Finlayson et al. [21] showed that when

a pre-calculated linear transformation model that depends on the spectral sensitivi-

ties of the sensors is applied prior to the color constancy application, the success of

an algorithm can be increased. This thesis does not focus on a set of sensors and

uses various camera outputs focusing on the general problem. As a result, Von-Kries

model (Equation 2.3) is accepted for the rest of our study.

2.1.2.3 Body Reflectance Assumption

The dichromatic model claims that a surface reflectance consists of two parts: Body

reflectance and specular reflectance. The former one depends on the power of the

light source, arriving angle between the light source and the surface, and the intrinsic

properties of the object. The latter one solely relies on the power of the light source

and the angle between the surface and the light source. It is independent of the object’s
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intrinsic properties.

For example, physics-based methods which are briefly explained in Section 2.2.1.2

focus on utilizing the dichromatic model. On the other hand, in the scope of this

thesis and a great majority of the methods explained in Section 2.2 ignore the spec-

ular reflectance part of the reflection model and assume that only body reflectance

is responsible for the reflected light. After this assumption is applied to dichromatic

model in (2.1) by using ms = 0, Equation (2.4) is obtained as follows:

fc(x) = mb

∫

w

I(x, λ)S(x, λ)ρ(λ) (2.4)

The fact that the color of an object depends on the spectral distribution of the light

and not its brightness level, mb loses its significance. If we use the diagonal model

and a trichromatic imaging system with three distinct sensor responses ([R,G,B] as

previously mentioned, Equation 2.4 can be deducted into Equation 2.5 where fc(x)

is the pixel value for colors c = R,G,B at location x in the image in imaging device

coordinate system (0 ≤ x ≤ number of pixels), Ic is the illuminant source’s projected

power (Equation 2.2) for channel c and Sc(x) is the surface reflectance ratio for color

c of the surface in real world corresponding location x in camera coordinates.

fc(x) = IcSc(x) where c = {R,G,B} (2.5)

After this point, unless otherwise is stated, Equation 2.5 is accepted as the formaliza-

tion of the color constancy problem.

2.1.3 Lambertian Surface

In the scope of this thesis, the scene surfaces in the image are assumed to have Lam-

bertian reflectance property. If a surface has the Lambertian reflectance property, it

reflects a constant amount of the incoming light to all directions (Figure 2.3). As a

result, image pixel values (f(x) = [fR, fG, fB]T ) are independent from the relative

position of the camera and object’s surface.
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Figure 2.3: An illustration of reflection of incoming light onto a lambertian surface

2.1.4 Evaluation Metric

There is a wide range of approaches to solve the color constancy problem. In order

to quantitatively compare these methods, there are two main metrics preferred. The

first metric, which is also used more commonly, is the recovery error, suggested

by Finlayson et al.[38]. This metric measures the angular error erec between the

ground truth illumination array I = [Ir, Ig, Ib]
T and the estimated illumination Î =

[Îr, Îg, Îb]
T ).

erec = arccos

(
I · Î
‖I‖ ˆ‖I‖

)
(2.6)

Recently, Finlayson [25] proposed a new evaluation metric, reproduction error. In-

stead of comparing the estimated illumination and the ground truth illumination, they

proposed to measure the angle between the reconstructed white surface and the true

white surface. This new metric focuses on comparing algorithms considering how
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their estimations are used in real life and evaluates how well the image is corrected.

Reproduction error metric erep is shown in Equation 2.8 where Sw is the true white

surface and Sw,Est is the corrected white surface. Using diagonal model and simply

correcting the pixels by dividing them individually, the estimated white surface Sw,Est

can be written as in Equation (2.7) by using estimated illumination Î = [Îr, Îg, Îb]
T )

and observed white surface S ′
w.

Sw,Est =

[
S

′
w,R

ÎR
,
S

′
w,R

ÎG
,
S

′
w,R

ÎB

]
(2.7)

erep = arccos

(
Sw,Est · Sw
‖Sw,Est‖ , ‖Sw‖

)
(2.8)

Throughout the thesis the recovery error (Equation 2.6) is used as the main evaluation

metric. It should be noted that the recovery error is still the most commonly used met-

ric in the literature. Moreover, most of the algorithm parameters are fine-tuned using

the recovery error, using the same evaluation metric should give the most accurate

comparison.

2.2 Related Literature

In this section, a general overview of the literature is presented. This section mostly

concentrates on the methods focusing on estimating the effect of the light source and

appropriate to be a part of a digital camera pipeline. The approaches in the literature

are explained briefly without detailed explanations, while benchmark algorithms and

algorithms that are related to our study are analyzed and explained in more detail.

Illuminant estimation methods can be divided into three main categories: Statistics-

based approaches (Section 2.2.1), Learning-based Methods (Section 2.2.2) and Meth-

ods Utilizing Semantic Information (Section 2.2.3).

In fact, the illuminant estimation methods are often categorized under Statistics-based

and Learning-based categories as in [37] [33]. In order to emphasize the connection

between our study and the past work, we also preferred to add a third category, as
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Figure 2.4: Taxonomy of color constancy methods

methods utilizing semantic information.

It is important to note that these categorizations are not divided by strict and disjoint

boundaries. For example, to some extent, every method uses underlying physical

principles of image formation, not only Physics-based methods. Furthermore, some

of the approaches under different subcategories might be strongly related. Hence,

there cannot be a single exact taxonomy for the categorization process.

In this section, in addition to the two general categories which are discussed under

Section 2.2.1 and Section 2.2.2, we discussed approaches that somehow benefit from

the semantic information in the image under the category: Methods Utilizing Seman-

tic Information Section 2.2.3. The underlying purpose of this categorization is to

have a better understanding of how semantic information of the image is utilized by

various state of art studies.

2.2.1 Statistics-based Methods

In this part of the thesis, statistics-based methods are examined without much detail.

Approaches that are examined under this section are built on the assumptions relying

on either statistical distribution of the colors in the image or assumptions based on

physics underlying image formation. They do not require any training data and their

parameters are fixed before application. Usually, these parameters are set on their

performance on images with a ground-truth. The parameters and algorithm’s success

depends on the test images.

Statistics-based methods can be categorized based on their characteristics: Low-level

Statistics-based Methods and Physics-based Methods. The approaches based on any
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kind of estimation of the distribution of colors in the images are examined under

Low-level Statistics-based category. For example, Gray-World [13] assumes that the

average surface reflectance should be equal for all colors under white light and as-

sumes that any color distribution that does not fit this assumption is the result of a

color shift of the light source. These approaches are analyzed under Section 2.2.1.1.

By contrast some approaches focus on exploiting the physical properties of objects

and based on a more general image formation. They are based on the dichromatic

model [40] and rely on assumptions based on the underlying physics of the image.

These approaches are examined under Physics-based Methods (Section 2.2.1.2).

2.2.1.1 Low-level Statistics-based Methods

These methods are often built on statistical assumptions based on the distribution of

colors of the image pixels. A simple approach would be Gray-World method [13]

which is based on the assumption that the average surface reflectance of the image

is equal for all color channels. This assumption implies that any inequality of the

average color of the image is the direct result of the spectral distribution of the light

source. This method is shown at Equation 2.9 where I = (IR, IG, IB) is the illuminant

source, (f(x) = [fR(x), fG(x), fB(x)]T ) is the pixel value array at location x and N

is the number of pixels presented in the image.

I =

[
N∑

i

fR(x),
N∑

i

fG(x),
N∑

i

fB(x)

]
(2.9)

A variant of Gray World method uses a fixed reflection ratio [4], instead of assum-

ing the reflection is equal for all channels. In this case, the estimated illuminant is

obtained by multiplying the mean of the image channels and fixed coefficients. This

method is called as Database Grey-World and its formulation is shown in Equation

2.10 where [α, β, γ] is the coefficient triplet. These parameters can be set accordingly

to the problem.

I =

[
α

N∑

i

fR(x), β
N∑

i

fG(x), γ
N∑

i

fB(x)

]
(2.10)
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Another approach based on a similar assumption is White Patch [43] and it is built

on the assumption that in the scene the light is reflected perfectly from at least one

surface without any loss. Since there is no loss, the corresponding pixel is expected

to be the brightest one and to reflect the color distribution of the light source directly.

This method is often implemented as MaxRGB algorithm [43] which assumes instead

of one pixel with perfect reflection there might be three different perfect reflections

for every color separately. MaxRGB method is shown in Equation 2.11

I =
[
max
x

fR(x),max
x

fG(x),max
x

fB(x)
]

(2.11)

Gray World and White Patch assumptions are expected to fail for certain cases in

real life. For example, a landscape image containing sky and grass, Gray World

poorly estimates the illumination trying to make sky gray. The Figure 2.5 shows

two examples of such a situation, images taken from REC and gamma correction is

applied for visualization purposes.

(a) input (b) Corrected by Gray World (c) Ground Truth

Figure 2.5: Example scenes where Gray World algorithm fails. Images are taken from

REC [35].

In practice, these two general methods are implemented with an additional process.

For example, Database gray-world uses a fixed reflectance ratio for colors and adapts

the ratios according to the problem. Alternatively, [4] segments image into patches

and instead of the average color of the image, it uses the average color of the patches.
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This process can decrease the effect of uniformly colored surfaces’ impact. Another

example is to smooth image before applying White Patch, resulting in a decreased

effect of noise caused by the imaging device. Clipping over-saturated pixels and

using a simple filter to smooth the image are common pre-processing applications for

statistics-based approaches.

Another method using low-level statistics is Grey Edge [58]. Their method is based

on the assumption of under a white light source average color of the edges in the

image should be gray. Therefore any shift in the average edge color is caused by the

light source. Gray Edge performs closer to the state-of-art approach and is still used

as a benchmark algorithm.

These algorithms can be unified in a more general expression. Weijer et al. [58] unify

low-level statistics-based methods under the Equation 2.12 where (I = [IR, IG, IB]T )

is the estimated illuminant color, n is the order of the derivative, fσ(x, y) = f(x, y)~

Gsigma(x, y) is the convolution of the image with a Gaussian filter Gσ(x, y) with

standard deviation σ, p is the degree of Minkowski norm and (x, y) is the spatial

location of the pixel.

I(n, p, σ) =

(∫

x

∫

y

|∇nfσ(x, y)|p dxdy
) 1

p

(2.12)

Parameters of the Equation can be decided depending on the problem, imaging de-

vice, or the dataset, resulting in improved performance. For example, [24] compared

the effect of the Minkowski norm p and found out that setting p = 6 ends up with

the best performance for a set of labeled images. It is important to note that the opti-

mal set of parameters may depend on the selected performance measurement method

and the test images used during the experiment. They cannot be considered as global

settings. In Table 2.1 various algorithms are instantiated from Equation 2.12.

If (n, p, σ) is set to (0, 0, 0), Equation 2.12 becomes Gray World, calculating the

average color of the pixels. White Patch also can be obtained if (n, p, σ) is set to

(0,∞, 0). Gray Edge method estimates the illuminant source as the average color of

the edges. When (n, p, σ) = (0, 1, 0) Gray Edge algorithm is generated.

Low-level Statistics-based Methods are based on simple assumptions. However, they
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Table 2.1: Instantiations of Equation 2.12 with different settings of (n, p, σ)

Algorithm n p σ

Gray World 0 0 0

White Patch 0 ∞ 0

1st order Gray Edge 1 0 0

2nd order Gray Edge 2 0 0

Shades of Gray 0 6 0

often show a considerable performance in real cases. Combining with their computa-

tional simplicity, they are still valid approaches and preserve their applicability either

as an alone estimation method or within other methods. Moreover, the idea behind

these methods are still exploited by various state of the art algorithms such as [7] and

[51].

2.2.1.2 Physics-based Methods

Physics-based Methods are based on the physical interaction between the light and

the surface. They use a more general image formation model, the dichromatic model

[40] which is given in Equation 2.1. A simple approach would be to assume at a point

in the image, body reflection is zero (mb = 0) and the surface has purely specular

reflectance. In practice, specular reflections are typically brighter than the body re-

flectance. As a result, if there is reflection consisting only of specular reflection, it

is expected to correspond to the brightest pixel of the image. This method is in fact

the White Patch algorithm [43]. Unfortunately, this assumption often fails due to two

main reasons. The first reason is that fully specular reflections rarely appear in real

images. The second reason is that if such a reflection exists, it is likely to be clipped

or over-saturated.

More realistic approaches have been proposed as well. A common one is that pixels

corresponding to the same surface falls on a plane in RGB color space. This plane

is defined by the surface reflection S(λ) and spectral distribution of the illuminant

source I(λ). There is expected to be more than one surface in an image resulting in
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multiple planes in RGB color space. [44] and [56] built their methods on the idea

that the intersection of these planes must be determined by the illuminant source.

Unfortunately, in practice, it did not perform well due to the challenge of reliable

segmentation of unique surfaces.

Funt et al. [57] proposed a method that does not require the identification of the

surfaces. Instead, they described the colors in an image using a multi-linear model

which consists of multiple planes sharing an intersection which is directly the result

of the illuminant source. Funt et al. [52] later proposed a method built on the same

idea but instead based on two Hough transform voting procedures.

2.2.2 Learning-based Methods

In this section, the algorithms that require training data are discussed. These ap-

proaches benefit from a set of images that are either taken under a white light source

or comes with the information about spectral power distribution of the light source.

It should be emphasized that learning-based methods strongly depend on the training

data. Any mislabeling of the illuminant source decreases the performance of the

approaches. A major problem with these methods is the limitation of the number

of labeled-image, which results in challenging situations during the training process.

Moreover, the trained model is strongly dependent on the camera model on which the

images are taken and the variety of the scene types.

2.2.2.1 Probabilistic Methods

In this section, algorithms that use some kind of model are discussed briefly. They

generally form a prior distribution over occurrences of colors under possible illumi-

nations.

One of the most simple implementations of this approach is so-called Color By Cor-

relation [22] which can be thought of a summary of its kind. It is based on the prob-

ability of a possible scene light for the image, based on the chromaticity distribution

of the image. At first, prior information about the possible light sources is encoded
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by learning the distribution of the chromaticities for each possible light source; then,

if an input image is given, its chromaticity distribution is computed. Finally, the

likelihood of the chromaticity distribution for the possible light sources is calculated,

followed by the selection of the most likely possible light source.

2.2.2.2 Gamut-based Methods

Gamut mapping algorithm is first proposed by Forsyth [27]. The method is based

on the assumption that in the real world, under a selected illuminant source, only a

limited number of colors can be observed. Therefore, any color variation which is

not in the set of colors observed under the selected illuminant source is the result

of a deviation of the color of the light source. The limited set of colors are called

canonical gamut C for the selected light source. However, in most cases, the color of

the selected light source is white.

The canonical gamut is found by a training phase using the images under the canoni-

cal light source. Since the canonical gamut in some way describes the expected colors

under the given light, the reliability of the model relies on the number of images and

the diversity of environment images are taken or even the camera model images are

taken [11].

After the training phase, for any given input image under an unknown light source,

its gamut is initially calculated. The objective here is to find a unique mapping that

transforms the input gamut so it completely lies within the pre-computed canonical

gamut. However, in practice under the assumption of the diagonal model (Section

2.1.2.2) several possible mappings exist. Every individual mapping Mi of the set of

feasible mappings M transforms the input gamut I so that it completely lies inside of

the canonical gamut (Equation 2.13).

MiI ∈ C (2.13)

Following the calculation of the feasible set of candidate illuminations, the final esti-

mation is decided by using the feasible set. For example, [27] selected the mapping
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resulting in the most colorful scene. On the other hand, [2] proposed a simpler alter-

native, average or weighted average of the feasible set M .

Figure 2.6: Application of gamut mapping. First, a canonical gamut is computed

using the training data. Then a set of feasible mappings are calculated. Lastly, one of

these mappings is chosen and used to construct the correctly white-balanced image.

The image is taken from colorconstancy.com: How to achieve?

This simple but novel approach is extended and improved by several other works.

An extension of the gamut mapping which addresses the difficulty of the implemen-

tation process by [20] and [19]. They computed the gamuts using chromaticities

(r = R
B
, g = G

B
). However, this 2 dimensional (2-D) approach resulted in a slightly

worse performance than the 3 dimensional (3-D) approach. This decrease is the re-

sult of the distortion of the feasible set caused by the mapping of the images from 3-D

to 2-D chromaticity values. Later [19] and [18] overcame the problem by mapping

the feasible map from 2-D to 3-D before the selection process. Another simplified

version of gamut mapping which uses a cubic representation of the canonical gamut

instead of a convex hull is proposed [47].

Some other extensions of the method focus on the dependence of the diagonal model.

In reality, the diagonal model might not be fitting to the image perfectly. Therefore,

the original method might result in a null feasible set of mappings where there is not

any single transformation for the input gamut to map it into the canonical gamut. One

intuitive approach used to solve this problem is to augment the input gamut until some
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feasible mappings show up [3]. Another solution addressing the problem is to expand

the canonical gamut [27] [2] until a set of possible solutions can be found.

Another method proposed by Finlayson [23] is called Gamut Constrained Illuminant

Estimation. Instead of estimating the color of the illuminant source, this approach

considers only several possible illuminant sources, and based on these possible sets

of illuminant sources it classifies the image. For every possible illuminant source,

a canonical gamut is learned. Then the unknown light source of the image is esti-

mated by matching the input image gamut to each of the canonical gamuts. The best

matching canonical gamut is used as the final estimation.

2.2.2.3 Methods using Neural Networks

The methods discussed in this part are mostly built on neural networks. The un-

derlying idea is that a network can learn the relationship between an image and its

illuminant source. In other words, neural networks can be seen as a representation of

the statistical structure of the relation between the image and the illuminant effect.

The performance of the network heavily depends on the training data. Usually, the

training process results in a neural network that can estimate the illuminant source

when it is fed with the input image. Thus, the performance of this estimation is based

on the number of training images, training process of the model, and the diversity

of the training images. The training process requires an image under a known light

source which is used as the ground truth. Datasets dedicated to color constancy usu-

ally includes an object which is later used to calculate the color of the illuminant.

For example, Recommended Colorchecker Dataset (REC) [35] consists of images

taken with a Macbeth Chart inside. Patches of the chart are later used to calculate the

ground truth for the image.

Cardei et al. [15] used image chromaticity c1 = R
R+G+B

and c2 = G
R+G+B

informa-

tion to estimate the chromaticity of the illuminant source ĉw. Given a trained neural

network (network(·)), illuminant estimation process can be shown as in Equation

(2.14) where N is the number of pixels in the image. [28] also uses neural networks
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to extract features but follows it with a support vector regression.

ĉw = network({ci|i = 1, 2, ...N}) (2.14)

Recently, deep learning techniques allowed an increase in performance for several

computer vision problems. This success might be due to the increased number of

training data and the increased performance of the computational tools. Color con-

stancy methods shared the same destiny with other common vision problems and a

great majority of recently introduced approaches are based on the neural networks or

somehow benefit from them.

Bianco et al. [9] trained a neural networks involving convolutional layers to predict

the illuminant color of a small square patch. They segmented the image into several

patches with a pre-determined size. These patches are used instead of the image both

during training and testing. Every patch is associated with illuminant label of the

image it is coming from. This splitting process allowed them to obtain an increased

number of training data which is an important requirement for training process.

Their method [9] contained two stages: Local illuminant estimations and combin-

ing the local estimations into a global illuminant estimation. They implemented the

local estimator with several different hyper-parameters, resulting in a selection of a

relatively shallow network. The selected local estimator is shown in Figure 2.7.

Figure 2.7: Graphical representation of local estimators used in [9] and [10]
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Later, the same authors [10] improved their method by introducing a local to global

estimator. Figure 2.8 is taken from their study showing the schematic expression of

their method. At first, they separated the image into local patches. For every lo-

cal patch, an illuminant estimation is computed using the pre-trained neural network.

Secondly, they used the 2-D kernel density estimation (KDE) to decide the number of

illuminant sources in the image. The number of the light sources is found by the num-

ber of the peaks of KDE. If there are multiple light sources, local patch estimations

are directly used to correct the image. If only a single illuminant source is found, then

instead of taking the mean or median of the local estimators as they did in [9], they

trained a local to global regressor, which is used to predict the color of the illuminant

source.

Figure 2.8: Schematic Expression of the proposed algorithm by [10]

A deep architecture is proposed by Shi et al. [54]. They proposed a new convolutional

network architecture with two sub-networks. One of them is called Hypotheses Net-

work (HypNet). This sub-network is based on the idea of local regions of an image

being able to be modeled differently for different scenarios. For example, some of the

regions might be affected by shadow and have textured areas while some of them are

smooth and non-shadowed. Instead of making one estimation for every local patch,

they made two estimations that both specialized in different situations. They extracted

spectral and spatial information via convolutional filters. Then, a regressor is trained

to estimate two distinct estimations. The second sub-network is as they call it, Selec-

tion Network (SelNet). This network is used to select the appropriate estimation for
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every local region. Lastly, a simple median pooling is performed on the selected local

illuminant estimates of the image.

Figure 2.9: Network architecture of Deep Specialized Network for Illuminant Esti-

mation. HypNet generates two distinct illuminant estimations for all local patches.

Then, SelNet decides which estimation will be used. Lastly a simple median pooling

is used to find the global illuminant estimation [54].

The network architecture of [54] is shown on Figure 2.9. The diversity encouraging

multiple illuminant estimations which are specialized in various situations achieved

state of art performance. The downside of the approach is that it is computationally

costly compared to the other state of art approaches. On the other hand, the idea of

their multiple estimations by training distinct regressors is innovative and might be

beneficial for other models as well.

Sidorov [55] proposed a novel Generative Adversarial Network (GAN) specially de-

signed for the color constancy problem. The proposed model performed an aver-

age performance on single illuminant estimations while outperforming the multi-

illuminant estimation methods. They explained that their model treats both tasks

equally. However, single illuminant estimation methods oversimplify the problem

and work well only within the defined problem. Also, another study [17] discussed

the usage of GAN in color constancy problem, possible errors, and recommendations

for further usage.

Another novel approach is Bag of Color Features (BoCF) [42]. This method is in-

spired by the assumption that only the second-order gradient information of the image
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is sufficient to extract the illuminant information [16]. The proposed method consists

of 3 blocks: Feature extraction block, bag of features block, and estimation block.

Later two self-attention mechanisms are included between the blocks. Proposed ar-

chitecture for image correction is shown in Figure 2.10

Figure 2.10: Illuminant estimation process of Bag of Color Features approach [42].

Firstly features are extracted. Then the extracted features are mapped into a histogram

and lastly the histogram is used to illuminant estimation

Bag of Color Features can be described as a learning-based generalization of many

statistical methods and fills the gap between the statistical methods and methods based

on neural networks. They introduced the bag of features pooling [48] into the color

constancy problem. They deliberately ignored the global spatial information by using

a shallow feature extraction block and focused on only the local information.

Bag of Colors has an important advantage over methods with deeper networks. By us-

ing only 2 convolutional layers, they reduced the number of parameters substantially.
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In addition to that, despite their low computational cost they achieved competitive

results with the state of the art approaches.

Another innovative approach for color constancy is Learning Illuminant Estimation

from Object Recognition by Buzzelli et al. [14]. They trained an illuminant estima-

tion network without any labels but with the objective of optimizing the predictions

of a specifically trained object recognition module. During the training process, back-

propagation from a parallel object recognition network is used. They specifically pre-

trained the object recognition network to make it overly-sensitive to color variations.

For the purpose of the problem a vegetable recognition task is selected.

LEARNING ILLUMINANT ESTIMATION FROM OBJECT RECOGNITION

Marco Buzzelli a∗, Joost van de Weijer b, Raimondo Schettini a

a Dipartimento di Informatica, Sistemistica e Comunicazione
Università degli Studi di Milano-Bicocca
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ABSTRACT
In this paper we present a deep learning method to estimate
the illuminant of an image. Our model is not trained with illu-
minant annotations, but with the objective of improving per-
formance on an auxiliary task such as object recognition. To
the best of our knowledge, this is the first example of a deep
learning architecture for illuminant estimation that is trained
without ground truth illuminants. We evaluate our solution
on standard datasets for color constancy, and compare it with
state of the art methods. Our proposal is shown to outper-
form most deep learning methods in a cross-dataset evalua-
tion setup, and to present competitive results in a comparison
with parametric solutions.

Index Terms— Illuminant estimation, computational
color constancy, semi-supervised learning, deep learning,
convolutional neural networks

1. INTRODUCTION

Color constancy is the ability of human beings to recognize
the colors of objects independently of the characteristics of
the light source. Computational color constancy aims to first
estimate the illuminant and subsequently use this information
to correct the image, to display how it would appear under
a canonical illuminant [1]. The class of “learned” methods
is among the most successful illumination estimation meth-
ods to date [2, 3], and typically relies on a training set of
images which are labeled with the respective scene illumi-
nant. Although the human visual system is often compared to
a machine learning algorithm, during evolution it was never
presented with ground truth illuminants. Instead it is hy-
pothesized that the ability of color constancy arose because
it helped other crucial tasks, such as recognizing fruits, ob-
jects, and animals independently of the scene illuminant [4].

This observation motivates us to investigate to what extent
we can learn illuminant estimation as a byproduct of an auxil-
iary task, for which we consider object recognition. Previous
works highlighted the usefulness of object recognition in ap-
plications related to color theory, such as assessment of chro-
matic adaptation transforms through memory color matching

∗Corresponding author: marco.buzzelli@disco.unimib.it
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Fig. 1. Schematic representation of our proposal for compu-
tational color constancy. The Illuminant Estimation module
is trained with the objective of optimizing the Object Recog-
nition module. At inference time, only the Illuminant Estima-
tion module is needed.

[5], performing color constancy with the assistance of faces
[6] or via pre-training on generic object recognition before
fine-tuning for illuminant estimation [7]. In our proposal we
describe a training process which uses only the labels for the
auxiliary task but no illuminant ground truth whatsoever. Dur-
ing training, the input image will first pass through an illumi-
nant estimation network, which estimates the scene illumi-
nant and corrects the image accordingly. The white-balanced
image will then be processed by an object classification net-
work, which produces an estimation of the classes that are
present in the image. By training both networks in an end-to-
end fashion, we can effectively train the illuminant estimation
network without any illuminant ground truth. This illuminant
estimation network can then be independently applied to other
datasets, such as standard color constancy benchmarks, with-
out using the object recognition network. To the best of our
knowledge this is the first learned method for illuminant esti-
mation which does not require illuminant annotations.

Approaches to color constancy can be divided into para-
metric and learned. Parametric solutions are typically based
on handcrafted features which depend on few manually-
tunable parameters, the most effective to date being Akbarinia
et al. [3] and Cheng et al. [8]. For a complete review of para-
metric methods for illuminant estimation we refer to [2].

Figure 2.11: Schematic representation of the training process of [14]. At inference

time only the illuminant estimation module is used.

In order to make the object recognition module over-sensitive to color as a useful aux-

iliary for illuminant estimation, [14] followed a two-step strategy during the training

phase (Figure 2.11). First, the object recognition network is trained alone without any

color change in input images. Secondly, during the training process of the illuminant

estimation network, the color of the input images is tinted and weights of the object

recognition network are frozen. On the other hand, this time weights of the illumi-

nant estimation network is updated. During the testing phase, only the illuminant

estimation network is used.
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[14] is a novel and interesting approach both because it used the object recognition

task as an auxiliary during the training process and it did not require any label of the

illuminant source.

2.2.3 Methods Utilizing Semantic Information

In this section, various methods that somehow benefit from the semantic information

are discussed. Although, to some extent, other methods might be utilizing semantic

information as well. For example, Shi et al. [54] roughly learns two different sets

of parameters for two different situations. Then, with the help of a selective network

trained for selecting the better estimation of the two, for every local patch they make

a decision for the appropriate estimation, using the information extracted from the

patch.

Firstly, approaches that utilizes the semantic information to select the appropriate

algorithm [8] [32] or benefit from the extracted semantic information to weight as-

sociated illuminant estimations from local patches of the image [39] are discussed.

There are also some approaches exploiting the object information explicitly. An ex-

ample is [50] which uses object classes to improve the performance of common color

constancy algorithms.

Another approach [31] uses image regions. They used a simple segmentation method

in order to distinguish the reliable image parts of the image for color constancy for a

given scene category. The selected categories were open country, street, and indoor.

A visualization of the proposed approach is shown in Figure 2.12.

Fig. 1. An example of a basic segmentation into an 8 × 8 grid. First, the image is segmented into several image regions, figure
(b). This segmentation can be done using any segmentation algorithm; in this paper, a grid-based segmentation is used. After
that, the performance on every region is determined, figure (c). Finally, after analyzing which regions contain the most valuable
information, the part with the blue sky is filtered out, figure (d).

angular error, see figure 1(c)) are merged together, see figure
1(d). Estimation of the illuminant on the combination of these
regions results in a more accurate estimation than when using
the entire image. By taking the average of several images of
the same category, a final segmentation of this scene category
can be learned and consequently be applied to other images
of the same category.

To summarize, the algorithm is used to determine the fi-
nal parameters to obtain color constancy for domain specific
images, e.g. images that can be categorized into the same
category. The algorithm consists of the following steps:

• Segment the image into a number of regions. This can
be done using a simple method, but also using more
complex methods could be used.

• Estimate the illuminant by using one of the algorithms
based on low-level image features [9] for all image re-
gions.

• Determine which region or combination of regions con-
tains the most reliable information to estimate the illu-
minant. This can be done using one of the data sets with
ground truth on the illuminant, like [11]. Alternatively,
if one would use color constancy as preprocessing step
for a scene recognition task, then the influence of the
color constancy algorithms on the performance of the
system can be used to determine which image region(s)
should be used for estimating the illuminant for a cer-
tain category.

4. EXPERIMENTS

In this section, the hypothesis is tested that, for images from
different categories, some parts of the images contain more
valuable information than other parts for color constancy. To
keep the segmentation simple, an 8× 8 grid-based segmenta-
tion is performed, as shown in figure 1. The categories open

country, street and indoor are used as examples, to show the
correctness of the hypothesis.

Data set. The algorithm is tested on the data set intro-
duced by [11]. This data set contains 11, 000 images, ex-
tracted from 2 hours of video for a wide variety of settings
(including indoor, outdoor, desert, cityscape, and other set-
tings). In total, the images are taken from 15 different clips
taken at different locations. The main advantage of this data
set is the availability of the ground truth of the color of the
illuminant. This ground truth is acquired by making use of
the small grey sphere in the bottom right corner of the im-
ages. Note that this grey sphere is masked while estimating
the illuminant.

Performance measure. For all images in the data set,
the correct color of the light source el is known a priori. To
measure how close the estimated illuminants resembles the
true color of the light source, the angular error ε is used:

ε = cos−1(êl · êe), (6)

where êl · êe is the dot product of the two normalized vec-
tors representing the true color of the light source el and the
estimated color of the light source ee. To measure the perfor-
mance of an algorithm on a whole data set, the mean as well
as the median angular error is considered [12].

Category-specific performance. To test if this simple
segmentation suffices for different categories, a number of
images were taken that were annotated as the same scene cat-
egory. In total, 75 images from 5 clips of the complete data
set (15 images per category) were annotated as open country,
70 images from 7 clips (10 per category) as street and also 70
images from 7 clips as indoor (10 per category).

In table 1, the results are shown when using the entire
image and when using only learned image regions. The im-
age region that is learned for the category open country is
shown in figure 1(c), and for this category the performance
is considerably better when using this region than when us-
ing the entire image. The performance for images from the

III - 503

Figure 2.12: Segmentation and evaluation of image regions [31]
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[31] is an experiment on the idea that different regions of an image might differ in

terms of the provided information for illuminant estimation. If invaluable regions of

the image can be located and taken out from the estimation process, the overall perfor-

mance of a color constancy method can be enhanced. This study shows that depend-

ing on the image content, some regions of the image might not be a good information

source for the illuminant estimation for the selected color constancy algorithm. They

later [32] deepen their proposed method, selection of the best algorithm depending

on the image statistics.

Gijsenij et al. [32] later proposed a classifier that selects the best performing color

constancy algorithm for a specific image. They showed that images from the same

scene (i.e. landscape) share similar parameters. Then, using a categorization based

on these parameters, evaluated the performance of the color constancy algorithms on

different types of images. In the end, they proposed an algorithm selection depending

on the scene properties. For instance, if the input image is rich in terms of edges, a

higher-order statistics-based method is selected.

Figure 2.13: Working scheme of [8]

Another method based on the scene classification is proposed by Bianco et al. [8].

They designed different strategies to decide the appropriate estimation method based

on the image category. They classified an image using 3 categories: indoor, outdoor

and uncertain. Following the classification, algorithms chosen for the category is

applied to the input image. If the image category is uncertain then a selected class-

independent algorithm is chosen. Their results demonstrated that a classification strat-

egy outperforms an individual strategy on an image set.

Color constancy methods differ in estimation performance on different categories

of images. For example, most of the statistical color constancy algorithms under-

29



perform on landscape images containing a high number of pixel count for the sky.

Some basic solutions to this problem are discarding the problematic regions [31]

based on the context or if using local patches, reduce their participation in the fi-

nal illuminant estimation [39]. The categorization processes allow choosing the best

performing method on the categorized images thus an overall increase in the perfor-

mance.

Methods discussed until here took advantage of image categorization, selection of

an appropriate color constancy algorithm depending on the image, or some kind of

a fusion of several methods. After this point, algorithms that explicitly use a color

association for an object class on purpose are discussed. For instance, [1] shows that

training a neural network with a given segmentation mask shows improved perfor-

mance over training the network with only the input image. These approaches tend to

achieve a low angular error.

There are not a lot of studies on explicit use of an object category for color constancy

problem. With the recent developments in available datasets and computational re-

sources, the performance of detection and segmentation of an object is increased sub-

stantially.

Unlike most approaches [58] benefits directly associated information of 9 particular

classes: grass, tree, cow, sheep, sky, water, face, road, and building. They proposed

segmenting an image into patches described by three modalities: texture, color, and

position. The texture is described by SIFT descriptor [46], color is Gaussian averaged

color of the patch and the position is the location of the patch in the image. These

visual words are then used to compute the semantic likelihood of the image.

Their algorithm combined of two types of approaches: top-down approach and bottom-

up approach. Top-down approach produces candidate corrected images based on the

detected object classes. For example, if sky and grass are found in the image, it

produces a corrected image based on the sky patches and another corrected image

based on the grass patches. On the other hand, bottom-up approach computes images

based on six instances of Equation 2.12 with pre-determined parameters. At last, they

computed the semantic likelihood for every candidate illuminant correction, and cor-

rection with the highest likelihood is selected. A visualization of the process is shown
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with
D = diag (w) (diag (c))−1 (6)

This model is called the diagonal model, or von Kries
model, and has been proven to sufficiently approximate re-
ality [2, 8].

3. Images as a Mixture of Semantic Classes
In this section, we describe how to compute the proba-

bility of an image to occur under a white light source. For
this purpose we will model images as a mixture of semantic
classes, such as sky, grass, road and building. Each class is
described by a distribution over visual words, which are de-
scribed by three modalities texture, color and position. As
an example, consider an image with sky and grass. This im-
age will consist of visual words which are drawn form the
distributions of sky and grass. Given these visual words, we
will attempt to infer what classes are present in the image.
Given the inferred classes and the visual words we compute
a likelihood of the image, which we call the semantic like-
lihood of the image. For this purpose we use Probabilistic
Latent Semantic Analysis (PLSA), a generative model in-
troduced by Hofmann [20] for document analysis. Recently,
PLSA models have shown good results for classification of
pixels into semantic classes [27, 31].

Images are modelled as a mixture of latent topics. The
topics are semantic classes in the image such as sky, grass,
road, building, etc. They are described by a distribution
over visual words. As visual descriptors we use 20x20
patches which are extracted on a regular grid from the im-
age. Each patch, or visual word, is described by three
modalities: 1. texture, which is described with the SIFT de-
scriptor [24] , 2. color, which is described by the Gaussian
averaged RGB value over the patch, and 3. position, which
is described by imposing a 8x8 grid of regular cells on the
image. Both the texture and color features are discretized
by Kmeans clustering. We use a texture vocabulary of 750
words, and a color vocabulary of 1000 words. The position
is described by 64 words, each referring to one of the 64
cells.

Given a set of images F = {f1, ..., fN} each described in
a visual vocabulary V = {v1, ..., vM}, the words are taken
to be generated by latent topics Z = {z1, ..., zK}. In the
PLSA model the conditional probability of a visual word v
in an image f and an illuminant c is given by:

P (v| f , c) =
∑

zc∈Zc

P (v| zc)P (zc| f) . (7)

where zc indicates that the topic distribution has been com-
puted from a data set which was taken under illuminant c.
Similar to the approach of Verbeek and Triggs [31], we as-
sume the three modalities to be independent given the top-
ics,

P (v|z) = P
(
vT |z)

P
(
vC |z)

P
(
vP |z)

, (8)

illuminant hypotheses

cast bottom−up

illuminant hypotheses

cast top−down

Section 3

Section 4

overview approach

select most likely

compute semantic likelihood for all hypotheses, and

Figure 1. Overview of our approach. See text for details.

where vT , vC , vP , are successively the texture, color and
position word. The distributions P (z|f) and the vari-
ous P (v|z)’s are discrete, and can be estimated using an
EM algorithm [20].

We set out to compute the chance that an image was
taken under white light, which according to Bayes law is
proportional to

P (w|f) ∝ P (f |w) P (w) . (9)

If we assume a uniform distribution over the illuminants
p (w), this can be rewritten using Eq. 7 to,

P (w|f) ∝ P (f |w) =
M∏

m=1
P (vm|f ,w)

=
M∏

m=1

∑
zw∈Zw

P (vm|zw)P (zw|f),
(10)

where P (vm|zw) means that the visual word topic distribu-
tions are learned from images taken under white light.

Let us consider what happens with Eq. 10 when we eval-
uate various illuminants. For the sake of simplicity we
consider here that the texture descriptors do not change
when varying the illuminant, although in the real imple-
mentation they are recomputed for each illuminant. By
varying the illuminant color we change the color word vC

and via P
(
vC |z)

both P (v|z) and the topic distribution in
the image P (z|f). The image will be more likely when

Figure 2.14: Visual representation of the proposed method by Weijer et al. [58].

Possible illuminant estimations are proposed by top-down and bottom-up approaches.

Top-down proposes based on the segmented classes while bottom-up uses different

instantiations of Equation 2.12. Lastly the most likely estimation is selected.

in Figure 2.14

An important aspect of the study [58] is that they introduced the Green-Grass Hypoth-

esis: The average reflectance of a semantic class is equal to the average reflectance of
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its instances in the dataset. They also showed that with an accurate classification pro-

cess illuminant estimation performance can be enhanced. This hypothesis also holds

an important role in our study. We defined an expected color for every one of the 133

classes from COCO dataset [45] instead of 9 classes. More detailed explanation is

given in Section 3.2.2.

Another method based on the idea of the color of an object class is proposed by [50].

They proposed an image processing pipeline that benefits from recognized object

categories. Their method is based on the idea of that some object classes can be

associated with a relatively constant color (e.g. the sky).876 E. Rahtu et al.

Raw
camera
data

Output
image

Post-processing:
-Color conversion
-Gamma correction
-Scaling

Pre-processing:
-Bayer demosaic
-Data linearization
-Vignetting elimination

Pre-processing:
-Resolution reduction
-Bayer demosaic
-Data linearization
-Vignettin elimination
-Gray-world AWB

Memory color
category recogni-
tion and segmen-
tation

AWB with memory
color refinements

(a) (b)

Fig. 1. (a) Examples of the training images and segmentations. (b) The overall image
processing pipeline proposed in this paper (cf. [12]).

3.1 Category Recognition

The first step in the proposed process is to recognize the memory color cat-
egories. For this task we apply the widely used bag-of-words (BOW) method
combined with a SVM classifier [14]. In BOW approach the image is described
as a distribution over visual words, which are learned from the local visual de-
scriptors of the training images using vector quantization. The local descriptors
are computed from circular patches with radius 4, 8, and 12 pixels extracted on a
regular grid with 10 pixel spacing. Each patch is described by one of the following
three descriptors, gray scale SIFT [15], W-SIFT [16], or Centile [17], depending
on the experiment. In the case of SIFT and W-SIFT the feature vectors were
further reduced to 40 dimension using principal component analysis.

The vector quantization is performed by K-means clustering resulting in a
vocabulary of 1000 words. In the SVM classifier we used Chi-squared kernel
defined as K(x, y) = e−γχ2(x,y), where γ is a learned parameter and χ2(x, y) =∑

j(xj−yj)
2/(xj+yj). The three different descriptors were chosen to examine the

effects of different modalities in the recognition performance with our image data.
SIFT, W-SIFT, represent two state-of-the-art texture based descriptor, where
the first one applies only gray scale information and the second one includes also
color modality. The Centile feature represents a simple method that exploits
only color information.

Since we are interested in applying high-level color constancy estimation as an
integral part of the camera’s image processing pipeline (Fig. 1), we aim to make
a fast recognition using the original raw data with clearly downscaled resolution.
The data for the recognition may be achieved from the corresponding viewfinder
image that is captured before the final image is taken. However due to the
properties of raw camera data, some preprocessing is still essential.

The reduced pipeline we applied was the following: 1) remove the possible
offset from the pixel raw values, 2) perform linear interpolation based Bayer
pattern demosaicing, 3) downscale the image to 240 × 320, 4) perform gray-
world white balancing. The normalization in step four was introduced in order
to equalize the differences in color response between different models of camera
sensors. The size 240×320 was selected to match the size of the viewfinder image

Figure 2.15: Image processing pipeline proposed by [50]. Recognized object cate-

gories are used to refine the illuminant estimation

Figure 2.15 shows the proposed image processing pipeline by [50]. First, the im-

age is transformed into a color space which is in most cases linear RGB. Following

the transformation, the image is pre-corrected by a simple but fast Gray World [13]

algorithm. Gray World both helps the object recognition process and decreases the

dependency of the method to the camera sensor properties. Lastly a fine-tuning of the

estimation is done by using the recognized object classes and their associated colors.

Afifi [1] proposed a semantic white balance method. He studied the effect of feeding

a semantic mask along with the input image into a convolutional neural network.

His implementation is based on AlexNet with an adaptation allowing it to take 4

Dimensional (4-D) inputs. The detailed structure of the model is given in Figure 2.16

Afifi [1] compared the proposed method against a regular AlexNet, only feeding the 3-

D input image. The results indicated a considerable improvement when the network

32



, 2018 Mahmoud Afifi

Figure 2. �e proposed model receives a 4D volume as an input. �e �rst three dimensions of the 4D volume represent the red, green, and
blue color channels of the input image, while the last dimension contains the semantic mask of it.

the �rst three dimensions represent the red, green, and blue color
channels, and the last dimension contains the semantic mask — we
assume that the semantic mask is given. We start with the AlexNet
architecture [12], however, we adapt it to be able to receive the 4D
volume. �e details of the modi�cations that have been applied to
the AlexNet architecture are shown in Fig. 2. As illustrated in Fig.
2, we replaced the �rst convolutional layer (conv1) with a new one
with a �lter bank consists of 96 4D �lters. Furthermore, we replace
the fully connected layers (fc)s with new four fc layers, namely fc6,
fc7, fc8, and fc9. Lastly, we append a regression layer to predict four
parameters which are: r , д, b, and γ to correct the given image. �e
correction is performed using the following equation:

Î = (IM̂)1/γ̂ , (1)

where Î and I are the corrected and input images represented as
(N × 3) matrices, respectively, γ̂ is the estimated gamma correction
parameter, and M̂ is a diagonal matrix given by

M̂ =

1/r̂ 0 0
0 1/д̂ 0
0 0 1/b̂


, (2)

where r̂ , д̂, and b̂ are the red, green, and blue values of the estimated
illuminant color, respectively.
Training We train the CNN using the mini-batch stochastic gradi-
ent descent with momentum (β = 0.95) and learning rate λ = 10−5
for 500 epochs. �e value of λ is decreased each 10 epochs by
0.1. For the new layers, we use a higher learning rate λ2, where
λ2 = λ × 50. From conv2 to conv5, the weights are initialized with
the pre-trained AlexNet’s weights. �e weights of the �rst convolu-
tional layer of AlexNet are used to initialize the �rst 3 dimensions
of each �lter in conv1. For the last dimension of conv1, however, we
use average �lter (i.e., initialized with 1/11) to feed the mask with-
out introducing random changes in its values, at least for the �rst
iteration. From fc6 to fc9, we start with random Gaussian weights.

Table 1. �e average root mean square error for the testing set
of the ADE20K dataset using AlexNet with and without semantic
information. �e �rst row shows the results of using images that
have no gamma correction required (γ = 1). While the second row
shows the results obtained using the entire testing set.

w/o semantic info w semantic info
γ = 1 51.8160 20.1450
All 53.8815 31.1355

As a preprocessing step, a pixel-wise normalization is applied only
to the RGB channels of all training images.

3 Experimental Results
�e experiments have been carried out on an Intel® coreTM i-7
6700 @ 3.40GHz machine with 16 GB RAM and NVIDIA® �adro
K620 graphics card. We have used the ADE20K dataset [15] that
contains accurate semantic masks for 20,210 training images and
2,000 validation images. We have assumed that all images in the
ADE20K dataset are correctly white balanced. It is worth noting
that all images are in sRGB space which is an inappropriate space
to apply white balance; however, we used it because of the absence
of RAW image datasets provided with semantic masks. In other
words, we assume that there is no camera color style applied to get
the sRGB images, and the gamma correction is performed using
the Adobe RGB (1998) standard [10]. �e Matlab source code is
available on-line 1 to encourage reproducibility of results.
DataAugmentationAs aforementioned, we assume that the sRGB
images in the ADE20K dataset are corrected white balance. Conse-
quently, for each image in both training and testing sets, we have
generated 769 synthetic images by applying: 1) wrong white bal-
ance correction (randomly applied, such that r , д, and b ∈ [0.7, 1.3]),
1Matlab code: h�ps://goo.gl/sdqCyv

Figure 2.16: Network structure of [1]. Segmentation mask is fed as the fourth channel

network along with the input image

utilizes the semantic mask as well. This result shows that specific information of

the corresponding object class for a pixel enhances the performance of illuminant

estimation.

Bianco et al. [11] designed a color constancy algorithm exploiting the skin regions

in the image. Their method is based on detecting faces, extracting pixels, and lastly

using the segmented face pixels in order to find a mapping to the pre-computed human

skin gamut.

The proposed method is based on the assumption that skin colors form a compact

cluster in the color space. This cluster can be used to map skin pixels to make an illu-

minant estimation. First, they tested the compact cluster hypothesis. They combined

the color of the face pixels from different faces individually for six different commer-

cial cameras (Figure 2.17) in the Hue and Saturation plane. The result showed that

skin colors tend to form similar clusters in color space. In other words, it shows that

skin gamut might be used as a clue for color constancy applications.

Color Constancy Using Faces [11] consists of three parts. First, a face detection

method is used to extract the faces in the image. Following the face extraction, an

adaptive thresholding (Figure 2.18) is applied to the pixels in the face boxes. Only

the pixels closer to the peak of the Hue histogram of the face pixels are selected.
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D70, Nikon D100, Nikon D5000, Sony DXC930 and Canon
500D. The convex hulls of the skin clusters imaged by the
different cameras are reported in the HS plane of the HSV
color space in Figure 1.

Figure 1. The convex hulls, in the HS plane of the HSV color
space, of the skin reflectance database acquired under 287 illu-
minants by the six different cameras considered: Nikon D1, Nikon
D70, Nikon D100, Nikon D5000, Sony DXC930 and Canon 500D.

Our approach applies gamut mapping to skin pixels only:
the illuminant is estimated as the mapping that can be ap-
plied to the gamut of the skin colors in the input image,
resulting in a gamut that lies completely within the skin
canonical gamut.

The first step is the computation of the skin canonical
gamut SC : this is the convex hull of the skin colors of dif-
ferent people acquired under the chosen canonical illumi-
nant.

Given an input image for which we want to estimate
the illuminant, in which F faces are present, the masks
uf (x, y), f = 1, . . . , F , are obtained:

uf (x, y) =

{
1 if (x, y) ∈ face no. f ∧ is a skin pixel
0 otherwise ,

(4)
i.e. uf (x, y) assumes the value 1 only on the pixels inside
the f−th detected face area, being classified as skin pixels.
The extracted skin colors skinf are then computed as

skinf = {ρ(x, y) : uf (x, y) = 1} , (5)

Once we have extracted the skin colors for each de-
tected face, these are converted into the YCbCr color space
and luminance normalized, such that the average luminance
Y = 0.5. The skin gamut SI is then computed as the convex
hull of the converted values of all detected faces. The set of
feasible mappingsM is then determined: it consists of all

mappings that can be applied to the skin gamut SI of the
input image and that result in a gamut that lies completely
within the skin canonical gamut SC :

M = {Mi :MiSI ∈ SC} (6)

In this work each transformation Mi is be modeled by a
diagonal mapping or von Kries Model [33]. The illuminant
color I is then estimated as the inverse of the average of the
feasible set [1].

Once we have estimated the illuminant color I =
[IR, IG, IB ], given the choice of diagonal mappings, each
pixel in the image is color corrected using the von Kries
model [33], i.e.:


R
G
B



out

=




1/IR
1/IG

1/IB





R
G
B



in

. (7)

The operation flowchart of the proposed method is re-
ported in Figure 2. The face detector module is run on the
input image to detect any faces. If no faces are detected, the
input image may be processed with any other state-of-the-
art illuminant estimation algorithm. If one or more faces
are detected, a skin detection module is run on the detected
faces to filter out any non-skin and unreliable pixels.

Looping on all the faces detected, the first step of the
skin detection is the conversion of the detected face pixels
in the HSV color space. Then a technique based on scale-
space histogram filtering [34] is used to identify the highest
peak location and width of the histogram of the hue compo-
nent, within the hue interval corresponding to feasible skin
colors (see for example Fig.1). This involves generating a
multi-scale description of the histogram h(x) by convolving
it with a series of Gaussians of increasing scale:

H(x, σ) = h(x)⊗Gσ(x) =
∫ +∞

−∞
f(t)

1

σ
√
2π
e−

(x−t)2
2σ2 dt .

(8)
H(x, σ) forms a two-dimensional surface called the scale-
space image. The locations of valleys and peaks are easily
located in terms of zero-crossing in the scale-space image,
since at any value of σ, the extrema in the nth derivative of
the smoothed histogram are given by the zero-crossing in
the (n+ 1)th derivative, computed using the relation

∂nH(x, σ)

∂xn
= h(x)⊗ ∂nGσ(x)

∂xn
, (9)

where the derivatives of the Gaussian are readily obtained.
Although this technique applies to zeros in any derivative
we will focus our attention on those in the second derivative
[34].

The highest peak location Ph and width 2w are identi-
fied within the hue interval corresponding to feasible skin

Figure 2.17: Convex hull of face skin pixels in HS plane of HSV color space. The

color of skins form a compact cluster which can be used as a clue in illuminant esti-

mation [11]

The remaining pixels are discarded. The first thresholding process allows discarding

any outlier pixel. Then second thresholding which is based on the Value (V) of HSV

pixels is applied to discard too bright or too dark pixels. If the number of remaining

pixels is higher than a predefined threshold, they are added to a pool of pixels. The

process repeats itself until there is no face left in the image. In the end, if the pool is

empty, a global illuminant estimation is made. Otherwise, the illuminant is estimated

based on the computed feasible mappings.

The proposed approach later improved [12] so that it automatically switches between

a global illuminant estimation and a local illuminant estimation. Unlike [11] they

made estimations for each face independently. If the maximum distance between

the estimations is above a predefined threshold, then algorithm considers image as

non-uniform in terms of the illuminant source effect and make a spatially varying

illuminant estimation. However, if the maximum distance between the estimations

is below the predefined threshold, the global estimation is obtained by averaging the

individual estimations.
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Figure 2. The operation flowchart of the proposed method

colors, i.e. Ph ∈ [t0 t1]. Then only those pixels satisfying
the condition Ph−w < H < Ph+w are selected. This con-
dition permits to implement a sort of adaptive skin detector,
since the selected hue interval depends on the current peak
location Ph. Any unreliable skin pixel as being too dark or
too bright, and thus potentially clipped, is filtered out if it
satisfies the condition V < t2 ∨ V > t3. If the cardinality
of the remaining skin pixels, normalized for the total num-
ber of pixels in the detected face, is above the threshold t4,
they are converted into the YCbCr color space where they
are luminance normalized as previously described, and then
they are added in an accumulator.

When the looping on all the faces detected is finished, the
accumulator is analyzed: if it is non-empty, the color coor-
dinates of the skin pixels in it are used to estimate the scene
illuminant by first computing the skin gamut SI and then
using the skin-based gamut mapping; otherwise the scene

illuminant can be estimated using any other state-of-the-art
illuminant estimation algorithm. Given the illuminant esti-
mation, the input image is then color corrected to give the
final output image.

The main assumption of the proposed approach is that
skin colors form a sufficiently compact cluster in the color
space in order to represent a valid clue for illuminant es-
timation. Most of the skin detectors in the literature ex-
ploit this compactness property [23], and cluster boundaries
have been given in various color spaces [12]. Unfortunately
these boundaries cannot be used in our approach, since they
are computed for standard color space, while here we are
working with images encoded in a device-dependent color
space. We have therefore decided to implement the adaptive
skin detector previously described, as it does not require a
training set to define the skin cluster boundaries in the color
space used. It should be noted that the proposed method
in the present form makes it possible to discard faces with
an unnatural mixing illuminant condition (such as when the
face is under a colored umbrella) due to the feasibility check
on the hues.

An example of the combined effect of the implemented
face and skin detector is reported in Figure 3.

Figure 3. An example of the combined effect of the implemented
face and skin detector. The original image (top left); the output
of the face detector (top center); the face detected (top right); the
histogram of the hue component of the detected face (bottom left);
highest peak location and width after scale-space histogram filter-
ing (bottom center); the output of the skin detector (bottom right).

4. Experimental Setup
The aim of this section is to investigate if the proposed

algorithm can outperform state-of-the-art algorithms in the
illuminant estimation on portraits and on images contain-
ing faces. To have an idea of the applicability of the pro-
posed method, we have generated a generic query on Flickr
(http://www.flickr.com/) – i.e. we searched the
first 10,000 images with the tag “Canon” – and found that
almost half of the returned images (more exactly 46% of
them) were portraits or included faces. This result is also
consistent with a qualitative analysis of the camera phone

Figure 2.18: Adaptive thresholding of the skin pixels. The peak of hue is found and

only pixels with relatively close pixels selected. [11]

The approaches discussed after this point partially utilizes the semantic information

in the image. For example, [5] uses different transformations of the image, enhancing

the semantic information. [39] makes local estimations throughout the image and for

every local patch also produces a confidence metric.

Barron, in his study Convolutional Color Constancy (CCC) [5], reformulated the

color constancy problem into a 2-D spatial localization problem in the histogram

of the image in log chrominance uv space (Equation 3.1). Proposed log chromi-

nance space transforms multiplicative constraint relating properly white balanced im-

age W and the input image I (Equation 2.5) to an additive constraint. The rewrit-

ten problem formulation in log-chrominance space is given in Equation 2.15 where

Wuv = [Wu,Wv]
T is the properly white balanced image, Luv = [Lu, Lv]

T is the illu-

mination effect and the Iuv = [Iu, Iv]
T is the input image in log chrominance space.

Iuv = Wuv + Luv (2.15)

The reformulation of the problem and selected color space allowed him to use object

detection techniques for illuminant estimation. The preferred color space later in-

spired us and [54] as well. The underlying concept of this paper is that the histogram
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of the log-chrominance space of an image is only shifted under different light sources,

preserving its shape. A visualization of the concept is shown in Figure 2.19.

y for I:

Iy =
√
I2r + I2g + I2b (3)

Given that we do not care about the absolute scaling of W ,
the problem of estimating L simplifies further to just esti-
mating the “chrominance” of L, which can just be repre-
sented as two numbers:

Lu = log(Lg/Lr) Lv = log(Lg/Lb) (4)

Notice that by our definitions and by the properties of log-
arithms, we can rewrite the problem formulation in Equa-
tion 1 in this log-chrominance space:

Wu = Iu − Lu Wv = Iv − Lv (5)

So, our problem reduces to recovering just two quantities:
(Lu, Lv). Because of the absolute scale ambiguity, the in-
verse mapping from RGB to UV is undefined. So after re-
covering (Lu, Lv), we make the additional assumption that
L is unit-norm which allows us to recover (Lr, Lg, Lb):

Lr =
exp(−Lu)

z
Lg =

1

z
Lb =

exp(−Lv)
z

z =
√
exp(−Lu)2 + exp(−Lv)2 + 1 (6)

This log-chrominance formulation has several advantages
over the RGB formulation. We have 2 unknowns instead of
3, and we just have a simple linear constraint relating W
and I instead of a multiplicative constraint. Though they
may seem unimportant, these properties are required to re-
formulate our problem as a 2D spatial localization task.

3. Learning
Let us consider an input image I and its ground-truth

illumination L. We will construct a histogram M from
I , where M(u, v) is the the number of pixels in I whose
chrominance is near (u, v), with histogram counts weighted
by each pixel’s luminance:

M(u, v) =
∑

i

I(i)y

[∣∣∣I(i)u − u
∣∣∣ ≤ ε

2
∧
∣∣∣I(i)v − v

∣∣∣ ≤ ε

2

]
(7)

Where the square brackets are an indicator function and
ε is the bin-width of the histogram (in all experiments,
ε = 0.025 and histograms have 256 bins). To produce our
final histogram features N take the square root of the L1-
normalized histogram counts, which generally improves the
effectiveness of histogram features [2].

N(u, v) =

√
M(u, v)∑

u′,v′M(u′, v′)
(8)

Any normalization or transformation is allowed at this step
as long as the same operation is applied to the entire his-
togram, though at other stages in the algorithm care must
be taken to preserve translational invariance.

(a) Input Image (b) True Image (c) Tinted Image

Figure 2: Some images and their log-chrominance his-
tograms (with an axis overlayed for easier visualization,
horizontal = u, vertical = v). The images are the same ex-
cept for “tints” — scaling of red and blue. Tinting an image
affects the image’s histogram only by a translation in log-
chrominance space. This observation enables our convolu-
tional approach to color correction, in which our algorithm
learns to localize a histogram in this 2D space.

In Figure 2 we show three tinted versions of the same
image with each image’s chrominance histogram. Note
that each histogram is a translated version of the other his-
tograms (ignoring sampling artifacts) and that the shape of
the histogram does not change. This is a consequence of
our definitions of u and v: scaling a pixel’s RGB value is
equivalent to translating a pixel’s log-chrominance, as was
noted in [20]. This equivalence between image-tinting and
histogram-shifting enables the rest of our algorithm.

Our algorithm works by considering all possible tints of
an image, scoring each tinted image, and then returning the
highest-scoring tint as the estimated illumination of the in-
put image. This may sound like an expensive proposition as
it requires a brute-force search over all possible tints, where
some scoring function is applied at each tint. However, pro-
vided that the scoring function is a linear combination of
histogram bins, this brute-force search is actually just the
convolution of N with some filter F , and there are many
ways that convolution can be made efficient. This gives us
a sketch of our algorithm: we will construct a histogram N
from the input image I , convolve that histogram with some
filter F , and then use the highest-scoring illumination L̂ to
produce Ŵ = I/L̂. More formally:

(L̂u, L̂v) = argmax
u,v

(N ∗ F ) (9)

A visualization of this procedure (actually, a slightly more
complicated version which will be explained later) can be
seen in Figure 7. Now we require a way to learn a filter

Figure 2.19: Slightly tinted images and their respective histograms in uv log-

chrominance space. [5]

Barron [5] used this concept to turn the color constancy problem into a localization

task. Since the shifting directly caused by the illuminant source, if how much the

image is shifted from its properly white balanced position can be found, the color of

the light source can be calculated in log-chrominance space which can be mapped to

the desired color space later. The advantages of the log-chrominance color space and

properties of its histogram are deeply discussed in Section 3.2.1.

The spatial localization task is done by a learned filter which is later convolved with

the input image histogram and the peak bin of the convolved histogram is selected

as the estimated illuminant of the light source. Another important touch of the CCC

is that during the training process they used a discriminative approach instead of

a generative one. In other words, their network is trained to discriminate between a

properly white balanced image and a poorly white-balanced image. They showed that
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this approach resulted in a filter that increases the weights of blue colors resembling

sky while decreases the weight of pale greens that resemble poorly white-balanced

images. They also used a generative approach for the training process as well. This

approach ended up resembling a gray-world filter where it weights colors similarly.

discriminative F generative F

Figure 4: Learned filters on the same training data, with
the left filter learned discriminatively and the right filter
learned generatively. The generative model just learns a
simple “gray-world” like filter, while the discriminative
model learns to do things like upweight blues that resemble
the sky and downweight pale greens that resemble badly
white-balanced images. One can think of the discrimina-
tively learned filter as a histogram of colors in well white-
balanced images minus a histogram of colors in poorly
white-balanced images

A visualization of filters learned discriminatively and
generatively on the same data can be seen in Figure 4.
We see that discriminative training learns a much richer
and more elaborate model than the generative model. This
is because our discriminative training does not just learn
what white-balanced images look like — it learns how to
distinguish between white-balanced images and improperly
white-balanced images. In Section 6 we will show that dis-
criminative training substantially improves model accuracy.

4. Efficient Filtering

Though our algorithm revolves around a linear filter F
with which we will convolve our chroma histograms, the
specific parametrization of F affects the accuracy and speed
of our model. For example, a filter the size of the input his-
togram would be likely to overfit and would be expensive
to evaluate. We found that accurate filters for our task tend
to have a log-polar or “retinotopic” structure, in which the
filter contains a large amount of high-frequency variation
near the center of the filter but only contains low-frequency
variation far from the center. Intuitively, this makes sense:
when localizing the illumination color of an image, the
model should pay close attention to chroma variation near
the predicted white point, while only broadly considering
chroma variation far from the predicted white point.

With the goal of a fast retina-like filter, we chose to use
the “pyramid filtering” technique of [5] for our histogram
convolution. Pyramid filtering works by first constructing a
Gaussian pyramid of the input signal (in this case, we con-

Figure 5: Here we visualize the “pyramid filter” [5] used
to score chroma histograms. Above we show naive convo-
lution of a histogram (top left) with a retina-like filter (top
middle), while below we evaluate that same filter more effi-
ciently by constructing a pyramid from the histogram, con-
volving each scale of the pyramid with a small filter, and
then collapsing the filtered histogram. By using the latter
filtering approach we simplify regularization during train-
ing and improve speed during testing.

struct a 7-level pyramid from N(u, v) using bilinear down-
sampling), then filtering each scale with a small filter (we
used 5 × 5 filters), and then collapsing the filtered pyra-
mid down into an image (using bilinear upsampling). When
collapsing the pyramid we found it necessary to apply a
[1, 2, 1] blur before each upsample operation to reduce sam-
pling artifacts. This filter has several desirable properties:
it is efficient to compute, there are few free parameters so
optimization and regularization are easy, and the filter can
describe fine detail in the center while modeling coarse con-
text far from the center. We regularize this filter by simply
minimizing the squared 2-norm of the filter coefficients at
each scale, all modulated by a single hyperparameter λ, as
in Eq. 10 (this is actually a slight departure from Eq. 10 as
the regularization is now in a linearly transformed space).
A visualization of pyramid filtering can be seen in Figure 5.

As described in [5] pyramid filtering is equivalent to, for
every pixel, computing a feature with a log-polar sampling
pattern and then classifying that feature with a linear clas-
sifier. This sort of feature resembles standard features used
in computer vision, like shape context [7], geometric blur
[8], FREAK features [1], DAISY [35], etc. However, the
pyramid approximation requires that the sampling pattern
of the feature be rectangular instead of polar, that the scales
of the feature be discretized to powers of 2, and that the
sampling patterns of the feature at each scale overlap. This
difference makes it tractable to compute and classify these
features densely at every pixel in the image, which in turn

Figure 2.20: Visualization of filters. Both filters are trained on same training data

but with different cost functions. Generative filter (right) resembles a gray-world ap-

proach where all colors are weighted similarly. Unlike the generative filter, discrim-

inative filter (left) weights common colors presented in a properly white balanced

image while subtracting unlikely colors. [5]

CCC also used a pyramid filtering technique [6] in order to avoid over-fitting and

expensive evaluation process. Furthermore, they used augmented transformations of

the input image. When only the input image itself is used, it is treated like a bag of

pixels, discarding the semantic information. To put differently, all of the semantic

information of the image is ignored because all operation is done in the histogram of

the color space. The goal of the augmentations is to benefit from not only the pixel

values but spatial statistics as well. Instead of classifying a single histogram, they

trained a set of filters each specially trained for an augmented version of the image

and its histogram.

In Figure 2.21 proposed inference process of CCC is shown. First, the given image I
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I {I ′j} {Nj} {Fj} exp(
∑
j Fj ∗Nj) output: Ŵ L̂

Figure 7: An overview of inference in our model for a single image. An input image I is transformed into a set of scale-
preserving augmented images {I ′j}which highlight different aspects of the image (edges, patches, etc). The set of augmented
images is turned into a set of chroma histograms {Nj}, for which we have learned a set of weights in the form of pyramid
filters {Fj}. The histograms are convolved with the filters and then summed, giving us a score for all bins in our chroma
histogram. The highest-scoring bin is assumed to be the color of the illuminant L̂, and the output image Ŵ is produced by
dividing the input image by that illuminant.

6. Results

We evaluate our algorithm on two datasets: the Color
Checker Dataset [24] reprocessed by Shi and Funt [33],
and the dataset from Cheng et al. [14]. The Color Checker
dataset is widely used and is reasonably large — 568 im-
ages from a single camera. The dataset from Cheng et al. is
larger, with 1736 images taken from 8 different cameras,
but the same scene is imaged multiple times by each of the
8 cameras. As is standard, we evaluate using three-fold
cross-validation, computing the angle in degrees between
our estimated illumination L̂ and the true illumination L∗

for each image. We report several statistics of these er-
rors: the mean, the median, the tri-mean, the means of the
errors in the lowest-error 25% of the data and the highest-
error 25% of the data, and for the Color Checker Dataset the
95th percentile. Some baseline results on the Color Checker
Dataset were taken from past papers, thereby resulting in
some missing error metrics for some algorithms. For the
Cheng et al. dataset we also report an average error, which
is the geometric mean of the other error statistics.

Cheng et al. ran 8 different experiments with their 8 dif-
ferent cameras, which makes tersely summarizing perfor-
mance difficult. To that end, we report the geometric mean
of each error metric for each algorithm across all cameras.
We computed results for our own algorithm identically: we
learn a model for each camera independently, compute er-
rors for each camera, and then report the geometric mean
across all cameras.

Our results can be seen in Tables 1 and 2. On the Color
Checker Dataset we see a 30% and 39% reduction in error
(mean and median, respectively) from the state-of-the-art
(“Corrected-Moment” [19]), and on the dataset of Cheng et

al. we see a 22% reduction in average error from the state-
of-the-art (Cheng et al.). This improvement is fairly consis-
tent across different choices of error metrics. The increased
improvement on the Color Checker Dataset is likely due to
the larger size of the Color Checker Dataset (∼379 training
images as opposed to ∼ 144, for three-fold cross valida-
tion), which likely favors our learning-based approach. An
example of our performance with respect to the state of the
art can be seen in Figure 1 and in the supplement.

In our experiments we evaluated several different ver-
sions of our algorithm (“CCC”), indicated by the name of
each model. Models labeled “gen” are trained in a gen-
erative fashion (Eq. 12), while “disc” models are trained
discriminatively (Eq. 10). Models labeled “simp” use our
simple feature set (just the input image) while “ext” models
use the four augmented images from Section 5. Our results
show that discriminative training is superior to generative
training by a large margin (30−40% improvement), and that
using our extended model produces better results than our
simple model (10 − 20% improvement). Our generatively-
trained models perform similarly to some past techniques
which were also trained in a generative fashion, suggesting
that the use of discriminative training is the driving force
behind our algorithm’s performance.

Though most of our baseline results were taken from past
papers, to ensure a thorough and fair evaluation we obtained
the code for the best-performing technique on the Color
Checker dataset (“Corrected-Moment” [19]) and ran it our-
selves on the Cheng et al. dataset. We also ran this code
on the Color Checker dataset and reported our reproduced
results, which differ slightly from those reported in [19] ap-
parently due to different parameter settings or inconsisten-
cies between the provided code and the paper [18]. Results

Figure 2.21: An overview of the proposed illuminant estimation process of CCC

[5]. The input image I is first transformed into several version of itself I ′
j . Then

histogram representation Nj in uv log-chrominance space are convolved with the pre-

trained filters Fj for each augmentation type respectively. Resulting convolutions are

summed up and the histogram bin with highest score is selected as the illuminant

estimation L.

is transformed into multiple augmented images I ′
j . Then, the histogram of the images

Nj in log-chrominance space is computed. All of the histograms are convolved with

their respective trained filter Fj and summed up, giving a score for every bin of the

histogram. Lastly, histogram bin with the highest score is selected as the color of the

illuminant and corrected image W is calculated using Equation 2.15.

Barron and Tsai later presented Fast Fourier Color Constancy (FFCC) [7] which is

based on a similar spatial localization task as CCC. FFCC introduces a localization

task on a torus. The underlying idea is to repeatedly wrap this localization problem

around a torus which allows faster estimation in exchange for new challenges. An

analogy of the difference between two approaches [5] [7] in terms of a detection

problem is shown in Figure 2.22.

The main difference between [5] and [7] is that FFCC introduces illuminant aliasing.

This time the image histogram in uv log-chrominance space is wrapped around itself,

meaning that a particular bin of the histogram no longer corresponds to a single (u, v)

color but corresponds to an infinite number of (u, v) colors (Figure 2.23c). A localiza-

tion task is done on this wrapped histogram. Following the localization, de-aliasing

is applied to select the most likely illuminant estimate (u, v) among the correspond-

ing infinite number of colors (Figure 2.23d). The selection is done by as they call
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(a) Image A (b) Aliased Image B

Figure 1: CCC [4] reduces color constancy to a 2D local-
ization problem similar to object detection (1a). FFCC re-
peatedly wraps this 2D localization problem around a small
torus (1b), which creates challenges but allows for faster
illuminant estimation. See the text for details.

ware. FFCC produces a complete posterior distribution over
illuminants which allows us to reason about uncertainty and
enables simple and effective temporal smoothing.

We build on the “Convolutional Color Constancy“
(CCC) approach of [4], which is currently one of the top-
performing techniques on standard color constancy bench-
marks [12, 20, 30]. CCC works by observing that applying
a per-channel gain to a linear RGB image is equivalent to
inducing a 2D translation of the log-chroma histogram of
that image, which allows color constancy to be reduced to
the task of localizing a signature in log-chroma histogram
space. This reduction is at the core of the success of CCC
and, by extension, our FFCC technique; see [4] for a thor-
ough explanation. The primary difference between FFCC
is that instead of performing an expensive localization on a
large log-chroma plane, we perform a cheap localization on
a small log-chroma torus.

At a high level, CCC reduces color constancy to object
detection — in the computability theory sense of “reduce”.
FFCC reduces color constancy to localization on a torus in-
stead of a plane, and because this task has no intuitive ana-
logue in computer vision we will attempt to provide one1.
Given a large image A on which we would like to perform
object detection, imagine constructing a smaller n × n im-
age B in which each pixel in B is the sum of all values in A
separated by a multiple of n pixels in either dimension:

B(i, j) =
∑

k,l

A(i + nk, j + nl) (1)

This amounts to taking A and repeatedly wrapping it around
a small torus (see Figure 1). Detecting objects this way may
yield a speedup as the image being processed is smaller, but

1 We cannot speak to the merit of this idea in the context of object
detection, and we present it here solely to provide an intuition of our work
on color constancy

it also raises new problems: 1) pixel values are corrupted
with superimposed shapes that make detection difficult, 2)
detections must “wrap” around the edges of this toroidal
image, and 3) instead of an absolute, global location we can
only recover an aliased, incomplete location. FFCC works
by taking the large convolutional problem of CCC (ie, face
detection on A) and aliasing that problem down to a smaller
size where it can be solved efficiently (ie, face detection
on B). We will show that we can learn an effective color
constancy model in the face of the difficulty and ambiguity
introduced by aliasing. This convolutional classifier will be
implemented and learned using FFTs, because the naturally
periodic nature of FFT convolutions resolves the problem of
detections “wrapping” around the edge of toroidal images,
and produces a significant speedup.

Our approach to color constancy introduces a number
of issues. The aforementioned periodic ambiguity result-
ing from operating on a torus (which we dub “illuminant
aliasing”) requires new techniques for recovering a global
illuminant estimate from an aliased estimate (Section 3).
Localizing the centroid of the illuminant on a torus is dif-
ficult, requiring that we adopt and extend techniques from
the directional statistics literature (Section 4). But our ap-
proach presents a number of benefits. FFCC improves accu-
racy relative to CCC by 17 − 24% while retaining its flex-
ibility, and allows us to construct priors over illuminants
(Section 5). By learning in the frequency-domain we can
construct a novel method for fast frequency-domain regu-
larization and preconditioning, making FFCC training 20×
faster than CCC (Section 6). Our model produces a com-
plete unimodal posterior over illuminants as output, allow-
ing us to construct a Kalman filter-like approach for pro-
cessing videos instead of independent images (Section 7).

2. Convolutional Color Constancy

Let us review the assumptions made in CCC and inher-
ited by our model. Assume that we have a photometrically
linear input image I from a camera, with a black level of
zero and with no saturated pixels2. Each pixel k’s RGB
value in image I is assumed to be the product of that pixel’s
“true” white-balanced RGB value W (k) and some global
RGB illumination L shared by all pixels:

∀k




I
(k)
r

I
(k)
g

I
(k)
b


 =




W
(k)
r

W
(k)
g

W
(k)
b


 ◦




Lr

Lg

Lb


 (2)

The task of color constancy is to use the input image I to
estimate L, and with that produce W (k) = I(k)/L.

Given a pixel from our input RGB image I(k), CCC de-

2in practice, saturated pixels are identified and removed from all down-
stream computation, similarly to how color checker pixels are ignored.
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Figure 2.22: CCC is based on a 2-D localization problem (a). On the other hand

FFCC [7] wraps this localization problem around a small torus (b) which later be

used to detection. The final estimation is done by de-aliasing the wrapped problem.

gray light de-aliasing where the u, v couple closest to the center of the histogram is

selected (Figure 2.23e).

(a) Input Image (b) Histogram (c) Aliased Histogram (d) Aliased Prediction (e) De-aliased Prediction (f) Output Image

Figure 2: An overview of our pipeline demonstrating the problem of illuminant aliasing. Similarly to CCC, we take an input
image (2a) and transform it into a log-chroma histogram (2b, presented in the same format as in [4]). But unlike CCC, our
histograms are small and toroidal, meaning that pixels can “wrap around” the edges (2c, with the torus “unwrapped” once
in every direction). This means that the centroid of a filtered histogram, which would simply be the illuminant estimate in
CCC, is instead an infinite family of possible illuminants (2d). This requires de-aliasing, some technique for disambiguating
between illuminants to select the single most likely estimate (2e, shown as a point surrounded by an ellipse visualizing the
output covariance of our model). Our model’s output (u, v) coordinates in this de-aliased log-chroma space corresponds to
the color of the illuminant, which can then be divided into the input image to produce a white balanced image (2f).

fines two log-chroma measures:

u(k) = log
(
I(k)
g /I(k)

r

)
v(k) = log

(
I(k)
g /I

(k)
b

)
(3)

The absolute scale of L is assumed to be unrecoverable, so
estimating L simply requires estimating its log-chroma:

Lu = log (Lg/Lr) Lv = log (Lg/Lb) (4)

After recovering (Lu, Lv), assuming that L has a magnitude
of 1 lets us recover the RGB values of the illuminant:

Lr =
exp(−Lu)

z
Lg =

1

z
Lb =

exp(−Lv)

z

z =
√

exp(−Lu)2 + exp(−Lv)2 + 1 (5)

Framing color constancy in terms of predicting log-chroma
has several small advantages over the standard RGB ap-
proach (2 unknowns instead of 3, better numerical stability,
etc) but the primary advantage of this approach is that us-
ing log-chroma turns the multiplicative constraint relating
W and I into an additive constraint [15], and this in turn
enables a convolutional approach to color constancy. As
shown in [4], color constancy can be framed as a 2D spatial
localization task on a log-chroma histogram N , where some
sliding-window classifier is used to filter that histogram and
the centroid of that filtered histogram is used as the log-
chroma of the illuminant.

3. Illuminant Aliasing
We assume the same convolutional premise of CCC, but

with one primary difference to improve quality and speed:
we use FFTs to perform the convolution that filters the log-
chroma histogram, and we use a small histogram to make
that convolution as fast as possible. This change may seem
trivial, but the periodic nature of FFT convolution combined

with the properties of natural images has a significant effect,
as we will demonstrate.

Similarly to CCC, given an input image I we construct a
histogram N from I , where N(i, j) is the number of pixels
in I whose log-chroma is near the (u, v) coordinates corre-
sponding to histogram position (i, j):

N(i, j) =
∑

k

(
mod

(
u(k) − ulo

h
− i, n

)
< 1

∧ mod

(
v(k) − vlo

h
− j, n

)
< 1

)
(6)

Where i, j are 0-indexed, n = 64 is the number of bins,
h = 1/32 is the bin size, and (ulo , vlo) is the starting
point of the histogram. Because our histogram is too small
to contain the wide spread of colors present in most nat-
ural images, we use modular arithmetic to cause pixels to
“wrap around” with respect to log-chroma (any other stan-
dard boundary condition would violate our convolutional
assumption and would cause many image pixels to be ig-
nored). This means that, unlike standard CCC, a single
(i, j) coordinate in the histogram no longer corresponds to
an absolute (u, v) color, but instead corresponds to an infi-
nite family of (u, v) colors. Accordingly, the centroid of a
filtered histogram no longer corresponds to the color of the
illuminant, but instead is an infinite set of illuminants. We
will refer to this phenomenon as illuminant aliasing. Solv-
ing this problem requires that we use some technique to de-
alias an aliased illuminant estimate3. A high-level outline of

3It is tempting to refer to resolving the illuminant aliasing problem as
“anti-aliasing”, but anti-aliasing usually refers to preprocessing a signal to
prevent aliasing during some resampling operation, which does not appear
possible in our framework. “De-aliasing” suggests that we allow aliasing
to happen to the input, but then remove the aliasing from the output.
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Figure 2.23: A demonstration of illuminant estimation using a wrapped histogram [7]

.

Hu et al. [39] introduced a Fully Convolutional Color Constancy with Confidence-

weighted Pooling (FC4). The underlying idea is learning to estimate the illuminant

affecting the local patch alongside how reliable its estimate is. In other words, the net-

work learns to distinguish semantically valuable and ambiguous regions. Therefore

the network weights the estimations based on valuable regions (i.e. regions which

are rich in terms of texture) while excludes the estimations of ambiguous regions (i.e.

39



solid-colored patches). Moreover, using a fully convolutional network with end-to-

end training process allows them to handle patches jointly thus relative importance of

the patches for estimating the illuminant can be well explored.
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input image
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conv/ReLU/max pooling layers
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Figure 2: The architecture of AlexNet-FC4. Replacing AlexNet (conv1-conv5) with SqueezeNet v1.1 (conv1-fire8 plus an
extra 2 × 2 pooling) yields SqueezeNet-FC4.

though we have no explicit supervision for either g or c. The
network should learn to fuse optimal combinations of local
estimates, through adaptive use of the corresponding g and
c for each local region such that the impact of ambiguous
patches will be suppressed. Toward this end, we propose
a novel architecture based on a fully convolutional network
(FCN) and a weighted pooling layer that are tailored for the
color constancy problem. Figure 2 shows the architecture
of our network.

3.1. Fully Convolutional Architecture

Following the observation that mid-level semantic infor-
mation provides more clues for illumination estimation, we
extract medium-sized window regions R = {Ri} from I as
square subsets of the image. For each region, the estimate
made by function g(Ri) is denoted as p̂i. Unlike previous
patch-based methods, such as [7], which treat each Ri in-
dependently over an image and use a CNN to learn g, we
instead consider all of the local patches within the same im-
age jointly so that their relative importance for estimating
the global illumination color can be well explored. There-
fore, given an image, we wish to determine the local es-
timates simultaneously. Fortunately, a fully convolutional
network can accomplish our goal by sharing all the convo-
lution computations in a natural way and predicting all the
spatially local estimates at the same time. In addition, an
FCN can take an input of any size, which avoids distortions
of semantic information that may occur with CNN methods
that employ resizing [31].

We design our fully convolutional network as shown in
Figure 2. As our basic model for extracting semantic fea-

tures for each patch, we adapt all the layers up to conv5 of
AlexNet [29], which are pretrained on ImageNet [16]. A
relatively large conv6 (6 × 6 × 64) and subsequent conv7
(1 × 1 × 4 for dimensionality reduction) are further used in
extracting semi-dense feature maps. Those feature maps are
passed to a weighted pooling layer to aggregate from local
to global to generate the final color constancy estimate as
described in Eqn. 2.

Note that, within the four channels in the semi-dense
feature maps, we force the first three channels to represen-
t the color triplet p̂i = g(Ri) estimated from each corre-
sponding patch, while the last one represents its confidence
ci = c(Ri) in contributing to the final global estimation.
The four channels are passed through a ReLU layer to avoid
negative values, and the final estimated RGB channels are
l2-normalized per pixel. We define the weighted estimate
pi as cip̂i.

Discussion Theoretically, either shallower (i.e. [38]) or
deeper networks (i.e., VGG-16 [39] or [2]) could be used
to replace AlexNet in our system. However, due to the na-
ture of the color constancy problem, the best model is con-
strained by at least two important properties: (1) the net-
work should be able to extract sufficient semantic features to
discriminate ambiguous patches (such as textureless walls)
for illumination estimation, and (2) the network should not
be illumination invariant, but rather it should be sensitive to
different lighting colors. As we can see, the second require-
ment violates the knowledge embedded in networks trained
on classification tasks, since lighting conditions should not
affect the class of an object. Unfortunately, networks with
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Figure 2.24: The architecture of AlexNet− FC4 [39]

FC4 computes an array of illuminant estimations and their respective confidences.

Parameters for both estimations and the confidences are learned by a single end-to-

end training phase. Higher confidence is associated with a lower expected angular

error. The confidence maps are not only meaningful for a single image. A detailed

example of inference process by (FC4) is shown in Figure 2.25.

Their conclusions [39] on confidence mappings on several images (Figure 2.26) stated

that the network especially weights the bright pixels, faces, surfaces with rich texture,

and objects with a restricted range of color (especially achromatic) more. These ob-

servations are consistent with previous researches. For example, specular reflection

usually results in bright pixels and it is directly related to the color of the light source.

Likewise, when the surfaces with rich texture are considered, this observation can

be supported by [16] where they argue that the second-order gradient information is

sufficient for illuminant estimations.

Another novel approach, Cascading Convolutional Color Constancy (C4) is proposed

by Yu et al. [61]. They used FC4 [39] as a baseline. The presented architecture en-

sembles three dependent cascaded stages where each of them generates an illuminant

estimation. Each stage corrects the output of the previous stage resulting in a boost in

illuminant estimation performance. A visualization of the process is shown in Figure
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Figure 2.25: A detailed examination of illuminant estimation process of FC4. For

a given image, a confidence map and illuminant estimation map is computed. Then

a global estimation is found by weighted average of each local estimation and their

confidences. While surfaces which are rich in terms of texture are assigned with a

higher confidence, smooth surfaces are associated with a low confidence [39]. The

image is taken from github.com/yuanming-hu/fc4: How to make inference on images

based on a trained model?

2.27.
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input image confidence map estimation map weighted estimation image × confidence
estimation (left half) and

ground truth (right half)

Figure 7: More AlexNet-FC4 test output examples on the reprocessed Color Checker Dataset.
Figure 2.26: Test outputs of FC4 on Reprocessed ColorChecker Dataset[35]. The

image is taken from github.com/yuanming-hu/fc4: Visual Results: More. The first

column consists of poorly white balanced input images. Second and third columns

present the assigned confidence map and estimation map for each region. Fourth and

fifth map are weighted illuminant estimations for each region and image masked by

the confidence map respectively. The last column shows the corrected image (by

diagonal model) and the ground truth image. The confidence maps for the input im-

ages in third column highlight regions rich in terms of texture or regions substantially

bright.
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Abstract

Regressing the illumination of a scene from the represen-
tations of object appearances is popularly adopted in com-
putational color constancy. However, it’s still challenging
due to intrinsic appearance and label ambiguities caused by
unknown illuminants, diverse reflection property of materi-
als and extrinsic imaging factors (such as different camera
sensors). In this paper, we introduce a novel algorithm by
Cascading Convolutional Color Constancy (in short, C4) to
improve robustness of regression learning and achieve sta-
ble generalization capability across datasets (different cam-
eras and scenes) in a unique framework. The proposed C4

method ensembles a series of dependent illumination hy-
potheses from each cascade stage via introducing a weighted
multiply-accumulate loss function, which can inherently cap-
ture different modes of illuminations and explicitly enforce
coarse-to-fine network optimization. Experimental results on
the public Color Checker and NUS 8-Camera benchmarks
demonstrate superior performance of the proposed algorithm
in comparison with the state-of-the-art methods, especially
for more difficult scenes.

Introduction
The colors present in images are biased by the illumina-
tion in addition to the intrinsic reflection properties of scene
objects and extrinsic spectral sensitivity across cameras,
but they appear to be relatively constant for human visual
perception systems. Such a property, referred to as color
constancy, makes object appearance under diverse light-
ing sources independent of the casting illumination, which
is desired in a large number of high-level vision prob-
lems. The color constancy problem can typically be ad-
dressed via estimating the color of the illuminant of the
scene firstly, which then recovers the canonical colors of
scene objects. A large number of computational color con-
stancy algorithms (Qian et al. 2019; Chen et al. 2019;
Cheng et al. 2015; Bianco, Cusano, and Schettini 2017;
Shi, Loy, and Tang 2016; Hu, Wang, and Lin 2017) rely on
accurate and robust illumination predictions and then em-
ploy the simple yet effective von Kries model (von Kries
1902) for image correction. Estimating the illumination of

∗Corresponding author.
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Figure 1: Visualization of the proposed C4 method in a cas-
caded structure in the top row, while plots in the bottom row
show dependent illumination hypotheses of different cas-
cade stages in our C4 on an example from the Color Checker
dataset. Our C4 can significantly boost illumination estima-
tion performance in a coarse-to-fine refining manner. More
examples are given in the experiment section.

an image can be formulated into learning a regression map-
ping from the imagery representation to its corresponding
illumination label. Searching and identifying the best hy-
pothesis of the illumination is not trivial in view of ap-
pearance inconsistency and label ambiguity. In addition to
unknown surface reflection, the large appearance variation
of the captured scene objects can be caused by the sensor
sensitivity and also the illuminant spectrum. Specifically,
spectral responses of sensors in cameras for color imaging
are not consistent across camera models and brands, e.g.
in the NUS 8-camera dataset (Cheng, Prasad, and Brown
2014) one scene is captured with eight different cameras,
and they have visually varying colors for the identical object
surface. Consequently, a typical solution is to train camera-
specific estimators, which is less efficient and even imprac-
tical due to data-demanding characteristics. Very few algo-
rithms (Qian et al. 2019) focus on the challenging camera-
agnostic illumination estimation, achieving robust perfor-
mance. Therefore, the challenge still exits. Most of the ex-
isting algorithms (Bianco, Cusano, and Schettini 2017; Bar-
ron 2015; Shi, Loy, and Tang 2016; Barron and Tsai 2017;
Hu, Wang, and Lin 2017) have been proposed to deal with
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Figure 2.27: Visualization of the proposed method C4. The cascaded structure is

shown top row. Bottom row shows the intermediate illuminant estimations. The

cascaded system refines the estimation thus resulting an increase in performance [61].
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CHAPTER 3

COLOR COHERENCE OF DIFFERENT OBJECT CATEGORIES

In this chapter, we analyze the color distributions of common objects. First, the moti-

vation for this study is briefly explained. Following this section, proposed similarity

metrics are introduced. Finally, intra-class color properties of object classes are com-

pared by using the proposed similarity metrics. A discussion is also held under some

of their common characteristics.

3.1 Motivation

Color constancy is an underdetermined problem where only the pixel values of the

image are known. The problem is simplified to Equation 2.5 based on the assump-

tions explained in detail in Section 2.1.2. However, this simplification is not enough

alone to calculate the illumination source’s spectral distribution and some further as-

sumptions or some prior information is still obligatory.

We encounter thousands of different objects during our lives resulting in observations

that form prior information about our surroundings. For example, a zebra is expected

to be observed white with black stripes. Therefore, when we look at a zebra in an

image, if it is not black and white we can assume that the color shift is likely to be

the result of the illuminant source. Another example is the grass. When we look for

grass to sit on, we most likely search for a green color first, since we expect the color

of grass to be a shade of green. On the other hand, some objects can be associated

with a wider range of colors. For example, hats are produced in a great variety of

colors: red, green, blue, white, etc. As a result, two hats can be identical in every

aspect except their colors. Thus, if a hat is presented in an image it is hard to predict
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Figure 3.1: Images are taken from Microsoft COCO [45]. The first row includes

images containing a bus. The second row includes examples of images including

bananas. Busses are less suitable for a color constancy application while bananas

might give a clue for illuminant source.

its color and the illuminant source.

Consequently, prior information on how an object class is encountered in real life can

be used as a clue for illuminant estimation, if such objects are presented in the image.

For example, it is quite difficult to distinguish in an image, whether an observed red

wall is actually a white wall under red light or a red wall under white light. However,

if there is an object in front of the wall that we have prior information about its

color such as banana or grass, an unexpected shift in this object’s color can give a

clue for the illuminant source. If, in the scene, there are more than one objects with

prior information are presented, their individual illuminant estimations can also be

combined. Furthermore, if an object is more stable in terms of color, its prediction

can be weighted more, while forming the global illuminant estimation. For instance,

grass might be in any shade of green and sometimes even yellow or brown, while a

zebra or sheep are most likely to be achromatic.

Considering the recent developments in object detection and segmentation algorithms

that are based on deep networks, nowadays we are much more successful at segment-
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ing objects pixel by pixel. Therefore, it is easier to analyze object classes that are

commonly focused on by the segmentation algorithms based on their applicability to

the color constancy problem. Following a detailed study on the object classes and

their associated color properties, white balancing performance for an image can be

increased by exploiting the object color characteristics.

Only a small fraction of past works explicitly focused on colors associated with object

classes. For instance, a novel approach [58] generates illuminant estimations based on

the object classes in the image. Then, for every object class, an illuminant estimation

is calculated. Finally, estimation resulting in the most likely correction of image

is select. Another technique [50] proposes fine-tuning of white balance by using

detected object classes (e.g. sky, grass) in the image. Also, [11] uses a gamut mapping

to segmented face pixels in an image. The study showed that skin pixels form a

compact region in HSV color space and this characteristic might be used as a clue for

illuminant estimation.

It is important to note that throughout the paper, and in common with most previ-

ous literature, we assumed that the observed light for all pixels can be modelled

as a function of the incoming light and the object surface. The object surfaces are

characterised by a spectral distribution (S(x, λ)) which might not be appropriate for

all object classes (e.g. sky, water, window). Classification and utilization of object

classes in an image in terms of how well they adapt th model might increase the

overall performance of object based approaches.

Alongside with the recent developments in object detection and segmentation tasks,

now hundreds of object classes are labeled in semantic segmentation datasets. In this

chapter, we present a study that analyzes a wide range of object classes in terms of two

proposed color based similarity and argue about their applicability to color constancy

problem.

3.2 Proposed Color Similarity Metrics

In this section, we propose two similarity metrics for object classes. The first one

specifies the average color of the class, whereas the second one defines the scatter
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(a) Image (b) Object mask (c) uv histogram

Figure 3.2: Example uv histogram representations of images from COCO dataset

[45]. Panotic segmentation ground truth masks provided by COCO are used.

of the pixel values of the class. More detailed explanations on the proposed metrics

are available in Section 3.2.2. These attributes are later used to calculate intra-class

properties of the object classes for determining how stable the color of an object is

and how stable the distribution of an object’s color, respectively.

3.2.1 Selection of Color Space

In this section, a 2-D color space, inspired by Barron [5] is analyzed. The color

constancy problem can be simplified to Equation 2.5 where the surface reflectance
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Sc(x) and the projected illuminant source Ic are unknowns defining the observed

pixel values fc(x).

The observed image is the multiplication of the surface reflectance S(x) and the il-

luminant source Ic. If we take the logarithm of the equation, one can represent the

illuminant effect by simple addition, instead of multiplication. In Equation 3.1, two

new chrominance measures: u and v and a luminance measure y are presented in

terms of r,g,b pixel values:

u = log
g

r
, v = log

g

b

y =
√
r2 + g2 + b2

(3.1)

At this point, if we rewrite the Equation 2.5 by using u and v, the illuminant effect

can be modelled as a simple addition to the reflectance properties of the scene.

fu(x) = Iu + Su(x)

fv(x) = Iv + Sv(x)
(3.2)

Note that if we consider a white light source Irgb = [1, 1, 1]T , its representation in

u-v space is Iuv = [0, 0]T and Su and Sv can be considered as the chromaticity of the

image under the white light source. Therefore, under white light, Equation 3.2 can be

transformed to the Equation 3.3

fu(x) = Su(x)

fv(x) = Sv(x)
(3.3)

After estimating Iuv, an inverse mapping from uv space to rgb space is required.

Although the lost brightness information of RGB color space cannot be restored, it

can be assumed to be a unit-form, allowing us to write Equation 3.4

r =
exp(−u)

z
g =

1

z
b =

exp(−v)

z

z =
√
exp(−u)2 + exp(−v)2 + 1

(3.4)
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3.2.2 Individual Class Measurements

In this section, two similarity metrics for the chromatic properties of the semantic

classes are defined: Average class color and class color distribution. The first one is

the indication of the expected color of a typical object in a particular class. This value

represents the color that is expected to be encountered when an object is detected

under a white light source. The second metric is an indication of how the color of the

objects of a class is expected to scatter.

In order to calculate these two measurements, we first define the normalized joint

histogram M(u, v) where fu(x) and fv(x) representing the chromaticity values of

observed object at x. M(u, v) counts the number of pixels with a chromaticity differ-

ence less than ε
2

and weights each pixel by its luminance value in Equation 3.5.

M(u, v) =
∑

i

fy(x)
[(
|fu(x)− u| ≤ ε

2

)
∩
(
|fv(x)− v| ≤ ε

2

)]
(3.5)

We also normalized the joint histogram M(u, v). This normalization equalizes the

effect of object instances during the calculation of the class properties. The resulting

normalized histogram H(u, v) is shown in Equation 3.6

H(u, v) =
M(u, v)∑

u′ ,v′ M(u′ , v′)
(3.6)

In Figure 3.3, nine different histogram representations in uv space of an image is

given. When insufficient parameters are selected, the histogram cannot represent the

colors perfectly. For example, in Figure 3.3a range of histogram is not enough to

represent image colors. Therefore both the shape and the mean of the histogram are

misrepresented. Our approach strongly depends on the histogram. Therefore, we

selected histogram parameters as ε = 0.025 and Nbin = 256 so it can cover a wide

range of colors. Moreover, in order to reduce the effect of the outlier images, during

our experiments we discarded any object with at least 25 % of its pixels are out of the

range of the histogram. CCC [5] also used the same histogram parameters with us to

represent images.
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(a) ε=0.010, Nbin=128 (b) ε=0.025, Nbin=128 (c) ε=0.050, Nbin=128

(d) ε=0.010, Nbin=256 (e) ε=0.025, Nbin=256 (f) ε=0.050, Nbin=256

(g) ε=0.010, Nbin=512 (h) ε=0.025, Nbin=512 (i) ε=0.050, Nbin=512

Figure 3.3: Presentation of the same image with different ε and Nbin parameters.

We selected ε=0.025, Nbin=256 because it fully covers the range of corrected REC

images.
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(a) (b) (c) (d)

Figure 3.4: Histogram representations of some images from REC [35]. First and

third columns show images rendered with different colors while second and fourth

columns shows their respective histogram representations. Only gamma correction is

applied for visualization purposes.

Expressing the color distribution of an object through the proposed histogram brings

an important advantage over the RGB color space. Any change of the illuminant

source results in only a shift in the histogram. In theory, the distribution stays the

same while its mean is relocated by the illuminant source.

In Figure 3.4, 2 images and their rendered versions under different colors are pre-

sented. Each image is given with its histogram representation next to it. The second

and fourth columns shows that change in illuminant affects the position of the repre-

sentation not its shape. In other words, shape of the histogram is illuminant invariant

and only its position is affected by a global illuminant change.

We modeled an object instance’s histogram as a Joint Normal Distribution G(µ,Σ).
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Mean µ is directly affected by the illuminant source and represents the color of the ob-

ject. On the other hand, Covariance Matrix Σ represents its distribution and invariant

to the light source.

The first metric is the average color of the class. For every object instance, first, the

image is masked using a segmentation mask. Then the masked image is converted to

uv color space. If the number of remaining pixels P is less than a pre-defined thresh-

old Tp, the object is neglected to increase the reliability of the metrics. The number

of pixels an important parameter, especially when computing the sample covariance

matrix Σ.

µiu =

∑P
n ynun∑P
n yn

µiv =

∑P
n ynvn∑P
n yn

(3.7)

The average color of object instance i (µi = [µiu, µ
i
v]
T ) is calculated via weighted

summation which is shown in Equation 3.7. Luminance values of the pixels (Equa-

tion 3.1 are used as weights. This decreases the effect of the unbright pixels and

information loss due to color space transformation.

covi(u, v) =

∑P
n yn(un − µiu)(vn − µiv)∑P

n yn

vari(u) =

∑P
n yn(un − µiu)(un − µiu)∑P

n yn

vari(v) =

∑P
n yn(vn − µiv)(vn − µiv)∑P

n yn

(3.8)

The second metric is the covariance matrix Σi of the object instance i. Sample co-

variance matrix calculation from [49] is used. Luminance values of pixels are used

as weights again. Equation 3.8 shows the detailed derivation and Equation 3.9 shows

the formation of Σi.

Σi =


 vari(u) covi(u, v)

covi(u, v) vari(v)


 (3.9)
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Figure 3.5: A representation of class measurement calculation. Images and object

masks are taken from COCO [45]. This process is used to assign the proposed metrics

for every class.

Until now, how proposed properties are calculated for a single object is showed. In

order to calculate these measurements for the class, we simply summed all of object

instance histograms for class c and calculated class mean µc and class covariance

matrix Σc from the histogram summation. Normalization process (Equation 3.6) al-

lows every object instance to contribute equally when calculating the class properties,

invariant of their size.

Hc(u, v) =
N∑

i

H i(u, v) (3.10)

In Figure 3.5, class property calculation is demonstrated. Every image meeting the

necessary conditions (3 channels, non-gray, having more than 100 pixels) are masked

with ground truth. Then all of the histograms are summed up to a class histogram.

Finally the class properties µc and Σc are computed using the class’ histogram.
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3.2.3 Intra-class Average Color Distance

In order to compare classes in terms of their color stability, we proposed intra-class

average color distance dcµ where c is the interested class.

dcµ =
1

N

N∑

i

dL2(µc, µi) (3.11)

Intra-class average color distance is calculated by averaging the distance between

every object instance’s average color µi and class average color µc (Equation 3.11).

The distance between the two average color is calculated by the l2 distance (Equation

3.12.

dL2(p, q) =
√

(p1 − q1)2 + (p2 − q2)2 (3.12)

The measurement indicates how the average color of an object is scattered. A class

with a higher intra-class average color distance dcµ is expected to be found in a wider

range of colors. Classes with lower dcµ are found in more compact colors thus more

appropriate to use in a color constancy method.

Table 3.1: Top 10 classes based on intra-class average color distances

Rank Class Name dcµ Rank Class Name dcµ

1 snow 0.137 6 car 0.207

2 motorcycle 0.140 7 bicycle 0.229

3 zebra 0.166 8 sheep 0.237

4 skis 0.186 9 road 0.243

5 airplane 0.207 10 window-other 0.250

In Table 3.1, top ten classes with lowest intra-class average color distances are given.

The most important common property of the classes is that they are achromatic. When

we looked at the average colors assigned for the classes, we saw that all of them are

close to the center of the histogram. In other words, they do not show a tendency

to a color like orange. Snow, sheep, and zebra are colorless due to their nature and
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only differ in brightness. Moreover, airplanes are also white and roads are gray. Both

motorcycle and bicycle show an unexpected result for us. However, when we go back

and look at the dataset, we observed that segmentation of bicycle and motorcycle

includes road pixels as well. These object classes are found mostly on roads or pave-

ments. Another interesting class on the table is the car. At first, car class seems to be

some kind of a miss-calculation. However, although we expect the average color of

car instances to scatter all around the color space, after an inspection of the dataset

we saw that most of the cars are white, black, or gray.

Table 3.2: Bottom 10 classes based on intra-class average color distances

Rank Class Name dcµ Rank Class Name dcµ

132 orange 0.946 127 playingfield 0.716

131 carrot 0.873 126 fire hydrant 0.728

130 floor-wood 0.855 125 stop sign 0.730

129 apple 0.842 124 fruit 0.756

128 wall-wood 0.783 123 cabinet-merged 0.783

In Table 3.2, ten classes with highest intra-class average color distances are given.

Four of the classes are fruits. Although their average colors are what we expected

to see (i.e. average color of the apple is still reddish and carrot is orangish), average

colors of class instances scatter in the color space. We expect this to be related to two

main reasons. The first one is the color space. Except for the playing-field, all object

classes have extreme colors. By extreme color, we mean objects with much higher

values in one channel and lower values in another. This kind of color structure easily

results in fluctuations in uv color space. Also, the colors of the object are not equally

susceptible to the noise due to the darker channels being more sensitive to noise than

the brighter ones. On the other hand, colorless objects’ channels are affected by the

noise equally. A visualization of scattering of average colors for orange class and

carrot class is given in Figure 3.6.
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(a) snow (b) motorcycle

(c) orange (d) carrot

Figure 3.6: Histogram of average color of top two classes and bottom two classes

based on intra-class average color distance. While scattering of average colors of

apples and carrots can be seen easily, in snow and motorcycle histograms it is almost

impossible to see any scattering.
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3.2.4 Intra-class Color Scatter Distance

The covariance matrix is used to model the distribution of pixel values of an object.

The most important advantage of this measurement is that for an object it is stable

even under different light sources. In other words, this measurement is irrelevant to

the illuminant source.

In this section, we define Intraclass Color Scatter Distance 3.13 as a measurement for

the stability of distribution of a class among its instances. The metric is calculated by

taking the average of the distance between the covariance matrix of the class and the

covariance matrix of an object instance belonging to the class.

dcΣ =
1

N

N∑

i

d(Σc,Σi) (3.13)

It is hard to decide on the distance measurement method between covariance matrices

Σ1 and Σ2. In our experiments, We started with three different metrics for distance

measurement and then compared their results. The first distance measurement is what

we will call Herdin Distance, inspired [36]. Herdin Distance 3.14 can be considered

as a measurement of orthogonality of matrices and can be formulated as the inner

product between the vectorized Σ1 and Σ2.

dherdin(Σ1,Σ2) = 1− 〈vec(Σ1), vec(Σ2)〉
‖vec(Σ1)‖2 ‖vec(Σ2)‖2

(3.14)

The second distance measurement method we used is proposed by Wolfgang et al.

[26] and for the rest of the thesis it will be called as wolf distance (Equation 3.15).

λi(Σ1,Σ2) are the eigenvalues from |λΣ1 − Σ2| = 0

dwolfgang(Σ1,Σ2) =

√√√√
n∑

i=1

ln2λi(Σ1,Σ2) (3.15)
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The last measurement method is the Frobenius Norm as in Equation 3.16.

dfrob =
√
trace(DT ·D)

D = Σ1 − Σ2

(3.16)

How to correctly measure the distance between covariance matrices is a hard ques-

tion and strongly depends on the problem. They focus on the different properties of

the matrices. We are interested in the measurement method which fits best to our

problem.

3.3 Experimental Analysis of Color Coherence with Object Categories

3.3.1 Utilized Dataset

In this section, the Color-COCO dataset is introduced. We used COCO panoptic

dataset [45]. COCO dataset has two available sets. The first one is the training set with

118000 images and the second one is the validation set consisting of 5000 images. All

images are segmented and annotated using 133 distinct object classes.

We used the ground truth segmentation masks to select the objects from an image and

calculate their individual class properties: Average class color and class color distri-

bution. Then, these metrics are used to calculate intra-class average color distance

(Section 3.2.3) and intra-class color scatter distance (Section 3.2.4). Lastly, object

classes are compared based on their proposed similarity metrics.

COCO dataset consists of images taken under different conditions by different cam-

eras. There is no information on the spectral distribution of the light source. We

assumed that while taking pictures imaging devices have an active white balance

module in their Image Signal Processing (ISP) unit. After discarding the gray im-

ages and outlier images in terms of average color, the remaining dataset is assumed

properly white balanced. COCO is a broad dataset and a color shift in an image may

be canceled by a color shift in inverse direction in another image. We assumed that

the imaging devices’ inner white balance methods do not shit towards a particular

color and cancel each other’s errors.
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Figure 3.7: Examples images containing Macbeth Color Checker [35]

We used ColorChecker Dataset [35] to decide the range of properly white balanced

images. ColorChecker dataset consists of 568 images containing a Macbeth Color

Checker (Figure 3.7) containing 24 squares with six achromatic patches, six primary

colors, and approximations of natural colors such as the blue sky or human skin.

Ground truth illumination color for every image is calculated using the median of the

RGB digital counts of the brightest achromatic patch without clipping. The original

dataset is published by Gehler et al. [30]. The images were automatically produced

and contained some artifacts (e.g. clipped pixels, non-linearity). Later Shi and Funt

re-processed the original RAW images to avoid such problems [53]. Lately it is no-

ticed that various ground truths for the Color Checker dataset exist. The ground truth

of the dataset is revisited and a single ground is provided by Hemrit et al. [35].

We corrected every image of ColorChecker dataset and calculated the minimum chro-

maticities (umin, vmin) and maximum chromaticities (umax, vmax) of images. Follow-

ing the calculation of the minimum and maximum chromaticity of the ColorChecker

dataset, we discarded all images that are not in the range.

Another similar discard process is used after masking the objects with the ground

truth provided by COCO. We used a weighted sample covariance matrix to model the

distribution of colors of an object. We only used objects have higher than 100 pixels

and did not count any object that does not meet the condition.

In reality images provided by COCO are not RAW images as most of the color con-

stancy algorithms work on. The images are the results of a non-linear camera re-

sponse function which consists of several steps such as tone manipulation, color en-
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hancement, and a final gamma encoding. COCO dataset consists of images coming

from various imaging devices. To make a generalization, we assumed that they can

be linearized by a generalized gamma function (Equation 3.17) by using γ = 2.2.

Although this is merely a reflection of truth, this approach is widely used. Moreover,

a linearization step is crucial for our approach to reflect the true ratio of colors of the

object classes.

Inon−linear = I
1
γ

lin (3.17)

Lastly we used the ground truth illuminations provided by ColorChecker dataset and

apply an artificial illumination on the remaining images. These intentionally improp-

erly balanced images are used to compare our cost functions in Chapter 4.

After the utilization process, the Color-COCO dataset contains 111093 images where

all images with an average color outside of the range of ColorChecker’s corrected

images’ average color are discarded. All of the images are assigned with artificial

illumination in a range of the ground truth illuminations of ColorChecker [35] set and

then rendered into improperly white balanced images.

Figure 3.8: First row shows images tinted with a random color. This images used as

inputs during experiments. The second row shows their ground truths directly taken

from COCO dataset [45]. Average color of these ground truth images are between the

average color of the corrected Colorchecker images [35].
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3.3.2 Comparison of Object Classes Based on Categories

In this section, we examined the relationship between object classes in terms of their

categories. For example [8], used an indoor/outdoor categorization for images. Fol-

lowing the categorization, they chose the best performing algorithm to estimate il-

luminate. Our motivation was to find if there are any common properties for object

classes that are appropriate to color constancy in terms of our proposed metrics. For

instance, we expected a more stable color for natural objects than human crafted ob-

jects. We expected to see different ties varying in color but we did not expect to see

such an extreme deviation for an elephant.

In this section, three properties are assigned for each object: Indoor/Outdoor, Natu-

ral/Artifact, and Thing/Stuff. The first inspected category is Indoor/Outdoor, inspired

by the work of [8]. The second category is Natural/Artificial. The underlying reason

for this categorization is to investigate if there is a color characteristic (we modeled

with Σc) that exist more in natural objects compared to human crafted objects. If it

is, can it be a clue for illuminant estimation? Thing/stuff category is the last category

that is compared. For every class, their category is assigned by hand for the first two

categories. However, Thing/Stuff categorization is directly taken from COCO [45].

The object categories are compared using two main metrics. The first one is the

expected distance between a random instance’s average color and its class’s average

color. This metric measures how reliable the class average color for color constancy.

For example snow class is expected to be white and if we know there is snow in the

scene, it is probably white. On the other hand, if we consider the bus class, it is

rather hard to make an assumption on the color of the objects. This metric indicates

how stable the class’ average color is. The second metric is the expected distance

between a random instance’s histogram covariance matrix and the assigned histogram

covariance matrix for its class. We showed that change in illuminant source does not

affect the distribution of class pixel histogram and only affects its mean. The metric

is an indication of how well the color scattering of objects fit the class’ model.

In Figure 3.9, a comparison of object classes in terms of their indoor/outdoor cat-

egorization is given. We also assigned InOut category for some object classes (i.e.
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Figure 3.9: Comparison of different object classes based on their context. Horizontal

x axis shows the intra-class average color distance while vertical axis indicates the

intra-class average color scatter. Three figures are differ in terms of covariance matrix

distance measurement methods. The methods shown are Herdin (Equation 3.14, Wolf

3.15 and Frobenius distance 3.16, respectively.
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Figure 3.10: Comparison of different object classes based on their nature. Horizontal

axis shows the intra-class average color distance while vertical axis indicates the intra-

class average color scatter. Three figures are differ in terms of covariance matrix

distance measurement methods. The methods shown are Herdin (Equation 3.14, Wolf

3.15 and Frobenius distance 3.16, respectively.

banana, tie, window, or person) that can be observed in both indoor and outdoor. We

saw that outdoor objects have the lowest intra-class average distance among them.

This is in fact an expected result because outdoor scenes are expected to be both

varying in terms of the color of the illuminant source and the reflective properties in

the scene.

A general assumption for the color constancy problem is that all scene is only affected

by a single light source. Moreover, the reflected light from an object to another one

is neglected which is a situation quite likely to occur in indoor scenes. Also, multiple

light sources might be affecting the scene as well. Consequently, outdoor scenes are

more likely to be observed under common color constancy assumptions than indoor

images, resulting in the images of objects taken outdoor being more consistent.

We also compared the object classes by their nature. We expected to see a more

consistent covariance matrix for natural objects while a more random distribution in

the histogram for human-crafted object classes. As an example, we expected to see
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Figure 3.11: Comparison of different object classes based on their types. Horizontal

axis shows the intra-class average color distance while vertical axis indicates the intra-

class average color scatter. Three figures are differ in terms of covariance matrix

distance measurement methods. The methods shown are Herdin (Equation 3.14, Wolf

3.15 and Frobenius distance 3.16, respectively.

similar variations of the surface reflective properties through the surface of natural

objects, resulting in a specific color distribution for the object class. However, the

results (Figure 3.10) showed that there is no significant difference between the two

categories.

The last comparison (Figure 3.11) was done by using the direct categorizations from

COCO dataset. There are two categories: Thing and stuff. The former one consists

of object classes that are often the target for object detection algorithms. Stuff type

is introduced later, with the underlying purpose of being able to create a ground truth

class for every pixel in an image. Road, pavement, river, and sand are some examples

from stuff categories. There is not any distinct difference between thing and stuff

categories. Their average intra-class color distance is almost the same. However,

Frobenius norm usage showed a more apparent distinction of categories in terms of

their intra-class average color scatters.

It is important to note that we used the selected images from COCO dataset. These
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images are assumed to be perfectly white balanced by a WB algorithm embedded

in the camera. Also, categorizations of the object classes are not strict. Moreover,

objects are labeled in a variety of forms. For instance, both peeled and unpeeled

apples are included in the same class.

3.3.3 Discussion

This chapter focuses on the object the classes and their color coherence. First, a

color space is presented and its properties are discussed. Then, two similarity metrics

based on the new color space are proposed, namely intra-class average color distance

and intra-class average color scatter distance. Following the metrics, object classes

from a frequently used segmentation dataset (COCO [45]) are compared in terms of

their similarity metrics. Lastly, the object classes are categorized under three different

categories to investigate if any common behavior exists.

It should be noted that the dataset we worked on was not perfect. First of all, the im-

ages in it are not perfectly white balanced. Original COCO consists of images taken

under varying conditions. To decrease the effect of the imperfectly white-balanced

images, we excluded all images whose average color is not in a pre-defined range.

This range is computed by the average color of REC [35] images which are corrected

by a ground truth illumination by the Macbeth ColorChecker in the image. The rest

of the images are assumed to be white balanced good enough by the auto white bal-

ance module of the camera they are taken. Another imperfection of the dataset is it

includes a different version of the object under its class. For example, peeled, im-

mature, or over-matured bananas are labeled under the same class. Moreover, the

labeling of the classes is not perfect all the time. A clear example of this problem can

be seen in the segmentation of bicycles. Most of the time road which is seen from the

gap of the tires are labeled as a bicycle as well.

The first comparison is made by using the intra-class average color distances of in-

dividual classes. A lower value corresponds to a more compact color space for ran-

dom instances of the class. An obvious observation is that classes with the lowest

intra-class average color distances tend to be achromatic. This is due to two reasons.

Firstly, as the chromaticity of an object increases, the color ratio becomes more sus-
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ceptible to be affected by the noise. Secondly, achromatic objects are more stable in

terms of color. When we look at the grass class or banana, we see a range of green

colors during their life period. On the other hand, it is hard to talk about a color

change of an achromatic object class like zebra, snow, or grass. This observation is

also consistent with what the network of FC4 [39] tends to learn. The network tended

to value the patches that include objects with a restricted color range, especially the

achromatic ones.

The second comparison is based on the intra-class color scatter distances of object

classes. We intuitively expected objects in the same class to demonstrate a similar

distribution in uv histogram. Unfortunately, most of the time it is hard to model

a consistent covariance matrix due to the low number of pixels of the segmented

object. Also a comparison based this metric is not fair due to the number of objects

with a small color distribution. For instance, when we talk about an object class with

a small compact color distribution, covariance matrices of its instances are almost

same as well. The most important characteristic of the metric is that it is independent

from the illuminant source. Even though this metric might not be meaningful for all

object classes, it might be useful for some classes to measure the similarity between

a particular object and its class.

The last comparison is done by categorizing objects. The most prominent result was

that the outdoor objects have significantly lower intra-class average colors than out-

door objects. This is an expected result due to outdoor scenes obeying more to the

accepted assumptions better and a possible light source of the scene is more consistent

(the sun). Usually, the scene includes a single distant light source while it is possible

to have more light sources indoors. Moreover, for an indoor object to be affected by

reflected light from another object is more realistic, considering the small and tangled

structure of rooms.
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CHAPTER 4

PROPOSED SEMANTIC COLOR CONSTANCY MODEL

In this chapter, we propose a novel cost function to determine the spectral content

of the illumination. The propose method is tested on two distinct data sets: Color-

COCO dataset, Color Checker Dataset. The results are shared and compared with

stare of art approaches. Also the relation between the segmentation accuracy and the

performance of the proposed method is discussed.

In Section 4.1, we present a cost function to utilize semantic object information in

the image and the generalized version of our proposed method. Then, in Chapter

4.1.1, we explain three different variations of the proposed method, namely Vanilla,

v-1, and v-2. The first one is the baseline version that only benefits from the objects

and their associated colors. The second one includes pre-calculated weights based on

the class’ intra-class average color distance. In the last version, the method utilizes

a similarity metric which measures the similarity between the detected object and its

class.

In Section 4.2, we share our experimental results. First, we give the implementa-

tion and test details in Section 4.2.1. Following the explanation of our setup, object

classes’ individual performances on Color-COCO dataset are given in 4.2.2. After

that, we evaluate the three variants of the proposed method on Color-COCO dataset

which is the customized version of the segmentation dataset COCO [45] in Section

4.2.3. Then, we compared the effect of the accuracy of the segmentation mask in

Section 4.2.4. Finally, in Section 4.2.5 we present our results on the latest version of

popular color constancy dataset REC [35], originally published by [30].
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4.1 Proposed Method: Semantic Color Constancy

In this section, we define a cost function with an aim to minimize the weighted con-

tribution of each class’s estimation to the global estimation. All of the estimations

are done in the proposed color space (Section 3.2.1). This allowed us to use the sim-

plified model (Equation 3.2) where the illuminant source’s effect can be modelled as

an addition constraint. The log chromaticity space is in fact used before with small

additional processes by other state-of-art methods as well [5] [7] [54].

Figure 4.1: A visual representation of the proposed method.

The goal of the proposed approach is to benefit from the colors associated to object

classes in Chapter 3 and the detected objects in the image. For every detected object

belonging to the class c in the image, color of the light source can be individually

estimated (̂Ic). Then, these estimations can be combined to make a global illuminant

estimation (̂I) assuming that the effect of the illuminant source is global and uniform

throughout the image (Equation 4.1).

Î = f (̂Ic | c = {grass, sky, apple, banana...}) (4.1)

We proposed a cost function of the global illuminant estimation Î, in Equation 4.2

where µ(Ic) is the average of the segmented object’s pixels, µc is the class’ learned
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average color, and wc is the class weight assigned to class c.

J(Î) =
N∑

c=1

wc

∥∥∥µ(Ic)− Î− µc
∥∥∥

2

2
(4.2)

After solving the function for the global illuminant estimation Î, we get our gener-

alized method (Equation 4.3), a weighted summation of the illuminant estimation of

each detected object.

Î =

N∑
o=1

wc (µ(Ic))− µc)
N∑
o=1

wc

(4.3)

To gain a clear understanding of the proposed function, and the underlying idea under

it, we defined the individual illuminant estimation for class c: Îc.

Î =

N∑
c=1

wcÎc

N∑
c=1

wc

, Îc = µ(Ic)− µc (4.4)

4.1.1 Variants of the Proposed Color Constancy Method

In this section, we explained the three variants of the proposed method: Vanilla, v-

1, and v-2. The first one is the most simple version which only utilizes the object

class’s color information without any discrimination between the classes. The second

method (v-1) is the weighted version of the Vanilla implementation. This method

weights object classes based on their applicability to the color constancy problem.

The last version is v-2 which also benefit from the similarity of the detected object

and how well it fits to its class’ model on top of v-1.

We broke up the class weight wc into three different weights: wµc , wΣ
c and wsimc .

The first two are added to introduce the effect of intra-class metrics of the class,

average the intraclass color distance and the average intra-class color scatter distance
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respectively. Lastly, wsimc is used as a function of color scatter of the detected object

and the class object belongs to (Equation 4.5.

wc = wµc · wΣ
c · wsimc (4.5)

As a baseline implementation of the function, we treated every class equally. In other

words, instead of taking the class’s applicability to an illuminant estimation problem

into account, we treated them as equal (wc = 1). Consequently, this method takes

a straight average of every individual object’s illuminant estimation. We called this

approach the vanilla implementation. The resulting function (Equation 4.6) becomes

a simple averaging of individual object illuminant estimations.

Î =
1

N

N∑

c=1

Îc (4.6)

Following the baseline implementation, we added a weight based on the intra-class

average color distance. We valued the contributions of classes with low intra-class

average color distance higher than the classes with high intra-class average color

distance. In other words, the weight of a class scales inversely proportional to its

intra-class average color distance. This variant (v-1) of our method (Equation 4.9)

introduces pre-defined weights for classes, based on their applicability to the color

constancy.

dmaxµ = max
c

(d̄cµ), where d̄cµ = {dcµ|c = 1, 2, 3, ..., N} (4.7)

wµc =
dmaxµ − dcµ
dmaxµ

(4.8)

dmaxµ is the maximum intra-class average color distance of all classes (Equation 4.7).

This is used to inversely scale the average color partition of class weight (Equation
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4.8).

Î =

wµc
N∑
c=1

Îc

N∑
c=1

(4.9)

In the last variant (v-2), our goal was to include the similarity between the detected

object and its class. To do this, we used the invariant proposed metric: covariance

matrix of the object’s histogram. We defined a similarity weight wsimc (Equation

4.10). This weight partition compares our object and its class’ learned model. If

the distance between the covariance matrix of the detected object and the covariance

matrix of its class is higher than the expected covariance matrix distance between

the class and its instances, we neglected the illuminant estimation completely. The

more the color distribution of the object fits its class’s color distribution, the more its

estimation is taken into account.

wsimc = clip

(
dcΣ − dfrob(Σobj,Σc)

dcΣ
, [0, 1]

)
(4.10)

We also utilized the relationship between the relation between object-class average

color distance and object-class covariance matrix distance. This weight partition wΣ
c

adds a weight based on how these two metrics are related, and thus how reliable the

similarity weight wsimc is.

wΣ
c = corr(d(Σc,Σinstance), d(µc, µinstance)) (4.11)

The resulting v-2 variant is shown in Equation 4.12.

Î =

wµc · wΣ
c · wsimc

N∑
c=1

Îc

N∑
c=1

(4.12)
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4.2 Experimental Results

In this section, we first share the implementation details of our experiments. Then, in

Section 4.2.3 we evaluated the three variants of the proposed method on the Color-

COCO dataset. Following the results on the Color-COCO dataset, we shared the

experimental results on the Color-COCO dataset with the imperfect segmentation

masks by Detectron-2 [60]. Finally, we tested our approach on a popular color con-

stancy dataset, REC [35], in Section 4.2.5.

4.2.1 Experimental Setup

We used two different datasets during our experiments. One of them is an artificial

color constancy set that we utilized to compute object color properties. The other one

is a common color constancy dataset which is a standard in the literature. We also

selected recovery error (Equation 2.6) as the error metric during evaluation.

The Color-COCO Dataset (Section 3.3.1) is an artificial dataset that we used to decide

the similarity metrics of object classes. We modified the original COCO in two ways.

First, we discarded all the images which are not in range of the REC’s corrected

images’ color range. Thresholding is applied to eliminate any outlier image which is

probably taken by a manual WB mode of the camera. The remaining images are used

as ground truth images which are assumed to be taken under a white light source or

perfectly white balanced by the camera’s inner white balance module. Secondly, we

applied an artificial illuminant to all images where the random illuminant effects are

selected from a uniform distribution between the extreme illuminant colors of REC.

Moreover, during tests, we used the validation set that we have never used during

the object property calculation process. The most important deficiency of the Color-

COCO dataset is that its images might not be perfectly white balanced as we assumed

them to be. All images in the dataset are assumed to be gamma corrected (γ = 2.2)

and used their linearized versions in our experiments. Some examples of the dataset

are given in Figure 4.2.

The second dataset used during experiments is REC [35]. For a color constancy

algorithm, it is almost standard to measure its performance on it. The images in

74



Figure 4.2: Example images from COCO [45]. They are used as ground truth in

experiments, assuming they are perfectly white-balanced.

the dataset include a Macbeth Chart. The ground truth illuminant of every image is

computed using the gray patches of the chart. It consists of 568 images from two

different cameras. [45]. Images in REC are not exposed to gamma correction and are

used directly. In figures, we used their gamma-corrected versions. We also excluded

the Macbeth Charts from the images during experiments. Some example images from

REC are given in Figure 4.3.

Our implementation strongly depends on the accuracy of the segmentation masks.

When we used the Color-COCO dataset, we used the ground truth masks from COCO.

We can consider these masks close to perfect. On the other hand, REC does not have

a ground truth for segmentation. When we experiment on REC, we used Detectron 2

[60] with a model trained on panoptic COCO.

We also used two additional methods: Gray World and Do Nothing to see the im-

provement of our method.
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Figure 4.3: Example images from REC [35]. All images include a Macbetch Col-

orChecker Chart which is used to compute that color of the illuminant source.

Table 4.1: Top 10 classes with the lowest angular error on the Color-COCO dataset

Rank Class Name Mean Error Rank Class Name Mean Error

1 snow 3.69 6 airplane 4.67

2 zebra 4.10 7 giraffe 5.00

3 motorcycle 4.33 8 bicycle 5.02

4 skis 4.36 9 sheep 5.19

5 car 4.51 10 window-other 5.29

4.2.2 Individual Semantic Class Performances for Color Constancy

In this section, we compared the performance of each class individually on the Color-

COCO dataset. Only the images containing the class are taken into account. More-

over, objects with a lower number of pixels than a threshold are discarded. Best

performing and worst performing object classes are shared in Table 4.1 and Table 4.2

respectively.

If we compare Table 3.1 and Table 4.1, we can see that top performing classes also

have the lowest intra-class average color. When we also compare the Table 3.2 and

Table 4.2, we again see the same object classes under-performing. These results con-

firms our expectations from the similarity metric: intra-class average color distance.
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Table 4.2: Top 10 classes with the highest angular error on the Color-COCO dataset

Rank Class Name Mean Error Rank Class Name Mean Error

123 playingfield 15.04 128 fire hydrant 16.68

124 wall-wood 15.13 129 apple 17.13

125 floor-wood 15.51 130 stop sign 17.13

126 fruit 15.80 131 orange 18.76

127 tie 15.84 132 carrot 18.93

4.2.3 Experimental Results on the Color-COCO Dataset

In this chapter, we evaluated the three variants of our method. Each method introduces

another aspect of our approach to the model. We also included a simple Gray-World

algorithm’s results and a Do Nothing which is as its name suggest represents the error

of the dataset without any correction. In Table 4.3 the results can be seen.

To begin with, we used vanilla implementation where every detected object con-

tributes equally to the final estimation. We can see a huge improvement over both

Gray World and Do Nothing. Following the base implementation, we used the sec-

ond variant of our estimation method (v-1), with class weights based on the class

metrics, calculated beforehand. The resulting function weights all classes based on

their intra-class average color distances, resulting in increased performance over the

vanilla implementation. The implementation’s result confirms that applying a weight

for each class based on their applicability to the color constancy problem increases

the global estimation performance.

The third variant of our method (v2) tries to make a connection between the similar-

ity between the color scatter of the detected object and its class’ color scatter. It also

benefits from the pre-calculated color constancy applicability of the class. The under-

lying idea is to increase the contribution of the illuminant estimation of the object that

fits their class’s model well. Moreover v2 variant completely neglects the object with

a higher covariance distance between the object and its class than its class’s expected

covariance distance.
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Figure 4.4: Example images from the Color-COCO dataset. The first row shows

the artificially illuminated images. The second row shows the ground truth images.

Corrected images by our method’s estimation is given in the row column. The angular

error between the ground truth and the estimated illuminant is given in top right corner

of the predicted images.

In our final implementation, we optimized the v-2 by simply using different exponents

for each class weight component. We achieved the best result when we use the value

"7" as the exponent of wµc .

It is important to note that we evaluated our model using an artificial color constancy

dataset with almost perfect segmentation masks and artificial illumination effects. We

also assumed that all the images in the dataset before the illumination effect is placed

are perfectly white balanced. These experiments are valuable in terms of testing our

initial assumptions. The vanilla implementation shows that an assigned color for each

object class makes a meaningful assumption for the illuminant. Then, v-1 shows

that a weighting system based on an object class’ metrics enhances the algorithm

performance. This improvement shows that some object classes carry more reliable

information about the illuminant source than others. The last variant v-2 showed the
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Table 4.3: Results on the Color-COCO dataset

Algorithm Mean Median Best25 Worst25

Do Nothing 17.43 18.20 8.06 25.54

Gray World [13] 9.36 7.58 3.54 18.04

Proposed Method-Vanilla 7.02 5.47 1.89 14.83

Proposed Method-v1 6.66 5.14 1.75 14.23

Proposed Method-v2 5.94 4.34 1.46 13.24

Proposed Method-v2 (optimized) 5.76 4.12 1.30 13.17

best performance. This method introduces a weighting based on the detected object

and its similarity to its class model.

4.2.4 Effect of the Segmentation Mask on Algorithm Performance

In this section, we tested our methods on the Color-COCO dataset with segmentation

masks generated by Detectron-2 [60]. The results are given in Table 4.4. We saw

a similar pattern between the results with a ground truth segmentation mask and an

automatically generated imperfect segmentation mask. Moreover, we saw a slight

increase in terms of error in Table 4.4 when we compared it with Table 4.3, show-

ing that the success of the segmentation process is an important factor affecting the

performance of the algorithm. However, the performance increase is still maintained

with the proposed method for every variant. Consequently, Table 4.4 confirmed our

previous readings and demonstrated the importance of the segmentation mask.

4.2.5 Experimental Results on Color Constancy Dataset

Lastly, we tested our algorithm with one of the most commonly used datasets for color

constancy. Because it is almost a standard for an illuminant estimation approach to

testing itself on the ColorChecker dataset, we selected its latest version REC [35].

The dataset contains images from two different cameras, unprocessed and linear. The

are also ground truth illumination values for each image. However, unlike COCO,
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Table 4.4: Results on the Color-COCO dataset with Detectron-2 [60] masks

Algorithm Mean Median Best25 Worst25

Do Nothing 17.43 18.20 8.06 25.54

Gray World [13] 9.36 7.58 3.54 18.04

Proposed Method-Vanilla 7.37 5.57 1.92 15.90

Proposed Method-v1 7.00 5.18 20.00 15.38

Proposed Method-v2 6.61 4.67 1.58 14.92

Proposed Method-v2 (optimized) 6.45 4.49 1.43 14.86

REC does not have a ground truth mask for object classes in it. We produced the

segmentation masks by using Detectron 2 [60] with a pre-trained model on panoptic

COCO dataset [45]. Some examples of the segmentation on REC by Detectron-2 can

be seen in Figure 4.5.

The test results of the proposed method on REC is given in Table 4.5. We have taken

the updated results from [35] except the algorithms which are shown with an asterisk

sign. These algorithms’ results are taken directly from their paper where some of

them are evaluated with the previous version of the ColorChecker dataset.

The table showed our method over-performs the statistical methods while achieving

competing results when compared to the the state of the art learning-based methods.

Besides, it should be noted that learning-based methods are trained on the REC itself

while we learned all class metrics from an unrelated dataset without any ground truth

illuminant information. The overall results confirm the contribution of object-class

color association (vanilla method), a weighting system based on class’s applicability

to the color constancy problem (method v-1), and a similarity metric between the

detected object and its class (method v-2).

When we compared our results with a conventional method such as Gray World, we

saw that especially for outdoor images our method can handle challenging scenes. For

instance, in Figure 4.6 a comparison of two methods for two challenging images are

given. The last column shows a good example of how the proposed methods utilizes

the object classes and their color associations in challenging scenarios.
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Table 4.5: Results on REC

Algorithm Mean Median Best25 Worst25

Gray World [13] 9.7 10.0 5.0 13.7

White Patch [43] 9.1 6.7 2.2 18.9

Shades of Gray [24] 7.3 6.8 2.3 12.8

Pixel-Based Gamut [19] 6.0 4.4 1.7 12.9

Bottom-up+Top-down [58] 5.6 4.5 - -

Natural Image Statics [32] 5.5 4.7 - -

Bianco CNN [12] 2.4 1.4 - -

BoCF* [42] 2.0 1.2 0.3 4.8

CCC (disc+ext)* [5] 2.0 1.2 0.4 4.8

FFCC (Model Q)* [7] 2.0 1.1 0.3 5.1

DS-Net(HypeNet + SelNet)* [54] 1.9 1.1 0.3 4.8

FC4 (Squeeze-Net)* [39] 1.7 1.2 0.4 3.8

Proposed Method-Vanilla 4.3 3.4 1.2 9.1

Proposed Method-v1 4.0 3.2 1.1 8.4

Proposed Method-v2 4.0 3.0 1.0 8.6

Proposed Method-v2 (optimized) 3.9 3.0 0.9 8.5
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Figure 4.5: 2 example images from REC dataset [35] are shown in the left column

and their respective segmented versions by Detectron-2 [60] are given in the right

column.

Another observation was to see that the proposed method works much better on out-

door scenes than indoor scenes. When we checked the results, we noted that 16 of 20

best-predicted images were outdoor and 15 of the images with the lowest score were

indoor. We expect this to be the result of two possible reasons. The first one is that

our object class metrics are more consistent in outdoor scenes because the illuminant

source is the sun most of the time. and it obeys our assumptions better. However

indoor scenes are more not as consistent as outdoor scenes. Another reason is that

the more reliable achromatic classes (i.e. road, pavement) are actually can be found

outdoor more frequently.

In conclusion, our method shows better performance than the conventional methods

and competes with the state of the art learning-based methods. An important detail

here is that the learning-based methods’ results are in-dataset results, using REC dur-

ing training. On contrary, our method does not include any information from REC

thus our performance should be considered as a cross-dataset performance. The re-

sults also showed that color association for object classes can be a clue for the color

constancy problem. Additionally, we showed that inclusion of a weighting system
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Figure 4.6: The figure shows two examples of how a prior information about an object

class is able to decrease the angular error in a commonly used color constancy dataset

[35]. The angular errors for the predictions are given in the top right corner of the

images. Third fourth columns shows the predicted images for gray world and our

method, respectively.

based on the similarity metrics in Chapter 3 resulted in a performance increase as

well. Moreover, a similarity metric for the object and its class also enhances the over-

all performance. Another important feature of our method is that it is able to show a

good performance in challenging scenes including reliable objects. Our method also

performs better in outdoor scenes than indoor scenes which are consistent with our

observation from Section 3.3.2.

4.3 Discussion

In this chapter, an object-based semantic color constancy method is proposed. Then,

three variants of the proposed method are discussed. Following the discussion, in-

dividual performances of object classes are shared. The results confirmed the obser-

vation in section 3.2.3, object classes with low intra-class average color distance are

more reliable in illuminant estimation.

In Section 4.2.3, proposed methods tested on the Color-COCO dataset. The results

showed that our method shows a better performance than a conventional method using
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individual information from objects. Moreover, adding a pre-computed class weight,

reflecting the color constancy reliability of a class enhances the performance of the

method. In addition to a pre-determined weight, adding another parameter represent-

ing the detected object and how well it fits its learned color model also increases the

success of the weighting system thus the overall performance of the method.

In Section 4.2.4, the correlation between the success of the segmentation algorithm

and the performance of the proposed color constancy algorithm is shown.

Lastly we evaluated our method for a popular color constancy dataset as well, in Sec-

tion 4.2.5. The results are consistent with the results on the Color-COCO dataset.

Furthermore, the proposed method over-performed the conventional statics-based

methods while competing with the state of the art even though the object metrics

are learned from a dataset with images lacking the ground truth illuminants.
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CHAPTER 5

SUMMARY & CONCLUSIONS

5.1 Summary

This thesis introduces an object-based weighted color constancy algorithm.

In Chapter 2, first the color constancy problem is introduced. Then, the problem

formulation is given in Section 2.1.1. This formulation is simplified with assump-

tions which are explained in detail in Section 2.1.2. Lastly, in Section 2.2, the past

work relating to the color constancy problem is given. The past studies are explained

briefly while methods that are more related to this thesis and methods with unique

approaches are given in detail.

In Chapter 3, first our motivation for this study is shared. Then, the color space

we have worked on is explained with details in Section 3.2.1. Two proposed class

properties are defined for object classes and given in Section 3.2.2. Later, two intra-

class metrics that can be used in a color constancy method are proposed. The metrics

are followed by the detailed information on the utilized dataset. Lastly, based on the

proposed metrics, object classes are compared based on three categories.

In Chapter 4.2, a generalized illuminant estimation method based on the detected

objects in an image is proposed. Following the generalized method, three variants of

the method are discussed in Section 4.1.1 where each variant includes another aspect

of our approach. At first, individual performance of the object classes are compared in

Section 4.2.2. Following the individual results, the proposed methods are evaluated

on the utilized dataset and compared with the result of a conventional algorithm in

Section 4.2.3. Then, the effect of the success of segmentation on illuminant estimation
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is showed in Section 4.2.4. Lastly, the three variants of the proposed methods are also

tested on a popular color constancy dataset in Section 4.2.5.

5.2 Conclusions

To begin with, the experimental results both on the Color-COCO dataset and REC

indicate that the vanilla implementation of the proposed method successfully over-

performs the conventional statistics-based methods. As an important conclusion of

this result, it can be stated that estimating illuminant individually for each detected

object by a learned color for their respective classes shows prominent results.

Moreover, a weighting system based on the similarity metrics defined in Chapter 3

is introduced. The proposed weighting system values each class in terms of their ap-

plicability to the color constancy problem. A variant of the proposed method (v-1) is

tested and it showed an enhancement on the performance of the vanilla implementa-

tion. This enhancement validates that the reliability of the illuminant estimation of an

object is related to its semantic class.

Following the proposal of the learned constant weights for each class, we further

improve the weighting system by adding an adaptive class weight parameter to the

cost function. This time we weighted an object’s illuminant estimation by not only

the reliability of its class, but also how well the object fits to its class’ model. With

this latest enhancement, our method increased its performance on both of the test sets.

Finally, we present the experimental results of the same dataset with different au-

tomatically extracted segmentation masks. The results showed a clear relationship

between the performance of the object segmentation to the success of the illuminant

estimation.
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